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WA W RSN
Training Valid. Training Test  Valid. #% #2008 Training Valid. 47 setojg?
HolHM#1  65.86% 59.30% 70.22% 64.73% 64.73% h=14 67.12% 65.89% MC / LINEAR C=10
dlolell#2  64.90% 62.02% T71.76% 65.50% 65.12% h=7 84.09% 65.50% BC/ RBF C=78, 6=l
dloleiM#3  64.51% 69.38% 69.45% 63.18% 66.67% h=21] 67.60% 69.38% BC / LINEAR, C=100
dlo|BAltd  64.80% 65.50% 69.19% 64.73% 67.44% h=28 81.20% 68.99% MC/ RBF, C=55, 6°=1
dolE A5 65.09% 59.30% 67.14% 68.60% 64.34% h=21 75.31% 68.22% BC / RBF. C=10, 6°=1
AY dd 65.03% 63.10% 69.55% 65.35% 65.66% 75.06% 67.60%
1) h 243 &3 wro
2) BC: bound-constrained multi-class support vector classification
MC: multi-class SVC from solving a bound-constrained problem
LINEAR: 48 (linear) 74 &4
RBF: 7b#Ajet RBF (Gaussian RBE) #AY &
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Intelligent Credit Rating Model for Korean Companies
using Multiclass Support Vector Machines

Hyunchul Ahn* - Kyoung-iae Kim** - Ingoo Han***

Abstract

Investors. debt issuers. and others are quite interested in corporate credit rating (i.e.
bond rating) because it is considered to be an important measure for managing financial risk
of their portfolios. But, in spite of its importance, corporate credit rating is typically very
costly to obtain, since it requires professional agencies to invest large amount of time and
human resources to perform deep analysis of the company's risk status based on various
aspects ranging from strategic competitiveness to operational level details. As a result, it
has been a popular research topic for researchers to predict companies credit ratings by
applying statistical and artificial intelligence techniques

The researchers in the early days mainly focused on applicability of statistical techniques
such as multiple discriminant analysis (MDA) and logistic regression (LOGIT) analysis.
However, more recent studies have shown that artificial neural networks (ANNs) achieved
better performance than traditional statistical methods and other artificial intelligence
methods in bond rating. Consequently, ANN has been the most widely-used technique for
corporate credit rating for a long time.

However, despite ANN's superior performance, it has some critical limitations. First of all,
it suffers from difficulty in selecting a large number of controlling parameters which include
relevant input variables, hidden layer size, learning rate, and momentum term. And, it
generally requires a large data set for the effective training. Furthermore, there is a danger

of overfitting, and ANN usually requires huge amount of data samples for the effective
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*** Drofessor. Graduate School of Management, Korea Advanced Institute of Science and Technolog
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training. In addition, it is usually difficult to explain why it produces a specific result, i.e.
poor explanation ability.

To mitigate these limitations, this paper suggests a novel machine learning technique,
multi-class support vector machine (SVM), as a tool for corporate credit rating. General
SVM is simple enough to be analyzed mathematically, and leads to high performance in
practical applications. Although many traditional neural network models have implemented
the empirical risk minimization principle, SVM implements the structural risk minimization
principle. The former seeks to minimize the misclassification error or deviation from the
correct solution of the training data but the latter searches to minimize an upper bound of
the generalization error. In addition, the solution of SVM may be a global optimum, while
other neural network models may tend to fall into a local optimal solution. Thus, overfitting
15 unlikely to occur with SVM. In addition, SVM does not require too many data samples for
training since it builds prediction models by only using some representative samples near
the boundaries (so-called support vectors).

However, original SVMs were originally devised for binary classification. Thus, in order to
apply them to multi-class classification problems such as corporate credit rating, the
original SVMs should be extended to the multi-class SVM models. So far, researchers have
proposed various approaches for this extension. In this study, we have tried three different
methods for multi-class SVMs including (1) bound-constrained multi-class support vector
classification (SVC), (2) multi-class SVC from solving a bound-constrained problem. and (3)
multi-class SVC from Crammer and Singer. And. we try to find the most appropriate method
and parameters for our data set.

To examine the feasibility of multi-class SVMs in corporate credit rating, we applied these
methods to the real-world bond rating case for Korean companies. We applied multi-class
SVMs as well as ANN and MDA to the same dataset, so we tried to validate the superiority
of multi-class SVM to other comparative algorithms. The experimental results showed that
multi-class SVM outperformed ANN and MDA with a statistical significance level of 0.05 to
0.10. As a result, we found that multi-class SVM is a promising alternative to corporate

credit rating prediction.

Key words: Multi-class support vector machine, Bond rating, Artificial neural networks,

Multivariate discriminant analysis
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