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Table 6 Results of t—1 quarters default prediction model
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Table 8 Distribution of credit qualification industries of listed companies in China
(1) (2) (3) (4) (5) (6)
1 76.085 7 99.999 9 0.016 8 30.742 0
2 N N 81.307 5 99.999 3 0.050 5 29.988 3
3 75.754 5 99.998 9 0.058 3 32.569 5
4 79.887 9 99.999 7 0.023 8 30.801 0
5 82.162 0 99.999 8 0.069 8 28.974 2
6 85.385 1 99.974 0 2.076 1 29.754 0
7 63.772°5 99.995 9 0.001 3 34.297 4
8 82.483 6 99.981 9 0.027 3 30.471 2
9 N 70.598 1 99.963 7 0.025 4 35.114 1
10 81.402 8 99.999 9 0.072 8 29.149 0
11 N 74.302 8 99.999 9 0.019 3 33.7915
12 61.654 0 99.946 8 1.047 1 35.098 7
13 N 70.893 5 99.997 6 0.010 2 34.724 2
14 83.286 0 99.999 5 0.119 2 29.821 0
15 85.050 1 100.000 0 0.051 6 27.385 9
16 83.804 3 99.993 7 0.085 8 28.921 2
17 74.894 9 99.999 4 0.016 6 32.977 0
18 59.982 7 99.997 0 0.022 0 35.920 9
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Table 11 Credit characteristic description of enterprise firm ownership
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Table 12 Difference test results of credit score among the ownership of firms
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Table 13 Difference test of credit score between the ownership of firms
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Dynamic early warning of bond default based on optimal threshold

CHI Guo-tai' YANG Jia-gi' * ZHOU Ying'

1. School of Economics and Management Dalian University of Technology Dalian 116024 China;
2. School of Economics and Management Beihang University Beijing 100191 China

Abstract: Early warning of bond default risk is to predict the future bond default status based on the enter-
prise” s financial factors non-financial factors and external macro factors. For different combinations of varia—
bles the effect of default prediction is different; there must be an optimal combination of indicators which
can minimize the error of default prediction. For different thresholds the effect of default prediction is differ—
ent and there is bound to be an optimal threshold of default judgment which can distinguish between the
bonds that default from those that do not to the greatest extent. This paper uses the random forest model to se—
lect the feature combination and studies the default risk of bonds based on Logit model. The first contribution
of this paper is in the optimal feature selection. Under the premise of the minimum Type-/I Error an optimal
random forest is obtained by maximizing the AUC for different numbers of decision trees. According to the
ranking of the importance of indicators the optimal feature combination can be obtained by forward selection to
maximize AUC. The second contribution is in the determination of the optimal default judgment threshold. Tak-
ing the minimum weighted sum of the Type- Error and Type-ll Error as the objective function the optimal
threshold of logical regression is deduced. The third is the prediction accuracy of this model is higher than pop—
ular big data prediction models. Based on data from bonds issued by Chinese bonds listed companies from 2014
to 2018 the empirical research shows that the key indicators affecting China’ s medium and short-term default
prediction are: Monetary capital / short-+erm debt net profit the number of bonds issued by issuers industry
prosperity index and industry entrepreneur confidence index. The key indicators affecting short-term default
prediction are: Monetary assets quick ratio fixed asset investment price index and money supply M,. The
key indicators that have an impact on the medium-term default forecast are registered capital of the issuer re—
payment amount of bonds at maturity and bond maturity index.

Key words: bond default; default prediction; feature selection; optimal threshold; random forests



