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Text Classification Based on Attention Gated Graph Neural Network
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Abstract To address the problem that the existing text classification work usually ignores the semantic interaction between
words when generating text representation,this paper proposes a novel text classification model based on attention gated graph
neural network. It makes effective use of the semantic features of words and improves the accuracy of text classification based on
the adequate semantic interaction. Firstly,each input text is converted to a single graph-structured data and the semantic features
of word nodes are extracted. Secondly,attention gated graph neural network is used to interact and update the semantic features
of word nodes. In addition, the attention-based text pooling module is used to extract the word nodes with discriminative semantic
features to construct text graph representation. Finally,effective text classification is implemented based on the text graph repre-
sentation. Experimental results show that the proposed method achieves an accuracy of 70.83% ,98.18%,94. 72% and 80. 03 %

on Ohsumed,R8,R52 and MR datasets,respectively,and outperforms existing methods.
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Table 2 Classification accuracy comparison of different methods
CRAE: %)
Models Ohsumed RS R52 MR

TF-IDF+LR  54.6640.00 93.7440.00 86.9540,00 74.590.00
TextCNNU2Z)  58.4441.06 95.7140.52 87.5940.48 77.7540.72
LSTME3] 51.1041.50 96.094+0.19 90.48+0.86 77.7340.89
Bi-LSTM 49.2741.07 96.3140.33 90.5440.91 77.680.86
fastText:33)  57.7040.49 96.1340.21 92.8140.09 75.1440. 20
SWEML3) 63.1240.55 95.3240.26 92.94+0.24 76.6540.63
Graph-CNNE#T 63,8640.53  96.9940.12 92,.75+0.22 77.2240.27
TextGCNI*! 68.3640.56 97.0740.10 93.5640.18 76.74+0. 20

Textlevel GNNH 69,4040, 60  97.804:0.20 94.60240.30 78,860, 34

Ours 70.8340.38 98.18+0.10 94.72+0.29 80.030.22
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Table 3 Results of ablation experiment
(A2 %)
Models Ohsumed R8 R52 MR
TextPool-G w/o A 67.89 96.72 92.09 77.84
TextPool-G w/ A 69.05 97.82 93.16 80.03
TextPool-L w/o A 68. 60 96. 37 92.69 76.51
TextPool-L w/ A 70.83 98. 18 94.70 78.65
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Table 4 Experimental results with different Readout functions

Readout Ohsumed R8 R52 MR
Mean-R 68.62 97.75 93. 54 78.31
Max-R 54.51 95. 37 91. 86 75.42

Ours 70. 83 98.18 94,72 80.03
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