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Abstract. Objective: To address the issue of insufficient mining of structural
and temporal sequence features of information dissemination in existing rumor
detection methods, a multi-modal rumor detection model based on temporal
graph attention is designed. Methods: For the text modality, a RoBERTa pre-
trained model is used as the basis, and GAT and GRU modules are introduced
to extract and fuse mixed features of text and dissemination structure. For the
image modality, ViT is used to extract image features. Multi-modal features are
fused through self-attention and cross-attention mechanisms to complete rumor
detection. Results: The accuracy and F1 value of the proposed model on the
Twitter dataset reach 91.1% and 91.4%, respectively, achieving the best per-
formance in the comparative experiments. Limitations: The performance of the
model on other datasets has not been tested. Conclusion: The proposed model
can effectively improve the rumor detection effect of multi-modal posts on so-
cial media.
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1 Introduction

In recent years, with the wide and deep penetration of the Internet and the continuous
maturation and development of 5G technology, the number of Internet users in China
has shown an explosive growth trend. Along with the growth of Internet users, the
popularity of social media users has also increased. On social media platforms with an
explosion of information, users are more likely to be attracted by eye-catching, con-
cise, easy-to-understand, and content-rich image information. Therefore, multimodal
content that combines text and images conveys more abundant and intuitive infor-
mation and is more likely to be shared by social media users. As a result, rumor
spreaders on social media platforms often adopt a text and image integrated dissemi-
nation method to spread rumors, demonstrating multiple characteristics such as rapid
spread speed, wide influence range, high cost and low efficiency of manual verifica-
tion and refutation. Such rumors are particularly worthy of attention due to their high
concealment and potential harm.

Currently, the mainstream methods in the field of rumor detection mainly focus on
in-depth learning and comprehensive integration of various features to achieve effec-
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tive rumor identification. However, these methods often tend to ignore key infor-
mation such as the time dimension during the processing, resulting in limited detec-
tion effects. Therefore, it is necessary to design a reasonable feature extraction
scheme based on the characteristics of rumor spread on social media.

This paper proposes a social media rumor detection algorithm that integrates mul-
timodal features and the dynamic evolution of rumor spread. By leveraging pre-
trained models such as RoBERTa, a multimodal rumor detection model based on a
temporal graph attention network is designed. Through an attention-based feature
fusion method, rumors can be detected efficiently and accurately. The main contribu-
tions of this paper are as follows:

(1) By using a temporal graph attention network to represent the dynamic evolution
features of rumor spread structure and integrating text features, the rumor detection
effect in the single text modality is improved;

(2) Based on the rumor detection model of the temporal graph attention network,
the model is extended from the single text modality to multimodal data, and the detec-
tion stability of the model is enhanced by utilizing the features of image data.

2 Related Research

2.1 Research on Text Rumor Detection

Compared with traditional language analysis paths, deep learning methods show in-
comparable advantages, mainly due to the deep neural network architecture can inde-
pendently extract deep semantic background knowledge and automatically acquire
potential text feature vectors, thus significantly improving the efficiency of rumor
detection. In 2016, Ma et al.l'l based on two classical Recurrent Neural Network
(RNN) architectures: The Long Short-Term Memory network (LSTM) and Gate Re-
current Unit (GRU) designed the first deep learning-based fake news detection model.
In performance, it surpasses those models that rely on the combination of traditional
machine learning algorithms and complex feature engineering, showing more superior
performance. In 2017, Wang et al.”?! developed a false news detection model using
Convolutional Neural networks (CNNS) and a pre-trained Word2Vec algorithm to
obtain the feature vector representation of text. In order to explore the long-term de-
pendence between text sequences of social media information, Chen et al.l’! intro-
duced the Attention Mechanism and integrated it with RNN, aiming to selectively
extract temporal feature representations from user feedback sequences.

In the early stage of rumor detection, a core problem is how to use the limited data
available in the early stage of rumor transmission to effectively identify rumors. Qian
et al.®! proposed an innovative method based on probabilistic generation model,
which aims to learn and build a probability distribution model about users' response to
rumors by collecting rumor texts and corresponding user response data. In the predic-
tion phase, the model can be used to generate user feedback on articles to be classified
so that rumors can be accurately identified in the early stages of rumor propagation.
Given the low-cost nature of social media account creation and the manufacture of
software-operated social media bots, rumor makers may take advantage of this to act
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as cyber watermen, spreading malicious statements to influence and guide the overall
attitude and stance of the social media user community. To solve the above problems,
Ma et al.>%1 designed a rumor detection model of GAN architecture inspired by Gen-
erative Adversarial Network. Through the adversarial learning mechanism between
generator and discriminator, the model can learn more robust text feature representa-
tion, thus enhancing the stability and reliability of the rumor detection model. With
the development and maturity of large language models, Yang et al.l”! proposed the
CICAN model, which can effectively extract hierarchical features of text content and
construct heterogeneous graphs to integrate multi-source information through the
group intelligent semantic feature learning module and the knowledge enhancement
module based on ChatGPT, which significantly improves the performance of rumor
detection.

2.2 Research on Rumor Detection of Fused Images

The core of rumor detection technology based on image features is to deeply explore
the information correlation between rumor text and picture. This correlation includes
the consistency information, the complementarity information, and the potential se-
mantic contradiction or non-consistency information between text and image. By
mining these complex information relationships, the model can identify rumors more
accurately, thus improving the efficiency of rumor detection. In order to fully capture
complex semantic patterns contained in picture information and have scalability in
different application scenarios, and considering the superiority of deep neural net-
works in automatically capturing complex semantic patterns of text and pictures, Jin
et al.®! further proposed the first deep-learning based multimodal rumor detection
method att-RNN in 2017, and pointed out that there is some implicit correlation be-
tween text and pictures. To capture this correlation effectively, they pioneered the
design of a unique visual neuronal attention mechanism. The mechanism works by
calculating the attention weights derived from text features and social features of
social media users, and multiplying these weights with high-level image features to
filter out the more important image features. Although they had early insight into the
importance of mining the correlation information between text and image to improve
the accuracy of the rumor detection model, the att-RNN model designed by them had
limitations in cross-modal information fusion, which did not fully consider the infor-
mation complementarity between the rumor text and image. Nor does it solve the
problem of inconsistent representation space caused by the difference of learning
algorithms. In order to enhance the generalization performance of the multi-modal
false news detection model in response to newly emerging news events on social me-
dia, Wang et al.’! proposed a multi-task rumor detection framework based on adver-
sarial learning mechanism in 2018. The Enhanced Adversarial Multi-task Network
(EANN). The model constructs independent representation modules for text infor-
mation and image information respectively. With the help of adversarial learning
strategy, the EANN model can learn the common feature representation of text and
image information in all social media events, and remove the specific information of
each event in the process. Although the EANN model takes into account the differ-
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ences between text and image information representation space, it does not model the
relational information between text and image. Peng et al.l'%! proposed a multimodal
rumor detection method (MRML) based on deep metric learning, which significantly
improves the performance of rumor detection by capturing intra- and inter-modal
feature relationships through metric learning and comparison learning.

2.3 Research on Neural Network Rumor Detection

Traditional machine learning techniques have made remarkable achievements in deal-
ing with Euclidean spatial problems, but the results are often unsatisfactory when
dealing with non-Euclidean spatial data. In recent years, the emerging graph neural
network technology provides an effective solution to this problem. Graph neural net-
works usually model information in the form of graph structure and extract relevant
features from it, which can efficiently capture the dependency relationship between
different entities. Bian et al.l''l adopted a node update strategy combining top-down
and bottom-up in order to fully capture the propagation characteristics and diffusion
mode of rumors. On this basis, a rumor detection model based on Graph Convolution-
al Neural Networks (GCN) is proposed. The model can accurately capture the charac-
teristics of rumor propagation and diffusion by integrating the characteristic infor-
mation obtained by the two node updating methods. Ke et al.['?! proposed an innova-
tive rumor detection model that combines the advantages of multi-head attention
mechanisms with GCN. In order to capture information comprehensively, all source
tweets, retweet behavior, and global associations between users are integrated into a
heterogeneous graph to obtain rich heterogenecous information. On this basis, multi-
head attention mechanism is used to dig deep into the semantic connotation of source
tweets and further extract the key information. Hu et al.['3! proposed an innovative
rumor detection method, which is based on multi-relation propagation tree and aims
to comprehensively consider inter-layer dependency and intra-layer sibling node de-
pendency in the process of information propagation. On this basis, the method can
adaptively enhance the key nodes in the graph, thus achieving a significant improve-
ment in rumor detection. Yang et al.'*l proposed an innovative rumor detection mod-
el, which combines the advantages of gated neural networks and GCN. In this model,
a gating unit is cleverly designed to select and combine the initial feature vectors
entering GCN and the feature vectors processed by GCN. In this way, a better and
more informative representation of node features can be obtained. The graph neural
network-based method focuses on efficient acquisition of text features, user behavior
features, propagation path features and diffusion pattern features. In contrast, the tra-
ditional deep learning method has shortcomings in processing temporal expression
between tweets, while this method has shortcomings in this aspect. Sun et al.l'* com-
bines graph neural networks and adversarial training to model structural features in
the user's propagation path to enhance robustness and achieve good results in text
rumor detection. Huang et al.l'® proposed for the first time the use of Causal Graph
Attention Network (CGAN) to handle the multimodal rumor detection task, which not
only identifies rumors more accurately but also enhances the interpretability of the
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results by constructing causal graphs to capture potential causal relationships in mul-
timodal data.

3 Model Design

In this paper, a multimodal rumor detection model based on time graph attention net-
work is proposed, which adopts two-flow model architecture and uses RoOBERTa and
ViT pre-trained models to extract text and image feature vectors respectively. In the
process of text feature extraction, graph attention network is introduced to help RoB-
ERTa model better understand the rumor detection task, so as to obtain more quality
text feature vectors. In order to further improve the fusion effect of text and image
features, the cross-attention mechanism is used to dynamically adjust the attention
weight. In this way, the fusion between text feature vectors and image feature vectors
is promoted, and their semantic consistency and information integrity are improved.
The model structure is shown in Fig. 1.
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Fig. 1. Structure of multimodal rumor detection model based on time graph attention network.

3.1 Text Feature Extraction

(1) Figure attention network module

In the graph attention network module, the process of information aggregation de-
pends on the integration of various sub-propagation structures and text features. The
two major input components of this module are the specific content of the posts and
the communication structure between the posts. Each node in the communication
structure, such as forwarding, comments and other different types of posts, should
have a different influence on the original post. Therefore, the use of graph attention
network is to assign different weights to each node, while using multiple relational
headers to regulate the flow of information from neighboring nodes, so as to show
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better performance than traditional recurrent neural networks in retaining structural
information.

Specific to the input of the graph attention network model, it includes the adjacen-
cy matrix a;; of the text content of the current post t; and the propagation structure,
which is used to represent the correlation between neighboring nodes i and j assign
different weights to each node. Since information aggregation has not yet taken place
in the initial phase, the hidden state h; is replaced by t; directly. Then, a new feature
matrix h is constructed by combining the hidden feature vector h of each node with
the hidden feature vector of the root node of layer j — 1. For the definition of node t;
feature aggregation, the mathematical representation is shown in formula (1) (2).

! Uyl £l
odei = k=1 X jen, afy Wif; ()
fi = concat(f,, f%") ()

Where, ||X_,represents the concatenation operation of vectors collected by differ-
ent relational heads, and W} is a trainable weight matrix. a; ; is the attention coeffi-
cient of the node i to j, the mathematical expression as shown in formula (3) (4).

Ik _ exp(avfk)
U Sjen;(avf®)

(€))

v = LeakyRelu(szjHl) @

Similarly, the feature aggregation of propagation feature nodes U; also adopts the
above method.

The representation of the neighbor aggregation of a post node is essentially a fu-
sion of information from the same type of neighbor node into the node representation,
and all that remains to be done is to learn the representation of the post node from all
the pattern nodes. Different nodes contain type information, which requires the im-
portance of distinguishing node types. Here, this study uses the attention mechanism
to automatically learn the importance of nodes in different patterns, and finally uses
the learned coefficients to carry out weighted fusion, as shown in formula (5).

g5 = wotanh(w, [hy, f/1+ b)) + b, )

Where, w;, w,is trainable learning parameter, tanh represents activation function,
by, b, respectively represents bias data, hj, f;' respectively represents domain infor-
mation.

(2) Gated cycle unit module

The Gated Cycle Unit (GRU) module is designed to further learn the features ex-
tracted at previous levels, thereby improving the effectiveness of rumor detection. In
the process of rumors spread on social media, historical information always occupies
a pivotal position, which is crucial for the model to capture the dynamic evolution
pattern and law of rumor spread. GRU is based on RNN, RNN can only record the
historical state of the last moment, and can not communicate the information of a
longer structure. In order to enrich the representation of historical states, a time-
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attention mechanism is introduced in this study, so that multiple historical states can
be processed in parallel as hidden states and input into the GRU. At the same time, in
order to improve the performance of the model, a learning strategy based on the fu-
sion of two loss functions is proposed.

In detail, this process first involves concatenating a series of historical states M =
[h¢—w, ", he_p, he_1] and calculating them through a nonlinear activation function
Ay, as shown in formula (6), and calculating the attention weight of the concatenated
vector accordingly. In this process, R and Q respectively represent the weight vector
and matrix obtained through learning. Finally, the final hidden state is obtained by
multiplying and multiplying the calculated attention weights M. The mathematical
representation is shown in formula (7).

Ay = rTtanh(QM) 6)
hi_1 = softmax(rTtanh(QM)) x M @)

GRU has a reset door and an update door. The reset gate determines the extent to
which information at the current time is used to update the hidden state, and the up-
date gate determines the extent to which the hidden state at the current time is jointly
determined by the hidden state at the previous time and the candidate hidden state at
the current time. In order to obtain the characteristics of the propagation structure
more accurately, this study improved on the basis of the traditional GRU. Due to the
difference between the historical state and the current state, the difference of the
communication structure of the two time periods also plays a crucial role in studying
the evolution of the communication structure of the historical state. Therefore, in
order to refine the difference between the historical state and the current state, this
study will make h;_; — f;_; as a part of the update gate, integrate the original update
strategy in the GRU for the evaluation of the historical state. The specific calculation
is shown in formulas (8) to (11).

zy = sigmod (W, fy_q1, he—q — fr—1, Uzhe—1) ®)
R, = sigmod (W, f;_1, Urhi_) ©)]

fe-1 = tanh(Wy fr—y + Up(Rehy_1)) (10)

hy =1 —z)he_1 + Zefi (11)

The time graph-based attention method takes the discrete time subpropagation
structure as the input, and the output is the feature vector for classification. The first is
the T-step loop, which inputs each subpropagation structure into the GAT to extract
the relevant features. Time attention is used to record the historical features of each
sub-propagation structure, and GRU is used to record the current and historical states
and generate the feature representation. Finally, after training, the minimization loss
function is used to capture the features of the propagation structure changing over
time through this model. Secondly, in order to enhance the learning ability of the
propagation structure in each sub-time period, this study adds a local constraint loss
function to the complete loss function, that is, the Euclidean-distance between the
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output of the previous moment and the output of the current moment is calculated, as
shown in formula (12).

11
Liime = ;;Z{D(Ht' He_q) (12)

Where N represents the number of batch samples, T represents the number of sub-
propagation structures, and D is a measure of distance between features. The loss
function is learned from end to end. Samples of the same category are gathered to-
gether in the feature space, and samples of different categories are gathered into dif-
ferent feature Spaces. Cross-entropy is used as a local loss function to achieve accu-
rate detection of rumors. Cross entropy is shown in equation (13).

L= _Z{V glyic log(yi’c) (13)

Where y; and y; are the lalel of the post and the probability that the prediction is
positive, respectively, and M represents the number of categories. Finally, a set of
samples is given, whose loss function is L, + pL¢ime, where u € [0,1] is the hyperpa-
rameter of the equilibrium loss function.

3.2 Image Feature Extraction

In this paper, ViT (Vision Transformer) model is used to complete image feature
extraction. After the image is fed into the model, the ViT first divides the image into
several image blocks, and then converts each image block into a vector representation
through an embedding layer. In this process, the input image must be split into fixed
size (e.g. 16x16, 32x32) image blocks. Given an image X € R¥*W*C(H: height, W:
width, C: number of channels), ViT needs to reshape X into a flat sequence of 2D
image blocks:

v € RVX(P*<) (14)

Where P? represents the resolution of the image block, N represents the number of
image blocks, HW /P? namely. These vector representations are then fed into a multi-
layer Transformer encoder for processing after linear mapping and positional embed-
ding stitching (to preserve positional information between image blocks). In the
Transformer encoder, the vector representation of each image block is self-attentional
computed with the vector representation of other image blocks, enabling each image
block to capture global information about the entire image. In the process of image
processing, the self-attention mechanism plays a key role, which can capture and
learn the internal relationship between the various blocks in the image. Meanwhile,
the Feedforward Neural Network (FNN) is responsible for performing nonlinear
transformation operations on the vector representation of each image block to further
enrich its feature representation. Image embedding vectors are generated after passing
through multiple Transformer encoders:

Himage € RNXH (15)
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During the training process, the ViT model also adopts the strategy of pre-training
and fine-tuning. Specifically, the ViT model is first pre-trained on a large-scale image
data set, a process that enables it to learn features that are prevalent in images. These
generic representations of image features provide a strong foundation for models that
enable them to cope with a variety of image analysis tasks. The ViT model is then
fine-tuned to optimize for specific rumor detection tasks. In this stage, the model will
adjust its parameters according to the needs of the rumor detection task to better com-
plete the task. This pre-training approach makes the ViT model have a strong general-
ization ability, even on small data sets can achieve better performance.

33 Feature Fusion

This paper mainly uses two kinds of attention mechanisms: self-attention mechanism
and cross-attention mechanism. The self-attention mechanism is used to calculate the
correlation between features in a single mode, and the cross-attention mechanism is
used to calculate the correlation between features in the text mode and the image
mode.

In the specific calculation process, for a given input sequence X = [xq, x5, ", X1 ],
each element is first transformed to a different dimension space by linear mapping,
and then the set of Query, Key and Value vectors is obtained. Then, the similarity
scores between each query vector and all key vectors are calculated, which reflect the
relevance between them. Then, through Softmax normalization of these similarity
scores, the weight distribution of each query vector relative to all value vectors is
obtained. The final representation of each query vector is obtained by summing the
corresponding value vectors weighted according to their weights.

Specifically, the Query, Key, Value matrix is generated first, and the similarity be-
tween each Query and each Key is calculated to obtain the set of weight coefficients.
Secondly, the weight coefficients are normalized using Softmax function to ensure
that the sum of weights is 1. Finally, the normalized weight coefficient is used to sum
the corresponding values, and the output vector weighted by the attention mechanism
is obtained. The steps are shown in formulas (16) to (18).

Sim(Query, Key) = Query ® Key” (16)
a; = Softmax(Sim(Q,K)) (17)
Attention(Q,K,V) =Y a; Q Value (18)

The cross-attention mechanism is used to calculate the correlation between two dif-
ferent sequences. Given a text sequence X = [x;, X, "+, X,;,] and an image sequence
Y = [y1,¥2,**, Y], first, they are mapped to different dimensions by a linear trans-
formation to obtain the query vector Q of the text sequence and the key vector Kand
value vector V of the image sequence. Then, the query vector Q of each text sequence
is compared with all the key vectors K of the image sequence one by one, and the
correlation between them is measured by calculating the similarity between them, and
an attention score representing the strength of the respective association is generated.
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By normalizing the attention scores, the weight distribution of query vectors for each
text sequence and value vectors for all image sequences is obtained. Finally, multiply
and sum the value vectors of the text sequence with the corresponding weights to
obtain the final representation of the text image fusion sequence, as shown in formula

(19).

T
Attention(Q,K,V) = Softmax (%) %4 (19)

4 Experiment and Analysis

4.1 Experimental Data

In the experimental phase, this paper uses the common standard data set proposed by
Peng et al.'%, which is a collection of news data from Twitter platform from 2012 to
2015. The dataset has been divided into the training set and the test set. The training
set (devset) contains 6225 real posts and 9596 fake posts from 17 events. testset con-
tains 1107 real posts and 1121 fake posts from 35 events. The events of the training
set and the test set do not overlap, so the posts in the training set and the test set cover
different events. Each piece of data in a data set is multimodal, meaning it includes
text content, pictures or videos, and multiple social contexts. An example of multi-

modal data is shown in Fig. 2.
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Fig. 2. Example of multimodal data.

4.2  Experimental Parameter Setting and Evaluation Index

In this paper, Python3.8 is selected as the programming environment and PyTorch, a
deep learning framework, is adopted. At the same time, it integrates widely used deep
learning components such as Torch-vision, Transformers library and scikit-learn to
complete the construction of models and the visualization of experimental data re-
sults. All experiments were performed on a remote GPU cloud platform with a core
configuration consisting of an Intel(R)Xeon(R)Gold 5218 CPU processor with 64GB
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of running memory, and two Tesla P100 GPU graphics cards with 16GB of video
memory each.

In feature extraction, the RoOBERTa model provided by Transformers library, spe-
cifically Roberta-base version, is used to process text data. Image feature extraction
adopts the ViT model based on Transformers architecture to process the pictures at-
tached to the post. Parameter Settings during model training are shown in Table 1.

Table 1. Model training parameters table.

Parameter Parameter value
Batch size 128
Learning rate 3e-5
Preheating learning rate 0.1
The optimizer AdamW
Regularization 0.1
Task loss function Cross entropy loss

In this paper, accuracy, precision, recall and Fl-score are used as evaluation indi-
cators of the model. For binary classification problem, the specific calculation method
is shown in formulas (20) to (23).

TP+TN
Accuracy = ————— (20)
TP+TN+FP+FN
. . TP
Precision = —— 21)
TP+FP
TP
Recall = —— (22)
TP+FN
2XPrecisionxRecall
F, = e onIRecds (23)
Precision+Recall

4.3  Analysis of Comparative Test Results

In order to evaluate the effectiveness of the proposed social media rumor detection
model based on graph attention network and multi-modal feature fusion, a series of
comparison experiments were designed, including the comparison experiments of
single text model, single image model and multi-modal feature fusion model. The
baseline model of the specific comparison test is selected as follows:

(1) Single text model

DT-Rank: Uses decision trees to model the credibility of a post, and determines
whether it is a rumor by analyzing the text features and propagation patterns of the
post.

SVM-TS: Use manually extracted features to build time series, and analyze the
feature changes of the text at different time points to determine whether it is a rumor.

Tanh-rnn: captures the time-dependent and semantic features of text sequences
through RNN, uses hyperbolic tangent function (tanh) as the activation function to
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process sequence data, which has smooth transition characteristics, effectively allevi-
ates the problem of gradient disappearance or gradient explosion, and realizes the
rumor detection of text data on social media.

Bi-GCN: By processing the propagation characteristics and diffusion characteris-
tics of rumors in the two propagation directions of top-down and bottom-up at the
same time, it can capture the dynamic changes of rumors in a more comprehensive
way to improve the accuracy of detection.

RvNN: A recursive neural network based on the rumor propagation tree structure
captures the rumor propagation path and text characteristics on social media, and
performs the final rumor detection by aggregating the information of all nodes in the
tree.

RDGCN: Construct the graph structure of rumors based on GCN, study the region-
al propagation characteristics of rumors, and introduce Bernoulli-Poisson (BP) model
to learn the regional propagation characteristics of rumors through unsupervised
learning.

(2) Single image model

In the comparison experiment of rumor detection in single image modes, a pre-
trained convolutional neural network was selected as the baseline model, including
ResNet-50, VGG-19, DenseNet-161 and ViT model.

(3) Multi-modal model

att-RNN: The model processes text data through LSTM, extracts image features
through VGG, combines social context features, introduces attention mechanism, and
dynamically adjusts the weights of different modal features to achieve deep feature
fusion.

EANN: The model extracts Text features through the text-CNN model and image
features through the VGG-19 model, and introduces an event discriminator to remove
event-specific features in the training process, thereby learning event-invariant fea-
tures with more generalization ability and improving the model's generalization abil-
ity on new events.

MAVE: The model adopts an end-to-end training method, learns the shared repre-
sentation of text and image through variational autoencoder, and then captures the
correlation between the cross-modes, and only uses the text and image content of
posts, which does not require additional social context information, and is more con-
venient in data acquisition.

SAFE: The model extracts text semantic features through CNN and image visual
features through RNN. Firstly, the text and image features are independently rumor
detected, and similarity is introduced. The text, image features and their similarity
information are jointly learned for the final rumor detection.

The comparative test results are shown in Table 2. In general, the social media ru-
mor detection model proposed in this paper based on the fusion of graph attention
network and multi-modal features has better detection effect than the selected baseline
model. The fusion model of integrated graphic mode is generally superior to the sin-
gle mode in rumor detection. This result shows that there is significant complementa-
rity between information from different modes in rumor detection tasks. Although the
accuracy of the model that relies on the image mode alone is relatively low, the se-
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mantic information contained in the image mode can effectively supplement and
strengthen the deficiencies of the text mode in the expression of semantic features,
thus improving the overall detection effect. Compared with other multimodal fusion
models, the rumor detection model based on graph attention network and multimodal
feature fusion proposed in this paper has better performance, with an accuracy of
91.1% and an F1 value of 91.4%, showing better rumor detection results in experi-
ments. This result suggests that the attention mechanism can more effectively fuse the
relevant features of text data and image data.

Table 2. Comparative test results.

Mode Model Ac:;ltreacy Precision rate ~ Recall rate F1
DT-Rank 0.473 0.447 0.436 0.451
SVM-TS 0.574 0.569 0.575 0.570
Tanh-RNN 0.851 0.845 0.866 0.835
Text Bi-GCN 0.867 0.858 0.841 0.872
RvNN 0.737 0.662 0.743 0.708
RDGCN 0.878 0.882 0.879 0.880
Textual 0.897 0.883 0.879 0.889
model
ResNet-50 0.599 0.591 0.607 0.598
Graphics VGG-19 0.583 0.535 0.587 0.568
DenseNet-161 0.607 0.593 0.607 0.609
ViT 0.681 0.634 0.637 0.641
att-RNN 0.774 0.773 0.789 0.783
EANN 0.831 0.846 0.818 0.825
. MAVE 0.829 0.848 0.803 0.817
Multimodal
SAFE 0.888 0.873 0.859 0.867
Textual 0.911 0.916 0.917 0.914
model

4.4  Analysis of Ablation Results

In order to verify the validity of the main modules of the multimodal rumor detection
model proposed in this paper based on time graph attention network, the ablation
study was further conducted in this paper, and the variant of the rumor detection mod-
el in which a module was removed was named as follows:

-time attention: Removes the time attention module. This variant inputs the hidden
state of the last timestamp directly into the GRU module.

-GAT: The text rumor detection model of graph attention network module is re-
moved, and this variant is extracted by traditional graph neural network (GNN) and
input into GRU module.

-GRU: The text rumor detection model of the GRU module is removed. This vari-
ant directly performs rumor detection by concatenating features.

Each ablation experiment was repeated 5 times, and the test set was used for pre-
diction. The ablation experiment results were shown in Fig. 3. According to the ex-
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perimental results, it can be seen that the removal of any module will cause the over-
all performance of the model to a certain extent, which indicates that each module is

necessary for the model proposed in this paper.

0.9 0.897
0.89
0.88 0.879
0.87
ey 0.865
g
3
3 0.86
<
0.85 0.847
0.84 I
0.83
-time attention -GAT -GRU model of this paper

Fig. 3. Ablation results.

5 Conclusion

In this paper, a multimodal rumor detection model based on graph attention network
is proposed, which focuses on two aspects: the aggregation of rumor propagation
features and text features and the fusion of text features and image features. By intro-
ducing the graph attention network based on time and the multimodal fusion algo-
rithm based on attention mechanism, the rumor detection effect of the model is im-
proved to some extent.

This paper also has some shortcomings. Rumors are dynamic and constantly grow-
ing, so future research should pay more attention to early detection of rumors. Explor-
ing the application of the rumor detection model with multi-modal feature fusion on
time series data and analyzing the changing trend and evolution law of rumor propa-
gation will help provide more accurate rumor detection methods.
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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