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[ Abstract] In recent years, Graph Neural Networks (GNNs) have beén widely used for text classification tasks.
Current models based on GNNs first model the text as a graph'and then use GNNs to propagate and aggregate the
features of the text graph. However, these methods Wave twoynotable limitations. First, existing models cannot
capture high-order semantic relationships between words because of the limitations of graph structures. Second,
existing models cannot capture key semantic information from the text. To address these issues, this paper
proposes a text classification model based on the feature fusion of dual hypergraph convolutional networks. On one
hand, the original text is used to constructha text hypergraph; on the other hand, external knowledge is introduced
for short texts. The text is semantically. enhanéed using external knowledge based on the SenticNet lexicon, and a
semantic hypergraph is constructed. After*hypergraph convolution, an attention mechanism is used to fuse the
features of the dual hypergraphs forushort-text classification. Experimental results on four text classification
datasets show that the proposedwmodel outperforms the baseline methods and demonstrates superior text
classification performance.
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Table 2= Comparision of classification accuracy results

Maodel MR R8 R52 Ohsumed
CNN 0.777 5 0.957 1 0.875 9 0.583 3
LSTM 0.750 6 0.936 8 0.855 4 0.411 3
Bi-LSTM 0.776 8 0.963 1 0.905 4 0.492 7
TextGCN 0. 766 4 0.970 7 0.935 6 0. 683 6
Text-Level GNN 0. 754 7 0.978 9 0. 946 0 0.694 3
S*GC 0.767 0 0.974 0 0.945 0 0.6850
HyperGAT 0.783 2 0.979 7 0.949 8 0.699 0
Ours 0.783 8 0.9811 0.950 7 0.701 3
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Table 3  Ablation experiment

Model MR R8 R52 Ohsumed
w/o SH 0.776 8 0.975 4 0.943 9 0.683:3
w/o TH 0.772 9 0.971 3 0.942 1 0. 677 9
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