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Abstract: Credit risk associated with individual at the time of sanctioning
credit is one of the most crucial tasks for the banks and financial institutions.
Financial organisations use credit score of a customer to decide whether a
loan should be granted or it should be declined. Most of the existing machine
learning models are trained to compute the credit risk associated with a
person. However, the performance of the existing models are limited due
to the noisy nature of available training data. Therefore, the pre-processing
of the data contributes a crucial role in the performance of the credit
risk evaluation model. In this paper, we propose an approach to develop
an efficient credit risk evaluation model based on integrating a clustering
algorithm with a classification algorithm. More specifically, initially, we
transform the data into clusters of similar nature, and further, we develop
different classification models for each cluster. Experimental results show that
the proposed model improves the performance of the model by reducing the
effect of the noise.
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1 Introduction

Financial agencies including banks are associated with several forms of risks mainly
credit risk, investment risk, business risk and operational risk. As the banking sectors
are competing with each other, the traditional banking profit is reducing day by day due
to biasing towards customer retention while ignoring the risk associated with it (Crook
et al., 2007). Problem associated with lending money forced banks to move towards
consumer banking to make banking institutes more profitable. However, the overall
process of loan disbursement is relying on banks itself, and the biasing towards audit
procedure generate more risk in lending funds to borrowers. As a result, the probable
risk gradually rises.



Financial credit risk evaluation model 3

Accurate and on-time prediction of credibility of borrowers is very crucial in the
banks which involve a decision between to grant a loan and to reject the application
form. It is a non-trivial and challenging task that requires in-depth analysis of different
factors of the customer. Due to exponential and compound rising in the credit
department, various statistical and machine learning models have been introduced and
implemented by various researchers. Credit scoring is a statistical technique which is
used to assess the credit risk of loan applicants. The prime objective of implementation
of these credit scoring models is to analysis the risk associated with a loan application
and classifies them into accepted or rejected categories (Huang et al., 2004). It is highly
beneficial for the financial organisations to consider credit risk scoring as it reduces the
expense of credit analysis, and limits the possible risks.

There are two types of approaches for predicting the credit risk associated with loan
applicants:

1  statistical approaches

2 machine learning algorithms.

It is evident in the literature that the machine learning techniques provide more
predictive and accurate results compared to statistical techniques for credit risk
prediction (Huang et al., 2004; Jain and Kumar, 2007).

The main objective of this study to propose an optimal credit risk evaluation
model for financial institutions using a hybrid approach of combining clustering and
classification techniques. The proposed approach initially utilises the K-mode and
agglomerative clustering techniques to construct optimal clusters of the loan applicants
and further various classification algorithms are applied on these clusters that provides
better prediction performance.

The main contributions of this paper are as follows:

1 a hybrid approach is proposed by combing clustering and classification techniques
that provides better performance for credit risk evaluation

2 we propose a new hybrid feature selection technique to select optimal features to
develop credit risk evaluation model.

This paper is organised as follows. Section 3 briefly reviews machine learning
techniques (supervised and unsupervised) used in the paper. In Section 4, research
methodology along with dataset, deployment of model and evaluation parameters are
discussed. Finally, Sections 5 and 6 talk about experimental results and conclusion,
respectively.

2 Related work

Most of the existing methods for the credit risk evaluation model are based on
supervised learning along with soft computing-based techniques. The existing methods
focused on efficient feature engineering, hypertuning the parameters of the algorithm,
and filtering sample of the data for learning (Agarwal and Mittal, 2012a, 2012b).
Existing statistics-based methods for credit risk evaluation uses logistic regression (Yeh
and Lien, 2009; Zhao et al., 2009), naive Bayes (Yeh and Lien, 2009), Discriminant
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analysis (Xu and Wang, 2009), and data envelope analysis (Min and Lee, 2008). In
addition, many supervised learning algorithms have also been used for determining the
credit score for loan applicants such as decision trees (Sung et al., 2002), support vector
machines (Min and Lee, 2005), case-based reasoning (Lin et al., 2008) and k-nearest
neighbours (Yeh and Lien, 2009).

Hybridisation of existing heuristic methods like genetic algorithm (GA), particle
swarm optimisation (PSO), ant colony optimisation (ACO) and annealing simulation
(AS) are state of the art techniques used by researchers in credit risk domain. Min et al.
(2011) applied GA to retrieve the optimal set of inputs and parameters of the support
vector machine model to improve the prediction capability of credit risk evaluation.
Furthermore, Tsai et al. (2013) used GA to obtain most relevant features and instances
in a K-nearest neighbour (KNN) and support vector machine (SVM) classifier and
concluded that prominent feature and instance extraction produces significant results
in classification. Swarm intelligence and PSO were applied to obtain most prominent
features automatically (Lin et al., 2008; Marinakis et al., 2009). The second strategy to
design a hybrid learning model via cascading down classifiers, where the classification
results obtained from initial classifier are further filtered by the different classifier
in the later stage. Chuang (2013) proposed a hybrid model that performed better as
compared to individual CBR-based approach for bankruptcy prediction with respect to
the precision score. Zhu et al. (2018) proposed a hybrid model containing convolutional
neural network along with feature selection algorithm relief, applied on the dataset
retrieved from Chinese consumer finance company. Xu et al. (2018) came up with
a hybridised machine learning model based on RIPPER algorithm, applied on the
Taiwanese credit card consumer dataset where Relief and smote algorithms are used
as preprocessing techniques to remove redundant features and balancing the dataset
respectively. In the third category, unsupervised methods (clustering) are utilised in
form of preprocessing before classification to improve the prediction precision. Instances
causes to degrade the performance of the classifier can be removed with clustering
methods, after that the clustering outcomes are utilised as training data to recognise the
patterns by supervised learning (Jain et al., 1999).

Jain et al. (1999) applied CLUTO clustering and two classification methods to
improve the prediction accuracy of the clustering outcome. Esfandiary and Moghadam
(2013) suggested a layered decision tree (LDT) strategy which make optimal segments
of the dataset and arrange them in decreasing order, after that splits the dataset into
groups to build one layer of decision tree. Vang et al. (2018) applied clustering process
to connect various film industries and also discussed the valuable insights and gaps in
the relevant domain. Pellegrini et al. (2018) explored the overall journey of financial
sector in the china and also discussed the popularity of social lending in China. And
Ribeiro and Chen (2012) suggested a two-step strategy to forecast the financial risk of
French business companies, initially finding the bicluster patterns keeping instances and
variables extremely correlated, followed by a SVM model of the forecasted data. As per
latest work on unsupervised learning, Lourenco et al. (2015) concluded that creation of
ensemble model from a set of base clustering algorithms is certainly a rising research
direction and it will surely improve the prediction accuracy of classification (Esfandiary
and Moghadam, 2013).
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3 Machine learning techniques

3.1 Classification techniques

3.1.1 Decision trees

A decision tree is a supervised learning algorithm. The reason behind the popularity
of decision trees is because it is not a requirement of domain-specific knowledge. The
most popular CART and C4.5 have been applied for bankruptcy prediction problems
(Li et al., 2010). In another scholarly study, CART was applied to choose predictors,
after that a traditional logistic regression model was built structured on the dummy
variables compliance with the tree nodes (Brezigar-Masten and Masten, 2012). (Delen
et al., 2013) used C5.0, CHAID, CART and QUEST to analyse the effect of financial
ratios on company overall performance. Among four decision tree algorithms C5.0 and
CHAID provided the optimal prediction accuracy.

3.1.2 Logistic regression

Logistic regression is one of the most widely used statistical model uses logistic function
in order to train response variable. Parameters of the logistic model are estimated by
logistic regression. Logistic regression may be divided into three categories on the basis
of type of response variables. Categories are binary, multinomial and ordinal logistics.

In the recent literature, a hybrid model having non-parametric models (SVM,
DT) and parametric model (binary logistic regression model) are proposed as a
effective pairing centred on multiple discriminant analysis (MDA) to improve over-all
performance on default prediction.

3.1.3 K-nearest neighbour

KNN algorithm is usually an extremely basic, however well known and effective
non-parametric technique broadly utilised in supervised algorithms. In this algorithm,
the test cases are classified by selecting k closest training instances and predictive output
is decided upon majority voting of k nearest neighbours (Malekipirbazari and Aksakalli,
2015). Case-based reasoning (CBR) is capable of solving complex problems and can
provide suggestions by identifying identical experiences. But in terms of precision, other
methods like neural networks are providing better results than CBR (Jo et al., 1997).
Park and Han introduced an improved version of CBR model with associated weights
with features (Park and Han, 2002).

3.1.4 Support vector machine

A SVM is a supervised learning-based classifier that separates the data with an optimal
hyperplane. This hyperplace categorises the training data according to their class
attributes where each class lay in one side of the hyperplane. SVM is a well-known
nonlinear classifier. Among existing nonlinear classifiers, it produces significant pros
like, generalisation capability, can deal with local minima and requirements of low
number of parameters (Maldonado et al., 2017a, 2017b). Researchers have shown
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interest in solving credit risk problems of banking domain with SVM (Maldonado et al.,
2017a; Li et al., 2017).

3.1.5 Random forest

Random forests (RFs) are known as universal classifier and generated by making forest
of different decision trees. Yeh et al. (2012) suggested a hybridised model, which
integrates RST and RF to draw out beneficial and useful information, and used KMV
to assess the credit rating of companies from the market-based details.

3.2 Clustering techniques

Clustering (unsupervised learning) algorithms can be viewed as the procedure of
segmentation of dataset into optimal groups called clusters with high intraclass
similarity and low interclass similarity. Clustering algorithms generally are divided into
three broad categories: partitioning methods, hierarchical methods and density-based
methods. In the literature, the K-mode clustering and agglomerative clustering
algorithms are most popular for credit risk evalaution problem (Azizpour et al., 2018;
Chou et al., 2017; Zhao et al., 2017).

K-mode clustering is an extended version of K-means clustering in which instead of
distances and means, dissimilarities and modes respectively are used.

Agglomerative clustering approach (Zhang et al., 2012) is based on bottom-up
clustering technique where clusters possess sub-clusters and sub-clusters have
sub-clusters, etc. Agglomerative clustering approach begins with each and every object,
considering each object as a cluster. After that, in each consecutive iteration, it merges
(agglomerates) the closest couple of clusters by fulfilling some similarity conditions,
until all the objects of the dataset merge into a single cluster.

4 Proposed approach

In this paper, we focus on the problem of an efficient credit risk evaluation model that
should be able to determine if a loan should be granted or declines to an applicant.
The proposed approach combines a clustering algorithm and a classification algorithm
to develop the final prediction model. We initially create different groups of data of
applicants those are of similar nature, and further build prediction models each for these
groups. At the testing time, we first find the closest group to the new sample, and use
the prediction model corresponding to that group for prediction of the new sample.
More specifically, firstly, the dataset is pre-processed to impute missing values and
feature engineering is applied to obtain prominent and optimal set of features. We
propose a new hybrid feature selection algorithm to determine the best features by
major voting of three algorithms namely univariate feature selection, recursive feature
elimination, and decision tree classifiers feature selection algorithms. After extraction
of prominent features, we use a clustering algorithm to divide the dataset into groups
of similar kind of applicant. We use k-mode algorithm and agglomerative clustering
algorithms for making the groups. We determine the number of clusters to be formed
using elbow method. Finally, we build classification models for each of these groups
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of data. The overview of the proposed approach for the credit risk evaluation model
is shown in Figure 1. The detailed description of the proposed approach is given in
subsequent subsections.

Figure 1 Overview of the proposed approach for credit risk evaluation model (see online
version for colours)
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4.1 Dataset and evaluation measures

To evaluate the proposed model, we use a popular and benchmark dataset of credit card
applications, i.e., Australian credit dataset. The number of instances in the dataset is
690 and number of attributes are 15 including class attribute (six continuous and eight
categorical). In the dataset, all inputs variables and values have been changed to symbols
to guard the confidentiality of the dataset. Also, the dataset is comprised of nominal
and continuous attributes. There are 37 missing values in the dataset which is 5% of the
whole dataset.

4.2 Pre-processing of the dataset

In the pre-processing of the given data, the min-max normalisation technique is utilised
for transforming all the attributes in a common range to avoid biasing among the
attributes. The normalisation for an attribute x which has values in a range (Min, Max)
can be transformed into a new range (New_Min, New_Maz) using equation (1).

L v — Min(z)
Max(z) — Min(z)

v * (New_Maz(x) — New_Min(z) + New_-Min(x) (1)

4.3 Feature selection

The selection of the optimal features is very important to obtain good performance
from the machine learning model. Irrelevant attributes degrades the performance of the
model. Therefore, we propose a hybrid feature selection technique that combines three
feature selection methods namely univariate, recursive feature elimination and decision
tree techniques. The final optimal features are selected using majority voting. We apply
three feature selection techniques to extract prominent features:
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1 Univariate feature selection: statistical test can be used to choose attributes having
the strong relation with the target class. In this paper, chi squared (x?) statistical
test is used to select features that have strong correlation with the target class. The
features with scores less than one are treated as irrelevant features, and features
having score 1 or greater than 1 are considered as important features. Attributes
along with relationship score with target class using univariate feature selection
algorithm is shown in Table 1.

Table 1 Relationship score of independent variables

Feature A8 A9 A10 A7 A5 Al4 A6 A3 A4 A2 AlI3 Al2 All Al
Score  170.75 82.97 43.64 16.94 15.76 14.88 5.63 5.45 3.14 2.13 0.72 0.44 0.37 0.04

2 Recursive feature elimination: the recursive feature elimination (RFE) algorithm
selects important features by recursively removing attributes that are not relevant
and further building machine learning model using remaining attributes. On the
basis of the model accuracy, it identifies the significant attributes and the
combination of attributes that contribute towards predicting the target class. In our
experiments, we use logistic regression to develop machine learning model to
determine the significance of the attributes. The features with ranking one are
treated as prominent features others are considered as irrelevant features. The
attributes along with their ranking using RFE algorithm is shown in Table 2.

Table 2 Ranking of independent variables

Feature Al A2 A3 A4 AS A6 A7 A8 A9 Al0 All Al2 Al3 Al4
Ranking 4 6 5 1 1 3 1 1 1 1 1 2 1 1

3 Decision tree classifier: this feature selection algorithm is inspired from a bagging
of decision tree classifier. We determine the significance of a feature on the basis
of where they occur in the decision trees. The features that occur at the leaf nodes
are considered as irrelevant attributes. The features having scores less than or
equal to two are considered as irrelevant features. Important features along with
their significance score using decision tree classifier feature selection algorithm is
shown in Table 3.

Table 3 Feature along with scores using decision tree classifier

Feature A8 A9 Al10 Al13 A3 AS A2 A7 Al4 A6 A4 Al2 Al All
Score 040 0.08 0.06 0.06 0.05 0.05 0.05 0.05 0.04 0.03 0.03 0.02 0.02 0.01

4  Hybrid feature selection algorithm: after obtaining the important features
according the three feature selection algorithms, we combine the results of all
these algorithms to finally determine the prominent features for developing the
prediction model. We determine the most significant features using majority
voting, in this, we consider the feature as important if two out of three algorithms
have suggested it to be relevant otherwise it is considered as irrelevant.
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Table 4 shows the importance of the features based on hybrid feature selection

algorithm. It can be seen from the table that the features {A2, A3, A4, A5, A6,
A7, A8, A9, A10, A13, and A14} are considered as important features.

Table 4 Feature selection using hybrid feature selection method

Feature Univariate score R.ec.urst.ve featu}.’e Decz.s ton free Feature (Y/N)
elimination ranking classifier score
Al 0.04 4 0.02 N
A2 2.13 6 0.05 Y
A3 5.45 5 0.05 Y
A4 3.14 1 0.03 Y
A5 15.76 1 0.05 Y
A6 5.63 3 0.03 Y
A7 16.94 1 0.05 Y
A8 170.75 1 0.40 Y
A9 82.97 1 0.08 Y
A10 43.64 1 0.06 Y
All 0.37 1 0.01 N
Al2 0.44 2 0.02 N
Al3 0.72 1 0.06 Y
Al4 14.88 1 0.04 Y

4.4  Proposed hybrid prediction model

After obtaining the optimal features, we divide the dataset into groups of similar
loan applicants using two clustering algorithms such as k-mode and agglomerative
clustering algorithms. Further, we build different credit risk evaluation models for each
of these groups. The proposed approach is a combination of supervised and unsupervised
learning. Initially, clustering is used to make groups of similar credit card applicants. It
is due to the reason that machine learning model works better on the dataset in which
elements are identical to each other because of minimum variance between the elements
of the dataset.

The number of clusters to be formed in the first phase of the proposed approach is
decided by the elbow method. It draws a plot between number of clusters and obtained
sum of squared error for the particular cluster size. As soon as number of clusters is
increased, sum of squared error will be decreased. The elbow method try to find an
elbow in the plot, after that, sum of squared error will be almost consistent for increasing
cluster size (Ni et al., 2017). The elbow on the arm represents the optimal value of k
and as per Figure 2 value of the elbow on the arm is 3. That is why, we have determined
that three clusters should be formed. Plot between within cluster sum of squared errors
and number of clusters is shown in the Figure 2.
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Figure 2 Elbow method for obtaining optimal number of clusters (see online version
for colours)

1e9 The Elbow Method

20

15
ul
g
=10

0.5

0.0

2 4 & 8 10

Number of clusters

K-mode and agglomerative clustering is applied on the dataset and clusters of similar
loan applicants are obtained. Now each cluster is assumed to be a independent dataset
and different classification algorithms are applied on these clusters. Thus, we obtain
different prediction models which are based on similar kind of loan applicants. At the
testing of a new sample, we firstly determine the closest cluster centroid from the test
sample, and further use the corresponding prediction model to identify the class label
of the testing sample.

5 Experimental settings and results

We use 10 fold cross validation is used to evaluate the developed credit risk
evaluation models. First of all, most widely used five supervised learning algorithms
namely logistic regression, SVM, random forest, k-nearest neighbour, and decision tree
algorithms are used to develop the prediction models. These five machine learning
models are considered as baseline models to compare the performance of the proposed
approach.

Table 5 shows the classification results of solitary baseline models. It can be seen
from the results shown in Table 5 that the random forest classifier outperforms other
classification algorithms with respect to the accuracy and F-score. Predictive accuracy,
precision, recall and F-score is computed using equations (2), (3), (4) and (5).

Accuracy = TP+ TN (2)
Y“TPYTN+FP+FN
TP
Precision = ————
recision = —— TFP 3)
TP
Recall = ——— 4
T TPYFN @
F — score — 2 x precision * recall )

precision + recall
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Random forest gives an accuracy of 89% which is best as compared to other classifiers,
whereas, the decision tree classifier provides lowest performance with accuracy of 82%.

Table 5 Performance results of various classification model

Model Prediction accuracy  Precision  Recall — F-score
Baseline models
Logistic regression 0.880 0.848 0.778 0.812
SVM 0.840 0.909 0.751 0.822
Random forest 0.890 0.864 0.891 0.877
K-nearest neighbour 0.830 0.773 0.785 0.779
Decision tree 0.820 0.788 0.743 0.765
Proposed hybrid models
Agglomerative+Logistic regression 0.890 0.716 0.787 0.749
Agglomerative+SVM 0.870 0.761 0.741 0.750
Agglomerativet+Random forest 0.860 0.723 0.786 0.753
Agglomerative+K-nearest neighbour 0.780 0.716 0.753 0.734
AgglomerativetDecision tree 0.850 0.727 0.773 0.749
K-mode+SVM 0.880 0.841 0.794 0.816
K-mode+Random rorest 0.890 0.811 0.763 0.786
K-mode+K-nearest neighbour 0.830 0.721 0.764 0.741
K-mode+Decision tree 0.820 0.761 0.718 0.738
K-mode+Logistic regression 0.900 0.871 0.779 0.822

Figure 3 Comparative performance of various classification models (see online version

for colours)
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We further evaluate the performance of the proposed models by including the
clustering phase in the traditional classification models. We use K-mode clustering and
agglomerative clustering to initially form the groups. Experimental results show that the
k-mode clustering algorithm outperforms the performance of agglomerative clustering
in all the cases. For example, logistic regression classifier with k-mode clustering
gives the accuracy of 90%, whereas, LR with agglomerative clustering gives 89%
accuracy as shown in Table 5. It can also be seen from the results in Table 5 that the
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k-mode clustering algorithm along with classification algorithm performs better than the
classification algorithm used without using any clustering algorithms in earlier phase.
The best performance is obtained by using k-mode clustering algorithm along with
logistic regression classifier (as results shown in Table 5 ), it outperforms all the other
machine learning models for the credit risk evaluation. We also show the comparative
results of various prediction models in Figure 3.

6 Conclusions

We focus on the developing a machine learning-based model for credit risk evaluation
model that can determine if a loan should be granted or not for the loan applicants. In
this paper, we propose a new technique that is based on combining clustering algorithm
along with a classification algorithm. The proposed approach uses clustering algorithms
to group the similar loan applicant’s data, and further use various classification
algorithms to develop the model. We use various classification algorithms such as
logistic regression, SVM, random forest, and decision trees algorithm. Experimental
results show that the proposed approach outperforms all the other existing models for
the credit risk evaluation. The proposed approach is very generic in nature and can
be applied to any other classification problem. In future, we would like to see the
robustness of the proposed approach to other classification problem. Besides that, other
clustering algorithms like graph clustering and spectral clustering can be applied to deal
with the sparseness of the dataset.
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