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Abstract: When a heterogeneous graph was constructed for graph neural network model for the whole
corpus to text classification, it was difficult to generalize to new samples and word order information
was missed. To solve these problems, a text classification that incorporated dual graph features and
contextual semantic information was proposed. Firstly, a syntactic dependency graph and a co-
occurrence graph were constructed for individual text to inductive learning for new samples. Text
features were captured from two perspectives, which solved the problem of ignoring dependency
information between words. Secondly, bi-directional long short-term memory network (BiLSTM) was

used to encode text, which solved the problem of ignoring word order features and having difficulty in
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capturing contextual semantic information. Finally, dual graph features were fused to enhance the

classification performance of graph neural network model. The experimental results on MR, Ohsumed,

R8 and R52 datasets show that the model can extract richer text features and have an average increase of

2.17%, 5.38%, 0.61% and 2.48% in accuracy compared with classical text classification models.

Keywords: text classification; graph neural networks; bi-directional long short-term memory network ;

syntactic dependency graph; co-occurrence graph
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Fig.1 Dual graph neural networks with BILSTM (DGNN-B)
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Fig.2 Co-occurrence graph construction
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Fig.3 An example of dependency parsing
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Tab.3 Results of ablation experiments
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CoGraph 0.7853 0.7029 0.9750 0.9533
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DGNN-B 0.7971 0.7068 0.9785 0.9562
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Fig.4 Multi-index experimental performance evaluation
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Fig.7 Accuracy with different sliding window sizes
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