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Abstract

Analyzing the credit risk is important in banking systems to ensure that debtors pay the
loans regularly, on schedule. The inability of managing the credit risk may lead severe
losses in financial institutes. Every financial institute must predict and manage the
credit risk to avoid financial crises. Hence, finding an effective method for credit risk
analysis is vital. Among various types of loans, Small and Medium-sized Enterprise
(SME) loans dominate since SMEs are considered the backbone of any economy. With
the higher amount of SME loans, the associated risk also gets increased. SME sector is
considered as risky and costly than the large enterprises. The amount of non-performing
SME loans has increased at a higher pace throughout the last few quarters in Sri Lanka.
Hence, this study analyzes the credit risk of SME loans by using a data set received
from a financial institute in Sri Lanka. It recognizes financial and non-financial
attributes affecting the credit risk of SME loans. The data mining techniques were used
to analyze the data and extract knowledge. It is an emerging technology that provides
significant improvements in terms of making accurate decisions. Data mining is used
widely for financial analysis since it facilitates knowledge extraction from large data
sets and making effective decisions. The study will help financial institutes to predict
the credit risk of potential SME borrowers and avoid inefficiencies in the lending
process. It identifies the credit risk of debtors in different aspects. Ultimately, it

provides valuable insights into effective decision making of an economy.
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Chapter 1 : Introduction
1.1 Prolegomena

This chapter introduces the research project on credit risk analysis of small and
medium-sized enterprise (SME) loans by using data mining techniques. Credit is the
primary source of income in any financial institute around the world. A risk is always
associated with the lending process, which is identified as the credit risk. Credit risk
poses a substantial exposure to the entire economy of a country. Therefore, it is
inevitable to analyze the credit risk and manage it efficiently to avoid economic crisis

situations.

Among different types of loans SME loans are considered as more risky and costly than
other categories. Simulating SMEs are important since SMEs are a crucial element for
any economy. In the Sri Lankan context also, it contributes to a considerable amount
of gross domestic production. Though SME provides valuable contribution to the
economy, the number of non-performing loans have rapidly increased in the SME
sector over the last few years. Hence this study analyzes the credit risk of SME loans
by using data mining techniques as an emerging technology. A large data set with nearly
3000 records was obtained from a leading financial institute in Sri Lanka. It was
analyzed by applying different data mining techniques. The proposed model will
predict the credit risk of potential SME loan borrowers in few different aspects. This
study will be helpful in analyzing and managing the credit risk of SME loans in an

efficient manner.

1.2 Background of the Study

Credit risk is the most important risk that every financial institute should endure.
Analyzing the credit risk of loans is a crucial operation in financial institutes since it
ensures their performance and survival. Banks must confirm the lender’s ability to pay
a loan before granting a loan [1]. The volume of loan facilities has increased daily,
making more challenges to banks and financial institutes. The excessive amount of
credit and poor credit risk management may lead a financial crisis. Hence, effective
credit management is imperative for the stability of the financial system of a country
[2]. Finding an effective method for credit risk evaluation is critical for financial

1



institutions when they are deciding credit facilities and reviewing the facilities granted.
Credit risk analysis helps banks to improve their cash flow and make managerial
decisions effectively by reducing the risk. Further, the credit rating agencies may need
this kind of credit risk analysis mechanism to rate the creditworthiness of lenders of

debt agreements [3].

The need for planning, financing and credit management is mandatory for banks with
growing loans [4]. Among different types of loans, small and medium entrepreneur
(SME) loans are imperative. SMEs play a critical role in economic growth of any
country [5]. In Sri Lanka, SMEs are also considered the backbone of the economy. The
Sri Lankan policy framework defines SMEs as enterprises which have less than 300
employees and which have less than 750 million annual turnover. It consists with micro,
small and medium enterprises. SME contributes 52% of the Gross Domestic Production
(GDP) and also it offers 45% of employment [6]. Therefore, stimulating SMEs are
necessary for the economic growth in the country. Licensed and specialized banks
provide credit support to eligible SMEs to inspire them [6]. The incapability of bankers
to foresee the credit risk of potential SME borrowers may adversely affect on the
financial system and the economic activities. [7] have found that credit risk is an
important determinant of assessing the profitability of the banking sector in Sri Lanka.
Moreover, banks perceive the SME sector is risky and costly than the large enterprises
[8]. Hence, analyzing the credit risk of SME loans is imperative in the Sri Lankan
context. This study aims at analyzing the credit risk of SME loans, by using data mining

techniques.

Credit scoring methods are generally applied in banking and financial institutions but
can be used in different industries such as telecommunication, insurance, real estate to
predict late payment risks [9]. Credit risk scoring has been identified as a predictive
tool that can be used to verify the risk associated with a loan borrower [10]. In the first
phase, credit scoring was assessed based on the personal experience and afterwards it
was based on Character, Collateral and Capacity which is known as 3Cs. Recently, the
statistical methods with data mining techniques are adopted in credit scoring process
[11]. Although statistical models and techniques are used to analyze the credit risk, the
ability to categorize good and bad customers should be further improved with recent
technologies [2]. Data mining and machine learning are the most popular and latest

techniques in assessing the credit risk. Data mining is a method of extracting knowledge
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from huge set of data in order to make successful decisions. It is an essential part of
knowledge discovery in databases known as KDD [9]. Data mining is being used in the
financial sector, widely for the predictions of credit risks, credit defaults, fraud
detections and other important analysis [12]. Thus, the study adopts data mining
techniques to analyze data and predict the credit risk. It identifies both the financial and
non-financial attributes affecting SME loans' credit risk and analyzes them with data
mining techniques to extract knowledge on a large data set obtained from a financial
institute in Sri Lanka. Ultimately, the study provides a valuable insight for financial
institutes in predicting the credit risk of potential SME borrowers with enhanced
technologies. More importantly, an in-depth analysis was done to analyze the
characteristics of the borrowers who have not fully paid the loan. It leads the bankers
to manage the credits efficiently, minimize the credit risk of SME loans, and reduce the
number of non-performing loans which are increasing daily. Further it helps in effective

decision making of any financial institute.

1.3 Problem Statement

Credit risk analysis is crucial in any financial institute for their survival [13]. Credit
scoring models are widely used in banks to predict the credit risk [9] [14]. Many studies
have been conducted on building reliable credit scoring models to analyze the credit
risk of new loan applicants. These attempts seem to be not significant due to major
changes of the weights around the optimum model have a small impact on its
implementation. Some misclassification patterns also could arise, due to the impact of
economic conditions and highly nonlinear characteristics of loan data, even the scoring
models are accurate [11]. Though financial institutes use different methods in assessing
the credit risk, the number of non-performing loans have been increased throughout the
past few years in the Sri Lankan context. Specifically, the number of NPLs has been
drastically increased in SME loans from the fourth quarter of 2020 to the second quarter
of 2021 [15].

The Department of Supervision of Non-Bank Financial Institutions under the Central
Bank of Sri Lanka has also recognized that existing directions on credit risk
management are outdated and one of the main reasons for non-performing loans in the

leasing and finance companies. They have mentioned that the credit risk analysis



methods should be updated regularly in order to cope up with local and international
developments, standards and the best practices arising at the Basel Committee on
banking supervision [16]. Further, previous studies have recommended that
implementing effective tools and techniques in credit risk management will reduce the
credit risk [17]. Besides, there are limited research in the Sri Lankan context to predict
the credit risk by using data mining techniques. Hence, this study tries to incorporate
appropriate factors in assessing the credit risk and analyze the credit risk using data
mining techniques. Further, the non-performing loans will be analyzed based on
different aspects which will be useful for the financial sector to identify factors affecting

the non-payments and to predict the credit risk accordingly.

1.4 Aim and Objectives

1.4.1 Aim
e Predict the credit risk of SME loans by using data mining techniques
1.4.2 Objectives

e Identify the attributes affecting the analysis of the credit risk for SME loans.

e Acquire the knowledge regarding data mining and other necessary technologies
in analyzing the credit risk of SME loans.

e Construct models for analyzing SME loans' credit risk in different perspectives
through data mining techniques.

e Evaluate models to verify the accuracy of credit risk analysis in different stages.

e Implement the model to analyze the credit risk of potential SME lenders.

1.5 Proposed Solution

Proposed solution for the above study, is to analyze the credit risk of SME loans by
using different data mining algorithms and to select the most appropriate data mining
technique to get the accurate decision making in credit analysis. Nearly 3000 SME loan
data obtained from a leading financial institute in Sri Lanka will be analyzed to build
the model and the RapidMiner Studio tool will be used for data analysis. It predicts the

credit risk in a few different aspects. First, it predicts whether a particular SME loan



will be fully paid or not. Then, if it is not fully paid, those unpaid loans will be analyzed
further. The payment percentage of the non-performing loans will be calculated and the
exit point will be predicted in two stages. It identifies whether the borrower will exit
the loan by paying installments regularly or irregularly. If they pay in a regular manner,
then it will predict the exact point of exiting the loan. If they pay in an irregular manner,
it will predict how many stop points may occur throughout their payment duration. In
that way this study analyses the probability of non-performing loans occurring and
different aspects of those non-performing loans which will be really helpful in decision

making for lending companies.

1.6 Structure of the Thesis

The first chapter describes the background of the study, the research problem addressed,
aim and objectives and the proposed solution. The second chapter examines the related
works of the literature comprehensively. Then the adopted technologies are described
in the third chapter while the research methodology of the study is described in the
fourth chapter. The fifth chapter emphasized the analysis and the design of the study.
The sixth chapter will be the implementation which explains the implementation of the
recommended model. In the next chapter the model evaluation will be described as the
seventh chapter of the thesis. Finally, the eighth chapter will conclude the study by
identifying the limitations of the study and proposing future enhancements. List of

references are presented in the next part followed by the appendices.



Chapter 2 : Literature Review
2.1 Introduction

The second chapter critically reviews the existing literature for analyzing the credit risk
of SME loans by using data mining techniques. First, it describes the concepts related
to credit, credit risk and SME loans. It emphasized the importance of simulating SMEs
for any economy. Then it discusses the data mining techniques that have been used to
analyze the credit risk in the literature. It also identifies the possible data mining
methods that can be applied for analyzing credit risk. This chapter provides thorough
insights into the concepts and theoretical models related to credit risk analysis of SME

loans and data mining techniques.

2.2 Credit Risk Analysis of SME Loans

Credit is considered as the main source of revenue in any bank around the world [17].
Credit risk analysis is important in the banking sector to confirm the borrowers pay
loans on time and adhere to the regulations [1]. Credit scoring methods or judgmental
techniques implement the decision of accepting or rejecting a request for a loan. A
credit scoring system allocates potential lenders to “good credit” category, if lenders
are likely to repay the loan or to “bad credit” category if there is a high possibility of
avoiding the commitments [9]. Indeed, the credit accuracy is extremely important in
credit scoring. If the accuracy of bad credit candidates grows only 1%, it may lead a
huge cost for the bank [11]. [18] have mentioned that if a person or a company fail to
make loan payments, it will be highly cost for both the bank and the stockholders. Banks
will lose the money they have already given to the borrowers, and stockholders will
lose their investments or the equities. Therefore, credit is considered as a fundamental
component of the current market economy. An ideal personal credit system is a strong
basis for the proper operations of the national market economy in many developed
countries [19]. Effective credit management is necessary for the long-term survival of
any financial institute [2] [20]. Banks must ensure that customers can pay the
installments of a loan, before giving the loan. Credit practitioners in banks get the most
crucial decisions based on the data of credit management department rather than stock

data or customer information [19]. The recent financial crisis has forced the banks to



consider the credit risk analysis as a crucial task because of severe losses [21]. Due to
the harmful effects of credit risk on global economy, the Basel committee allocated a
specific component to prudent regulation. The committee proposed measures to
redefine the vital facets of the evaluation of customer risk. It confirms the necessity of

complex models in credit risk management [21] [22].

Loan categorization is a process of evaluating loans, allocating loans to groups and
assigning grades based on the perceived risk and other related properties [14]. Among
various types of loans such as commercial loans, SME loans, personal loans,
educational and industrial loans, SME loans are imperative since SME financing
critically impact on economic growth and it creates employment opportunities.
Evidence in SME financing shows that enterprises who are unable to produce adequate
operating cash flow are more vulnerable to bankruptcy [8]. [3] indicated that small
businesses are more economically risky and have low asset correlation than other
companies. SMEs are account to few legal obligations for accounting information,
when compared to large companies. Moreover, the author has mentioned that SMEs
have a greater impact from external events such as financial fluctuations, strategy
changes, changes of managers and so on. SMEs in developing countries are facing
many challenges such as higher competition, administrative inefficiencies, economic
conditions, the long-lasting threat from globalization, and also financial crisis have

initiated distress [23].

Small businesses, on the other hand, are the primary sources of the stability and
development of financial systems in most nations, fueling the engine of economic
advancement and expansion [24]. SMEs are playing a key role in encouraging
economic development and industrial production, all over the world. Specially, SMEs
provide the foundation for sustainable economic growth and increasing income in less
developed and developing countries [25]. [5] highlighted that SMEs are not only the
primary body of the market of China, but also they considered as the pillars of their
social economy. SMEs are defined based on the annual turnover and the number of
employees in Sri Lanka. The Sri Lankan policy framework defines SME as an
enterprise which have an annual turnover below 750 million and which have less than
300 employees. The contribution of SMEs to Sri Lankan economy is more than 75% of
total enterprises and contribution to the GDP is 52%. It provides 45% of employment

also [6]. Hence, analyzing the credit risk of SME loans is crucial in any economy, to
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encourage them and grow the economy [25]. According to [15] bankers’ willingness to
lend has been increased in 2021, compared to fourth quarter in 2 020, and on the other
hand, all the loan categories (corporate, retail, State Owned Enterprises (SOE), SME)
has been reported a higher readiness to lend. Further, it emphasizes that the Covid-19
pandemic in the first quarter of 2020 stressed more increase in willingness to lend. With
this increasing amount of lending, the number of Non-Performing Loans (NPL) were
increased at a higher phase in 2021 [15]. Further, it is expected more growth of NPL,
with the expiration of moratorium facilities during uncertainty in income levels. [16]
has stressed the need of changing credit risk directions regularly to keep pace with local
and international bodies, standards, practices proposed by the Basel Committee in
banking supervision. This highlights the necessity for proper management of the credit

risk of SME loans in Sri Lankan economy evidently.

It is important to identify attributes that impact on the credit risk [21]. [26] have
introduced 6C’s analysis for credit evaluation. Those are character, capacity, collateral
capital, condition of economy and constraint. Character refers to the lender’s credit
rating, which evaluates the ability to pay on the agreement. Capital is the amount of
funds available at the lender. Capacity is estimated by considering the current income
and expected income during the loan period, and it is the ability of lenders to pay the
installments. Collateral is a property of a lender which should be considered as a
warranty of the loan. Condition of economy represents the social, political, cultural and
economic conditions that affect on the sustainability of businesses. Constraint refers to
all the barriers and limitations affect on a business, such as scarcity of resources and

regulations.

[27] have emphasized different kinds of credit scoring methods such as application
credit scoring, collection scoring, behavioral scoring and the fraud detection. The
manual credit scoring methods consist of many troubles in the industry. Moreover, the
process of credit scoring is not standardized in many banks. Such non-standard models
associate with serious problems of analyzing expensive data repeatedly. It is an obstacle
for building an optimal model for credit risk analysis [21]. [4] have investigated factors
in measuring the credit of bank customers such as current capital turnover, loan interest
rate, lender’s annual income, customer capital, loan amount and the history of corporate
with the bank. According to the results, the average turnover of the account has the

highest weightage among the factors. Some researchers have introduced financial early
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warning systems (EWS) in reducing risk and predicting the level of success of financial
institutes. Financial EWS is a supervising and reporting tool that detects potential
problems, hazards, and opportunities before they affect a company's financial accounts.
Financial performance, financial risk, and probable bankruptcy are all detected using
EWSs. Almost all financial early warning systems are based on the financial accounts.
Income statements and balance sheets are the main sources for early warning systems

that reflect the financial realities. [23].

The lending databases of the bank consist of diverse variables for customer credit
history. It is tricky to categorize clients and recognize the effects of these diverse
variables if the number of variables is higher [21]. Financial ratios are also being used
to build credit risk predictions. However, it can be problematic because several studies
have suggested various ratios as the major indicator of financial issues. Therefore, non-
financial factors such as type of enterprise, age, industry, gender etc. should be taken
into account with the combination of financial ratios [21] [28]. [28] have also
mentioned that similar to the financial indicators, the non-financial indicators are also
important for SMEs to achieve the maximum competitiveness. They have suggested
that SMEs should improve the internal mechanisms and the environment of their

business in order to achieve competitive advantages.

[21] have further identified that size of the company, profitability ratios,
creditworthiness, time period of a credit report, repayment capacity, guarantees,
ownership structure, loan number and corporate banking relationship duration are the
key factors in predicting nonpayment. Furthermore, most credit risk models are static,
therefore incapable of functioning effectively in economic crises. Though many
financial institutes use credit scoring methods those are not standardized. There are
critical issues with these non-standardized models since they analyze repetitive and
very expensive data. Indeed, this issue inhibits the development of optimal models in
credit scoring. Banks used traditional static modeling methods to assess credit risks, but
these models were unproductive due to the shortage of responsiveness to the growing
economic environment. Though these traditional static models have performed quite
well in stable situations, it fails to work so with political and economic fluctuations

[22].



2.3 Data Mining Techniques for Credit Risk Analysis

Thus, usage of data mining methods to assess credit risk is dominant in the field. Data
mining is an emerging technology that provides significant advantages in making
correct decisions [29]. It contains set of algorithms and methods to extract knowledge
and information from large databases. According to [30] data mining is “the process of
discovering meaningful new correlations, patterns and trends by examining through
large amounts of data stored in repositories, using pattern recognition technologies as
well as statistical and mathematical techniques”. It can be supervised or unsupervised
based on the data that are going to be analyzed. The rapid development of internet and
telecommunication technologies marks the arrival of big data, as structures, semi-
structured and unstructured data generated from different sources. Many countries have
identified the importance of big data as a global opportunity. In this regard, financial
big data research is also critical. It is not only necessary for social growth but also for
determining the operational state of the financial sector in order to improve its structure
and maintain regional financial stability [31]. The current behavior of data can be
described and the future behavior of data can be predicted with data mining [32]. The
most widely applied data mining methods are classification, clustering, regression,
association rules, visualization, decision trees, support vector machine and neural
networks [33]. Implementing the correct data mining technique is extremely important

to extract valuable information [4].

Data mining is used in various industries, which are differ in characteristics. Among
various purposes, one of the most popular usage of data mining is in the banking sector
to perform the financial analysis [12]. It can be used in performing analysis such as
credit analysis, optimizing stock portfolios, customer segmentation, predicting payment
default, marketing, investments ranking, credit card risk assessments, predicting
fraudulent transactions, cross selling and etc. [14]. There are different types of
techniques available under the concept of data mining such as classification,
association, clustering, anomaly detection and so on. Classification is a predictive
method that develops a model which describes and distinguishes classes or concepts for
future predictions. It includes machine learning algorithms such as K-Nearest
Neighbor, decision tree, artificial neural networks etc. Clustering refers to the

separation of objects in a huge dataset into several segments or clusters with similar

10



characteristics. The detection of groups of objects that appear frequently together, for
example, items that are commonly purchased together or genes that are related, is made
possible through association analysis. Anomaly detection entails the use of algorithms
to detect real anomalies such as unusual diseases, fraud detections, strange weather

conditions and environmental issues [34].

[4] have emphasized that it is important to identify the effective factors affecting credit
risk, so that the lenders can be evaluated and there would be no issues in returning
money to the banks. The clustering technique with a combined data mining approach
is beneficial in recognizing the hidden knowledge in the data and use it for productive
decision making. [20] has introduced cluster analysis which incorporates both the return
and risk of credit bonds to enhance credit portfolios. This combined approach of risk
and return reveals clusters with high or low profitability respectively. Among different
types of data mining techniques, [12], [21] have identified decision trees as one of the
most used methods. They have also mentioned that the success of data mining
techniques depends on the data availability, preprocessing (cleaning) and

transformation.

Further, different data mining techniques have been stated in the literature for credit
risk assessments including K Nearest Neighbors (KNN) [35], [36], Support Vector
Machines (SVM) [2] [37], Neural networks [2] , and Logistic Regression analysis [9].
[5] has analyzed the credit risk of SME loans in China by using the Random Forest
algorithm and they have ensured the accuracy of the results. Further they have
mentioned that analyzing the credit risk of SMEs are very important in this pandemic
situation since governments have paid their attention to simulate SMEs. [38] has
emphasized that artificial neural networks are more suitable with credit scoring methods
as a data mining technique. The author has suggested emotional neural network as a
more successful method for pattern recognition when compared to neural networks.
Regression models also have been used successfully in predicting credit risk, such as
linear regression and logistic regression [20]. Some authors have introduced hybrid or
combined data mining techniques by integrating two or more techniques together. [11]
have introduced such a hybrid method by combining clustering and classification
algorithms. They have used K-Means cluster as a clustering algorithm and support
vector machines as a classification algorithm in predicting credit risk of local banks in

China. [24] have introduced a data mining approach to predict imbalanced set of small
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businesses’ loan data by combing weighted SMOTE ensemble algorithms and bagging
algorithms. [29] have also proposed a hybrid approach by combining genetic algorithms

with support vector machine classifiers.

Several authors have utilized many data mining techniques for credit risk analysis as it
is an emerging technology that gives more insights to big data analytics. Since adopting
data mining techniques is important in analyzing the credit risk, this study aims to
evaluate the credit risk of SME loans using data mining techniques, which will be
helpful in taking more reliable decisions based on accurate predictions. Table 2.1
demonstrates the different classification algorithms used in literature, specifically in the

credit scoring and risk analysis.

Table 2.1: Summary of Machine Learning Techniques used in Predicting Credit Risk

Machine Learning Technique

References from Literature

K Nearest Neighbors (KNN)

[35], [36], [39], [40]

Support Vector Machines (SVM)

[2], [37], [11], [10], [41]

Random Forest

[51, [42], [43], [44]

Decision Tree

[12], [21], [1], [9], [45]

Rule Induction

[46], [47], [48]

Artificial Neural Networks

[19], [2], [21], [38]

Logistic Regression analysis

[91, [2], [10], [49]

Naive Bayes

[14], [50], [51]

Clustering

[20], [52], [11]

2.4 Summary

This chapter provided a deep understanding about the existing literature on credit risk
analysis of SME loans and data mining approaches that have been used. A summary of
data mining techniques used by previous researchers for credit risk analysis were
presented. It can be concluded that most of the researchers have used classification
algorithms for financial predictions. Hence, this study will also adopt classification
algorithms in predicting the credit risk of SME loans. The next chapter presents the

technologies adopted in the research design of this paper.
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Chapter 3 : Adopted Technologies
3.1 Introduction

The previous chapter described the different findings related to credit risk analysis of
SME loans as well as usage of data mining techniques for credit risk analysis. This
chapter explains the selected technologies which will be used in this study. It will
provide a proper understanding about the way of utilizing the above-mentioned data

mining technologies in the process of credit risk analysis.

3.2 Data Mining

Data mining is an emerging technology. It consists of algorithms and methods for
extract knowledge from large data sets to explain the current behavior and to predict
the future behavior of data [21]. DM techniques is being widely used in different
domains such as market segmentation, fraud detection, diagnosis, customer service,
benchmarking, credit scoring and other applications [53] [54]. Different DM functions
are available to cater various requirements including summarization, classification,
clustering, regression and so on [53]. In literature, various DM models have been used
in assessing the credit risk such as decision trees [1], [9], K nearest neighbors [55],
support vector machines [2], artificial neural networks [2], [21] and logistic regression
[9]. It has been argued that DM techniques can be successfully used in examining credit
risk [21], [53]. Hence, this study aims assessing the credit risk of SME loans by using

appropriate data mining techniques.

DM methods can be separated into two categories known as predictive and descriptive
methods based on the objective of data mining. Predictive methods use existing
variables to forecast the future values of the other variables and it includes methods like
classification, anomalies detection, regression etc. Descriptive methods uncover
patterns available in data construed by the user and it consists of methods like
clustering, sequential patterns, association rules etc. [53]. This study adopts
classification models as it is a predictive analysis and consists of five stages of
predictions. First it predicts whether a loan will be fully paid or not. Then if it is not
fully paid, in the second stage it analyzes those non-paid loans in few different

perspectives. The percentage of the payments (up to which extent the borrower will pay
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the loan), whether they will stop payments regularly or irregularly and the exit criteria
will be further analyzed. If they have exited the loan after set of regular payments, the
exact exit point will be predicted and if they have exit in an irregular manner, the
number of exit points will be predicted. Different algorithms were used and evaluated
in each stage to select the optimal, and they were mentioned under the process of data

mining scheme.

3.3 Data Mining Process

The data mining process consists of few stages such as selection of data, preprocessing,
transformation, data mining, evaluation and interpreting the results. The process was
depicted in figure 02. The way this study has followed these steps was described in the
next chapter. Here, in the first phase data should be collected related to the domain to
be studied. The exploratory data analysis should be used to get familiarized with data.
Then the desired subset of data should be selected. The raw data should be prepared by
selecting variables that we want for the analysis and appropriate for the study. Some
data may be transformed according to the requirement. As the next step the relevant
modeling techniques should be applied and get the optimum results. Different data
mining algorithms can be applied on the same data set. In the final stage the applied
models should be evaluated to verify the quality and the effectiveness before they
deployed. Finally, the results should be interpreted in order to extract the knowledge
[56].

Interpretation

evaluation
5 Data mining
| Transformation - \
Preprocessing LY \,:/ ' o
\ === = :
\ =) =T=C E:\ i Knowledge
" E36a L. MmT : |
( ! E . — ‘i__::? - T | Patterns !
E — ;lri’*::? St 2% ! Transformed | Imodels
W — — ! Preprocessed | data !
— Target data I St i i

Data

Figure 3.1: Stages in Data Mining Process

14



3.4 Supervised Learning

Supervised learning is a paradigm of machine learning which acquires knowledge from
a set of input-output training samples. Since the output is considered as the label, the
training sample is also known as supervised data or labelled training data. The objective
of supervised learning is to develop an artificial system that perform the mapping
between the input and the output and predict the output by giving new inputs [57].
Simply, if the class label is known or provided in a given training data set, it is
recognized as supervised learning or the learning of the classifier is supervised [58]. It
finds a model for class attribute or the label, as a function of the other attribute values.
The aim of supervised learning is to assign previously unknown examples into a class
as much as accurately. Classification belongs to supervised learning since the class label

1s known.

3.5 Classification Algorithms

Classification refers to the process of developing a model which explains and
distinguishes classes or concepts for future prediction. It belongs to supervised learning
since the class label is known in the set of training data. For example, countries can be
classified based on the climate and motor vehicles can be classified based on gas
milage. The resulting model can take many different forms, including classification
rules, decision trees, neural networks and mathematical formula [58]. Classification has
two main steps including model construction and the model usage. In model
construction, a set of determined classes should be described. In the usage of the model,
the unknown or future objects can be predicted. Each classification algorithm can be

described as follows.

3.5.1 Decision Tree

A decision tree is a tree structure that looks like a flowchart, that a node symbolizes a
test on an attribute value, a branch denotes the outcome of the test, and leaves represent
class distributions or class labels [58]. Decision tree recognizes a set of variables and
association rules and then analyzes the impact of these variables to make decisions. It
is capable of processing massive data [1]. Training examples are lied at the very

beginning of the tree and in the root examples are partitioned iteratively based on the
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attributes. The test attributes can be picked on statistical or heuristic measures such as
Gini index, information gain. Decisions trees can be converted into classification rules
easily [53]. Researchers have identified advantages of decision tree method such as
efficiency, flexibility, easy interpretations, logical relationships, elimination of

unwanted calculations etc. [18].

In RapidMiner, decision tree operator creates decision trees with decisions and leaf
nodes. This can be used on both numerical and nominal data sets. There are two stages
of decision tree development such as tree construction and tree pruning. The generated
decision tree can be used to classify unknown examples and test the attribute values of

the sample dataset against the decision tree.

3.5.2 K- Nearest Neighbor

This is a non-parametric algorithm which is very useful for decision making hence it
relies on the entire training data set and does not comply with the theoretical
assumptions made usually. It compares an unknown example to the k training instances
that are the unknown example's closest neighbors [59]. And also, this can be used to
anticipate a real-valued forecast for a certain unknown row. In that case, the classifier
reverts the average of the real-valued labels connected with the k closest neighbors of
the unknown row. The main benefit of this method is that it’s not mandatory to
determine a predictive model prior to classification. The major disadvantage is that
KNN does not yield a simple classification probability formula, and that the measure
of distance and the cardinality k of the neighborhood significantly impacts predicted

accuracy [18].

In Rapid Miner, the K value can be specified in order to set the number of nearest
neighbors that we want to consider for the classification. Then, the measure type can
be identified by using the distance functions such as Euclidean Distance, Manhattan
Distance, Camberra Distance and so on. The distance functions identify the distance

between two points. KNN works on the concept of instance-based learning.

3.5.3 Naive Bayes

This is based on the Bayes’ theorem and valid for multiple probabilities when the events

are independent. It suits for even a small set of data since it is high-bias and low-
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variance classifier. It is easy to extend the Naive Bayes algorithm to cope up with
numerical attributes. Nave Bayes can be wrong if a specific attribute value does not
appear in the training set with every class value [53]. Further, it has shown high
accuracy and speed with large databases as well. It assumes that attributes are
independent in real life as well. Since this independence assumption does not exist in
most of the real scenarios, Bayesian Belief Network was introduced, which is more
flexible [55]. The main benefit of this algorithm is that it needs only a little number of
training data to predict the necessary parameters. Simply, it can be used for sentiment
analysis, text categorizations, recommender systems and spam detections. RapidMiner

models attribute data using Gaussian probability densities [60].

3.5.4 Rule Induction

Information gain and the accuracy are the parameters for specifying the criterion for
choosing attributes and numerical splits. With respect to the information gain from the
given example set, it learns a pruned set of rules. This results in massive number of
association rules which should be pruned down based on the coverage and accuracy.
This is identified as quite infeasible [53]. Rule induction algorithm in RapidMiner starts
with the less prevailing classes, grows repetitively and prunes rules tilThe rule induction
algorithm in RapidMiner starts with the less prevailing classes, grows repetitively and

prunes rules until the error rate is higher than 50%t or no positive examples left.

3.5.5 Random Forest

This produces excellent predictors by building randomized decision trees in iterations.
This algorithm is an ensemble of a particular set of random trees, which we can specify
as a parameter. The trees are trained based on bootstrapped sub-sets of the input data
set. As its name implies this algorithm contains enormous number of decision trees that
works as an ensemble. Each individual tree generates a class prediction while the class

with the most votes becomes the prediction of the classification model [53].

The Random Forest algorithm in rapid miner produces a number of random trees. The
resulting forest model includes a specified number of random tree models. This number
of trees required, can be given as a parameter of the random forest operator. Pruning
can be used to minimize model complexity by replacing sub-trees that have limited

predictive potential with their leaves.
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3.5.6 Linear regression

This can be used to predict numerical attributes. It finds the best fit linear relationship
between the independent and the dependent variables. The idea behind this algorithm
is to convey the class as a linear sequence of the attributes, with predetermined weights
[53]. LR is considered as a bivariate method since it operates on two variables. In the
same manner that classification is applied to predict categorical examples, linear
regression is used to predict continuous variables. This can be used in predicting how
much certain factors like price of a product, interest rate, impact of price variations of

assets and so on.

3.5.7 Logistic Regression

Logistic regression can be used in both regression and classification tasks. It predicts a
categorical dependent variable based on a set of independent variables. The main
distinction between linear regression and logistic regression is the type of the variable
which are going to be predicted. Linear regression is used for continuous variables as
specified above [61]. In RapidMiner, this algorithm employs Java implementation of
the myKLR introduced by Stefan Rueping. It is a fast algorithm which gives good

results in many tasks.

3.5.8 Artificial Neural Networks (ANN)

Neural networks have been used since 1990’s for financial analysis as a quantitative
forecasting technique. It is a nonlinear optimization tool which comprises of three
layers including the input, output layers and one or many hidden layers. Each neuron
processes inserts and retrieves a value that is conveyed to the neurons in the layer below
it [21]. [38] has identified neural networks as a feasible model in analyzing the credit
risk as it allows the characteristics to be interacted in several ways. One characteristic
may relate to many characteristics, which making a comprehensive network structure.
[18] have emphasized several benefits of ANN such as robustness, ability for generalize
and handle large number of data, less statistical assumptions, memory and so on. The
drawbacks of the method include longer training times, may be overfit with large

datasets, issues with interpretations and may infeasible with small datasets.
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3.5.9 Support Vector Machines (SVM)

SVM is more suitable for classification and regression with small number of samples.
It is considered as a fact algorithm that generates proper results in many learning tasks.
SVM involves three main steps: select the optimal feature, choose the kernel and
optimize kernel parameters [11]. It depends on the maximization of the margin for
producing a hyperplane that divides the data into two main classes by providing them
with great generalization capacity [2]. In RapidMiner, SVM uses a Java implementation
of mySVM by Stefan Ruepingthe. SVM operator supports different kernel types such
as polynomial, dot, neural, radial, multiquadric, anova, epachnenikov and gaussian

combination.
3.6 Data Mining Tools

Different tools are available in machine learning to analyze data, such as Weka,
RapidMiner Studio, Oracle Data Mining etc. Weka is a tool which consists of machine
learning algorithms and it facilitates data preparation, visualization, classification,
clustering, regression and association rule mining. It is an open-source software offered
under GNU General Public License. Weka provides scalable and reliable solutions for

the Al workloads in modern enterprises.

This study uses RapidMiner Studio which has a rich library of 1500+ algorithms and
functions to ensure the best model. It is considered as a visual workflow designer since
it has a unique visual representation. It helps speedy and automated creation of visual
models in data mining. The scalable architecture of RapidMiner Studio is depicted in
Figure 3.2 [60]. It provides an incorporated platform for deep learning, data preparation,
machine learning, text mining and predictive analytics. It is more scalable and
facilitates better visualizations. Various extensions can be added to RapidMiner

according to the requirements and to build more comprehensive models.
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Figure 3.2: Scalable Architecture of RapidMiner Studio

3.7 Summary

This chapter presented data mining techniques as the adopted technology in analyzing
the credit risk of SME loan data. It described what data mining is, the process of data
mining, the concept of supervised learning, classification algorithms and data mining
tools available. RapidMiner Studio was used in this study as a tool in assisting the data
mining process. The next chapter will describe the methodology or the proposed

approach in analyzing credit risk of SME loans.
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Chapter 4 : Methodology for Analyzing the Credit
Risk of SME Loans

4.1 Introduction

This chapter describes the research methodology that has been adopted to address the
research problem. In this process, data mining techniques were applied as mentioned in
the previous chapter. Here, it describes the approach by highlighting the hypothesis and
the steps followed in the data mining process to analyze the credit risk of SME loan

data.

4.2 Hypothesis

The main hypothesis of this study is classification techniques in data mining can be
used for the credit risk analysis of SME loan data. The selection of the hypothesis was
affected by the fact that the increasing number of non-performing loans in SME
category throughout the last few years and there is no proper mechanism to predict the
credit risk of SME loans in the Sri Lankan context. Hence, this study uses classification
algorithms such as KNN, Decision Trees, SVM, Random Forest and Naive Bayes in

order to identify the most accurate one for the prediction of credit risk.
4.3 Input

As the input of this study, Small and Medium-sized enterprise loan data have been
collected from one of the leading financial institutes in Sri Lanka. Nearly 3000 records
were obtained to perform a comprehensive analysis based on data mining techniques.
The dataset was identified as a balanced data set since it contains 1535 non-performing
loans and 1515 fully paid loans. The attributes available in the data set will be discussed

later in this chapter.
4.4 Output

The output of this study will be a designed simulation which can be used to identify
non- performing loans. Several classification models will be created by using selected
classification algorithms. The model with the highest accuracy will be selected to

predict the non-performing loans in this selected data set. In this study, the predictions
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will be performed in several stages. First, it will predict whether a particular SME loan
will be fully paid or not. It gets arrears, then it will predict the percentage of the arrears
amount and further it will identify whether the borrower has exited the loan after a set
of regular payments or irregular payments. If it is irregular, then it will predict the
number of exit points that can be occurred throughout the loan period. If they exit in a
regular way, then it predicts the exact exit point that they will stop the loan. In that way,

this study predicts the non-performing loans in different aspects.
4.5 Process

In this study, the main process is to identify the most appropriate and accurate
classification algorithm which can be used in analyzing the credit risk of SME loans in
order to get the decisions effectively. A thorough literature review was done to identify
existing algorithms that can be used in the process. Within this main process, several
sub processes are included. Those are data selection, data preprocessing, data
transformation and the evaluation. The process will be described further in next few

topics.

4.6 Users

The credit officers in all the financial institutes can use the proposed model in predicting
the credit risk of SME loans. They can easily identify the potential debtors and can
predict their behavior more accurately. Further, this study will provide valuable insights
for managers in decision making. On the other hand, this study also indirectly benefits
SMEs, since the financial institutions may simulate SMEs by predicting their credit

risk.

4.7 Features

The models proposed by this study in predicting credit risk in different stages, can be
used to analyze a huge amount of SME loan data in any financial company including
state and private banks. It can be applied to analyze any type of data by getting variables
related to those types of loans. As the study's main features, this can predict whether a
loan will get fully paid or not at the first phase. Then it is capable of analyzing identified
non-performing loans in few different perspectives such as exit method, exit point and

number of exit points.
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4.8 Data Selection

The sample data related to SME loans were collected from one of the leading financial
institutes in Sri Lanka. It contains nearly 3000 records of SME loan data pertaining to
year 2017 —2020. Since the Covid 19 pandemic has been adversely affected in financial
sector, three years were selected (before the pandemic) for a better prediction of credit
risk. The data is in the format of MS Excel thereby the manual preprocessing activities
were easy to perform. Among 3050 samples, 1978 samples of loans belong to females.
And 2559 of the borrowers are married. The net monthly income has been calculated
by deducting their monthly expenditures from the monthly income and it is ranged from
approximately 6650-35000 LKR. And the loan amounts were varied from 50000-
250000 LKR. The interest rate is varied from 31% to 35% per annum. The loan term is
ranged from 12 months to maximum 24 months. Monthly installment is varied between
3000 to 15000 LKR. Further 15 SME types are available in the data set such as plant
nursery, weaving, food manufacturing, cane industry, rubber products, batik industry,
food manufacturing, garage, craft designing, rubber products, aquarium, wood carving,
apparel, mills, diary processing and salon. The descriptions of the variables are

presented in Table 4.1.

Table 4.1: The Definitions of Variables

No | Variable Data Type Description

1 Gender Binomial The gender of the borrower (Male or
Female)

2 | Age Numeric The age of the borrower in years

3 | Marital Status Binomial Marital Status of the borrower

(Consists of two statuses: Married or

Single)
4 | Net Monthly | Numeric Monthly  income - Monthly
Income expenditures
5 | Business Type Polynomial SME business type (15 types are
available as mentioned above)
6 | Loan Amount Numeric Amount of the loan received
7 | Interest Numeric Interest rate of the loan
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8 | Loan Term Numeric Time period of the loan

9 | Monthly Numeric Monthly installment that the borrower
Installment should pay

10 | Status of | Binomial (Class | Whether the loan will get arrears or not
Payments Variable) Yes — Arrears (Non-performing loans)

No — Non-arrears (Fully paid loans)

11 | Payment Polynomial If the loan is not fully paid, the extent
percentage to which the payments have been
occurred.

Very Low — Pay between 0% - 25%
Low — Pay between 25% - 50%
Medium — Pay between 50% - 75%
High — Pay between 75% - 100%

12 | Exit Method Binomial Whether they exit after a set of regular
payments or exit with irregularly

payments

13 | Exact Exit point | Numeric If borrowers exit after set of regular
payments, in which installment
onwards the borrower has stopped the

payments.

14 | No. of exit points | Numeric If borrowers exit after set of irregular
payments, the number of exit points
they have come up with, throughout the

loan period.

4.9 Data Preparation

The data set was filtered first, in order to get the loan details only related to 2017-2020
since those three years were selected for the study. It was identified as a balance data
set since it has total 3050 records which consists of 1515 of fully paid loans and 1535
of non-performing loans. Some manual preparation of data was done in excel sheets to

identify a few attributes such as percentage of non-payments, exit method, the exact
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exit point and the number of exit points by analyzing the way the SME borrowers have

paid the loan throughout the time period.
4.10 Data Pre-Processing

Data in the real world are incomplete, inconsistent and noisy. If the quality of data is
low, then the quality of the results may also low. In data mining, it requires quality data
to generate a quality output. Therefore, data preprocessing plays a critical role in the
process of data mining. There are major tasks in pre-processing such as data cleaning,
integration, transformation, reduction and discretization. Data cleaning refers to filling
the missing values, removing inconsistencies and outliers and smoothing noisy data.
Data integration involves combining data from several databases, files or data cubes.
Data transformation refers to the aggregation and normalization of data. In
normalization the data can be scale in manner so that they can be fit into a particular
range. Then, data reduction takes reduced representation of data in volume but
generates the similar analytical results. Another part of data reduction is discretization
which converts some numerical attributes into nominal attributes by categorizing the
numerical attribute into a number of bins specified by the user. The way this study

follows data preprocessing activities will be further described in the sixth chapter.

4.11 Data Mining Scheme

Among different data mining algorithms, the most accurate one should be selected
according to the data set. In this study the credit risk will be predicted by considering
the above-mentioned attributes and since a class label is available a classification model
1s more appropriate. This belongs to supervised learning because the training data set
is supplemented by labels showing the class of the observation [53]. Based on the
literature, classification algorithms were selected such as Naive bayes, Decision tree,
K-NN, SVM and Random Forest models. Each of these models were used and tested

in RapidMiner Studio in order to select the most accurate one for the study.

The above-described algorithms were applied to predict whether the loan will be paid
completely or not in the first phase. Then if it is incomplete, it will be analyzed in
various perspectives again by using different models. To predict the percentage of the
payments, again the same algorithms were applied since the level of percentage was

discretized into four nominal categories such as high, medium, low and very low. Then
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the exit method was analyzed by applying same set of algorithms. It checks whether a
particular borrower will exit the loan in a regular manner or in an irregular manner. If
it is regular, then it predicts the exact point of exit (in which installment onwards the
borrower has stopped the payments). Linear Regression, KNN and decision tree
algorithms were tried for this prediction since they facilitate numerical predictions.
Then if the exit method is irregular, it predicts the number of exit points that can be
occurred during the loan period. Again LR, KNN and decision tree were used to find
the number of exit points. In that way this study provides valuable insights into

analyzing the credit risk in various aspects.

4.12 Summary

This chapter presented the approach to analyze the credit risk of SME loans by using
data mining techniques. Here, it pointed out how this methodology offers an efficient
and accurate solution for credit risk analysis using data mining. It described the input,
output, hypotheses, process, users as well as features of the proposed model. The next

chapter presents the design and the analysis of presented approach in this chapter.
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Chapter 5 : Analysis and Design
5.1 Introduction

This chapter presents the approach to analyze the use of different data mining
techniques to predict the credit risk of SME loans. It emphasizes the design of the study
including high-level design and sub modules. Then it elaborates the analysis of data by

using different data mining algorithms.

5.2 Research Design

This study follows the scientific research methods to achieve its aim of efficiently
predicting the credit risk of SME loans. It adopts the quantitative approach since it relies
on numeric data. The quantitative approach requires a set of hard data which are then
manipulated and analyzed by using statistical methods to check whether the hypotheses
are proved or not. This study adopts the data collection methods such as observations
and documentations to identify the issues related to credit risk management of financial
institutions. Then, a background study was carried out to identify solutions introduced
to mitigate the associate risk with credit. Due to the inefficiencies of those solutions
and due to the higher growth of non-performing loans in SME sector, the data mining
approach was selected to analyze the credit risk of SME loan data. Previous studies
have also used data mining techniques in different contexts successfully, especially in

the financial sector.

The research questions were identified as mentioned in chapter one and the hypotheses
were built. That hypotheses were tested by using a large data set related to SME loans,
by applying data mining algorithms. RapidMiner studio was used for the testing process
and a few models were developed to identify non-performing loans in different

perspectives.

5.3 Detailed Research Design

The main objective of this study is to analyze the credit risk of SME loan data by using
data mining techniques. The high-level research design of the study is depicted in

Figure 5.1. A sample set of training data will insert as the input and several
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classification algorithms will be applied on that. The model will be developed and
evaluated by looking at the performance of different machine learning algorithms.
Then, the test data set will be inserted to the model and it will predict the credit risk of

the given data set.

Input a sample of Input a SME
SME loan data loan data set
Apply Build the Evaluate
Classification > model — | the model
Algorithm i
Predict the

credit risk

Figure 5.1: The High Level Design of the Proposed Model

The aim of this study is to analyze the credit risk of SME loan data by using data mining
techniques. To achieve the aim of the study, there are a few research questions to be

addressed as mentioned follows.

5.3.1 Research Question One

What are the factors affecting the credit risk of SME loans?

5.3.2 Research Question Two

How data mining techniques can be used in analyzing the credit risk of SME loan data?

5.3.3 Research Question Three

What is the most appropriate algorithm in analyzing the credit risk of SME loans?
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5.4 Analysis

The collected data will be preprocessed and analyzed by using the RapidMiner Studio
tool as a data mining tool. RapidMiner is a more robust and user-friendly tool for data
mining. It is a data science platform facilitates clear visualizations and a vast range of
algorithms, libraries and extensions. Different classification algorithms will be
employed on the data set in order to identify the most accurate model. To find the best
model, the evaluation will be done by using different performance parameters. The

results of the analysis will be presented in the next chapter.

5.5 Summary

This chapter provided details on research design and analysis of the study. Furthermore,
this chapter focused on detailed design for the research and how primary and sub
research questions are structured within the research. Moreover, RapidMiner was used
for analyzing data. Next chapter will explore the implementation details of the research

design and analysis.
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Chapter 6 : Implementation

6.1 Introduction

This chapter discusses the implementation of the overall project by giving solutions to
each research question in the study. Data selection was done first and data
preprocessing was done in a few stages. Then the data transformation was done and the
patterns were identified by applying different data mining algorithms. Based on the
identified patterns the relevant knowledge or the predictions were extracted as the

output.

6.2 Solution for Research Question One

The first research question is to identify the factors affecting the credit risk of SME
loan data. Here, the different sources are referred such as existing procedures in
financial institutes as well as the factors considered by the previous researchers. Both
the financial and non-financial factors are considered in this regard. In the literature
also, previous scholars have identified the importance of considering non-financial
factors for credit risk analysis. Then the most critical factors were identified and

obtained from the dataset received from a leading financial institute in Sri Lanka.

6.3 Solutions for Research Question Two

The second research question is to identify the data mining techniques can be used in
analyzing the credit risk of SME loan data. A thorough literature review was done in
order to understand the data mining and machine learning algorithms that can be used
in this scenario. Based on that, the classification method under supervised learning was
selected since the class label is available in the obtained data set. The results will be

presented under the next few topics of this chapter.

6.4 Solutions for Research Question Three

As the solution for the third research question, identifying the most accurate model in
predicting the credit risk, different algorithms were tested and compared in few

different levels of predictions as mentioned previously. Several performance criteria

30



were used in comparing the results such as accuracy, correlation, Kappa statistic,
squared correlation and classification error. The results will be discussed in detailed

within next chapter.

6.5 Data Preprocessing

In this study, a few missing values were identified under the status, gender and business
type attributes. First, those missing values were replaced by using the average values.
Then, the duplicate values were removed as it generates an overfit model. Discretization
was done only by selecting the percentage attribute to arrange the percentage values
into ranges. Here, discretization by user specification method was used with 4 classes.
Then normalization was done for the interest and loan term attributes to rescale them.
Z-transformation or the statistical transformation was used here in order to verify all
the attributes have the similar scale for a reasonable comparison between them. The
outliers were also detected with the Euclidian distance function with 10 number of
neighbors. Then by using a filter example operator, the outliers were filtered out and

only the non-outlier examples were selected.

Then the attribute selection was done. The borrower's birth date, the total receivable,
and the total amount paid are not directly relevant to the study, hence not selected for
further proceedings. Only the relevant attributes were selected including age, gender,
interest rate, loan amount, loan term, monthly installment, net monthly income, marital
status, payment percentage and the business type. The class label was set to whether
arrears or not attribute by using the set role operator and cross validation was used to
split the test and training data set. Afterwards different machine learning algorithms

were applied to identify the most accurate predictions.

6.6 Data Mining Algorithms

As discussed in the previous chapters the classification algorithms were selected for the
analysis since the class label is available in the data set. Among different classification
algorithms, a few were selected by referring the literature. Many researchers have used
decision tree, neural networks, SVM, naive bayes, KNN, linear regression, Rule
Induction and Random Forest algorithms in predicting the credit risk. Hence those

algorithms were applied and tested for their accuracy in this study. To evaluate each
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algorithm the performance operator was used with different parameters such as the

accuracy, classification error, correlation, squared correlation and the Kappa statistic.
6.7 Parameter Tuning

Different parameters can be identified under each algorithm. These parameters can be
changed to increase each algorithm's performance and reduce the error rate. In decision
tree algorithm there are parameters like criterion, maximal depth, confidence, minimal
gain, leaf size etc. The criterion and maximal depth was changed to increase the
performance. Different criterion can be selected such as gain ratio, information gain,
Gini index, accuracy and least square. Gini index shows the highest accuracy here. The
depth of a tree differs depending on the size and characteristics of the example set [60].
Further, this can be applied to limit the depth of the decision tree and the default value
is 10, that keep as it is.

Under the KNN algorithm the K value was decreased which was 5 by default. It finds
the K number of training examples which are closest to the unknown examples. It
should be a small, positive and an odd number. Then in SVM, the Kernel type and
Kernel cache can be changed to enhance the accuracy. It supports different Kernel types
such as Anova, Dot, Polynomial, Neural etc. Different kernel types were tried in order
to improve the accuracy of the model. In linear regression algorithm the feature
selection can be changed into none, greedy, M5 prime, T-test and iterative T-test.

Further, the minimum tolerance ratio can be specified.

In Random Forest algorithm, the number of trees can be specified starting from 1 to
infinity. The default value is 100 and it was kept as it is. The criterion can be again set
to gain ration, Gini index, information gain, accuracy or least square. Based on the
performance, it was set to Gini index. Under LR, feature selection parameter describes
the feature selection method to be used in regression such as M5 prime, greedy, T-test

and so on [60]. It can be set to none as well.

6.8 Cross Validation

Cross validation operator can be used to assess how accurately a model may perform
in the practical usage. It contains two sub parts the training sub process and the testing

sub process. A model can be trained by using the training sub process. Then, that trained
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model will be used for predictions under the testing sub process. During the Testing
phase, the model's performance is evaluated. Here it creates the number of validation
subsets internally by itself. The input data set is divided into K number of samples in
equal size. Among these K number of samples, one subset is considered as the test data
and the rest (K-1) is considered as the training data set. This process is then iterated K
number of iterations. Then, the outcomes of K iterations are averaged in order to
generate the final output. In this study, the cross validation was used. Figure 6.1 shows

the steps followed in RapidMiner up to cross validation.
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Figure 6.1: Data Mining Process in RapidMiner

6.9 Split Validation

Split validation, on the other hand predict the performance of a model by using a
hypothetical test data set when an explicit test data set is not available. Here also the
data set can be split into two parts as training data set and the test data set. The size of
the subsets can be altered. The model is trained by using the training data set and then
will be employed on the test data. This is performed in only one iteration which can be
identified as the main difference between cross validation and split validation. In cross

validation it repeats K number of times by using different testing and training subsets.
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6.10 Summary

This chapter described the process of applying data mining techniques and
implementing the models for the purpose of analyzing the credit risk of SME loan data.
It explained the way of implementing the proposed solution by using the RapidMiner
tool. The next chapter will explain the evaluation phase of the implemented models and

the selection of the most suitable model.
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Chapter 7 : Evaluation

7.1 Introduction

This chapter focuses on the evaluation of the different data mining techniques used for
credit risk analysis of SME loan data. There are five main stages of the analysis as
previously explained. The performances of each data mining algorithm were compared
to identify the most accurate algorithm under each stage. Several parameters were used
in comparing results and finally, based on the highest performance measurements, some

data mining algorithms were selected in each stage.
7.2 Model Evaluation

Evaluation of the model is a significant step in the data mining process. It supports
making effective decisions on the knowledge extracted from data mining techniques.
By using the performance operator in RapidMiner, the models can be evaluated in
different perspectives. Several criteria are available in RapidMiner to evaluate different
kinds of models. To evaluate binomial classification tasks accuracy, recall, precision
and AUC (Area Under the Curve) can be used. Accuracy and Kappa Statistic can be
used for polynomial classification tasks. Mean Squared Error and Root Mean Squared

Error can be used to evaluation of regression tasks.

7.3 Evaluation Parameters

Different parameters are available to cater different types of analysis as mentioned
above. Since this study has five stages of predictions these parameters have been used

according to the model. Each parameter can be described as follows.

Accuracy can be used in measuring the correct rate of predictions. The classification
error measures the relative number of misclassified examples. Kappa statistic is a more
robust measure since it considers the correct prediction occurring by chance rather than
a simple percentage of correct prediction. There are various other performance metrics
are available such as absolute error, relative error, root mean squared error, weighted
mean recall etc. Correlation is also an important aspect to evaluate a model which
returns the correlation coefficient between the class label and the independent variables.
Another important metric is squared correlation that returns the squared correlation

coefficient between the label and the prediction attributes. Absolute error refers to the
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prediction's average absolute deviation from the actual value. The actual values are the
values of the class label. Class weight is also an excellent parameter which identifies
the weights of all the classes. Root mean squared error is also an excellent measurement
for numerical predictions. It is referred as the difference between predicted values and
the observed values. If it is lower, it indicates a perfect fit in the model [60]. The results
of applying the evaluation parameters for each algorithm are shown in the next few

subtopics.

7.4 Confusion Matrix

Confusion matrix can be also used to measure the performance of classification tasks.
It has two possible values: positive and negative as well as two states of prediction
results: right or wrong. It creates a matrix with four entries as depicted in Figure 7.1.
Based on the confusion matrix different performance evaluation criteria can be built
such as precision, recall, accuracy, positive predicted value, negative predicted value
and specificity. It supports in identifying errors of the classifier and types of errors as
well. The confusion matrix generated for the first stage of predictions is depicted in

Figure 9.7 in appendix.
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Figure 7.1: Confusion Matrix

36



True Positive (TP) — Refers to positive examples that are correctly predicted. As an

example, a loan is predicted as arrears and actually it is.

True Negative (TN) — Refers to negative examples that are correctly predicted. As an

example, a loan is predicted as non-arrears and actually it is.

False Positive (FP) - Refers to positive examples that are incorrectly predicted. As an

example, a loan is predicted as arrears and actually it is not.

False Positive (FP) - Refers to negative examples that are incorrectly predicted. As an

example, a loan is predicted as non-arrears and actually it is not.

7.5 Prediction 01 — Status of the payments

The first prediction predicts the status of the payment (predicting whether a loan will
be get fully paid or not). Five algorithms were selected to apply here, based on the
thorough literature review done in chapter 2. A balanced data set with around 3050
records were used with the previously mentioned attributes. The results of different

algorithms applied in the first stage were depicted in the below table.

Table 7.1: Prediction 01- Performance Metrics of Different Algorithms

Algorithm Accuracy | Classification | Correlation | Squared Kappa
Error Correlation | Statistic
Naive Bayes 62.31% | 37.69% 25.2% 6.3% 24.8%
Rule Induction 65.28% | 34.72% 31.8% 10.1% 30.8%
Decision Tree 65.52% | 34.48% 42.8% 18.3% 31.8%
KNN 68.83% | 31.17% 37.6% 14.2% 37.6%
Random Forest | 72.27% | 27.73% 44.7% 20.0% 44.6%
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By considering the above performance metrices the Random Forest algorithm was
selected for the first stage of the analysis to predict whether a loan will get paid fully or
not. Here, Figure 7.2 depicts the performance vector of the Random Forest algorithm.

The images of the results generated by RapidMiner was presented in appendices.

PerformanceVector

PerformanceVector:
accuracy: T2.27% +/- 44.77% (micro average: T72.27%)
ConfusionMatrix:

True: Ho Yes
Ho: 1089 464
Yes: 357 1041

classification error: 27.73% +/- 44.77% (micro average: 27.73%)
ConfusionMatrix:

True: Ho Yes
Ho: 1089 464
Yes: 357 1041

kappa: 0.44¢
ConfusionMatrix:

True: Ho Yes
Ho: 1089 464
Yes: 357 1041

correlation: 0.000 +/- 0.000 (micro average: 0.447)
squared correlation: 0.000 +/- 0.000 (micro average: 0.200)

Figure 7.2: Performance Vector of Prediction 01

7.6 Prediction 02 — Payment Percentage of Non-performing Loans

In the second stage it predicts the non-performing loans in different perspectives. If a
particular loan is identified as a non-performing loan, then the model predicts the
percentage of the non-payments. The results obtained from the first prediction was
imported for this second phase by exporting the results into an excel file. Then the
samples are filtered out to get the records which are actually arrears and the prediction

1s also arrears.

Percentage was discretized into four categories as high (will pay above 75%), medium
(will pay between 50%-75%), low (will pay between 25%-50%) and very low (will pay
below 25%). Hence, the prediction will be a nominal one. All the algorithms applied in
prediction one, were applied here also. Parameters of the algorithms were tuned to get
more performance and the KNN algorithm was selected for this stage since it showed

the highest performance.

38



Table 7.2: Prediction 02- Performance Metrics of Different Algorithms

Algorithm Accuracy | Classification | Correlation | Squared Kappa
Error Correlation | Statistic
Naive Bayes 53.9% 46.11% 19.1% 3.6% 13.2%
Rule Induction 62.06% | 37.94% 32.0% 10.3% 29.5%
Decision Tree 62.63% | 37.37% 36.2% 13.1% 28.7%
Random Forest | 72.81% | 27.19% 56.4% 31.8% 50.0%
KNN 73.87% | 26.13% 57.3% 32.8% 52.3%

7.7 Prediction 03 — Exit Method

As the next prediction, if a particular loan is identified as a non-performing loan, it will
check the exit method of the borrower. There are some borrowers who have exit the
loan after paying installments regularly for some period. On the other hand, there are
some borrowers who have paid the installments in an irregular way by keeping number
of exit points throughout the loan period. The third prediction will predict whether the
borrower will exit the loan after set of regular payments or irregular payments. When
we get the results data of the first prediction into here, there is an imbalance of the
dataset since there are more regularly done payments. Because of that the model will
get overfit. Therefore, a balanced dataset was imported here by filtering out 1420 non-
performing loans out of 1535. There, 720 samples consist of regularly done payments
and 720 samples consist of irregularly done payments. Here also the previously used
classification algorithms were applied and according to the highest accuracy, KNN was

selected for this stage.

Table 7.3: Prediction 03- Performance Metrics of Different Algorithms

Algorithm Accuracy | Classification | Correlation | Squared Kappa
Error Correlation | Statistic
Rule Induction 94.02% | 5.98% 88.4% 78.5% 88%
Naive Bayes 95.06% | 4.94% 90.2% 81.6% 90.1%
Decision Tree 95.29% | 4.71% 90.7% 82.5% 90.5%
Random Forest 95.75% | 4.25% 91.5% 84% 91.5%
KNN 96.32% | 3.68% 92.7% 86% 92.6%
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7.8 Prediction 04 — Exact Exit Point

Then, if the borrower exits the loan after set of regular payments it will predict the exact
exit point. In other words, it predicts in which installment onwards, they will stop
paying the loan. Here, the following algorithms were used as this is a numerical
prediction. Based on the highest performance, KNN was selected for this prediction. It

has the highest correlation of nearly 74%.

Table 7.4: Prediction 04- Performance Metrics of Different Algorithms

Algorithm | Root Mean | Absolute Correlation | Squared Squared
Squared Error | Error Correlation | Error

ANN 3.13% 2.4% 76.7% 59.3% 9.99%

SVM 3.12% 2.51% 75.6% 57.5% 9.83%

Linear 3.05% 2.43% 76.8% 59.2% 9.39%

Regression

Decision 2.85% 2.20% 80.4% 64.7% 8.18%

Tree

KNN 2.78% 2.14% 81.8% 66.9% 7.75%

7.9 Prediction 05 — Number of Exit Points

In the final step, if the borrower exits the loan after set of irregular payments, the model
predicts the number of stop points that can occur during the loan period. In this scenario,
it cannot be identified an exact exit point of the loan since the borrowers have done the
payments irregularly. For example, they have stopped the loan for few months and then
they have paid it again for some time and then they have stopped it again. In such kind
of scenarios, the model will predict how many stop points can be occurred throughout
the loan period, which will be useful for the institutes to make effective decisions based

on that.

As this is a numerical prediction again the same set of algorithms used for prediction
04 were utilized here. The number of exit points are ranged between 2 to 9, hence, there

is a high correlation between the attributes. It may be a reason for generating less
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percentages of performance at this stage. Based on the highest performance, linear

regression was selected in this stage. Table 7.5 shows the results of each algorithm.

Table 7.5: Prediction 05- Performance Metrics of Different Algorithms

Algorithm | Root Mean | Absolute Correlation | Squared Squared
Squared Error | Error Correlation | Error
ANN 2.11% 1.75% 5.4% 0.9% 4.53%
Decision 1.90% 1.55% 5.7% 0.6% 3.6%
Tree
SVM 1.88% 1.50% 7.1% 2.1% 3.56%
KNN 2.05% 1.67% 4.4% 0.7% 4.20%
Linear 1.86% 1.52% 8.7% 2.2% 3.49%
Regression

7.10 Summary

This chapter presents the evaluation of the results of data mining algorithms applied in
different stages of predictions. To find the most accurate model, different parameters
were used. According to the finding to predict the status of the payments, Random
Forest is the most accurate algorithm. To predict the payment percentage of non-
performing loans, KNN shows the highest performance. Then in predicting the exit
method again KNN is the best. In the fourth stage, the numerical prediction on
analyzing the exact exit point, KNN shows the highest performance. In the last stage of

predicting the number of exit points, Linear Regression shows the highest performance.
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Chapter 8 : Conclusion and Future Works

8.1 Introduction

As the last chapter of the research study, this chapter concludes the study by providing
an overview of the study. As in any study, this study also has a few limitations. This
chapter discusses those limitations and moreover, it identifies future enhancements

which are helpful in improving the performance of the suggested solution.
8.2 Conclusion

Predicting the credit risk is essential in the financial sector for the reduction of non-
performing loans and for better decision making. Among various types of loans SME
loans are imperative. SMEs laid the foundation of the economic growth of a country.
Besides, in Sri Lankan context, the number of non-performing loans have increased
drastically throughout the last few years. Banks and other financial institutes use
various techniques to predict SME loan credit risk, but there are some inefficiencies in
the process. This study adopted a comprehensive model to predict different aspects of
SME credit risk by using data mining algorithms to address that issue. The predictions
were done in five stages to analyze the non-performing loans in different perspectives.
This study helps financial institutes to predict the credit risk of SME borrowers and

make effective decisions based on that.
8.3 Limitations

There are a few limitations of this study as in any research. The unavailability of more
SME loan data can be a limitation since it focuses on big data analytics. If there are a
large amount of data, then the predictions will be more accurate since this study use
data mining techniques as a machine learning approach. There were some overfitting
issues when comes to the later stages of predictions. It can be solved with a large set of
data. Further, if data can be obtained from different financial institutes, including banks,

it will give more insights to this study.

Variables were also selected considering only the available dataset from one financial
institution. Hence, the results to the research problem can be limited due to the
unobtainability of data from different financial institutions. Furthermore, this study has

adopted only classification algorithms for the analysis. Though previous studies have
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emphasized classification as the most used data mining technique in predicting credit
risk, other types of data mining techniques can be applied such as clustering to identify
the distinct clusters within that data set. By addressing these limitations, a more accurate

and efficient data mining approach can be created to predict SME loan credit risk.

8.4 Future Development

As future enhancements of this study, the model will be finetuned with more examples
since this study analyzed only 3000 SME loan data. Data can be obtained from different
types of financial institutes such as state and private banks and other institutes. Further,
it can be expanded for other types of loans including personal loans, professional loans,
property loans, educational loans etc. In addition to that, an integrated model can be
developed in predicting different aspects of the credit risk which are not addressed here.
A hybrid model can be introduced by combining different data mining techniques such
as clustering, regression, classification, association rule mining and so on. It will
enhance the overall performance of the model and it will provide a valuable

contribution for the financial sector in Sri Lanka.

8.5 Summary

As the final chapter of the study, this chapter concludes the study by describing the
proposed solution and identifying its limitations and future enhancements. Finally, this
study provides valuable insights into analyzing the credit risk of SME loan data by
using data mining techniques as an emerging technology. It will enhance the decision-
making process in the financial sector, reduce the credit risk of non-performing loans

in SME sector and ultimately it will take the lead for the economic growth of Sri Lanka.
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Chapter 9 : Appendix

9.1 Statistical Visualizations of the Data Set
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Figure 9.1: Statistical Details of SME Loan Data - 1
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Figure 9.2: Statistical Details of SME Loan Data - 2
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9.2 Evaluation Results of the Selected Algorithm in Prediction 01

accuracy: 72.27% +/- 44.77% (micro average: 72.27%)
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Figure 9.5: Accuracy of Random Forest Algorithm
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Figure 9.6: Results of the Prediction 01
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Figure 9.7: Confusion Matrix of Prediction 01
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9.3 Evaluation Results of the Selected Algorithm in Prediction 02

PerformanceVector

PerformanceVector:
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Figure 9.8: Performance Vector of Prediction 02
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Figure 9.9: Results of the Prediction 02
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9.4 Evaluation Results of the Selected Algorithm in Prediction 03
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Figure 9.10: Results of the Prediction 03
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Figure 9.11: Performance Vector of Prediction 03
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9.5 Evaluation Results of the Selected Algorithm in Prediction 04

PerformanceVector

PerformanceVector:

root _mean squared error: 3.219 +/- 0.286 (micro average: 3.231 +/- 0.000)
absolute_error: 2.484 +/- 0.196 (micro average: 2.484 +/- 2.085)
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Figure 9.12: Performance Vector of Prediction 04

Openin _! Turbo Prep lﬁ Auto Model Filter (710 /710 examples). | all
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Figure 9.13: Results of the Prediction 04
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9.6 Evaluation Results of the Selected Algorithm in Prediction 05

PerformanceVector

PerformanceVector:

root_mean squared error: 1.757 +/- 0.082
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Figure 9.15: Results of the Prediction 05
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Figure 9.14: Performance Vector of Prediction 05
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