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1. Introduction

As the financial market competes sharply nowadays, the
traditional banking profit is largely reduced. This causes banks
to focus on consumer banking in order to make higher interest
profits, i.e. consumer loans. However, the quality of issuing
consumer loans is bank dependent and the audit process is forced
to be as simple as possible. Consequently, the potential risk
gradually arises.

With the rapid growth in credit industry and the management
of large loan portfolios, credit rating (or credit scoring) models
have been extensively used for the credit admission evaluation.
The credit rating models are developed to classify loan customers
as either a good credit group (accepted) or a bad credit group
(rejected) with their related characteristics such as age, income
and martial status or based on the data of the previous accepted
and rejected applicants [1]. The benefits of considering credit
scoring include reducing the cost of credit analysis, enabling faster
decisions, insuring credit collections, and diminishing possible
risks [24]. Even if a slight improvement in credit scoring accuracy
might reduce large credit risks and translate into significant future
savings.

The traditional approach to predict the consumers’ credit risk is
based on some statistical methods, such as logistic regression.

However, related studies have shown that machine learning
techniques or data mining techniques, such as neural networks,
decision trees, etc., are superior to traditional (statistical) methods
[2,9,22]. That is, using machine learning techniques can provide
higher predication accuracy.

In machine learning, the hybridization approach has been an
active research area to improve the classification/prediction
performance over single learning approaches [8,11,13,17,19]. In
general, it is based on combining two different machine learning
techniques. For example, a hybrid classification model can be
composed of one unsupervised learner (or cluster) to pre-process
the training data and one supervised learner (or classifier) to learn
the clustering result or vice versa [18].

Therefore, to develop a hybrid learning credit model, there are
four different ways to combine the two machine learning techniques.
They are: (1) combining two classification techniques, (2) combining
two clustering techniques, (3) one clustering technique combined
with one classification technique, and (4) one classification
technique combined with one clustering technique.

In literature, related work developing credit rating models
based on hybrid machine learning techniques only compare with
some chosen single learning based models as the baselines (see
Section 2.4). That is, none of the existing studies compares different
hybrid models to identify which hybrid approach can perform the
best for credit rating in terms of high prediction accuracy and low
error rates.

Therefore, the aim of this paper is to examine the prediction
performance of these four types of hybrid learning models for
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credit rating in addition to the single classification and clustering
techniques as the baseline models. Moreover, the profit made by
these models is also compared based on a chosen bank as the case.
Four well-known classification techniques, which are decision
trees, Bayes classification, logistic regression, and neural networks,
and two clustering techniques, which are K-means and expectation
maximization are used to develop the hybrid models. Therefore,
the contribution of this paper is to find out which combination
method and techniques for the hybrid learning model can perform
the best as well as provide maximum profits for credit rating.

The organization of this paper is as follows. Section 2 briefly
describes related machine learning techniques used in this paper.
In addition, related work is compared and their limitations are
discussed. Section 3 presents the research methodology including
the data used, the development of the credit rating models,
evaluation strategies considered, etc. Section 4 shows the
experimental results and the conclusion is provided in Section 5.

2. Machine learning techniques

2.1. Classification techniques

Classification (or supervised learning) techniques are based on
learning by examples that map input vectors into one of several
desired output classes. That is, a pattern classifier can be created
through the training or learning process. The learning process of
creating a classifier is to calculate the approximate distance
between input–output examples and make correct output labels of
the training set. This process is called the model generation phase.
When the model is generated, it can classify an unknown instance
into one of the learned classes in the training set [20].

2.1.1. Decision trees

A decision tree is a classification approach which is based on the
tree structure to analyze data. One major advantage is that some
decision rules can be produced that are easy to understand by
humans. A decision tree classifies an instance by sorting it through
the tree to the appropriate leaf node, i.e. each leaf node represents a
classification. Each node represents some attribute of the instance,
and each branch corresponds to one of the possible values for this
attribute. C4.5 is the mostly used decision tree approach, and it is a
later version of the ID3 algorithm [23].

2.1.2. Artificial neural networks

An artificial neural network, also called neural network, is
composed of a group of neural nodes that link with the weighted
nodes. Every node can simulate a neuron of creatures, and the
connection among these nodes is equal to the synaptic that
connects among the neurons. The most common type of neural
networks consists of three layers of units: input layers, hidden
layers, and output layers. It is called multilayer perceptron (MLP). A
layer of ‘‘input’’ units is connected to a layer of ‘‘hidden’’ units,
which is connected to a layer of ‘‘output’’ units [6].

2.1.3. Naı̈ve Bayes classification

Naı̈ve Bayesian classification [4] is based on Bayes theorem,
which uses all kinds of beforehand probabilities and probabilities
that are observed in the population to predict afterward
probabilities. It is an effective tool to predict the relation of class
members in the unknown situation.

The naı̈ve Bayes classifier requires all assumptions be explicitly
built into models which are then used to derive ‘optimal’ decision/
classification rules. It can be used to represent the dependence
between random variables (features) and to give a concise and
tractable specification of the joint probability distribution for a
domain. It is constructed by using the training data to estimate the

probability of each class given the feature vectors of a new
instance.

2.1.4. Logistic regression

Logistic regression is a simply parametric statistical approach. It
is similar to traditional regression analysis. Therefore, the use of
logistic regression should also conform to some hypothesis of
traditional regression analysis, such as to avoid the autocorrelation
in residuals, to avoid multi-collinearity in independent variables,
and the collected data must conform to a normal distribution [7].

Logistic regression uses a series of numerical computations to
establish a model by known classification parameters to find out
which parameters have the more discriminated ability for each
group and the classification rules for each group. Logistic
regression is the same as discriminant analysis, which is used to
deal with the relationship between independent variables and
dependent variables when the dependent variable is a list of
categories to which objects can be classified. Therefore, the
difference between logistic regression and discriminant analysis is
that discriminant analysis must satisfy the assumption of normal
distribution and the equal covariance matrixes to find out the
optimal value. However, logistic regression does not need these
assumptions, even if these assumptions are satisfied, logistic
regression can still provide relatively high prediction accuracy.

2.2. Clustering techniques

Clustering (or unsupervised learning) techniques can be
regarded as the process of grouping similar objects into a cluster.
In particular, labeled examples are not available. The purpose of
clustering techniques is to improve the similarity of the members
in a group and make the data in each cluster have the highest
similarity, but the highest dissimilarity between different clusters
[20].

Clustering algorithms can be classified into two categories,
which are hierarchical and partitional clustering algorithms [12].
Hierarchical clustering creates a hierarchy of clusters by using the
agglomeration algorithm. Then, a distinct singleton cluster will be
combined one by one until satisfying some rules. The result will
produce a series of arborescence partitions. On the other hand,
partitional clustering is much more popular, which have been
extensively used in many business problems [21]. Two well-
known partitional clustering algorithms are K-means and expecta-
tion maximization (EM) algorithms described below.

2.2.1. K-means

The K-means clustering algorithm is a simple and efficient
clustering method. K-means clustering is performed based on the
following steps [5]:

� Given a group of feature vectors (or data points) as the dataset to
be clustered.
� Randomly select the amount of seed by k to be the cluster center.
� Assign the nearest data points to the clusters.
� Average the position of every data point in the clusters in order to

find out the new cluster, and then every data point will be
assigned to their nearest cluster center.
� Repeat the two previous steps until some convergence criterion

is met or the assignment cannot be changed.

2.2.2. Expectation maximization

The EM algorithm performs as the following steps [3]:

� Step 1: Estimation. First, assume the average of cluster parameter
mi; standard deviation si. Then, we can figure out the probability
of pi that every points to cluster qi, and qi = 1 where i represents
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