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Abstract

This paper applies Grey theory to construct a new assessment and valuation model of Credit
Card Asset Backed Securities. The main results as follows:

1. This paper applies the logistic regression model to analyze the influence of factors on abnormal
payment, revolving and cash advances. Analytical results indicate that the following factors are
significant in explaining abnormal payments, revolving and cash advances. age, income,
educational level, gender, occupation and previous credit.

2. This paper applies a novel approach, grey relational analysis, to assess credit card applications
and pick out appropriate credit card applications into credit card asset backed securities Credit
Card ABS pools.

Taiwanese financial institutions can use the results from this paper when pricing the prices
for credit card asset backed securities Credit Card ABS

Keywords : Credit Risk, Credit Cards, Grey Theory, Credit Card Asset Backed Securities (Credit
Card ABS)



1. INTRODUCTION

The credit card asset backed securities (Credit Card ABS) is anew business of the financial
system in Taiwan. Abnormal payments (i.e. delinquent, and default), revolving and cash advances
of credit card make it difficult for financial institutions to regulate funds, to predict cash flow of
credit card ABS pools, and can even cause losses. Financial institutions want to know and
manage credit card loans that will possibly become delinquent and /or default, and/or revolving
and/or cash advances. Financial institutions must have an appropriate method to pick out

appropriate credit card applicationsinto credit card asset backed securities pools.

Credit card and mortgages are the similar business. Previous methods to select credit card
applications and home mortgages loans included the discriminant analysis model (Altman, 1968;
Grablowsky and Talley, 1981; Steennckers and Goovates, 1989), the linear regression model and
the logistic regression model (Martin, 1977; Platt and Platt, 1991; Smith and Lawrence, 1995),
the analysis hierarchy process (AHP) (Srinivasan, 1987), and the neural network and expert
system (Altman, Marco and Varetto, 1994; Desai, Crook and Overstreet, 1996). Above Methods
classified credit card applications by constructing alarge database. As aresult, they were difficult
to implement when credit card asset backed securities business commences or past |oan data were
not properly conserved. Previous models were also trouble because they required large historical
data and also had an intricate calculating process that was difficult to use. This paper applies the
grey relational analysis to pick out credit card applications into credit card asset backed securities

poolsin order to overcome such weaknesses.



The grey relationa analysis has the following advantages over previous models: relatively little
data is required, simple mathematics during the calculation, and discontinuous variables can be
manipulated. The logistic regression model is generally preferred over other methods when select
credit card applications and home mortgage applications (Thomas, 1998). This paper will
compare the grey relational analysis to the logistic regression model to pick out credit card

applications into credit card asset backed securities polls.
Succeeding sections describe the methodol ogy, data source, empirical results, and conclusions.

2.METHODOLOGY

2.1 Grey Relational Analysis

Grey relational analysis is an effective means of analyzing the relationship between two
series. This paper applies grey relational analysis to calculate the grey relationa coefficients
between the candidate credit card applications and the ideal appropriate credit card applications.
Suitable credit card applications can be picked out into credit card asset backed securities pools
according to grey relational coefficients. The algorithm of grey relational analysisisillustrated as
follows:
(1) Data processing

Before calculating the grey relational coefficients, data of the series must be dealt with.

Where max X (k) is the maximum value of entity k, min X, (k) is the minimum value of

entity k and X, (k) isthe objective value of entity k.
Three kinds of situations and data processing are as follows:

1) Upper-bound effectiveness measuring (i.e., larger-the-better)



X,.(k)—mDikn X, (k)

X (k)= : (1)
max X,.(/() —min X,(k)

2) Lower-bound effectiveness measuring (i.e., smaller-the-better)

max X (k)- X,k
X:(k - ma;k)( (k()—)min )5 ()/() @)

Ok / 0 k /

3) Moderate effectiveness measuring (i.e., nominal-the-best)
If né%x)(,(k) > X, (k)2 min X, (k)

xl* (k) |x| (k) B xob (k)| (3)

(2) Calculate the grey relational coefficients
Let X, be the referential series with k entitiesand X, be the comparative series with k
entities, 1 =12,...,892; k=12,...,6.

Thet is,

M
x3528 = {x892 (1)’ x892 (2) """ x892 (6}
The grey relational coefficients between the referential series of X, and the comparative

series X, is defined as follows :

Where A'= Zﬂ:{AZO'(Zk)j ; AO,(/()=‘XO(/()—X,(/()‘ ; Amax=maxmaxAO,(k)

0/ Ok

A, = minminA,, ().

0/ Ok
Let X, ={X,@),%,(2),... X,(k}  denote the i-th  applicaion  and

X, ={X,(1),X,(2)....X,(k} represent the ideal poor application. Herein, the grey relational



coefficient (I, ) between X, and X,iscalculated. The value of T iscloseto 1, indicating that
the i-th credit card application is a suitable one. In the empirical test, when I, >0.75, we predict
that the application will be an appropriate one into the credit card asset backed securities. When
I,;<0.75, we predict that the application is a poor loan. Herein, Eq. (4) is used to calculate the

predictive accuracy.
. 100 4
Predictive accuracy = (Wj x> Z, (4)
/=1
Where N =thesamplesizes, Z, =1, when the credit card application is accurately predicted;

Z,; =0, when the credit card application is not accurately predicted.

2.2 Logistic regression model
Denote a set of six predictors for a binary response Y by X, X,,..,Xs. Y =1 denote
that the application is an appropriate one. The logit of the probability 7 that ¥ =1 can be
expressed as follows:
logit(77) = a + B, X, + B, X, + ...+ B X,

_epla+ B X, +BX, + .t BiXe)
1+expla + B X, + B, X, + ...+ B X;)

Herein, credit card application data are used to implement the logistic regression model. In
doing so, values of a,p,.,5,,....and [ are used. In addition, the logistic regression model is
applied to calculate the probability 7z0of the loan. When 72> 0.5, we predict that the loan will be a

suitable one. Herein, Eq. (4) is used to calculate the predictive accuracy.



3. The Data

3.1 Data source

This paper adopts the data from credit card applications obtained by a major financia

ingtitution in Taiwan stretching from July 1, 1998 to June 30, 2000. 892 credit card applications

are selected by random and all incomplete data is del eted.

3.2 Variablesin thegrey relational analysis and logistic regression model

The six variables selected to explain abnormal payments, revolving and cash advances are:

age, income, educational level, gender, occupation and previous credit.

4. Results

4.1 grey relational model results

The grey relational analysisis employed to predict appropriate applications as summarized by

Table 1.

Since 701 appropriate loans are correctly forecast and pick out into credit card asset backed

securities. 701/ (701+56) = 92.60% of appropriate applications are labeled precisely. Since 33 not

appropriate applications are correctly forecast 33/ (102+33) = 24.44% of not appropriate

applications are classed precisely. The average weighting accuracy of predicting appropriate

applications into credit card asset backed securities is 82.29%.



The above results attest that the grey relational analysis can very accurately predict

appropriate credit card applications. Financia institutions can use the grey relationa results to

pick out credit card applications and refuse poor applications.

Table 1 Grey relational analysis predictions

Predicted Appropriate Not Appropriate |Percentageof | Overal
Observed (1) ()] accuracy accuracy
Appropriate (1) 701 56 92.60%
82.29%
Not Appropriate (0) 102 33 24.44%

4.2 Logistic regression model results

Table 2 summarizes the logistic regression model predictions: 679/ (679+78) = 89.70% of

appropriate applications are classed correctly because 679 appropriate applications are precisely

forecast. 30/ (105+30) = 22.22% of not appropriate applications are labeled precisely since 30 not

appropriate applications are correctly forecast. The average weighting accuracy for appropriate

applicationsis 79.48%, while 89.70% of appropriate application and 22.22% of not appropriate

application are labeled precisely.



Table2 Logistic regression model predictions

Predicted Appropriate Not Appropriate |Percentageof | Overal
Observed Q) ()] accuracy accuracy
Appropriate (1) 679 78 89.70%
79.48%
Not Appropriate (0) 105 30 22.22%

4.3 Comparison of results

The grey relational analysis and logistic regression model can both precisely predict and pick out

appropriate credit card applications into credit card asset backed securities pools. The prediction

accuracy of the grey relational analysis is 82.29% (as listed in Table 1), while the logistic

regression model is accurate 79.48% of the time. About 80% of the applications are classed

correctly.

5. Conclusions and Palicy Implications

This paper develops a novel means of picking out suitable credit card applications into credit
card asset backed securities pools. Logistic regression model has been the conventional means of
selecting credit card applications. However, the logistic regresson mode is difficult to
implement. Results in this paper demonstrate that grey relational analysis is a viable aternative.
The prediction accuracy of grey relational analysisis 82.29%. The accuracy of logistic regression

model is 79.48%. According to our results, grey relational analysis has higher prediction



accuracy than the logistic regression model. Credit card asset backed securities is a new business
for Taiwan's financia institutions. Smaller than multinational financial institutions, Taiwan’s
financia institutions do not have an adequate number of professionals and sufficient data to
construct a pick out and predictive model. Grey relational analysis does not require any
professionals and a significant amount of data and, therefore, appropriate for Taiwan's financial

institutions.
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