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A small sample balanced compensation text topic classification model
based on GAT

WANG Qifei, ZHANG Dawei

(College of Computer and Information Technology, Liaoning Normal University, Dalian Liaoning 116000, China)

[ Abstract] This paper proposes a GAT—based sample balancing compensation model (BC-GAT) to optimize the construction
method of the GAT model for the balancing compensation of small-scale samples in the dataset, in order to address the problem that
the GAT model is not effective in classifying topics with small unbalanced samples. By reasonably using EDA algorithm and web
crawler algorithm, this paper makes the expansion of small-scale samples in the dataset more reasonable and efficient and makes the
GAT model more suitable for small sample unbalanced topic classification. The experiments show that the accuracy of the BC-GAT
model for small-scale sample recognition is above 90% , which can effectively solve the problems of very small samples and data
skewing in practical applications.
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Tab. 1 Text subjective assignment
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Tab. 2 Experimental results of GAT model applied to MR data set

S FEARZER (Keat)  WuREE HEE F{A
S — IEAEAR(100) 0.6667  0.6400  0.653 1
FFEA(100) 0.6538  0.6800  0.666 7
EFEA(200) 0.6603  0.6600  0.6599
ST TEAEAR (100) 09167 09900  0.9519
FREA(10) 0.5000  0.1000  0.166 7
SFEA(110) 0.8788  0.9091  0.8805
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Tab. 3 Experimental results of BC—GAT model applied to MR

data set
FEACZEAY bt FEREIE F{H
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Tab. 4 The identification accuracy rate of essay, experimental report 2 and comprehensive report
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HEEEAR 09646 09821 09733 09897 0.9895 09895 0.9822  0.9878  0.9879
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Tab. 5 The recognition accuracy of requirement description and

experimental report 1
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