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Abstract

The increasing late-payment rate of credit card
customers caused by a recent economic downturn are
incurring not only reduced profit of department stores but
also significant loss. Under this pressure, the objective of
credit forecasting is extended from presumption of good or
bad customers to contribution to revenue growth.

As a method of managing defaults of department store
credit card, this study classifies credit delinquents into
some clusters, analyzes repaying patterns of customers in
each cluster, and develops credit forecasting system to
manage delinquents of department store credit card using
data of Korean D department store's delinquents. The
model presented by this study uses Kohonen network, a
kind of artificial neural network of data mining techniques
to cluster credit delinquents into groups. Logistic
regression model is also used to predict repayment rate of
customers of each cluster per period. The accuracy of
presented system for the whole clusters is 92.3%.
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Introduction

The Korean department stores, which had been in the center
of distribution industry since 1960s, are struggling to
escape from the unexpected market diminishment due to
the growth of outlets, home shopping, and online shopping
channels. What is worse, the successive decreased
consumption sentiment due to economic depression since
2000s makes the possibility of insolvency of customers of
department store's credit card much higher these days.

Related to this problem, we need to focus on researches
about credit forecasting systems. Most previous researches
divided customer's credits into two or three groups such as
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good/bad customers or good/bad/latent bad customers
based on bad loan occurrences. And it is difficult to find
out researches which considers customer groups who can
recover from delinquency to normal credit status [2][6]
(8L 17][18].

Therefore, this study focuses on recoverable customer
groups from credit delinquent state and proposes the credit
forecasting system for delinquents of department store
credit cards by classifying delinquents into clusters and
analyzing credit recovery rate using Kohonen network, a
kind of artificial neural network of data mining techniques
for clustering, and logistic regression model to predict the
rate of credit recovery.

The organization of this study is as follows; <Part 1>
addresses the research backgrounds, objectives, methods,
and structures. <Part 2> addresses the necessity and types
of credit forecasting systems as well as previous relevant
researches. <Part 3> develops the framework for
development of delinquents’ credit forecasting system. In
<Part 4>, the developed framework is applied to real data to
validate the proposed system. <Part 5> is for conclusion.

Theoretical Studies

Necessities of Credit Forecasting System

Financial institutions have tried to increase service quality
such as providing loan services or developing new service
products by providing correct credit forecasting
information. Specially, credit forecasting system can be
used for management of customer's credit level to reduce
the possibility of bad loans in advance, provide the
customized financial services, and prepare for the financial
crisis beforehand. This credit forecasting system will
provide the following positive influences on financial
institutions. First, it provides the objective information to
make the optimized loan decision. Second, it reduces the
rate of late-payment and bad loan by managing customers
according to their credit levels. Third, it makes possible to



distribute financial assets more efficiently by controlling
credit limitations based on customer's current credit
status. Finally, it reduces costs of managing credit loans,
because it can reduce costs of investigating customer's
credit successively in spite of initial high development
costs.

Classification of Credit Forecasting System

Credit forecasting systems in consumer finances are
classified into 'Credit scoring system’, 'Behavior scoring
system’, 'Recovery scoring system' and 'Survival
analysis'. Credit scoring system measures the customer's
credits by scores and decides credit level based on scores
automatically [15].

Behavior scoring system is introduced to make up the
deficits of credit scoring system, because credit scoring
system is for the new credit loan customers, so it can not
track the changes of customer's credit status. Behavior
scoring system overcomes this problem by analysing
customer’s transaction data after credit loans [2][19][12].
Recovery scoring system is a kind of behavior scoring
system, which measures the collection rate of insolvent
loans by referring to calculated scores. Survival analysis,
which comes from logistic regression of credit scoring
system, measures the profits at specified time by reflecting
the risks of bad loans at that time.

Methods of Credit Forecasting System
Statistical Methods

The initial credit risk management systems used the
statistical methods. James [15] proposed credit scoring
system  using  multi-variate  regression  analysis
method. Logistic regression analysis evolved into special
types of regression analysis and made it possible to predict
results or infer meanings statistically [4]. Recently, credit
forecasting systems using survival analysis methods were
proposed [11].

Data Mining Methods

Data mining methods are also used for credit forecasting
system; decision tree, neural network, and genetic
algorithm. Decision tree method is based on classification
techniquel3]. Decision tree is created according to
analyzed data patterns. The reason of its broad usage in
credit forecasting systems is that it makes easier to classify
customers into good/bad customer according to their credit
status [5][14].

Artificial neural network also shows outstanding results in
credit forecasting process because it is appropriate for
explaining non-linear models, for all that it does not need a
statistical hypothesis [1}[71{9][101.

Even through there are lots of credit forecasting systems
using data mining techniques, it is not easy to tell which
one is a winner [18]. Because data mining techniques
cannot guarantee the global optimized solutions because of
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overfitting or inappropriate learning process. According to
{13], other single methods have the same
limitations. Therefore, it is thought to be more efficient to
make the mixed credit forecasting models by acquiring the
merits from other single methods to provide the most
optimized solutions [16].

Mixed Methods

Recent studies nearly do not depend on a single method, but
they provide credit forecasting systems of higher
performance by comparing data mining to other statistical
methods or presenting mixed models of previous two
methods. Chen and Hung make up for the weak point of
neural network, which has analysis problems of results, by
using genetic algorithm [6].

The credit forecasting system presented in this study is a
kind of recovery scoring system. It combines 'Kohonen
network' and 'Logistic regression' to improve forecasting
accuracy.

Framework of Development of System

The objective of this study is to develop the credit
forecasting system using delinquents’ credit information of
D department store. As mentioned before, previous
researches did not focus on customers who could recover
from bad credit to normal credit state. Accordingly, this
study proposes the mixed model that combines 'Kohonen
network' and 'Logistic regression' to focus on the customer
groups that are recoverable from credit delinquency
state. 'Kohonen network’ is for classifying the credit
delinquents into groups with similar characteristics. The
resulted clusters of credit delinquents from 'Kohonen
network' will be inputs for 'Logistic regression model,
which is responsible for analyzing the rates of credit
recovery from delinquency.

Classification of Credit Forecasting System

Delinquents’ data of this study come from D department
store in 2003. The number of data is as follows;
Delinquent customer information (50,496), Delinquency
transaction information (1,367,506), and Purchasing
transaction information (13,561,909). Considering the
objective of this study, customers who have bad
(unredeemed) debts are not considered from the time of
data classification. The proportion of this kind of data is
just 0.4% of total delinquents’ data.

Collected data goes to next step for pre-processing. 41,831
delinquents’ records out of 50,496 are thought to be valid
for customer classification. Late-payment transaction data
come from delinquency transaction table and 41,831
records are selected from that table, of which customer
information is related to customers in collected
delinquents, To pre-process the purchasing transaction
data of year 2003, purchasing transaction records of
arbitrarily selected 160,371 customers are extracted from



purchasing transaction table. Out of them, 21,464
customers have the late-payment records, therefore, 21,464
purchasing transaction records of delinquent customers and
delinquent customer records will be used to analyze credit

recovery types.
Classifying using Kohonen Network

As mentioned before, Kohonen network is used to classify
the delinquent customers into clusters with similar
characteristics. Kohonen network is a kind of neural
network, which creates a map by extracting characteristics
from input data through competitive learning
processes. These processes of Kohonen network help to
discover the unknown data patterns [Kohonen, 1990].

After selecting and pre-processing data, classification
analysis using previously selected input variables will be
executed. To improve the forecasting performance, it is
important to classify the delinquent customers into several
clusters and then, compare the repayment patterns within
each clusters. After making clusters to some degree, input
vectors are supposed to have more similarities, as nodes in
competing layers get closer. This study makes clusters of
delinquent customers using these characteristics of
Kohonen network. SOM/Kohonen network of SAS
Enterprise Miner 6.0 will be used as an analysis tool in this
study.

Analyzing Credit Recovery Types
Logistic Regression

using

This study uses logistic regression to predict the rate of
credit recovery and analyze the influencing factors on
it. Logistic regression is a kind of statistical method
widely used for credit forecasting. Logistic regression
used to forecast the probability of event occurrences, in
other words, bad loan occurrences, and influencing
variables on them, but in this case, we'll create the credit
forecasting system and then, forecast the rate of credit
recovery using logistic regression.

Implementing Credit Forecasting System

In this step, credit forecasting system is created using
clusters and logistic regression model generated in previous
three steps. Through Kohonen network and logistic
regression, models for each customer cluster of similar
delinquency types are created, and then, these models are
integrated to make our targeting delinquents' credit
forecasting system.

Development of Credit Forecasting System

Making Clusters

New table is created to pre-process the delinquents
information, of which invalid data were already excluded,
and the number of valid delinquents for processing is
41,831. New candidate variables are created by
operation. The resulting variables are presented in <Table
1> and variable names of italic fomt mean that those
variables will be used in clustering. The variable of
member ID will not be used in clustering. If the variances
of variable values are too big, normalized values are
inserted in Kohonen network.

Table 1 — Input Variables for Clustering

Column Description Column Description
\4VG_DEL_AMOUN |Average amount
IMEM NO Member ID T of delinquency
Frequency of Average interval
DEL_TIME Delinquency AVG_BET_PERIOD of delinquency
Period of Average period off
IDEL_PERIOD delinquency AVG DEL_PERIOD delinquency
RETURN Tl [Frequency of  [4FG_RETURN_TIM[ e
= requency of
IME repayment £
repayment
DEL_AMOU |Amount of
INT delinquency

Resulting output is presented in <Table 2> and 9 clusters
are classified. Among these clusters, cluster 2,3,6 and
cluster 4,5,9 look similar, because the values of repayment
frequency, delinquency amount, and delinquency frequency
show little differences, even though values of average
delinquency period are little different. As a result, total 5
clusters are used for analysis, because cluster 2,3,6 and
cluster 4,5,9 can be integrated into one cluster.

Table 2 — Result of SOM/Kohoen 3*3
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Delinquency, Avg. Avg_. Ave. New
ICluster| Frequency Dell‘nquency Delinquency |Repayment Clusted
Period Amount Frequency
1 7.60 1.19| 171,310.36 104, A
2 4.08 139 151,848.84 1.15| B
3 2.09 144 132,145.78 1.08] B
4 1.36 6.77| 192,248.32 391 C
5 1.54 290 146,435.90 218 C
6 2.53 1.38] - 132.811.57 113! B
7 1.09 1.08) 11457235 1.00 D
8 2.21 1.81} 2,807,052.06 148) E
9 1.00 10.89| 236.853.37 788 C

According to <Table 3>, which is the result of descriptive
analysis, Cluster A seems to become a delinquent group
because of the differences between the monthly closing
date and repayment date. In the case of Cluster B, it does
not have big amount of delinquency, but lots of frequencies
of delinquency, therefore, customers in this cluster are
thought to be habitual delinquents. Cluster C does not
seem to have enough money because customers in this
cluster have a long delinquent period, but relatively



frequent repayments with small repayment
amount. Customers in Cluster D seem to become
delinquents by accident because they repay their delinquent
amount at once. Cluster E has relatively big delinquent
amount and repays it by average 1.5 installments for two
months. In spite of small numbers of records in this cluster,
the average amount of delinquency is bigger than other
groups by almost 20 times, therefore, it needs a special
managerial attention. This study addresses the analysis
result of Cluster B, because there is high likelihood that
customers in this group become habitual delinquents.

Table 3 — Descriptive Statistics of Each Cluster

Logistic regression of SPSS 12(Korean) will be used as a
tool. STATUS variable is set to independent and other
variables except 'delinquency period' to categorical variable
with options of 'forward' variable input and significance
level 0.005.

Creating Logistic Regression Model

As mentioned before, logistic regression model

can predict the rates of accident
occurrences. This study defines 'accident' as
‘credit  recovery'. The rate of accident
occurrence(E(y)) is presented by equation

of (Ew)=&/(1+&)=1/(1+e7)) . Logistic combination,
z in this equation ( z= Bo+ iy By ) is
formulated by regression coefficient(B;) and
independent  variable(x;) and is used for
forecasting the rate of event occurrences.

Logistic regression of SPSS is used to get regression
coefficient(B) for cluster B. <Table 4> shows the intercept
and variables of logistic regression for cluster B.

Table 4 —Variables of Logistic Regression for B

Stats Del. Avg. Del. |Avg. Del, Avg. Del.  |Avg. Repay
Frequency [Period |Amount Interval |Frequency

Mean 7.60 1.19] 171,310.36 1.50 1.04

A St.Dev. 1.67 023 134,142.36 0.34 0.20
Max 12.00 2001 1,311.837.70 220 1.80
Min 6.00 1.00 8,680.00 1.00 0.40
Mean 3.06 1391 139,763.09 345 1.13

s St.Dev. 1.05 0.56| 138,516.95 2.02 0.45
Max 6.00 6.00| 1,329,524.00 11.00 4.00

Min 2.00 1.00 2,00 1.00 0.30
Mean 1.43 4.771 16794796 0.48 3.25

c St.Dev. 0.68 312] 16704529 0.82 2.04
Max 4.00 12.00} 2,146,900.00 6.00 11.00

Min 100, 150 2.00 0.00 0.50
Mean 1.09 108! 114.464.04 0.09 1.00

N St.Dev. 0.29 0261 14400925 0.29 0.09
Max 2.00 3.00} 1.295,695.00 1.00 1.50

Min 1.00 1.00 1.00 0.00 0.50

| Mean 2.24 1.831 2,753,827.22 123 1.48
le St.Dev. 1.68 1.871 2,990921.16 1.83 1.25
Max 8.00 11.00 {20,284,134.50 9.00 10.00
Min 1.00 1.00] 1.300.156.00 0.00 0.50

Logistic Regression to Analyze Credit
Recovery Types

Pre-Processing Data

Logistic regression for financial analysis focused on
forecasting the rate of accident occurrences such as bad
loans, but this study uses logistic regression model for
forecasting the rates of credit recovery to analyze the rate of
credit recovery.

First of all, variable sets are created using previously
created variable sets of each cluster and then, testing
variable sets for each cluster are duplicated according to the
credit delinquency periods except first month and last
month. This is because all customers are delinquents in
first month and all customers are out of delinquency in last
month. As a result, total 27 variable sets are created for
each cluster. And then, 'STATUS' variable is created for
each variable set, which represents whether recovering
from delinquency or not. Credit forecasting function for
each cluster is extracted from these variable sets for each
period, therefore, 27 models are created.
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. ¢
Selected Variables 1= cr T 30 ion | 4Mon | SMon
PUR_YM CN 0.257 0.366 08811 2288
PUR_YMD_CN -0.009 , .
DEL_TIME . 0497 13.964
AVG BET PERIOD -0.236 -0.151 ‘ A
[AVG RETURN TIME | -5.292 3.625| 2294 -1380
IAGE 0.019 0.030
Selected Variables ®)
2Mon 3Mon 4Mon 5Mon
GENDER(1) 0312 0.766 208
IMEM_REGI PERIOD 0.029
CARD_ISSUE_PERIOD | -0.025 4 ] |
OB(1) ) v 0551
JOB(2) : | 2424 .
ncercept 9.080 8882 222221 5388

<Table 5> presents functions to forecast the rate of
combination and event occurrence for 2 month using values
of (B) and intercept calculated by logistic regression.

Table 5 —Function of Logistic Regression for B

z(logistic combination) Prob{event)

9.08+0 257*PUR_YM_CN-0.009*
PUR_YMD_CN-0.236*AVG BET PERIOD-5292*
2Mon |AVG RETURN_TIME-0.019*AGE-0.312*
GENDER(1 +0.029*MEM_REGI_PERIOD-0.025

1/(1+exp(~2Zasson))

*CARD ISSUE_PERIOD

Validating Logistic Regression Model

<Table 6> presents the comparing results of test and
validation data set for cluster B, This table shows the very
similar value change trends between test and validation data
set. <Table 7> is the validation result per customer of
Jogistic regression analysis. The average predicted rate of



credit recovery for cluster B is 93.4% and it means that
about 94% of credit delinquent customers can be escaped
from default status in 2 months. Since the real rate of
credit recovery of this data is 100%, the predicted rate of
logistic regression is not bad.

Table 6 — Comparison Between Test and Validation Sets
#of Delinquency

Data Sets Customers Period 2 Mon | 3 Mon | 4 Mon | 5 Mon
Test 6,803 137 0959 0999 1.000| 1.000
[Validation 2,288 1417 0961 0999 1.000| 1.000

Table 7 — Validation Result per Customers in B

Predicted Predicted Rate of
Member | Del. Month' of Rate of Delinquency Upkeep
! Credit .
1)) Period Recove Credit
ry Recovery 2Mon | 3Mon 4Mon SMon]
A00000039 1 2 99.7% 0.997 | 1.000 | 1.0001.000
A00000211 1 2 99.0%| 0.990| 1.000| 1.000 1.000
A00000586 1.7 2 45.2%| 04520979 1.000 {1.000
Average 14 2.2 93.4%| 0.855, 0977 0.995 0.999

<Table 8> shows the validation results for each
cluster. The average predicted rate of credit recovery is
92.3% for all clusters. The accuracy of this logistic
regression is about 92%, which is not a bad score. But the
predictive rate of cluster C is relatively lower than other
clusters by 71%.

Table 8 — Validation Result for All Clusters

. . Month of Predi
Cluster | Delinquency Period Credit Recovery | of Crg{;’i:tt elgelc{:vt:ry
A 12 2.0 99.4%
B 1.4 22 93.4%
C 35 44 71.3%
D 1.1 2.0 94.8%
E 19 2.8 90.7%
Total 1.4 23 92.3%
Conclusion

Research Summary and Implications

This study presents the credit forecasting system to solve
the common problems of credit delinquents in department
stores. The credit forecasting system in this study is
created by making clusters of credit card delinquents in D
department store and analyzing the types of credit recovery
for each cluster. The proposed model uses Kohonen
network and logistic regression and selects the influencing
variables on credit recovery to apply them into our credit
forecasting system.

Credit delinquents are classified into 5 groups in this study
according to delinquency types such as delinquency
frequency, delinquency period, delinquency amount,
delinquency interval, and repayment frequency. Using
these clusters, the types of credit recovery are analyzed to
find out the rate of credit recovery and the influencing
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factors on that rate. In next step, logistic regression model
predicts the rate of credit recovery per period by calculating
the values of intercept and coefficients. This credit
forecasting system shows 92.3% accuracy.

The implications of this study are as follows; First, this
study uses survival analysis to select the influencing
variables on the rate of credit recovery and predict the
period of credit recovery. Second, this study makes it
possible to analyze the recoverable credit delinquent
customers, who can recover from the credit delinquency
state to normal credit state. On the other hand, previous
researches divide customers into just two groups of
good/bad credit customers. Even though this credit
forecasting system cannot be a perfect solution to credit
problems, it is expected to provide the strategic information
that will help the management decision-making
processes.

Limitation and Future Research

This study has some limitations to be improved in future
researches as follows; First, we only use the data of credit
delinquents of D department store for 12 months in 2003
due to the difficulty of collecting data. But this limited
data area makes it difficult to generalize the research result,
therefore, various types of data for different periods need to
be collected and analyzed for generalization of this
research. Second, variables used in this study are selected
because they are thought to be helpful for management of
credit delinquency by the help of managerial department in
department store. But other new derived variables, which
are not handled in this study, can be created, so it is better
for future studies to be prepared for these new candidate
variables.

Third, this study uses Kohonen network for clustering and
logistic regression model for predicting the rate of credit
recovery. Over 90% of forecasting rate shows  that
proposed model in this study has a good performance. But
ceaseless development of new credit forecasting system
will be also needed. Fourth, this study focuses on the
clusters that are recoverable from credit delinquency to be
normal credit state, but future study needs to include all
customer from good to bad credit customers and enlarge the
credit forecasting system to cover all kinds of
customers.
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