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Abstract

TextING (Inductive Text classification via GNN) model is a popular text classification method
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based on graph neural network. According to the Graph Convolutional Networks (GCN), the docu-
ment representation is learned on all the document word graphs, and then the document classifi-
cation model is trained by supervision. However, this method requires a large number of docu-
ment category labels, and the word graph-based document representation cannot fully learn the
global characteristics of the entire document set. To solve this problem, an unsupervised text clas-
sification model is proposed. The Embedd Topic Model (ETM) was used to learn the document re-
presentation containing global word features. Kmeans clustering was applied to the document topic
representation learned by ETM as the pseudo class standard of the document and then use TextING
to train the document classification model. The results on real document datasets show that the
proposed method is more accurate than the mainstream unsupervised document clustering.
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Figure 1. Model framework diagram
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Table 1. Samples and category of dataset
= 1. BRI AR S

b EE S 7S YIRS e
RS 6522 1152 8
20NewsGroup 16,012 2834 20

3.2. TMEESCA S A RITMA

AR SCE AR HE LA B AL 4> B ONMI) RN 4L FE (purity) [8]%5 5 AL R AT VR L, NMIT H T34 2 1) 5%
MR, purity 285 FORIEINJC M B AL ) 23 M B . NMI A purity 25487 0.0 21 1.0 2 8], Ho ol
RAFAEIITE T UWEAT 55 R I RLT

- HHE AR 1 L Topics X BRI 25 AR, O T 3R 2B)G1& 1 £ 8E(LL R H5 8 T),
HBEAT T LA S5 .

P2 M2 35 T Topics HIAS [ BUE /E Al — $idi 8 _E 1) purity (BB AN, B DA B2 AT DA HE 20NG
¥ 5 FHC Topics = 40 BLALUIZRZE R lf, 75 RS 4 FHX Topics = 30 FALUIZRZE W if . RILAEZ
JE L I ZRIS %ET- 20NG HidE 52 ¥ e RO 40, 9 R8 Hdii 4R e %Ch 30.

4 RIS VLI T AR SCH AR S A (R B AL AR AR R 2 B XL, AR I VA R
FAES EH BT Z A CAITE. SZRTERAELE, ASCMEIAT F & R8s 8, % ks

DOI: 10.12677/csa.2022.127180 1798 THEAURF 5 R


https://doi.org/10.12677/csa.2022.127180

K HHRH 4

A5 BRI B SR HEAT 70 AT LIS B AR OS5 R

Table 2. Impact of changes in Topics on results of 20NG dataset
= 2. 20NG HEE £ Topics B ITEE RSN

Purity
GRS
it T=10 T=20 T=40 T =280
LDA 0.1601 0.3094 0.3137 0.3102
20NG ETM 0.1612 0.3301 0.3347 0.3314
TextING_TM 0.1628 0.3448 0.3491 0.3443
Table 3. Impact of changes in Topics on results of R8 dataset
%% 3. RS HIBE E Topics UL xteE RV
Purity
Kk
Y T=15 T=30 T=45 T =60
LDA 0.6457 0.7185 0.7145 0.7165
R8 ETM 0.6712 0.7395 0.7365 0.7334
TextING_TM 0.6814 0.7588 0.7416 0.7324
Table 4. NMI comparison results of algorithms on real datasets
4. EXHIRSE EHIER NMI IFEEEER
K LDA ETM TextING_TM
R8 0.4112 0.4779 0.4926
20NG 0.3610 0.3778 0.3888
Table 5. Purity comparison results of algorithms on real datasets
5. ALBIRE LEIK Purity M EEEER
s LDA ET™M TextING_TM
R8 0.7185 0.7395 0.7588
20NG 0.3137 0.3347 0.3491
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