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Credit scoring is one of the key analytical techniques in credit risk evaluation which has been an active
research area in financial risk management. This paper presents a credit risk evaluation system that uses
a neural network model based on the back propagation learning algorithm. We train and implement
the neural network to decide whether to approve or reject a credit application, using seven learning
schemes and real world credit applications from the Australian credit approval datasets. A comparison
of the system performance under the different learning schemes is provided, furthermore, we compare the
performance of two neural networks; with one and two hidden layers following the ideal learning scheme.
Experimental results suggest that neural networks can be effectively used in automatic processing of
credit applications.
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1. Introduction

Credit scoring is a method of predicting potential
risk corresponding to a credit portfolio. Models based
on this method can be used by financial institutions
to evaluate portfolios in terms of risk. Credit risk
analysis is an important topic in the financial risk
management, and has been the major focus of finan-
cial and banking industry.1 Data mining methods,
especially pattern classification, using real-world his-
torical data, is of paramount importance in build-
ing such predictive models. Credit scoring tasks can
be divided into two distinct types.2–4 The first type
is application scoring, where the task is to classify
credit applicants into “good” and “bad” risk groups.
The data used for modeling generally consists of
financial information and demographic information
about the loan applicant. In contrast, the second
type of tasks deals with existing customers and along
with other information, payment history information
is also used here. In this paper, we shall focus on
application scoring.

In the past few decades, artificial neural networks
have been successfully applied in various fields,5–13

as well as the financial field. The use of neural

networks has become very popular in various busi-
ness applications including credit scoring. In contrast
to the statistical methods, in neural network-based
techniques one need not make assumptions regard-
ing the distribution of the data or find it through
estimation techniques.14

The use of neural networks in business appli-
cations has been previously investigated by several
works.4,15–27 The general outcome of these works
is that in the credit industry, neural networks have
been considered to be an accurate tool for credit
analysis among others.21–31

Recently, the work in Ref. 32 investigated the
ability of neural networks, such as probabilistic neu-
ral nets and multi-layer feed-forward nets, and con-
ventional techniques such as, discriminant analysis,
probit analysis and logistic regression, in evaluat-
ing credit risk in Egyptian banks applying credit
scoring models. This work concluded that neural
network models gave better average correct classi-
fication rates than the other techniques. However,
in their neural network training and testing strat-
egy, they used a high ratio of the dataset for train-
ing (80%), in comparison to validation (20%) which
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we consider as inefficient training strategy when
attempting to achieve meaningful neural network
learning. In Ref. 33, two neural network systems were
proposed for credit risk assessment related to Italian
small businesses. In Ref. 34, a multistage neural net-
work ensemble learning model was proposed to eval-
uate credit risk at the measurement level. In Ref. 35,
the work investigated the performance of a single
classifier as the baseline classifier to compare with
multiple classifiers and diversified multiple classifiers
by using neural networks based on three datasets.
In Ref. 36, a recursive algorithm for extracting clas-
sification rules from feed forward neural networks
that have been trained on credit scoring data sets,
having both discrete and continuous attributes, was
presented. Lately, in Ref. 37, Kohonen and error
back-propagation neural networks were used as con-
sumer credit scoring models for financial institu-
tions where data usually used in previous research
is not available. This work suggested that the error
back-propagation neural network showed the best
results.

Although the use of neural networks for credit
scoring and evaluation has been shown to be suc-
cessful over the past decade, there are few problems
with the way these neural networks are trained, and
this may affect the robustness of the neural system’s
judgment on whether an applicant should be granted
credit or not.

The first problem when using neural networks is
the use of a high ratio of training-to-validation
datasets. Depending on which dataset is used (the
Australian credit dataset38 is used in this work), a
high ratio of training-to-validation data does not
yield meaningful learning, for example, previously
adopted ratios of training-to-validation (training:
validation) datasets include: (80%:20%2,32), (71%:
29%39), (68%:32%24), (70%:30%24,35,40,41), (69%:
31%37), (67%:33.3%36), and (62%:38%42). We con-
sider this as a problem in our opinion, since the neu-
ral network’s task is made easier by exposing it to
more data during training, thus reducing the signifi-
cance of its generalization when tested or validated
with the remaining data. A more appropriate ratio
would be closer to (50%:50%) as used in Ref. 43, or
a lower ratio of training-to-testing dataset.

The second problem with using neural networks
for credit evaluation is normalization of the input
data. The values fed to the input layer of a neural

network are usually between “0” to “1”. This is
not a problem when using a neural network for
image processing for example, since all input val-
ues would be representing the image pixel values,
which in turn have a more uniform distribution
and a finite difference between the lowest and the
largest pixel value.44,45 However, with credit evalua-
tion, the numerical values (input values) representing
the attributes of a credit applicant vary marginally
in value, and if a simple normalization process is
applied to the whole dataset, say by dividing each
value in the set by the largest recorded value, then
much information would be lost across the dif-
ferent attributes. For example, the highest value
recorded in the Australian dataset is 100001 (case
501, attribute 14), if all values within the dataset
are divided by this maximum value, much of the
input data would be closer to “0” value, which does
not represent the attributes, thus leading to inef-
ficient neural network training. Therefore, normal-
ization of the credit application input data should
be carefully performed, while maintaining the mean-
ing of each attribute. Normalization of the input
data is performed during both training and after
training.

Another problem with using neural networks in
financial applications is the computational cost. The
simplest multilayer perceptron network has three
layers (input, hidden and output). Much of the pre-
viously suggested neural networks for credit evalua-
tion use two hidden layers. The problem here is the
more layers are added, the higher the computational
cost is, and thus, the higher the processing time
becomes.

In this paper, we aim to address the above prob-
lems when designing a neural network model with
application to credit risk evaluation.

Firstly, using the Australian credit dataset38 that
contains 690 real world application-decision cases, we
train neural network model based on the BP learning
algorithm using seven learning schemes, which differ
in the training-to-validation data ratios. The lower
the ratio, the more challenging it is for the neural
network, but the more robust and meaningful the
learning is. We compare the performance of the neu-
ral network model under all schemes and then select
the ideal learning scheme.

Secondly, we use a normalization procedure
that is applied automatically when reading the
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input data for each attribute separately. This
assures that the values representing the different
14 attributes are meaningful for the neural network
after normalization.

Thirdly, we maintain simplicity when designing
the back propagation learning algorithm-based neu-
ral network, by using a single hidden layer, and a
single neuron at the output layer, thus minimizing
the computational and time costs. We also compare
the correct evaluation rate and the computational
costs between a single-hidden layer neural network
(SHNN) and a double-hidden layer neural network
(DHNN).

The structure of the paper is as follows: in Sec. 2
a brief explanation of the Australian credit dataset
is presented. In Sec. 3 the neural network system
for credit evaluation is described, showing input
data normalization procedure and the neural net-
work design. In Sec. 4 the results of training and
testing (validating) the neural network using the
seven learning schemes are presented, and a compa-
rison between the evaluation results under the seven
learning schemes is provided. Moreover, the perfor-
mance of the SHNN and DHNN models when trained
under the chosen ideal scheme is compared. Finally,
Sec. 5 concludes this work and suggests future
work.

2. Credit Dataset

For the implementation of our proposed credit evalu-
ation system we use the Australian credit dataset,38

available publicly at UCI Machine Learning data
repository. This is a real world dataset that has been

Table 1. Examples of pre-normalization numerical values representing input/output attributes for the first 10 cases in
the Australian credit dataset.38

Cases Input attributes Output

A1 A2 A3 A4 A5 A6 A7 A8 A9 A10 A11 A12 A13 A14 A15

1 1 22.08 11.46 2 4 4 1.585 0 0 0 1 2 100 1213 0
2 0 22.67 7 2 8 4 0.165 0 0 0 0 2 160 1 0
3 0 29.58 1.75 1 4 4 1.25 0 0 0 1 2 280 1 0
4 0 21.67 11.5 1 5 3 0 1 1 11 1 2 0 1 1
5 1 20.17 8.17 2 6 4 1.96 1 1 14 0 2 60 159 1
6 0 15.83 0.585 2 8 8 1.5 1 1 2 0 2 100 1 1
7 1 17.42 6.5 2 3 4 0.125 0 0 0 0 2 60 101 0
8 0 58.67 4.46 2 11 8 3.04 1 1 6 0 2 43 561 1
9 1 27.83 1 1 2 8 3 0 0 0 0 2 176 538 0

10 0 55.75 7.08 2 4 8 6.75 1 1 3 1 2 100 51 0

successfully used for credit scoring and evaluation
systems in many previous works.2,30,31,35,37,39,43,46

The Australian credit data consists of 307
instances of creditworthy applicants (“good”,
“accept”) and 383 instances where credit is not
creditworthy (“bad”, “reject”). Each instance or
case contains six nominal, eight numeric attributes
(inputs), and one class attribute (output: accept
or reject). This dataset is interesting because there
is a good mixture of attributes: continuous, nom-
inal with small numbers of values, and nominal
with larger numbers of values. The details of the
attributes are available at the repository.38 Table 1
shows examples of the dataset attributes’ numerical
representation for the first 10 cases, these numeri-
cal values are not normalized. Once normalization
to values between “0” and “1” is completed, the
values are used as the input data to the neural
network.

The dataset is divided into two sub-sets in our
work, the training dataset and the validation or test-
ing dataset. We devised seven learning schemes with
different training-to-validation data ratios in order
investigate an ideal training-to-validation ratio for
the implementation of the credit evaluation neural
network system.

3. Credit Risk Evaluation System

The neural network-based credit risk evaluation sys-
tem consists of two phases: a data normalization
phase where each attribute within the dataset is nor-
malized separately, this is one of our objectives in
this work.
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The output of this phase provides normalized
numerical values representing a credit applicant’s
case, which is used in the second phase, evaluating
the applicant’s attributes and deciding whether to
accept or reject the application using a neural net-
work. Once the neural network converges to a set
value of minimum error and learning is accomplished,
the second phase consists only of one forward pass
that yields the evaluation result.

3.1. Input data normalization

This phase is a data preparation phase for neural
network training and classification/evaluation. Here,
the input data (attribute numerical values) are sep-
arately normalized to values between “0” and “1”.
This is achieved by finding the maximum or high-
est value within each attribute for all 690 cases in
the dataset, and dividing all the values within that
same attribute by the maximum. Table 2 shows the
maximum values for each input attribute. The high-
est value in the whole set belongs to attribute A14
(100001) which is a large value in comparison to the
other values in the set, and thus, if used for nor-
malizing the remaining input data values, it would
lead to normalized values close to “0”. This could
cause insufficient learning of the neural network,
as the applicant’s attributes would not be appro-
priately represented. Table 3 shows the normalized

Table 2. The highest value in each attribute of the 690 cases in the dataset. These values are used to normalize the
input data prior to neural network processing.

Input attribute A1 A2 A3 A4 A5 A6 A7 A8 A9 A10 A11 A12 A13 A14
Maximum value 1 80.25 28 3 14 9 28.5 1 1 67 1 3 2000 100001

Table 3. Normalized input data — attribute values for the first 10 cases in the Australian credit dataset-shown in
Table 1.

Normalized input attributes

A1 A2 A3 A4 A5 A6 A7 A8 A9 A10 A11 A12 A13 A14

1 1 0.275140 0.409286 0.666667 0.285714 0.444444 0.055614 0 0 0.000000 1 0.666667 0.050000 0.012130
2 0 0.282492 0.250000 0.666667 0.571429 0.444444 0.005789 0 0 0.000000 0 0.666667 0.080000 0.000010
3 0 0.368598 0.062500 0.333333 0.285714 0.444444 0.043860 0 0 0.000000 1 0.666667 0.140000 0.000010
4 0 0.270031 0.410714 0.333333 0.357143 0.333333 0.000000 1 1 0.164179 1 0.666667 0.000000 0.000010
5 1 0.251340 0.291786 0.666667 0.428571 0.444444 0.068772 1 1 0.208955 0 0.666667 0.030000 0.001590
6 0 0.197259 0.020893 0.666667 0.571429 0.888889 0.052632 1 1 0.029851 0 0.666667 0.050000 0.000010
7 1 0.217072 0.232143 0.666667 0.214286 0.444444 0.004386 0 0 0.000000 0 0.666667 0.030000 0.001010
8 0 0.731090 0.159286 0.666667 0.785714 0.888889 0.106667 1 1 0.089552 0 0.666667 0.021500 0.005610
9 1 0.346791 0.035714 0.333333 0.142857 0.888889 0.105263 0 0 0.000000 0 0.666667 0.088000 0.005380

10 0 0.694704 0.252857 0.666667 0.285714 0.888889 0.236842 1 1 0.044776 1 0.666667 0.050000 0.000510

input values (attributes) of the first 10 cases in the
dataset.

3.2. Neural network arbitration

During this phase a supervised neural network based
on the back propagation learning algorithm is used
due to its implementation simplicity and the avail-
ability of sufficient dataset for training and vali-
dating this supervised learner. Figure 1 shows the
topology of the credit evaluation neural network
model.

The neural network input layer has 14 neu-
rons, according to the number of the applicant’s
attributes; each input neuron receives a normalized
numerical value representing an attribute. There is
one hidden layer containing 9 neurons, this number,
which was chosen after several experiments involv-
ing the adjustment of the number of hidden neurons
from one to 80 neurons, assures meaningful training
while keeping the time cost to a minimum. The out-
put layer has one single neuron, which uses binary
output data representation, “1” for accepting or “0”
for rejecting a credit application. A simple thresh-
olding scheme is sufficient for the neural network’s
single output neuron to divide the feature space into
two categories. A threshold value of 0.5 is used to
distinguish between credit groups, good credit and
bad credit. If the output result of the neural network
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A1       A2 A3 A4 A5 A6 A7      A8 A9  A10    A11    A12 A13  A14 Attributes

 Input Layer1 2 3 4 5 6 7 1 8 9 10 11 12 13 14 

1 2 3 4 5 6 7 1 8 9 Hidden Layer

Input-Hidden
Synaptic Weights

Hidden-Output
Synaptic Weights

Output Layer

1  : Accept
0 : Reject

1 

Fig. 1. Topology of the credit risk evaluation neural network model.

is greater than or equal to 0.5, the presented case
is assigned to one class (good, accept), otherwise
it is assigned to the other class (bad, reject).
Hence,

Applicant i ∈ Good Credit Class if : NN out(i) ≥ 0.5

Applicant i ∈ Bad Credit Class if : NN out(i) < 0.5,

(1)

where, NNout(i) is the output of the neural network
model obtained when the attributes of the ith case
(applicant) are presented to the network. This is
basically the output credit decision associated with
applicant i.

During the learning phase, the learning coeffi-
cient, and the momentum rate were adjusted during
various experiments in order to achieve the required
minimum error value of 0.003 which was considered
as sufficient for this application. The final training
parameters for this neural model were: learning coef-
ficient (0.00935) and momentum rate (0.67). The ini-
tial weights of the neural network were randomly
generated with values between −0.3 and +0.3.

4. Implementation and Experimental
Results

The results of implementing the credit risk eval-
uation neural network model were obtained using
2.8GHz PC with 2GB of RAM, Windows XP OS
and Borland C++ compiler.

As one of our objectives is to investigate an ideal
training-to-validation data ratio, we follow seven
learning schemes to train the neural network.

The learning schemes differ in the training-to-
validation data ratio. For example, learning scheme 1
(LS1) uses a ratio of (100:590), i.e., the first 100
credit application cases are used for training the net-
work, while the remaining 590 cases are not exposed
to the neural network during training, as they will
be used to test or validate the network’s classifica-
tion upon completion of training. The training-to-
validation ratios and their percentages for the seven
learning schemes are shown in Tables 4 and 5. When
choosing our different training-validation ratios (e.g.,
100–590, 200–490, . . . etc.), we simply start with the
first 100 cases as training data and the remaining
cases as testing or validation cases. For the next
ratio, we add the next 100 cases to the training set
and so on. There was one exception which was the
ratio of (345:345) this was chosen as it provides 50%
training cases and 50% validation/testing cases.

To compare the performance of the neural net-
work model under the seven learning schemes, a
performance evaluation criterion is required. The
criteria was firstly based on training the neural net-
work under all schemes for a chosen number of itera-
tions, 50000 iterations was considered sufficient, as a
higher number of iterations would lead to increasing
the computational costs. The criteria was secondly
based on the network converging to the required
error value of 0.003, where the least number of
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Table 4. Credit risk evaluation neural network’s learning schemes and their implementation results after 20801 iterations.

Learning scheme LS1 LS2 LS3 LS4 LS5 LS6 LS7

Training-to-validation ratio 100:590 200:490 300:390 345:345 390:300 400:290 500:190
Training-to-validation 14.5%–85.5% 29%–71% 43.5%–56.5% 50%–50% 56.5%–43.5% 58%–42% 72.5%–27.5%

percent
Obtained error 0.011 0.020 0.003 0.018 0.011 0.023 0.022

Training time (seconds)1 56.89 60.98 73.92 81.59 87.67 93.28 100.39

Run time (seconds)1 2.12 × 10−4 0.33 × 10−4 0.38 × 10−4 0.46 × 10−4 0.53 × 10−4 0.52 × 10−4 0.84 × 10−4

Training dataset correct (99/100) (195/200) (300/300) (339/345) (385/390) (392/400) (489/500)
evaluation rate 99% 97.50% 100% 98.26% 98.72% 98% 97.8%

Validation dataset correct (273/590) (394/490) (316/390) (275/345) (237/300) (230/290) (152/190)
evaluation rate 46.27% 80.41% 81.03% 79.71% 79% 79.31% 80%

Overall evaluation rate2 (372/690) (589/690) (616/690) (614/690) (622/690) (622/690) (641/690)
53.91% 85.36% 89.28% 88.98% 90.14% 90.14% 92.90%

1Using a 2.8 GHz PC with 2GB of RAM, Windows XP Operating System and C++ programming language.
2Overall rate is obtained by combining correct recognition rates of training and validation datasets.

Table 5. Credit risk evaluation neural network’s learning schemes and their implementation results after 50000 iterations.

Learning scheme LS1 LS2 LS3 LS4 LS5 LS6 LS7

Training-to-validation ratio 100:590 200:490 300:390 345:345 390:300 400:290 500:190
Training-to-validation 14.5%–85.5% 29%–71% 43.5%–56.5% 50%–50% 56.5%–43.5% 58%–42% 72.5%–27.5%

percent
Obtained error 0.010 0.018 — 0.013 0.009 0.021 0.018

Training time (seconds)1 109.44 146.91 — 194.81 232.77 211.61 244.25

Run time (seconds)1 2.92 × 10−4 2.55 × 10−4 — 2.26 × 10−4 3.13 × 10−4 3.76 × 10−4 4.95 × 10−4

Training dataset correct (99/100) (196/200) — (341/345) (386/390) (392/400) (490/500)
evaluation rate 99% 98% 98.84% 98.97% 98% 98%

Validation dataset correct (273/590) (394/490) — (274/345) (235/300) (231/290) (157/190)
evaluation rate 46.27% 80.41% 79.42% 78.33% 79.66% 82.63%

Overall evaluation rate2 (372/690) (590/690) — (615/690) (621/690) (623/690) (647/690)
53.91% 85.51% 89.13% 90% 90.29% 93.77%

1Using a 2.8 GHz PC with 2GB of RAM, Windows XP Operating System and C++ programming language.
2Overall rate is obtained by combining correct recognition rates of training and validation datasets.

iterations required to converge to this error value
under any scheme is marked, and then the neural
network is trained for the marked number of itera-
tions under the remaining six schemes.

The neural network implementation following
learning (LS3) required the least number of iterations
(20801 iterations), to converge to the required error
value of 0.003. In fact, LS3 was the only learning
scheme under which the neural network converged to
the required minimum error value within the maxi-
mum iteration limit of 50000 iterations.

Therefore, the neural network model was also
trained under all seven schemes for 20801 iterations
and the implementation results, including train-
ing and validation (one feed forward pass of the

trained neural network) time costs, as well as correct
evaluation rates using training and validation data
were recorded as shown in Table 4.

Under learning scheme LS3, the neural network
learnt and converged after 20801 iterations and
within 73.92 seconds, whereas the running time for
the trained neural network, using one forward pass,
i.e., the time taken by the trained neural network
to evaluate a credit application, and decide whether
to accept or reject, was 0.38 × 10−4 seconds. The
neural network was not trained for 50000 iterations
as it converged to the required error value with less
iteration (see Table 5).

The correct evaluation rate of the proposed neu-
ral system is of utmost importance. Tables 4 and 5
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show the correct evaluation rates under all seven
schemes. There are two evaluation rates: using the
training dataset, and using the validation dataset.
Since the neural network is trained over and over
using the training dataset, we believe that the
evaluation rates using the validation dataset are
more significant, and show whether the neural net-
work acquired meaningful learning or not. Follow-
ing scheme LS3, the neural network model yielded
100% correct evaluation rate when using the train-
ing dataset as would be expected, whereas using the
validation dataset yielded 81.03% correct evaluation
rate. Combining results using validation and training
datasets yields an overall correct evaluation rate of
89.28% for LS3.

The obtained result when using the training
dataset does not mean that the trained neural
network has memorized the examples (i.e., over-
trained); as the successful training of the network
is reflected by the obtained results when using the
validation dataset which was not presented to the
network previously. The problem of overtraining can
generally occur when using supervised neural net-
works; and a solution to this problem was suggested
in Ref. 47 which proposed a regularization neural
network that has an error function consisting of a
standard error term and a regularization term.

Careful inspection of the results in Tables 4 and 5
shows other learning schemes with higher overall
evaluation rates. When training the neural network
for 20801 iterations, scheme LS7 (500:190) appears
to have an overall correct evaluation rate of 92.9%.
Also when training the network for 50000 itera-
tions, scheme LS7 has the highest overall evalua-
tion ratio of 93.77%. However, these ratios can be
misleading, because the neural network was exposed
during training to a very large number of cases
(500 cases), in comparison to the number of vali-
dation cases (190). In summary, we consider that
the decision, upon which learning scheme is ideal,
depends on:

• Achieving the required convergence error for
higher classification accuracy.

• Requiring the least iterations for maintaining
lower computational and time costs.

• Completion of training in a short time.
• Quick decision making once training is completed.
• Achieving the highest correct validation dataset

ratio, i.e., data not exposed to the network before.

Based on the above considerations, we conclude that
the credit risk evaluation neural network is most effi-
cient when trained under the LS3 learning scheme.

Further work has also been carried on to investi-
gate the performance of the proposed system using
a single-hidden layer neural network (SHNN), when
compared to using a double-hidden layer neural net-
work (DHNN). We suggested in the first section that
using a SHNN would reduce the computational cost.

Under learning scheme LS3 (300:390), which we
propose to be the ideal training scheme based on
the above investigation, we train and test a DHNN
which has the same parameters as the SHNN, but
with an extra hidden layer that has a single neuron.
The number of neurons in this extra hidden layer
is kept minimal in order to maintain the computa-
tional costs as low as possible despite the addition of
this extra hidden layer. The DHNN was trained for
a similar number of iterations as the SHNN; namely
20801 iterations, so that a more objective compari-
son can be made. Figures 2 and 3 show respectively
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Fig. 2. Learning curve of the SHNN model under learn-
ing scheme LS3.
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Fig. 3. Learning curve of the DHNN model under learn-
ing scheme LS3.
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Table 6. Performance comparison between the SHNN
and the DHNN models for credit risk evaluation.

Neural network SHNN DHNN

Input layer nodes 14 14
Hidden layer 1 nodes 9 1
Hidden layer 2 nodes — 9
Output layer nodes 1 1
Learning coefficient 0.00935 0.00935
Momentum rate 0.67 0.67
Random initial weight range −0.30–+0.30 −0.30–+0.30
Required minimum error 0.003 0.003
Obtained error 0.003 0.247
Iterations 20801 20801

Training time (seconds)1 73.92 85.53

Run time (seconds)1 0.38 × 10−4 1.62 × 10−4

Training dataset correct (300/300) (167/300)
evaluation rate 100% 55.67%

Validation dataset correct (316/390) (240/390)
evaluation rate 81.03% 61.54%

Overall evaluation rate2 (616/690) (407/690)
89.28% 58.99%

1Using a 2.8 GHz PC with 2GB of RAM, Windows XP
Operating System and C++ programming language.
2Overall rate is obtained by combining correct recogni-
tion rates of training and validation datasets.

the learning curves of the SHNN and the DHNN sys-
tems, whereas Table 6 describes the final parameters
of both neural models as well as the evaluation rates.

Careful inspection of Table 6 shows that the
use of a single-hidden layer neural network (SHNN)
yields higher correct evaluation rates, and a reduced
time cost when compared to using a double-hidden
layer neural network (DHNN) for credit risk evalua-
tion. Both training and run (one forward pass) times
are higher with the DHNN, moreover the obtained
error value for DHNN after the same number of iter-
ations as the SHNN, is very high. In conclusion,
using a SHNN for the task of credit risk evaluation,
provides more superior results than when using a
DHNN, which is one of the problems we aimed at
investigating in this work.

5. Conclusions

In this paper, a novel approach to credit risk evalua-
tion using a neural network was presented. In our
approach we train a three-layer supervised neural
network, which is based on the back propagation
learning algorithm, following seven learning schemes.

These schemes differ in the ratio of the number of
credit application cases used for training, against
those used for validation or testing. The use of a
high training-to-validation dataset ratio has been a
common problem with much of the previous research
works on using neural networks for credit risk eval-
uation as shown in Sec. 1. We also described in
detail (Sec. 4) the criteria and considerations which
are to be made in order to decide upon an ideal
learning scheme. Furthermore, we proposed a simple
but efficient method of normalizing the input data
(attributes of a credit applicant) prior to presenting
it to the neural network. We also maintain simplic-
ity in designing the neural network model, in order
to keep the computational and time costs to a min-
imum, thus, the use of a single-hidden layer neural
network (SHNN) model; many previous works gen-
erally use double-hidden layer (DHNN) models for
similar applications.

In order to implement our proposed neural sys-
tem for credit risk evaluation, we used the Australian
credit data. This is a real world dataset that has
been successfully used for credit scoring and evalua-
tion systems in previous works. The Australian credit
data consists of 690 cases or instances: 307 instances
of creditworthy applicants and 383 instances where
credit is not creditworthy.

In conclusion, the credit risk evaluation neural
network model performs best when using the LS3
learning scheme, which uses 300 cases for training
and 390 cases for validation (43.5%:56.5%). We con-
sider this learning scheme as ideal following the cri-
teria which is described in Sec. 4, such as achieving
the required error of 0.003, speed of training, speed of
one-forward pass of the trained neural model, and the
correct evaluation rates when using training and val-
idation datasets. Under learning scheme LS3, correct
evaluation rates of 100% and 81.03% were obtained
using the training and validation data sets, respec-
tively. Training the neural model was completed in
73.92 seconds, whereas the decision making time for
the trained neural model was a fast 0.38 × 10−4

seconds.
We also compared the performance of the SHNN

and the DHNN under the chosen ideal learning
scheme LS3. Our investigation suggests that the
SHNN outperforms the DHNN when applied to
credit risk evaluation. Therefore, we suggest that
this neural system based on a SHNN model can
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be efficiently used in automatic processing of credit
applications.

Future work will include comparing the presented
neural network model when used for credit risk eval-
uation with other emerging neural models. Further-
more, further work will focus on designing, training
and implementing a neural system with more out-
puts, which could indicate the reason why a credit
application had been rejected.
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