SHEXSH PA|AH SIS &=FX| #10A X235 2004 118(pp.91~109)

A Hybrid Approach Using Case-Based Reasoning
and Fuzzy Logic for Corporate Bond Rating

Hyun-jung Kim
College of Business Administration, Ewha Womans University
(charitas @ empal.com)

Kyung-shik Shin
College of Business Administration, Ewha Womans University
(ksshin@ewha.ac.kn

This study investigates the effectiveness of a hybrid approach using fuzzy sets that describe approximate
phenomena of the real world. Compared to the other existing techniques, the approach handles inexact
knowledge in common linguistic terms as human reasoning does it. Integration of fuzzy sets with case-based
reasoning (CBR) is important in that it helps to develop a successful system for dealing with vague and
incomplete knowledge which statistically uses membership value of fuzzy sets in CBR. The preliminary results
show that the accuracy of the integrated fuzzy-CBR approach proposed for this study is higher that that of
conventional techniques. Our proposed approach is applied to corporate bond rating of Korean companies.
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i. Introduction

The rating process generally involves
reviews of the financial statements on the basis of
quantitative factors as well as human judgment on
the basis of qualitative factors to a significant
extent. Furthermore, the final bond rating is made
by reviews and discussions of a group of analysts.
To cope with these complex interactions of
corporate bond rating process, an attempt is made
to construct a model, which can achieve
performance comparable to that of highly trained

human expertise. For financial institutions, the
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prediction of bond rating based on the model is
helpful to assess the credit status of firms
independently, since rating agencies do not
provide credit rating for every firm.

The early studies of bond rating
applications tended to use statistical techniques
such as multiple discriminant analysis (MDA)
models, which is most common means for
classifying bonds into their rating categories.
However, studies using only traditional statistical
methods for prediction reach their limitations in
applications with the violation of multivariate

normality assumptions for independent variables
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frequently occurring with financial data. Recently,
however, a number of studies have demonstrated
that artificial intelligence approaches such as
case-based reasoning [6][21][39]{40] can be
alternative methodology for corporate bond rating
classification problems.

Case-based (CBR) is a
problem-solving technique in that the case specific

reasoning

knowledge of past experiences is utilized to find
the most similar solution to a new problem. The
more basic principle underlying CBR is that a
model articulates and restructures the knowledge
acquisition framework of domain expertise, which
uses analogical reasoning to solve complex
problems and to leam from problem-solving
experiences. Because it is difficult even for
experts to capture and represent such knowledge,
a CBR system should be considered to select an
appropriate knowledge representation form based
on the analogy of human information processing.
For the realization of knowledge-based system to
interact between the human and the model,
knowledge engineers have investigated a way to
deal with human information processing that is on
the basis of epistemic inference and imperfect
decision-making process. In addition, building a
successful CBR system largely depends on good
indexing and retrieving function. For the effective
indexing and retrieving tasks to given problem,
the knowledge representation of each attribute is
also regarded as one of the most important issues.
suitable method to
knowledge is crucial for a CBR system to work

Choosing a represent

intelligently.
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We propose a hybrid approach using fuzzy
sets as alternative methodology for handling vague
and incomplete knowledge which statistically uses
membership values in CBR. Compared to other
existing techniques which define data using a
crisp approach, fuzzy sets handle

knowledge in common linguistic terms as human

inexact

reasoning describes approximate phenomena of
the real world; moreover, it is almost impossible
to define the data with certainty in reality.
Fuzziness itself is an effective means for the
representation of such an ambiguous concept,
hence fuzzy sets are employed in this study.
Integration of fuzzy sets with CBR is also
important, because it helps to develop effective
methods to avoid the mutual exclusivity of
case-based indexing and retrieving. It includes the
question about whether fuzzy set concepts can be
successfully integrated with a CBR system. Our
proposed approach is demonstrated by applications
to corporate bond rating.

The research questions are investigated as
follows; the first question asks whether fuzzy sets
theory can be very attractive as a knowledge
representation technique in a successful CBR
system. The second question asks whether
integration of fuzzy sets with CBR can be used to
predict corporate bond rating more accurately than
the benchmark model.

The remainder of this paper is organized as
follows. In section 2, prior studies related to bond
rating applications are reviewed. Next section
contains the methodologies used in this study and
a hybrid structure of CBR using fuzzy sets. The
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specific information about data and experiments is
described in the research development section. In
the result and analysis section, empirical results
are summarized and analyzed. The final section

includes a conclusion and future research issues.

2. Bond Rating Applications

Numerous bond rating studies have
traditionally tended to use statistical techniques
such as ordinal least squares (OLS) [15][32][45],
multiple discriminant analysis (MDA) [1][2][31],
probit [14]{16][17][19][34] and logit [13] models.
Among those techniques, the most common means
for classifying bonds into their rating categories is
MDA, which yields a liner discriminant function
relating a set of independent variables to a
dependent variable. However, statistical techniques
have some limitations in applications due to
violation of multivariate normality assumptions for
independent variables, which is frequently
occurred in financial data [10).

While traditional statistical methods assume
certain data distributions and focus on optimizing
the likelihood of correct classification [28],
inductive learning is a technology that
automatically extracts knowledge from training
samples, in which induction algorithms such as
ID3 [33] and CART (Classification and
Regression Trees) generate a tree type structure to
organize cases in memory. Thus, the difference
between a statistical and an inductive learning
approach is that different assumptions and

algorithms are used to generate knowledge
structures.

Shaw and Gentry (1990) applied inductive
learning methods to risk classification applications
and found that inductive learning's classification
performance was better than probit or logit
analysis. They concluded that this result can be
attributed to the fact that inductive learning is free
from parametric and structural assumptions that
underlie statistical methods.

Artificial neural networks have been found
to be successful predictors for modeling a wide
variety of business classification, clustering and
[273[30][36].
However, neural networks fundamentally differ
from parametric statistical models. Parametric

pattern-recognition problems

statistical models require a developer to specify
the nature of the functional relationship such as
linear or logistic between the dependent and
independent variables. Once an assumption is
made about the functional form, optimization
techniques are used to determine a set of
parameters that minimizes the measure of errors.
In conirast, neural networks with at least one
hidden layer use data to develop an internal
representation of relationship between variables,
so that prior assumptions about underlying
parameter distributions are not required. As a
consequence, better results can be expected with
neural networks when the relationship between the
variables does not fit the assumed model [36].
Dutta and Shekhar (1988) were the first to
investigate the ability of neural networks to bond
rating. They obtained a very high accuracy of
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83.3% in disceming AA from non-AA rated
bonds. However, they distinguished only one
category of bonds, and the study was not clearly
comparable with earlier research, which predicted
a wide range of rating categories. They used both
6 and 10 financial variables that are used in prior
bond rating studies. Since only 30 patterns are
used for training neural networks, it is hard to
conclude, based on their study, that the developed
models can be generalized.
Singleton and  Surkan
investigated bond-rating

(1990) also
abilities of neural
networks and linear models. They used multiple
discriminant analysis, and found that neural
networks outperformed the linear model for bond
rating application. Another study by Singleton and
Surkan (1995) showed that neural networks could
predict the direction of bond rating better than
multiple discriminant analysis did.

Kim et al. (1993) compared neural networks
model with regression, ID3, discriminant analysis
and logistic analysis for bond rating with six
categories of ratings. The results showed that the
neural network model was the best among the
above techniques in terms of classification
accuracy.

Another study in bond rating prediction
using neural networks was conducted by Moody
and Utans (1995). They obtained 63.8% and
85.2% rates of accuracy when five and three
classes were considered, respectively.

The recent study of bond rating done by
Maher and Sen (1997) compared the performance

of neural networks with that of logistic regression.
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The results indicated that neural networks model
performed better than a traditional logistic
regression model. The best performance of the
model was 70% (42 out of 60 samples).

Kwon et al. (1997) developed a corporate
bond rating model using Korean bond rating data.
They used ordinal pair-wise partitioning (OPP)
approaches to back-propagation neural networks
training for corporate bond rating prediction. The
main idea of the OPP approach was to partition
the data set in an ordinal and pair-wise manner
into the output classes. Experimental results
showed that the OPP approach had the highest
level of accuracy (71%-73%), followed by
conventional neural networks (66%-67%) and
multiple discriminant analysis (58%-61%).

Although numerous experimental studies
reported the usefulness of neural networks in
classification studies, there is a major drawback in
building and using a model in which a user cannot
readily comprehend the final rules that neural
network models acquire. Case-based reasoning
(CBR), in contrast, utilizes the most natural form
of knowledge ( a memory of stored cases which
The basic
principle underlying CBR is that human experts

recorded specific prior episodes.
use analogical reasoning to solve complex
problems and to leam from problem-solving
experiences [38].

Few studies had
reasoning for bond rating. Buta (1994) developed

applied case-based
a CBR model that predicted corporate bond rating
using financial data and ratings information of
1,000 companies from 1991 to 1992 in the S&P’s
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Compustat database. Although performance of the
system varied considerably based on the specific
rating class of the company, using an inductive
indexing scheme, the system matched the S&P’s
recommended rating for unseen cases (100 cases)
90.4% of the time.

Shin and Han (1999) proposed a case-based
approach using genetic algorithms to a case-based
retrieval process in an attempt to increase the
overall classification accuracy to predict bond
rating of firms. They utilized a machine-learning
approach using genetic algorithms to find an
optimal or near optimal importance weight vector
for the attributes of cases in case indexing and
retrieving. They applied the obtained importance
weight of attributes to the matching and ranking
procedure of CBR. Experimental results showed
that the GA-CBR hybrid model had the higher
prediction accuracy (75.5%) than the individual
method of MDA, ID3, and CBR models with
different importance measures.

The recent study of Shin and Han (2001)
developed a corporate bond rating model using
Korean bond rating data. They applied case-based
reasoning using an inductive indexing method to a
case indexing process. The total samples used
were 3,886 companies whose commercial papers
had been rated from 1991 to 1995. Experimental
results showed that inductive indexing methods
could improve the effectiveness of case reasoning
compared to the pure nearest-neighbor method
resulting in higher classification accuracy (70%).
That is, specifically, the success of the case-based
reasoning system largely depends on the

appropriateness of the indexing approach. In case
of using induction trees as an inductive indexing
method, optimizing trees is the central tasks that
represent an optimal combination level between
general domain knowledge and case-specific
knowledge.

Kim and Han (2001) presented a case-based
reasoning using the clustering methods for case
indexing process to improve classification
accuracy for the prediction of corporate bond
rating. They utilized competitive artificial neural
networks such as self-organizing map and leamning
vector quantization to generate the centroid value
of clusters of bond rating cases. These clustering
techniques show more effective clusters than
statistical clustering algorithms to the indexing
and retrieving procedure of CBR. Experimental
results showed that the cluster-indexing CBR
model had the higher prediction accuracy
(67.1%-69.1%) than the individual method of
MDA, ID3, and inductive learning indexing CBR
models.

3. Research Methodology

3.1 Case-based Reasoning
Case-based

problem-solving technique in that the case specific

reasoning (CBR) is a

knowledge of past experiences is utilized to find
the most similar solution to a new problem; that
is, unlike other generalized techniques, the past
cases themselves are used as the basis for coping
with a new situation.
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Providing a solution to the new problem
using CBR is a two-step process. The first step is
to check the case base and to identify similar
cases to solve a new case. Then the second step
is to apply the new case to come up with a

solution to the given problem.

3.1.1 Case Representation

A case is a contextualized piece of
knowledge representing an experience. It contains
a past lesson that is the content of the case and a
context in which the lesson can be used. Typically
a case comprises of: (1) the problem that describes
the state of the world when the case occurred, (2)
the solution, which states the derived solution to
that problem, and (3) the outcome, which
describes the state of the world after the case
occurs [24].

Cases can be represented in a variety of
forms using the full range of Al representational
formalism, including frames, objects, predicates,
semantic nets, and rules [25][35].

3.1.2 Case Indexing and Retrieving

Case indexing involves assigning indexes to
cases to facilitate their retrieval. The indexes
organize and label cases so that appropriate cases
can be found when needed. In building case-based
reasoning systems, the CBR community proposes
several guidelines for choosing indexes for
particular cases: (1) indexes should be predictive,
(2) indexes should be abstract enough to make a
case useful in a variety of future situations, (3)
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indexes should be concrete enough to be
recognizable in future cases, and (4) prediction
should be useful [24][25]. Both manual and
automated methods have been used to select
indexes. Choosing indexes manually involves
deciding the purpose of the case with respect to
the aims of the reasoner and deciding under what
circumstances the case may be useful.

The second issue of indexing cases is how
to structure the indexes so that the search through
case library can be done efficiently and accurately.
Given a description of a problem, a retrieval
algorithm, which uses the indexes in a
case-memory, should retrieve the most similar
cases to the current problem or situation. The
retrieval algorithm relies on the organization of
the memory to direct searching potentially useful
cases.

The indexes can either index case features
independently for strictly associative retrieval or
arrange cases from the most general to the most
specific for hierarchical retrieval. There are three
approaches to case indexing: nearest neighbor,
inductive, and knowledge-guided [4][5]{39]. The
nearest-neighbor approach let the user retrieve
cases based on a weighted sum of features in the
input cases that match the cases in memory. Every
feature in the input cases is matched to its
corresponding feature in the stored or old cases
and the degree of match of each pair is computed.
One of the most obvious measures of similarity
between two cases is the distance. A matching
function of the nearest-neighbor method using

Euclidean distance between cases is as follows:
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DIS » = \/Z” wix (fa— fu)* )]

where n is the number of features, and w; is the
importance weighting of a feature i. Basic steps of
nearest-neighbor retrieval algorithms are quite
simple and straightforward. Every feature in the
input case is matched to its corresponding feature
in the stored case, and the degree of match of
each pair is computed using the matching
function. Based on the importance assigned to
each dimension, an aggregate match score is then
computed. Ranking procedures order cases
according to their scores where higher scoring
cases are used before lower scoring ones.

Inductive indexing methods generally look
for similarities over a series of instances and then
form categories based on those similarities.
Induction algorithms, such as ID3 and CART,
determine which features discriminate the best
case, and generate a tree type structure to organize
the cases in memory. An induction tree is then
built upon a database of training cases. This
approach is useful when a single case feature is
required as a solution and where that case feature
is dependent upon others.

Knowledge-guided indexing applies existing
domain and experimental knowledge to locate
relevant cases. Although this method is
conceptually superior to the other two,
knowledge-guided indexing is difficult to carry
out because such knowledge often cannot be
successfully captured and represented. Therefore,

many systems use knowledge-guided indexing in

conjunction with other indexing techniques [4].

3.1.3 Adaptation

Adaptation is the process of adjusting the
retrieved cases to fit the cwrrent case. Once a
matching case is retrieved, a CBR system should
adapt the solution stored in the retrieved case to
the needs of the current case. Adaptation looks for
prominent differences between the retrieved case
and the current case and then applies formulae or
rules that take those differences into account when

suggesting a solution {39].

3.2 Fuzzy Sets

Since the fuzzy set theory was introduced
by Zadeh in 1965 as a generalization of the
conventional set theory [47], the fuzzy set theory
has been widely used in many fields of
application, such as pattern recognition, data
analysis, system control, and so on
[7][11][23]{26][43][46]. The primary objectives of
the fuzzy set theory are to represent the structured
knowledge based on the way human deals with
inexact information, and to improve the
intelligence of systems working in an uncertain,

imprecise and noisy environment.

3.2.1 Crisp Set

The membership of a crisp set, so-called the
characteristic  function, is defined as to
dichotomize an object into one of binary classes.
For example, a person who is classified as

“young” cannot be considered “not young” at the
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same time. A person who is classified as a young
man cannot be an old man at the same time. This
is called a classical set or a crisp set.

Let U be a universe. The characteristic
function my(x) represents whether an object x
belongs to a crisp set S in U or not, and it takes
value 0 or 1. That is, the characteristic function
m(x) is defined as follows:

1 if xeS
o) = {o if xeS @

3.2.2 Fuzzy Set

Classical sets practically have a limitation
to represent the slight difference of the object
feature. For example, if we define young as
someone whose age is 20 or younger, a
21-year-young person cannot be categorized as a
young person under crisp set concepts as
described above session.

However, human beings often adopt a more
flexible approach by assigning the different
degrees of possibility to a person who can be
young and old; a 50-year-old person may be
considered old and young at the same time with
different degrees. A set that allows partial
membership is called a fuzzy set.

Let U denote a universe space of objects,
then a fuzzy set F in the universe of U can be

defined as a following set of ordered pairs:
F={(x, m{x))lx&U} 3

where m(x) is the grade of membership of x in F,
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which indicates the degree of the fuzzy term t that
x belongs to a set F. The range of membership
function for fuzzy sets generally maps to the unit
interval [0,1].

As [Fig. 1] shows the membership function
of old and young persons, we can see that the
membership function of an old person who is
older than 70 and a young person who is younger
than 15 is 1.0, whereas the membership grade of
a 25-year young person is 0.87.

In addition to fuzzy terms such as old and
young, modifiers such as very, somewhat, and
more or less are frequently used to represent an
object in human languages. An adopted approach
to handle these modifiers in fuzzy sets is only to
add the simple operations to the membership
function of the fuzzy term, which is another
advantage of fuzzy sets. Given the membership
function of young person myoumg(x) in [Fig. 1], the
membership function of a very young person can
be defined as [mymg(x)]z. In accordance, the
membership grade of a 25-year young person is
0.87, whereas the membership grade of a 25-year
very young person is 0.65.

It is essential in fuzzy sets that the
boundaries of a class are not exactly divided in
which the transition from membership to
non-membership is gradual, since the membership
value of fuzzy sets is presented by possibilities
rather than binaries; that is, compared with
classical sets, the fuzzy set representation allows a
range of gray area to define set membership for
classification instead of using a single threshold
value. Although fuzzy sets make it possible to
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express the uncertain, vague, and inexact
information, the representation process using
fuzzy sets is extremely logical and mathematical
in describing the properties of objects that are not
completely known to us.

Membership

Young

grade
.87
65

[Fig. 1] The membership functions of
old and young

3.2.3 Fuzzy Operations

Since fuzzy sets are regarded as an
extension case of crisp sets, most basic operations
defined in crisp sets can also be applied to fuzzy
sets and some operations are unique to the fuzzy
sets.

In brief, the application of fuzzy sets theory
normally includes three procedures—fuzzification,
logic decision and defuzzification. Fuzzification
includes constructing the membership function
after the identification of the input and output
variables and the division variables into different
partition by a given problem domain. Logic
decision involves the design of the IF-THEN
inference rules, the calculation of the degree of
applicability of each IF-THEN rule, and the

determination of the output fuzzy sets.
Defuzzification involves the determination of the
crisp output from the fuzzy outputs of the
IF-THEN inference system [46].

Fuzzy systems have been successfully
applied to a variety of knowledge-based models to
improve their intelligence. At first, they begin by
finding formalized information about the
structured categories in an environment and then
articulate fuzzy if-then rules as a sort of expert
knowledge.

3.3 Hybrid Structure of CBR Using
Fuzzy Sets

Integration of fuzzy sets with CBR is
important in that it helps to develop an effective
method for handling vague and incomplete
knowledge which statistically uses membership
value of fuzzy sets in CBR. Fuzzy sets are used
to describe the approximate phenomena of the real
world because there is a similarity between human
reasoning and natural languages compared to other
existing techniques.

In the design of a CBR system using fuzzy
sets, the first step is to convert inputs into fuzzy
representation based on membership functions
defined in fuzzifier, and output are recommended
as a result of the indexing and retrieving process
in CBR.

3.3.1 Fuzzy Representation

For the case representation in the hybrid
system, fuzzification using the membership
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function is the first process that converts inputs
into the fuzzy linguistic terms and calculates the
similarity of a single feature of a case with the
corresponding attribute of the target [44]. Thus,
constructing the fuzzy membership functions that
transform the continuous input attributes into
linguistic terms and the membership value for
fuzzy preference is considered to have a critical
impact on the performance of the proposed hybrid
model.

Previous studies have proposed numerous
methods to determine the number of membership
functions and to find optimal parameters of
membership functions such as Kohonen’s learning
vector quantization algorithm, fuzzy c-means
clustering algorithm and subtractive clustering
method and so on [3]{8][9]. Optimal parameters
are identified by the class prototype with the
shortest distance or the closest similarity that
distinguishes the distinctions of given patterns.

In this study, we use an approach using
clustering algorithm suggested by Klimasauskas
(1992) to formulate the membership functions,
which finds an effective cluster in a crisp set, and
converts inputs into the fuzzy membership value
associated with each class.

The formula used to transform an input
value Xi in the set [ab] to the degree of
membership in fuzzy sets, Fi (Xi), is shown as

follows;
Fi (Xi) = max(0, 1 - Kx|Xi-C}) @

where K: the scale factor = 2x(1-M)/(b-a)
C: the center between the boundaries
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M: the value of fuzzy membership function
at the boundary

The fuzzification process for fuzzy indexing

and retrieving is summarized as following steps:

a. The membership function of each class based
on clustering algorithms is determined.

b. Numerical values of each case are converted

into proper classes.
c. Attributes are presented in fuzzy terms and
membership values based on membership

functions defined in step a.

3.3.2 Fuzzy Indexing and Retrieving

The major advantage of fuzzy indexing and
retrieving is that they allow multiple class
memberships to be defined on a single attribute;
that is, a person may be classified as old and
young at the same time with different membership
grades, which would make a case qualify for the
retrieving criteria of oldness and youngness [18].

Cases are indexed based on the fuzzy terms
of each attributes processed by fuzzifier in a fuzzy
representation step, before being stored in the case
base. <Table 1> shows examples of attribute Xi
represented by fuzzy terms and membership
values. [Fig. 2] illustrates the indexing result of
the cases in <Table 1> by their classes.

Once cases are indexed and stored in the
case base, they can be used for problem solving.
When a new case is encountered, the CBR
searches the case base to retrieve similar case. The

fuzzy indexing and retrieving process is
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<Table 1> The example of fuzzy representation

Firm Rating Xi Fuzzy Xi / membership value
Company A Al 05 low / 0.7
Company B Al 22 low / 0.56, middle / 0.55
Company C 35 middle / 0.67, high / 0.5
Company D B 38 middle / 0.56, high / 0.54
Company E 50 high / 0.71

high {C,D,E]
Xi —— middle » [B,C, D]
L+ low — & [A B]

[Fig. 2] The example of fuzzy indexing
(Adapted from Jeng and Liang, 1995)

summarized as the following steps:

a. The fuzzy terms resulting from fuzzifier are
used to search the candidate cases that match
with a new case in the case base.

b. The one that has the closest similarity among
the candidate cases in the prior step is
selected to construct a solution to the new
case.

There are several ways of finding the most
similar case. The most straightforward way is to
count the number of cases showing a particular
result. Another approach is to use the distance
function between the new and candidate cases,
choose the one which has the shortest distance,

and regards it as the most similar case [18].

The distance can be measured by the
difference of the original attribute value or the
converted fuzzy membership grades between
candidate cases and the new case. If we use the
original value, the distance function can be
defined as follows:

DIS & = Z Wwix (xa ~ xu)?

i=1

&)

where X, and X are the original value of attribute
i for the candidate @ and the new case b, » is the
number of attributes, and w; is the weight of a
attribute .

If we use the converted fuzzy grades, the
distance function can be defined as follows:
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DIS, =Y | xa—xb] 6)
i=l j=1

where X,; and x; are the grades of attribute i,
class j for the candidate a and the new case b, »
is the number of attributes and m is the number of

classes.

4. Research Development

The research data consists of 297 financial
ratios and the corresponding bond rating of 1,816
Korean companies whose commercial papers have
been rated from 1997 to 2000. The bond rating we

employ is provided by National Information and
Credit Evaluation, Inc., one of the most prominent
bond rating agencies in Korea. Credit grades are
classified as 5 coarser rating categories (Al, A2,
A3, B, C) according to credit levels. <Table 2>
shows the organization of the data set.

The data set is split into two subsets; about
90% of the data is used for a reference set and
10% for a holdout set. The reference data is used
to construct a case base for fuzzy indexing and
retrieving. The holdout data is used to test the
results with the data that is not utilized to develop
the model. The number of the reference cases and
the holdout cases are 1,635 and 181, respectively.

We apply two stages of the input variable

<Table 2> Number of companies in each rating

Ratings Number of cases %
Al 58 32
A2 242 133
A3 586 323
B 780 43.0
o] 150 83
Total 1,816 100.0
<Table 3> Definition of variables
Variable Definition Data type
X1 Net income to total asset Numeric
X2 Net interest coverage ratio Numeric
X3 Times interest earned Numeric
X4 Net income to capital stock Numeric
X5 Equity to total asset Numeric
X6 Fixed assets to total asset Numeric
X7 Current liabilities to total asset Numeric
X8 Transition of ordinary profit Symbol
X9 Transition of operating activities cash flows Symbol

102 S=XSHEAI LSS =R A10R A2% 20049 18



A Hybrid Approach Using Case—-Based Reasoning and Fuzzy Logic for Corporate Bond Rating

selection process. At the first stage, we select 106
variables by 1-way ANOVA for the numeric type
and Kruskal-Wallis test for the symbolic type
between each financial ratio as an input variable
and credit grade as an output variable. In the
second stage, we select 9 variables using a MDA
stepwise method to reduce dimensionality. We
select input variables satisfying the univariate test
first, and then select significant variables by the
stepwise method for refinement. The selected
variables for this research are shown in <Table 3>.

Two qualitative variables are coded into
five types according to the yearly sign transition
of ordinary profit (X8) and operating activities
cash flows (X9) respectively for three-year period.
Each of the quantitative variables (X1-X7) is
transformed into three fuzzy sets corresponding to
the linguistic terms: high, middle, and low,
respectively. For each numeric input variable, the
fuzzy preprocessing procedure of three fuzzy sets
is designed based on input data analysis. In this
study in which we experiment the bond rating
classification, three fuzzy sets corresponding to
the linguistic terms high, middle, and low,
respectively assumed for each of the input
variables are shown in (Fig. 3].

Membership
grade LOW MIDDLE HIGH

1

0 Xi

(Fig. 3] The membership functions of fuzzy terms

According to the formula of computing the
degree of membership in fuzzy sets, as suggested
in the previous session of fuzzy representation, the
shape of the fuzzy set is controlled by the
centroid, upper and lower boundary of each
cluster. The value of fuzzy membership function
at the boundary (M) is set at 0.5 in this
experiment, which means that we consider fuzzy
terms whose membership values are higher than
0.5 relatively reliable.

For example, in the case of X1 variable,
three membership functions that use values
generated by k-means clustering algorithm are

constructed as following equations:

My = max(0, 1 - 11.73x1X- 0.10D) if x<0.10
1 if x>0.10

Muiaae(x) = max(0, 1 - 11.36x[X- (-0.02)])

o= | max0,1-894xIX- (-0.1D1) if x2017
1 if x<0.17

In the equations shown above, x is the input
value of a financial ratio X1, and mpigh(X),
Mmade(X), and mew(x) are the fuzzy sets
corresponding to the linguistic terms high, middie,
and low, respectively. Accordingly the same
procedure is applied to the other input variables.

We utilize statistical clustering algorithm
such as k-means clustering algorithm and
competitive  artificial neural networks like
Kohonen self-organizing maps to formulate the
fuzzy membership functions corresponding to the

categorized linguistic terms by determining the
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centroid, lower and upper boundary value of
clusters of the input variable.

5. Result & Analysis

To investigate the effectiveness of the
integrated approach for case representation and
indexing using fuzzy sets in the context of the
corporate bond rating classification problem, the
results obtained are compared with those of
conventional techniques such as pure-CBR model
and MDA. The pure-CBR model uses a
nearest-neighbor algorithm in which weights
obtained by Pearson’s correlation analysis are
assigned among attributes. Correlation coefficient
acquired from Pearson’s correlation analysis is
transformed to the weighted value of each
attribute.

Among the several retrieving methods as
mentioned above, we apply three approaches; to

choose the majority of cases, to measure the
distance of the original attribute value, and to
measure the converted fuzzy membership grades
between the new and candidate cases. Fuzzy-CBR”
and Funy-CBRb model apply the nearest-neighbor
retrieval using membership grade of each
converted class and original quantitative value
among candidate cases obtained by indexing
process, respectively. Fuzzy-CBR® follows the
procedure of the majority rule retrieving approach.

<Table 4> shows the comparison of the
results of the classification techniques applied for
this study. Each cell contains the accuracy of the
classification techniques by classes. The results of
statistical classification techniques (MDA) are also
presented as benchmark to verify the applicability
of the proposed model to the domain. Among the
techniques, the fuzzy-CBR integrated models
using majority rule retrieving approach have the
highest level of accuracies in the given data sets.

And between two clustering techniques which are

<Table 4> Classification accuracies (%)

Method Class Al A2 A3 B c Average

MDA 60.00 20.83 50.00 42.86 53.85 43.37
Pure-CBR 20.00 2017 60.78 52.11 4167 49.69
K~means 40.00 41,67 50.98 57.75 50.00 52.15

Fuzzy-CBR®
Kohonen 40.00 50.00 55.56 71.43 30.77 59.04
K-means 60.00 45.83 50.98 69.01 41.67 57.67

Fuzzy-CBR®
Kohonen 40.00 41.67 66.67 75.71 46.15 64.46
K-means 40.00 41.67 62.75 74.65 25.00 61.35

Fuzzy-CBR°®
Kohonen 0.00 58.33 62.96 80.00 15.38 63.86

a. Nearest-neighbor retrieval using original quantitative value of each converted class
b. Nearest-neighbor retrieval using membership grade of each converted class

¢. Majority rule retrieval
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used to obtain the information of clusters of bond
rating cases, Kohonen self-organizing maps show
better effective clusters than k-means clustering
algorithm to the indexing and retrieving procedure
of CBR.

McNemar test results for the comparison of
the predictive between  the
comparative models and the fuzzy CBR models
for the holdout cases are summarized in Table 5.
The results of McNemar tests support that the
fuzzy CBR model has higher classification
accuracy than all the other comparative models
with significant levels. The fuzzy CBR model
with a clustering technique of Kohonen

performance

self-organizing maps performs significantly better
than that of k-means clustering algorithm. In
addition, it appears that Fuzzy-CBR® with a
clustering technique of k-means algorithm
performs better than Fuzzy-CBR® at 10%
significance level; however, the other integration
types of fuzzy-CBR have no significant difference.

The overall result shows that the integrated
models with the majority rule retrieving approach
performs better than MDA and pure-CBR. Based
on the results, we conclude that the integrated
approach proposed for this study is effective,
enhancing the classification accuracy of the CBR
for the corporate bond rating application domain.

<Table 5> McNemar values for the comparison of performance between models

(Significance level)

MDA Pure-CBR Fuzzy-CBR® Fuzzy-CBR®
0.141
Pure-CBR
0.068 0.672
K-means "
Fuzzy-CBR?
0.002 0.041
Kohonen e -
0.001 0.111 0.157
K-means s
Fuzzy-CBR®
0.000 0.002 0.243
Kohonen . oy
0.000 0.023 0.091 0.488
K-means o " "
Fuzzy-CBR°®
0.000 0.002 0.200 1.000
Kohonen o ion

* significant at 10%
** significant at 5%
*** significant at 1%
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6. Conclusion

In this study, we propose a hybrid approach
of using fuzzy sets as alternative methodology to
represent for case-based indexing and retrieving to
the problem of corporate bond rating. Integration
of fuzzy sets with CBR is important in that it
helps to develop an effective method for handling
vague and incomplete knowledge which
statistically uses membership value of fuzzy sets
in CBR. The preliminary results show that the
integrated models are effective, enhancing the
classification accuracy of CBR for the bond rating
application domain. We also show that the
proposed approach increases the flexibility of
indexing and retrieving process in CBR.

Our study has the following limitations that
need further research. First, the determination of
classes and membership functions has a critical
impact on the performance of the resulting system.
The second issue for future research relates to
information bias or information loss due to data

conversion using fuzzy sets. In addition to the

above issues, we also need to examine the

integration of the fuzzy approach with existing
other types of techniques.
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