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Abstract

As a major participant in the market economy, the credit risk of enterprises has always attracted
the attention of academic and financial circles. In recent years, the graph neural network model
has been widely used in the research of financial issues. In these works, enterprises are regarded
as vertices, and the relationship between enterprises are regarded as edge, so that the model can
be used to complete the credit evaluation of enterprises. The above-mentioned methods often
treat all indicators within the enterprise equally, and do not analyze the internal relationship be-
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tween various data. Based on previous experience, we screened out 29 corporate financial data
indicators, abstracted each indicator as a vertex, deeply analyzed the relationship between indi-
cators, and constructed an indicator similarity matrix. On this basis, we used the minimum span-
ning tree algorithm to realize the graph of the enterprise mapping, and build a graph neural net-
work model, get its embedded representation, and finally combine the neural network classifier to
complete the prediction task. The experimental results using real enterprise data show that the
model can better complete the multi-level credit rating of enterprises.
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Figure 1. Schematic diagram of the minimum spanning tree
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Figure 2. Overall flow chart of the model
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Figure 4. The results of the three-category operation on the Corp_Tree structure
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Figure 5. The results of the five-category operation on the Corp_Tree structure
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Figure 6. The results of the 8-category operation on the Corp_Tree structure
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