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Abstract

Credit scoring models have been widely studied in the areas of statistics, machine
learning, and artificial intelligence (AI). Many novel approaches such as artificial neural
networks (ANNs), rough sets, or decision trees have been proposed to increase the accu-
racy of credit scoring models. Since an improvement in accuracy of a fraction of a per-
cent might translate into significant savings, a more sophisticated model should be
proposed for significantly improving the accuracy of the credit scoring models. In this
paper, two-stage genetic programming (2SGP) is proposed to deal with the credit scor-
ing problem by incorporating the advantages of the IF-THEN rules and the discrimi-
nant function. On the basis of the numerical results, we can conclude that 2SGP can
provide the better accuracy than other models.
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1. Introduction

Credit scoring models have been widely used by financial institutions to
determine if loan customers belong to either a good applicant group or a
bad applicant group. The advantages of using credit scoring models can be de-
scribed as the benefit from reducing the cost of credit analysis, enabling faster
credit decision, insuring credit collections, and diminishing possible risk [1,2].
Since an improvement in accuracy of a fraction of a percent might translate
into significant savings [2], a more sophisticated model should be proposed
to significantly improve the accuracy of the credit scoring model in this paper.

In order to obtain a satisfactory credit scoring model, numerous methods
have been proposed. Roughly, we can divide these models into the function-
based methods (e.g. discriminant analysis, logistic regression, and artificial neu-
ral network (ANN)) and induction-based (also called IF-THEN rule) methods
(e.g. rough sets, classification and regression tree (CART) and C4.5/5.0). For
function-based methods, ANN is the most popular tool used for credit scoring
and has been reported that its accuracy is superior to that of traditional statis-
tical methods in dealing with credit scoring problems, especially in regards to
non-linear patterns [3-7]. On the other hand, however, ANN has been criti-
cized for its poor performance when incorporating irrelevant attributes or
small data sets [8-10].

For induction-based algorithms, the main advantage is that they can pro-
vide the intelligence rules for decision-makers. These intelligence rules can help
decision-makers to understand the contents of the data sets and can be em-
ployed for other marketing strategies. Although these induction-based meth-
ods have been well developed and successfully used in many applications
such as failure prediction [1,11,12], and association rules [13], the main prob-
lem of induction-based methods is the ability of forecasting. It is clear that if
a newly entered object does not match any rule, it cannot be determined to
which class it belongs [14]. However, on the other hand, the function-based
methods can provide the capability of forecasting but suffer from the drawback
of lacking intelligence rules.

In order to combine the advantages of both, in this paper, we propose two-
stage genetic programming (2SGP) to integrate the function-based and the
induction-based methods. First, the IF-THEN rules are derived using genetic
programming (GP). Next, the reduced data are fed into GP again to form the
discriminant function for providing the capability of forecasting. The reasons
which we employ GP to propose the credit scoring model is that GP can auto-
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matically and heuristically determine the adequate discriminant functions and
the valid attributes simultaneously. In addition, unlike ANNs which are only
suited for large data sets, GP can perform well even in small data sets [10].
In addition, two real credit scoring data sets are used to demonstrate the pro-
posed method and compare with other conventional methods. On the basis of
the numerical results, we can conclude that 2SGP can significantly improve the
accuracy of the credit scoring model and is superior to the conventional
methods.

The rest of this paper is organized as follows. Section 2 reviews the conven-
tional credit scoring models. Two-stage genetic programming for the credit
scoring problems is proposed in Section 3. Two real-world examples are used
to demonstrate the proposed method and to compare with other models are
in Section 4. Discussions are presented in Section 6 and conclusions are in
Section 7.

2. Credit scoring models

In this section, we describe two popular models used in building credit scor-
ing models. The first model is logistic regression, which is mostly used for clas-
sification problems in the area of statistics. The second model is ANN, which is
known for its excellent ability of learning non-linear relationships in a system.

2.1. Logistic regression

Logistic regression model is one of the most popular statistical tools for clas-
sification problems. Logistic regression model, unlike other statistical tools
(e.g. discriminant analysis or ordinary linear regression), can fit various kinds
of distribution functions such as Gamble, Poisson, and normal distributions
[15] and is more suitable for the fraud detection problems. In addition, in order
to increase its accuracy and flexibility, several methods have been proposed to
extend the traditional binary logistic regression model including multinomial
logistic regression model [16-20] and logistic regression model for ordered cat-
egories [21]. Therefore, the generalized logistic regression model is the general
form of binary logistic regression model and multinomial logistic regression
model.

Let a p-dimensional explanatory variables x’ = (x1,x2,...,x,) and Y be the
response variable with categories 1,2,...,r. Then the multinomial logistic
regression model be given by the equation
P(Y = jIX)}

logit(n) = In {

=x'p; <Jj<r, jFE, 1
P(Y = kfx) Xp, 0<j<r j# (1)

where f;is a (p + 1) vector of the regression coeflicients for the jth variable.
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Let the last response level be the reference level and then the response prob-
abilities 7,75, .. .,7, can be calculated by the equations
V/ﬁr ex’[)’,. 1

’ r— ’ = r— g7 (2)
e ex/f,.Jer:{exﬂ, 1+Zl:iexm
=P =jx)=mneh, 1<j<r—1, (3)

where / is a response level, and

I=1B1<j<rj#k) =Y WP =ykx), [€{l,2,....,r} (4
i=1

T, =P =rlx) =

is the In likelihood for the multinomial logistic regression model and
{(y5»x))|1 < i< n} denotes the sample of n objects. When the category is equal
to two, the multinomial logistic regression model reduces to a binary logistic
regression model.

Although logistic regression model can perform well in many applications,
when the relationships of the system are non-linear, the accuracy of logistic
regression decreases and ANN has been proposed to deal with this problem.

2.2. Artificial neural network

Artificial neural networks were developed to mimic the neurophysiology of
the human brain to be a type of flexible non-linear regression, discriminant,
and clustering models. The architecture of ANN can usually be represented
as a three layer system, named input, hidden, and output layers. The input layer
first processes the input features to the hidden layer. The hidden layer then cal-
culates the adequate weights by using the activation function such as hyperbolic
tangent, softmax, or logistic function before sending to the output layer.

Combining many computing neurons into a highly interconnected system,
we can detect the complex non-linear relationship in the data. The simple
three-layer perceptron, which is most used in fraud detection problems, can
be depicted as shown in Fig. 1.

The procedures of the back-propagation training algorithm can be described
as follows. First, let the weights and threshold levels are randomly drawn from
a uniform distribution inside a range [22]:

24 24
- 4= 5
{ F,-’+F,-]’ ()

where F; denotes the total number of inputs of the ith neuron in the network.
Then, first calculate the actual outputs of the neurons in the hidden layer by the
equation:

[Zx, oy e,-], )
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Input Layer Hidden Layer Output Layer

Y1

Fig. 1. Three-layer neural network.

where ¢(-) denotes the activation function, x; denotes the ith input, w;; denotes
the weight between the ith input and the jth hidden neuron, 0; is the jth thresh-
old, and p is the number of input of jth neuron in the hidden layer.

Second, calculate the actual output of the neurons in the output layer using
the equation:

yi(n) =@ ijk(n) X wi(n) = O |, ()

where wj denotes the weight between the jth hidden layer and the kth output,
and ¢ is the number of inputs of the kth neuron in the output layer.
Next, update the weights in the output layer using the equation:

wik(n + 1) = wi(n) + 1 - 6¢(n) - y;(n), (8)
where # denotes the learning rate,

O(n) = yi(n) - [L = yi(n)] - ex(n), ©)
er(n) = diy(n) — y,(n), where di(n) denotes the actual output, (10)

and update the error gradient for the neurons in the hidden layer using the
equation:

wij(n+ 1) = wy(n) +11-6;(n) - xi(n), (11)
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where

0j(n) = y,(n) - [1 = y;(n)] - [Z Ok(n) 'Wik(”)]- (12)

The above procedures will stop until the error criterion or the maximum iter-
ations are satisfied.

Recently, ANN has been widely used in fraud detection problems, and it has
been reported that its accuracy is superior to the traditional statistical methods
such as discriminant analysis and logistic regression [3—7]. However, ANN has
been criticized for its poor performance when existing irrelevant attributes or
small data sets. Although many methods have been proposed to deal with
the problem of variable selection [9,10], it is time waste and makes the model
more complicated. In addition, other scholars are criticized the limitations of
its long training process in designing the optimal network’s topology in fraud
detection problems [23,24]. In order to overcome the problem of ANNs and
combine the advantage of induction-based algorithms, 2SGP is proposed in
this paper. Next, we will first describe the concept of genetic programming
(GP) in Section 3.

3. Genetic programming

Genetic programming was proposed by Koza [25] to automatically extract
intangible relationships in a system and has been used in many applications
such as symbolic regression [26], and classification [27,28]. The representation
of GP can be viewed as a tree-based structure composed of the function set and
terminal set. The function set is the operators, functions or statements such as
arithmetic operators ({+, —, %, +}) or conditional statements (IF... THEN...)
which are available in the GP. The terminal set contains all inputs, constants
and other zero-argument in the GP tree. For example to express xy -+ 3/x,
the GP tree can be represented in Fig. 2.

Fig. 2. The representation of a GP tree.



J.-J. Huang et al. | Appl. Math. Comput. 174 (2006) 1039-1053 1045

Once we initialize a population of the GP tree, the following procedures are
similar to genetic algorithms (GAs) including defining the fitness function, ge-
netic operators such as crossover, mutation and reproduction, and the termina-
tion criterion, etc. Next, we introduce three main operators, crossover,
mutation and reproduction, to show the procedures of finding the (approxi-
mate) optimal generation.

In GP, the crossover operator is used to swap the subtree from the parents
to reproduce the children using mating selection policy rather than exchanging
bit strings as in GAs. An example of a crossover in GP is shown in Fig. 3.

(%) (+)
o
() W & O O W
() ()
() (+)
O OO & O OG G

Fig. 3. The crossover operator of GP tree.
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Similar to GAs, GP uses the mutation operator in order to avoid falling into
the local optima. The mutation operator is used to randomly choose a node in
a subtree and replace it with a new created subtree randomly. Finally, a new
generation can be reproduced from two parents using the reproduction opera-
tor to represent a better solution.

It should be highlighted that the function set and the terminal set should be
varied enough to represent the relationships among independent and response
variables. Moreover, in order to satisfy the principle of parsimony, the depth of
the GP-tree should also be limited. Next, we propose the procedures of the pro-
posed method for the credit scoring problems using 2SGP.

4. Two-stage genetic programming (2SGP)

In this paper, the first-stage of GP is employed to derive the IF-THEN rules
for the decision-maker. Although several papers have been proposed to dis-
cover the IF-THEN rules using GP [29-32], these papers cannot provide the
concise and useful IF-THEN rules for the decision-maker [33]. The reason is
that the IF-THEN rules, which are derived using GP, are usually too complex
for the decision-maker to understand the meaning of the rules [33]. For exam-
ple, let a decision-rule can be derived as

IF [(2) X (x3 4 X4) = (x5 — x6) X (Z)]

THEN creditworthy ELSE non-creditworthy,

where x; denotes the ith attributes. It is hard for the decision-maker to interpret
and understand the rule above.

In order to derive the interesting and useful IF-THEN rules for the deci-
sion-maker, a revised GP for discovering the IF-THEN rules are proposed.
First, the maximum GP-tree depth of four is enforced to ensure for obtaining
a simple GP-tree. In addition, we only employ the conditional operators
(IF...THEN...), rational operators (>,=,<), and the Boolean operators
(and, or,not) in this paper. Furthermore, in order to avoid producing an invalid
child, only the compatible operators can be swapped.

Next, we can present the proposed method as follows. Instead of deriving
the rules in the whole data set, we derive the rules as compact as possible
for each class so that only a few rules are derived to represent the general
trend of each class. For example, if the creditworthy customer can be repre-
sented using the GP-tree as shown in Fig. 4, then the rule can be inter-
preted as

IF (4,> 0.3 or A, <0.4) THEN customer = creditworthy.
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Fig. 4. The representation of the IF-THEN rule using the GP-tree.

Note that if the decision-maker wants to derive another rule in a class, the
data which satisfy any rule should not be trained again. In addition, the fitness
function of first-stage GP can be described as

f, = e, (13)
where abs(-) denotes the absolute operator, o; denotes the observed class, ¢; de-
notes the expected class, and n denotes the number of each class.

For the second stage of GP, the reduced data set are employed to build the
discriminant function for providing the capability of forecasting. In this paper,
the reduced data set are defined as the data which do not satisfy any rule or
satisfy more than one rule. In addition, the labeled classes of the reduced data
can be represented as

+1 Vo, € non-creditworthy,
o= { —1 Vo, € creditworthy,

where o; denotes the status of customers. Next, the discriminant function can
be built using GP and the forecasting outputs can be determined according
to the following equation:

y(x) = sign(g(x)), (15)
where g(x) denotes the discriminant function and
. +1 Vg(x) =0,
HEn = { ~1 Vgx) <0.

In order to determine the appropriate discriminant function, the fitness func-
tion of GP can be described as

If, = Z7ab5(01 —e) 7 (17)

m

(14)

(16)

where o0; denotes the observed reduced class, e; denotes the expected reduced
class, and m is the numbers of the reduced data.
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Training set Test set
GP » 1f-Then Rule
\ 4 Yes
Reduced data
No
A
GP » GP Function
Output

Fig. 5. The procedures of classifying newly entered data sets.

In summary the statements above, the whole procedures of 2SGP can be de-
picted as shown in Fig. 5.

In the next section, two numerical cases are use here to demonstrate the pro-
posed method. In addition, several artificial intelligence and statistical ap-
proaches are also employed to compare with 2SGP.

5. Numerical analysis

In this section, 2SGP is compared with MLP, CART, C4.5, Rough sets, and
logistic regression (LR) using the two real-world data sets. The first data set,
called the German Credit Data Set, was provided by Prof. Hofmann in
Hamburg. It includes customer credit scoring data with 20 features, such as
age, gender, marital status, credit history records, job, account, loan purpose,
other personal information, etc. There are 700 records judged to be creditwor-
thy and 300 records judged to be non-creditworthy. The second data set in-
cludes Australian credit scoring data with 307 examples of the credit worthy
customers and 383 examples for the non-creditworthy customers. It contains
14 attributes, where six are continuous attributes and eight are categorical
attributes. Both data sets are made public from the UCI Repository of
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Machine Learning Databases, and are mostly used to compare the accuracy
with various classification models.

In this paper, the parameters used in 2SGP can be described as follows. The
population size is 100, the maximum number of generations is 1000, the cross-
over rate is 0.9, and the mutation rate is 0.01. In addition, since GP is a heu-
ristic tool, five iterations of the proposed method are used to consider the
robust problem in the five different sampling data. Furthermore, the holdout
method is employed for avoiding the problem of overfitting. In this numerical
analysis, the scaling ratio of the train and the validation data sets is 7:3.

Next, we can derive the IF-THEN rules for each class using GP. Because
the scaling of the Australian data set is relatively small, only one rule is derived
using GP for each creditworthy and non-creditworthy class. In the first itera-
tion, the IF-THEN rules, the accuracy, and the hit numbers can be presented
as shown in Table 1.

Next, the reduced data are employed to form the discriminant function
using the second stage of GP. The confusion matrix of the discriminant func-
tion can be described as shown in Table 2.

In order to compare the proposed method with other models, five different
sampling samples are employed to test the error rate of the validation set. As
shown in Table 3, the proposed method outperforms to other models.

With the same procedures above, the IF-THEN rules, the accuracy, the hit
numbers, and the confusion matrix can be obtain as shown in Tables 4 and 5.
Since the scaling of the German data is relatively large, we derive two IF-

Table 1
The decision rules of GP in the first iteration in the Australian data set
Australian Antecedent Consequent Train Validation
(Accuracy/number) (Accuracy/number)
Rule for IF (A8 =1and Good 90.3%/149 92.1%/58
creditworthy A9 =1), THEN
Rule for IF (A8=0and Bad 98.0%/194 93.6%/88
non-creditworthy A3 > 0.165 and
A5 < 13),THEN
Table 2
The confusion matrix of the discriminant function in the Australian data set
Australian Train Test
Class 1 Class 2 Class 1 Class 2
Class 1 50 16 17 7
Class 2 11 43 7 19
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Table 3
The comparison of the credit scoring models in the Australian data set
Australian Iteration Iteration Iteration Iteration Iteration Overall
credit 1 (%) 2 (%) 3 (%) 4 (%) 5 (%)
2SGP 0.1207 0.0973 0.1035 0.1207 0.0994 0.1083
GP 0.1111 0.1280 0.1304 0.1207 0.0966 0.1173
MLP 0.1352 0.1256 0.1352 0.1062 0.1014 0.1207
CART 0.1497 0.1256 0.1449 0.1400 0.1497 0.1419
C4.5 0.1594 0.1304 0.1400 0.1014 0.1159 0.1294
k-NN 0.3381 0.3381 0.2850 0.3236 0.2946 0.3158
LR 0.1497 0.1449 0.1304 0.1304 0.1352 0.1381
Table 4
The decision rules of the genetic programming in the German data set
German Antecedent Consequent  Train Validation
(Accuracy/ (Accuracy/
number) number)
Rule for 1 IF (checking > 3), Good 86.12%/335  83.33%/145
creditworthy THEN
2 IF (duration <22.5 Good
and purpose = 3 or
8 or 9 or 10 and
checking < 2),
THEN
Rule for 1 IF (checking < 2 Bad 70.23%/92 67.39%/31
non- and duration <22.5
creditworthy and purposed not (3
or 8§ or 9 or 10) and
history =0 or 1),
THEN
2 IF (saving < 3 and Bad
duration > 22.5 and
checking < 2 and
purpose not (1 or
6)), THEN
Table 5
The confusion matrix of the discriminant function in the German data set
Australian Train Test
Class 1 Class 2 Class 1 Class 2
Class 1 20 8 18
Class 2 4 111 4 50
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Table 6

The comparison of the credit scoring models in the German data set

German Iteration Iteration Iteration Iteration Iteration Overall
credit 1 (%) 2 (%) 3 (%) 4 (%) 5 (%)

2SGP 0.2200 0.1985 0.2057 0.1986 0.2028 0.2051
GP 0.2166 0.2266 0.2200 0.2433 0.2266 0.2266
MLP 0.2400 0.2382 0.2500 0.2433 0.2533 0.2449
CART 0.2765 0.2617 0.2435 0.3170 0.3721 0.2941
C4.5 0.2446 0.2500 0.2227 0.2926 0.3318 0.2683
k-NN 0.3049 0.3007 0.2849 0.3292 0.3587 0.3157
LR 0.2163 0.2421 0.1813 0.2479 0.2914 0.2358

THEN rules for each class. In addition, the comparison of the error rate of the
five-validation sets can also be described as shown in Table 6.

On the basis of the results, we can conclude that the proposed method out-
performs to other models in our empirical analysis. In addition, GP, ANN and
logistic regression also perform well in this study and can be other alternatives
for the credit scoring model. However, another advantage of the proposed
method is the presentation of the intelligence rules for the decision-maker.
Next, we provide the in-depth discussions based on our implementation.

6. Discussions

Due to the huge growth rate of the credit industry, building an effective
credit scoring model have been an important task for saving amount cost
and efficient decision making. Although many novel approaches have been
proposed, more issues should be considered for increasing the accuracy of
the credit scoring model.

First, the irrelevant variables will destroy the structure of the data and de-
creases the accuracy of the discriminant function. Second, the credit scoring
model should determine the correct discriminant function (linear or non-linear)
automatically. Third, the credit scoring model should be useful in both large
and small data sets. Finally, the intelligence rules are very useful for the deci-
sion-maker to understanding the meaning of the data set. For above reasons,
2SGP is proposed to build the credit scoring models in this paper.

On this basis of the simulated results, we can conclude that 2SGP outper-
forms to other models. However, GP, ANN and logistic regression can also
provide the satisfactory solutions and can be other alternatives. The accuracy
of the induction-based approaches (decision trees and rough set) is inferior in
this study. It is clear that the [IF-THEN rules are derived from the training set.
However, if a newly entered object within the test set does not match any rule,
it cannot be determined to which class it belongs.
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Compared with other models, it can be seen that 2SGP is more suitable for
the credit scoring problems for the following reasons. Unlike the traditional
statistical methods need the assumptions of the data set and the attributes,
GP is a non-parametric tool and suitable for any situations and data sets. Com-
pared with ANNSs, 2SGP can determine the adequate discriminant function
automatically rather than assigned the specific transfer function by decision-
makers. In addition, 2SGP can also select the important variable automati-
cally. Furthermore, the discriminant function which is derived by GP can pro-
vide the better forecasting accuracy than the induction-based algorithms.
Finally, the decision-maker can obtain the intelligence rules.

7. Conclusions

Building a credit scoring model involves the problems of assigning a record
into a correct class. Although many approaches have been proposed, a flexible
and accurate method is limited. In this paper, 2SGP is proposed to incorporate
the IF-THEN rules and the discriminant function for the credit scoring prob-
lems. On the basis of the empirical results, we can conclude that the proposed
method is more flexible and significantly performs better accuracy in the credit
scoring problems.
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