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Review of Node Classification Methods Based on Graph Convolutional Neural Networks
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Abstract Node classification is one of the important research tasks in graph field. In recent years,with the continuous deepening
of research on graph convolutional neural network, significant progress has been made in the research and application of node
classification based on graph convolutional neural networks. Graph convolutional neural networks are kind of graph neural net-
work method based on convolution. It can handle graph data and have the advantages of convolutional neural networks,and have
become the most active branch of graph node classification research. This paper first introduces the related concepts of graph.the
definition of node classification and commonly used graph datasets. Then.it reviews two classic graph convolutional neural net-
works,spectral domain and spatial domain graph convolutional neural networks,and discusses the challenges of using graph con-
volutional neural networks to study node classification. Next, it analyzes the research progress and unresolved issues of graph
convolutional neural networks in node classification tasks from the perspectives of model and data. Finally, this paper gives in-
sights into the research direction on node classification based on graph convolutional neural networks.

Keywords Graph structure data, Node classification, Graph neural network,Graph convolutional neural network
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