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Abstract—In this study, the clients who applied to a bank branch
for loan were analyzed through data mining. The study was
composed of the information such as amounts of loans received by
personal and SME clients working with the bank branch, installment
numbers, number of delays in loan installments, payments available
in other banks and number of banks to which they are in debt
between 2010 and 2013. The client risk profile was examined
through Classification and Regression Tree (CART) analysis, one of
the decision tree classification methods. At the end of the study, 5
different types of customers have been determined on the decision
tree. The classification of these types of customers has been created
with the rating of those posing a risk for the bank branch and the
customers have been classified according to the risk ratings.
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CART analysis, decision tree.

1. INTRODUCTION

P until recently, the financial sector either failed to meet

the demands and needs of the customers or turned a blind
eye to these demands and needs. They have started to seek
new strategies. Among these new strategies have been such
issues as the customer-focused culture, organizational
structure, customer profitability, customer value, continuity of
customer relationships, and improvement of the customer
information systems, customer differentiation and customer
loyalty [1]. The Customer Relationship Management (CRM)
is aimed at retaining the existing customers and increasing
their potential rather than finding new customers. This is a
business that understands and knows the customers, treats
them in a special manner, regards them as their copartners and
designs products and services for the customers not vice-versa
[2]. Due to these differences in the banking sector, types of
customers are determined with a view to minimize the delays
in the payments by the customers.

The simplest and most basic classification technique for the
bank customers is the demographic classification [3]. Due to
the difficulty of the updating of the demographic data in the
long run, the banks need to recognize their customers and
analyze their behaviors better. Classification of the customers’
demanding credit is of great significance for the banks. This
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classification is aimed at determining in clear terms whether
the customer will be granted credit or not in the initial stage.
This requires the banks to establish a strategy to classify the
behavior of the customers. With this method, the use of the
information technologies for the analysis of the customers’
transactions has become widespread and in particular, the data
mining has gained more importance [4].

In recent years, the data mining analyses have been
undertaken as a result of the development of the information
systems and technologies. Large quantities of data serve to
shed light on many issues such as minimizing the business
risks in the banking sector, estimation of the risk rating,
reduction of costs, stability analysis, determination of the daily
amount of cash to be distributed to the ATMs, accurate and
efficient credit decisions and increasing customer and
employee satisfaction [5].

It is a must in the banking sector to determine the main
financial categories relating to the early warning system for
crises and establish the financial indicators of these categories.
This determination is essential for the risk factor that is the
most vital factor in the banking sector. The objective is to
reduce the risk in the banking sector with the accurate use of
the relevant data.

Reference [6] examined to reduce the risk in the banking
sector by using information about the credit card holders.
Reference [7] centered the study on the data mining. To this
end, they studied life probabilities, hazards probabilities and
regression models for a data set pertaining to the credit card
holders. The research found that the age, income and marital
status were significant risk factors that affect the card holders’
decisions to stop using the cards. Reference [8] examined the
credit risk transfer activities and systemic risk. Reference [9]
found that less credit is granted to those with customer
relationships for a year or less than a year or to other financial
counterparts. Reference [10] applied on 173 firms in industry
and service sectors in Istanbul Stock Exchange-100 Index
used and their annual financial indicators from 2004 to 2006.
It was determined the most important factors of firms that
operate in industry and service sectors. Reference [11] tested
discriminant analysis in conjunction with the artificial neural
network model in the early detection of the banking failures
and obtained from both of the models highly predictable
results for a period of one or two years prior to the failures.
Reference [12] examined the similarities and differences
between the models used in the determination of the financial
failures and fraudulent financial statements. 52 variants were
used in this research carried out in Taiwan. These variants
were analyzed with the logistic regression, decision trees and
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artificial neural network methods. The findings of the research
suggested that a number of variants were effective in the
determination of the financial failures and fraudulent financial
statements. It was calculated that the accuracy classification
rate of the logistic regression was 99%, the artificial neural
network, 91% and decision tree method, 95%. Reference [13]
examined the important factors affecting the capital structures
of the firms doing business under the industrial and service
sectors of the Istanbul Stock Exchange (ISE) through the
CART analysis. 38 different financial indicators chosen for the
research suggested that the most crucial determinants of the
capital structures of the enterprises are the liquidity, asset use
efficiency and business risk.

In this research, the bank customers have been considered
as individual or SME (small and medium-sized enterprises)
customers and one of the decision tree models, CART analysis
has been used. Based on the data pertaining to the bank
customers, the estimated delay period relating to the monthly
credit installment payments and risk rating for the bank branch
have been determined.

II. MATERIALS AND METHODS

In this research, we have studied 187 individual and
corporate customers based on the data pertaining to the
registered customers of a bank branch in the period 2010-2013
and a total of five variants have been taken into consideration
including the amount of the credit granted, the number of the
installments, the number of delayed days for the credit
payments, the payments to the other banks and the number of
the banks to which one is indebted.

The objective is that based on the past data, the customers
will be classified as “those eligible for credit” or “those not
eligible for credit”. This way, when customers request credit,
the eligibility to be granted a credit will be determined in
advance based on the classified data and the customers will be
replied in a short period of time. In this research, the CART
Analysis which is one of the most used classification methods
of the Decision Tree has been preferred for the data mining.

The decision tree approach is a method used for the roughly
calculation of the objective functions and through which the
learning function is demonstrated via a decision tree. A
decision tree is a tree-shaped descriptive and predictive model
[14]. This model helps the decision maker what factors should
be taken into consideration while making a decision and
determine what kind of a relation each one of these factors has
with the different outputs of a decision [15].

CART algorithm is a statistical procedure widely used for
the production of classification and regression models based
on the tree structure. CART tree model includes a hierarchy of
univariate binary decisions. CART ensures the best selection
for splitting the data into two groups at the root node and uses
different splitting criteria. All these splitting criteria split the
class labels in each subset as homogeneously as possible.

III. RESEARCH FINDINGS

A correlation analysis has been carried out to demonstrate
the relationships between the variants studied under the
research. The result of the analysis has been shown in Table I.

TABLE I
VARIABLES CORRELATION RELATIONSHIP
Variables Delayed Credit Correlation
Installments (Day)  Relationship
Amount of the Credit (TL) 0,260 Medium
Number of the Installments (month) -0,203 Medium
Payments to Other Banks (TL) 0,142 Medium
Number of the Banks to which one 0,063 Weak
is Indebted (number)
Type of the Customer -0,312 Strong

When Table I is analyzed, it has been found that the delayed
credit installment has a positive and medium level relationship
with the amount of the credit, a negative and medium level
relationship with the number of the installments, a weak
relationship with the payment to the other banks and a strong
and negative level relationship with the type of the customer.

In the research, CART Analysis, a classification model, has
been applied and while the dependent (target) variant has been
determined as the delayed days for the credit payments, the
independent variants have been determined as the amount of
the credit, the number of installments, payments to the other
banks, the number of the banks to which one is indebted and
type of the customer. According to the decision tree in Fig. 1,
187 customers pay their credit installments within 24 days. It
has been found that the most significant variant for the
delayed credit installments is the “the amount of the credit”.
The decision tree has been created based on the reference
point of 67750 TL as the credit amount. As can be seen in Fig.
1, 147 customers out of 187 customers, 78.61%, has received
67750 TL or less and the estimated delayed period of credit is
21 days. The estimated delayed period of credit for 75 SME
customers is 25 days. The other most significant variant for
the delay of the credit is “the number of the installments”. 20
SME customers the number of whose installments is 3.5 or
less make credit payment within 32 days. 55 SME customers
the number of whose installments is 3.5 or more make credit
payment within 23 days.

The estimated payment period for 72 “individual”
customers is 16 days. It has been found that the delayed credit
installment payment is less for the individual customers than
SEMs.

While 40 of the 187 customers receive 67750 TL or more,
the estimated delayed payment period is 24 days. The delayed
credit payment period is 35 days for 30 customers the number
of whose installments is 9.5 or less. The delayed credit
payment period is 18 days for 8 customers the number of
whose installments is 9.5 or more.

The tables formed on the basis of the target variant “delayed
period of credit installments” as a result of the CART Analysis
have been given below. Each one of these tables is a table
where the customers of a bank branch are classified according
to the risk rating. According to the “node” data in the decision
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tree, the tables have been formed based on the number of
customers at each node, data relating to the delayed
installment payment and reference code pertaining to the
customers.

Number of Delayed Days for Credit Payment
N: 187, The Estimated Delay: 24

Based on the Amount of Credit
<=§7750 TL >67750 TL
n:147 n:40
Estimated Delay:24 Estimated Delay: 24

Type of Customer Based on the Amount of
Credit
3 SMEs customer
~onds >68750 TL
Estimated Delay: 25 n:2
il [ Petimated Delay: 98
Number of the Installments <687850 TL
n:38
—Pitimated Delay: 32
3.5 >3,5
n:20 n: 55
Estimated  Estimated Number of the Installments
Delay: 32 Delay: 23
<95 =95
n: 30 n:§
Estimated  Estimated
Delay: 35 Delay: 18

—» Individual customer
\
n:72, Estimated Delay: 25

Number of the Installments
<45 >4.5
n9 n: 63

Estimated Estimated
Delay: 25

Delay: 15 R’P’
Number of the Installments

05 =95

n: 30 n: 33
Estimated Estimated
Delay: 12 Delay: 17

Number of the Banks to

which

<l,5 >1,5

n: 3 n: 28
Estimated Estimated
Delay: 28 Delay: 15

Fig. 1 CART Decision Tree

Table II shows customers who make most delayed
payments and information about the delayed periods.
According to the information obtained from the bank branch,
these customer groups delaying their credit payment for a

period of 50 days or more will in no way or under any
circumstances be granted credit. No exception must be applied
because these customers slow down the cash flow in the bank
branch and cause the disruption of some plans. Besides, they
reduce the competition grade of the bank branch. The
personnel dealing with them get partial low grades and cause
their year-end grades to be low. Hence, these customers
defined with the Customer Reference Code are 1% Degree
Risky Customers for the bank branch.

TABLE II
THE BANK BRANCH’S 1°" DEGREE RISKY CUSTOMERS WHO DELAY THEIR
CREDIT INSTALLMENT PAYMENTS FOR A PERIOD OF 50-98 DAYS

Node Number of Averagfa Delayed Period of ~ Customer Reference
Customers Credit Payment (Day) Code
5 2 97 H7, H8
18 3 51 17,010, P6
25 4 59 J8, K2, N7, 09
37 3 78 ES8, H9, O8
38 9 50 A10, D3, F2, F3,

G10, 14,11, L5, R4

The Bank branch’s 2™ degree risky customers who delay
their credit installment payments for a period of 25-49 days
have been shown in Table III. According to the information
obtained from the bank branch, these customers can be
granted credit again if they meet certain conditions. The
customers shown in Node 23 can be granted credit provided
that the requested credit amount is less than the previous credit
and the number of installments is the same as the previous.

The customers shown in Node 26 can be granted credit
provided that the requested the number of credit installment is
at least two times the previous credit. As for the customers
shown in Node 35, their credit requests must not be accepted
unless being sure of their repayment abilities because they
delay their payments despite of the fact that they meet all the
requirements.

The customers shown in Node 39 can be granted credit
provided that the requested credit amount is less than the
previous credit and the number of installment is more than the
previous one. Besides, these customers influence the
competition grade of the bank branch. The personnel dealing
with them get partial low grades and cause their year-end
grades to be low. Hence, these customers defined with the
Customer Reference Code are 2" Degree Risky Customers for
the bank branch.

TABLE III
THE BANK BRANCH’S 2™P DEGREE RISKY CUSTOMERS WHO DELAY THEIR
CREDIT INSTALLMENT PAYMENTS FOR A PERIOD OF 25-49 DAYS

Number of  Average Delayed Period
Node Customers  of Credit Payment (Day) Customer Reference Code
23 3 30 B9, M9, R7
2% 7 13 C10, E9, F1, 110, J7, 19,
P5
35 5 28 C4, C9, 02, P9, R1
39 9 29 B1, D6, D8, F4, H6, K9,

M4, 03, 07
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The Bank Branch’s 3™ Degree Risky Customers Who Delay
their Credit Installment Payments for a period of 15-24 days
have been shown in Table I'V.

TABLE IV
THE BANK BRANCH’S 3%° DEGREE RISKY CUSTOMERS WHO DELAY THEIR
CREDIT INSTALLMENT PAYMENTS FOR A PERIOD OF 15-24 DAYS
Average Delayed

Node Number of Period of Credit Customer Reference Code
Customers
Payment (Day)
A2, A7, A8, B2, B7, B8, B10, C1,
C2,C6, D2, D4, D7, F6, F9, F10,
Gl1, G4, G7, G8, H1, H2, H4, H10,
16 50 24 16,19, J3, K4, K10, L9, L10, M3,
MI10, N3, N4, N6, Ol, 06, P5, P7,
R6, S1, S3, S4, S5, S6, S9, T1, T2,
T5
D9, E4, ES, G6, L4, L6, L7, M2,
33 11 21 PL P2, T3
A3, A5, A9, B4, B5, B6, C5, D5,
36 " s H3, K5, K6, K7, K8, L2, L3, N2,

N8, N10, 04, 05, P8, P10, R2, R3,
RY, S2, S8, T4

Table IV shows the customers delaying their credit
installment payment for a period of 15-24 days and data
relating to the average delayed installment payment period for
these customers. According to the information obtained from
the bank branch, these customers delaying their credit
installment payment for a period of 15-24 can be granted
credit when certain conditions are met. However, they will be
shown more tolerance than the 2™ Degree customers. By
increasing the number of installments for the customers in
Node 16 and Node 33, their credit request for as much as the
previous amount can be accepted.

The credit requests of the customers in Node 36 must be
accepted unless there is an exceptional case because they meet
all the required conditions. They delay their payments
partially. The credit requests of these customers must be
generally accepted; however, the delayed credit payments
must be prevented and the customers must be warned of this
situation.

The Bank Branch’s 4™ Degree Risky Customers Who Delay
their Credit Installment Payments for a period of 10-18 days
have been shown in Table V.

TABLE V
THE BANK BRANCH’S 4™ DEGREE RISKY CUSTOMERS WHO DELAY THEIR
CREDIT INSTALLMENT PAYMENTS FOR A PERIOD OF 10-18 DAYS

Average Delayed

Number of

the bank branch, these customers delaying their credit
installment payment for a period of 10-18 can be granted
credit when certain conditions are met. However, they will be
shown more tolerance than the 3™ Degree customers. By
increasing the number of installments for the customers in
Node 27, Node 28 and Node 31, their credit request for as
much as the previous amount can be accepted.

The credit requests of the customers in Node 29 must be
accepted unless there is an exceptional case. The customers in
Node 40 are those who can make regular payment provided
that they request less credit than the previous one and the
number of the installments is more than the previous one.

The requests of the customers in Node 42 must be accepted
provided that the number of the installments is the same and
the requested credit amount is less than the previous one
because they meet all the required conditions. The credit
requests of these customers must be generally accepted,;
however, the delayed credit payments must be prevented and
the relevant variants must be studied in detail.

The Bank Branch’s Least Risky Customers Who Delay
their Credit Installment Payments for a period of less than 8
days have been shown in Table VI.

TABLE VI
THE BANK BRANCH’S LEAST RISKY CUSTOMERS WHO DELAY THEIR CREDIT
INSTALLMENT PAYMENTS FOR A PERIOD OF LESS THAN 8 DAYS

Number of Average Delayed Period of

Node Customers Credit Payment (Day) Customer Reference Code
30 3 4 C7,C8, M1
32 3 6 A6,J2, K3
B3, F7, F8, H5, 11,110, 12,
34 19 7 13, J6, K1, L8, M5, M7,
M8, N1, N9, P3, S7, T6
41 2 6 A4,R10

Node Period of Credit Customer Reference Code
Customers Payment (Day)
27 4 21 E2, E6, G9, J4
28 5 9 C3,E10,G2,J5,S10
29 2 13 Al,D10
31 3 18 A6, J2,K3
40 9 12 El, E7, G3, G5, 15, 18, M6, N5, T7
42 3 14 L1, R5, R8

Table V shows the customers delaying their credit
installment payment for a period of 10-18 days and data
relating to the average delayed installment payment period for
these customers. According to the information obtained from

Table VI shows the customers who delay their credit
payments for a negligible period of time and the average
number of delayed credit payment days. According to the
information obtained from the bank branch, these customers
can be granted credit under any circumstances. These
customers are the group most tolerated. They are the
customers enhancing the overall grade of the bank branch.
They can be granted any reasonable amount of credit with the
exception of some special cases.

IV. DIScUsSION AND CONCLUSIONS

In the study, the CART Analysis which is decision tree
model based on the determined variants has been applied to
the customers of a bank branch and 5 different types of
customers have been determined on the decision tree. The
classification of these types of customers has been created
with the rating of those posing a risk for the bank branch and
the customers have been classified according to the risk
ratings, assessing the conclusions reached with the
“Correlation Analysis” relating to the content of this
classification.

The most significant factor in the classification of the
customers of the bank branch is to determine the appropriate
profiles of the customers and ensure the branch create a
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strategic plan. The objective of this strategic plan is to get a
higher competition grade than other branches of the bank.
Through this plan, the grade of the branch is determined and
critical decisions relating to the branch are taken. And the
grades of the personnel dealing with these customers are
calculated and based on these grades, how much bonuses the
personnel will be entitled at the end of the year and the
changes in positions are determined.

The bank branches have annual targets and the personnel
have individual aims based on these targets. How many targets
are reached is determined in accordance with a grading system
created by the center. Thus, customers with a high risk rating
pose problems for the banks. They make it difficult for the
bank branches to reach their targets. In order for the banks to
reach their targets, the customers with a high risk rating must
be diligently approached and monitored or their request for
credit must be turned down.

According to the conclusions of the research, those
customers with a less number of installment payment and
those who are required to make payments to other banks and
those the amount of whose credit is more and especially SMEs
customers are more inclined to make delayed installment
payments. This research is aimed at helping bank personnel
make decisions faster and improve their foresight. Thus, the
bank personnel can concentrate more on their other works,
win other customers or the customers will be more satisfied
when the requests of the customers are replied in a faster
manner.
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