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Text Classification Method Based on Information Fusion of Dual-graph Neural Network

YAN Jia-dan and JIA Cai-yan

School of Computer and Information Technology,Beijing Jiaotong University, Beijing 100044 , China
Beijing Key Lab of Traffic Data Analysis and Mining, Beijing Jiaotong University, Beijing 100044, China
Abstract Graph neural networks are recently applied in text classification tasks. Compared with graph convolution network, the
text level graph neural network model based on message passing(MP-GNN) has the advantages of low memory usage and sup-
porting online testing. However, MP-GNN model only builds a lexical graph using the word co-occurrence information, and the
obtained information lacks diversity. To address this problem,a text classification method based on information fusion of dual-
graph neural network is proposed. Besides preserving the original lexical graph built in MP-GNN, this method constructes the se-
mantic graph based on the cosine similarity between pairs of words,and controls the sparsity of the graph through a threshold,
which makes more effective use of the multi-directional semantic information of the text. In addition, the ability of direct fusion
and attention mechanism fusion are tested to fuse the text representation learned on lexical graph and semantic graph. Experimen-
tal results on 12 datasets (R8, R52 and other datasets commonly used for text classification) show that the proposed model
demonstrates an obvious improvement on performance of text classification compared with the SOTA (state-of-the-art) methods
TextLevel GNN, TextING and MPAD.

Keywords Text classification, Graph neural network, Semantic information, Information fusion, Attention mechanism. Natural

language processing
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Table 1 Statistics of datasets

Dataset Task # Docs  # Training # Test # Classes Avg. Length # Words
R8 News 7674 5485 2189 8 64.53 2923
R52 News 9100 6532 2568 52 68.63 5364
BBCSport News 737 737 CV 5 337.61 13253
Ohsumed Topics 7400 3357 4043 23 112.83 7998
Snippets Topics 12340 10060 2280 8 18.07 29251
TREC Topics 5952 5452 500 6 8.52 8739
MR Sentiment 10662 10662 CV 2 18.69 18322
IMDB Sentiment 50000 25000 25000 2 223.27 32417
SST-1 Sentiment 11855 9645 2210 5 18.18 17830
SST-2 Sentiment 9613 7792 1821 2 18.33 16182
MPQA Sentiment 10606 10606 (Y% 2 3.11 6204
Subj Sentiment 10000 10000 CV 2 21.19 20892
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Table 2 Performance comparison of the proposed model and baselines model on text classification tasks
Algorithms News Classification Topics Classification Sentiment Classification

R8 R52 BBCSport Ohsumed  Snippets TREC MR IMDB SST1 SST2  MPQA Subj
TextCNN 97.21 — 98. 37 — — 70. 80 81.50 90. 28 48.70 87.80 89. 50 93.40
DAN 94.79 - 94. 30 - - 89. 60 80. 30 89.40 47.70 86. 30 88.91 92. 44
TextRNN — — — - - - 77.33 91. 30 49. 60 87.90 - 94.10
HN-ATT 97. 25 — 96.73 — — 90. 80 80.78 90. 06 49.00 86.71 89.08 92.92

TextGCN 97.07 93.56 - 68. 36 79.90 89.76 76.74 88.52 39.57 81.13 - -
TextLevel GNN(Lexical) 97. 80 94. 60 99.78 69. 40 74.84 87.40 77.11 87.93 41.79 81.34 92.76 91.12
TextLevel GNN(Semantic) 98.02 94. 99 99.41 69. 26 73.20 88. 27 w 89. 10 43.27 82.39 92.39 91. 24
TextLevel GNN-S 98.13 95. 05 99. 87 69. 95 76. 32 88. 40 77.93 88.77 44.75 83.09 93.12 91.11
TextLevel GNN-A 97.58 94.67 99. 87 68.91 75.31 90.00 78.58 89.70 44.30 84.13 92.87 91.78
TextING(Lexical) 97.42 94. 62 99. 40 70. 20 86. 14 98. 68 79.50 OOM 48.10 85.38 89.08 91. 64
TextING(Semantic) 97.38 93.69 99. 62 68. 66 86. 14 98. 60 80. 22 OOM 47.38 84.51 90. 06 92. 26
TextING-S 98.13 9478  99.99 7106 87.19  99.00 81.93 OOM 48.73 86.38 90.28 93.02
TextING-A 97.90  95.13 99.97 70. 74 87.50 99.00 81.60  OOM  48.91 86.71 90.18 93.04
MPAD (Lexical) 97.07 93.25 98. 37 65.11 83.54 93.48 80. 24 90. 56 48.51 85.61 90.01 92. 88
MPAD (Semantic) 97.27 93.03 99.32 64.61 82. 85 92.00 79.55 88.90 47.83 85.23 89.91 92.59
MPAD-S 97.62  93.85 99.59 66. 14 84.96 95.20 80.32 90.88 49.64 86.60 90.08 93.07
MPAD-A 97.72 93.89 99.19 65.57 84.91 94. 20 80.68 90.99 50.05 87.20 90.01 93.16
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