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Multi-Feature Fusion Rumor Detection Model MFLLAN
Based on Improved Graph Attention/Network

MA Manfu,CHEN Jiahao™ , LI Yong,ZHANG Cong

(College of Computer Science and Engineering, Northwest Normal UniyersitysfLanzhou 730070, Gansu, China)

[ Abstract] Traditional Graph Neural Network (GNN) models cannot®model complex relationships between nodes
and exhibit weak performance in handling large-scale graphsy They are unable to effectively extract representative
subgraphs from large-scale graphs, which consequently leadshto a low accuracy in both training and inference
processes. To address these issues, a rumor detection model called MFLLAN, based on an improved Graph
Attention Network (GAT), is proposed, which incérperates a feature fusion method equipped with an attention
mechanism. This approach assigns different weights t6 each feature and performs a weighted summation operation
on the original features to obtain a fused féature vector. Additionally, a positive positional encoding is introduced,
which enables the model to capture positional“information representations. Subsequently, learnable parameter
matrices are incorporated, enabling the model to automatically learn and optimize parameter values during the
training process. Finally, the attentiontscores are sparsified by setting the attention weights of certain unimportant
nodes in the large-scale graph to zéros thereby completing the construction of the MFLAN model. Experimental
results demonstrate that the propoesed model achieves an accuracy of 97. 71 % on the Ma-Weibo dataset and 97. 10%
on the Weibo23 datasetiy, Compared to the accuracies achieved by the Dir-GNN model, these represent
improvements of 1. 07% and 1. 12%, respectively. Compared to other rumor detection models, MFLAN exhibits
superior performance across all evaluation metrics.
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A Accuracy  Precision Recall F1
DTC 0. 848 6 0. 816 2 0.828 4 0:829 5
GRU-2 0.882 4 0.894 5 0.885 7 0.897 7
GraphSAGE 0.931 2 0.925 3 0.921 4 0.928 6
GAT 0.945 4 0. 94174 0.939 2 0.943 5
Bi-GCN 0.954 2 0.954%9 0.951 5 0.9537
GATv2 0.962 4 0.964 1 0.961 7 0.959 3
Dir-GNN 0. 966 4 0.968 8 0. 957 6 0.961 4
MFLAN 0.977 1 0.974 1 0.971 6 0.974 9

F4 BB Weibo23 BIEE F R REIEIRXTEL
Table 4 Comparison of performance indicators of

various models on the Weibo23 dataset

i Accuracy  Precision Recall Fl
DTC 0.8298  0.8234  0.8207  0.8304
GRU-2 0.8650  0.8594  0.8783  0.8784
GraphSAGE ~ 0.9217  0.9233  0.9187  0.9245
GAT 0.9318  0.9277  0.9213  0.9225
Bi-GCN 0.9443  0.9387  0.9375  0.9405
GATV2 0.9521  0.9488  0.9517  0.9423
Dir-GNN 0.9598  0.9532  0.9526  0.952 4
MFLAN 0.9710  0.9657  0.9622  0.964 0
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Fig.5 Performance comparison of MFLLAN and four ablation methods on two/datasets
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