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ABSTRACT

As the amount of data increases, manually classifying texts is expensive. Therefore, automated
text classification has become important, such as spam detection, news classification, and
sentiment analysis. Recently, deep learning models in natural language are roughly divided into
two categories: sequential and graph based. The sequential models usually use RNN and CNN,
as well as the BERT model and its variants; In recent years, researchers started to apply the
graph based deep learning model to NLP, using word co-occurrence and TF-IDF weights to
build graphs in order to learn the features of words and documents for classification.

In the experiment, we use different datasets, MR, R8, R52 and Ohsumed for verification.

Comparing with sequential and graph-based models, the accuracy of our proposed method on

MR can achieve 0.79.

Keywords: dependency parser, graph neural network, text classification
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Fo— ~ B{EEIY B EEREERY accuracy
Model RS R52 Ohsumed MR

TF-IDF+LR 0.9347 0.8695 0.5466 0.7459
CNN-non-static | 0.9571+0.0052 | 0.8759+0.0048 | 0.5844+0.0106 | 0.7775+0.0072
Bi-LSTM 0.9631+0.0033 | 0.9054+0.0091 | 0.4927+0.0107 | 0.7768+0.0086
PV-DBOW 0.8587+0.0010 | 0.7829+0.0011 | 0.4665+0.0019 | 0.6109+0.0010
PV-DM 0.5207+0.0004 | 0.4492+0.0005 | 0.2950+0.0007 | 0.5947+0.0038
PTE 0.9669+0.0013 | 0.9071+0.0014 | 0.5358+0.0029 | 0.7023+0.0036
fastText 0.9613+0.0021 | 0.9281+0.0009 | 0.57704£0.0049 | 0.7514+0.0020
SWEM 0.9532+0.0026 | 0.9294+0.0024 | 0.6312+0.0055 | 0.7665+0.0063
LEAM 0.9331+0.0024 | 0.9184+0.0023 | 0.5858+0.0079 | 0.7695+0.0045
Text GCN 0.9707+0.0010 | 0.9356+0.0018 | 0.6836+0.0056 | 0.7674+0.0020
Dep-GAT-root | 0.9654+0.0025 | 0.9263+0.0062 | 0.6194+0.0118 | 0.7942+0.0059
Dep-GAT-avg | 0.9611+0.0075 | 0.9229+0.0066 | 0.5630+0.0146 | 0.7839+0.0029
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Dataset : 2 3 4 >
MR 0.784+0.006 | 0.786+0.009 | 0.790+0.078 | 0.794+0.005 | 0.788+0.006

RS 0.965+0.002 | 0.965+0.004 | 0.964+0.003 | 0.960+0.004 -

R52 0.926+0.008 | 0.926+0.006 | 0.922+0.012 | 0.911+0.127 -
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