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[ Abstract] With the rapid development of the Internet and the gradual popularization of electronic devices, more and more people
choose to shop online. After buying goods, buyers can provide their own feelings about clothing products through the comment
system provided by the platform, which will generate a lot of apparel comment information. Since the labels of these comment
information are manually selected and will be affected by external factors, they are uncertain. The errors caused by these
uncertainties will affect the judgment of the platform and other users on clothing products. To solve this problem, this paper studies
a classification method based on graph convolution, which regards words, documents, and topics as nodes, and the relationship
among the three as edges to build a large heterogeneous graph network. The heterogeneous graph is used as the input of the graph
convolution network model, and the attention mechanism is introduced. According to the different importance of the relationship
among different neighbor nodes and a specific node, the attention matrix is constructed. Finally, an experimental evaluation and
analysis of a public clothing evaluation text are carried out. The experimental results show that the classification results obtained by
this method are better than traditional neural networks.
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Fig.3 The influence of the proportion of training data on the

model
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Fig.4 The effect of sliding window size on the model
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