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Sample Model for the Prediction of Default Risk 
of Loan Applications Using Data Mining 
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Abstract— Data mining is becoming a strategically important area in the banking sector.  Where volumes of electronic data are stored, and 

where the number of transactions is increasing rapidly. Using Data Mining, it is possible to collect some interesting patterns and knowledge 

base, transforming into useful information that can be used to minimize the risk in bank loans. In this paper, Data mining was used as a tool 

to extract relevant information from existing credit data of a bank to build a model that can be used to evaluate and decide whether a 

borrower is a right candidate for a loan, or if there is a high risk of default which will be run using an open-source machine learning 

software called Waikato Environment for Knowledge Analysis (WEKA).  Also discussed is the method in constructing the model and the 

recognition of its accuracy rate using the classification algorithm J48.  

Index Terms— Data Mining, Credit History, Classification, Attribute, Dataset, Model, Credit Risk, Loan, Weka, Borrower, Banking Sector. 

Algorithm. 

——————————      —————————— 

1 INTRODUCTION                                                                     

With the exponential advancement of science and information 
technology, a large volume of data has been produced and 
maintained continuously. Using data mining, it incorporates 
basic methods for extracting information and building 
patterns bringing into useful knowledge in different fields of 
work. Some of the top data mining applications contribute to 
the banking industry. Credit scoring was one of the earliest 
financial risk management tools developed. Credit scoring can 
be valuable to lenders in the banking industry when making 
lending decisions [1]. 

Moreover, through data mining, it will enable the bank to 
make a better decision throughout the loan approval process. 
It can also derive the credit behavior of their borrowers with 
their installment, mortgage, and using characteristics such as 
the borrower’s credit history, the status of employment or 
their demographic profile. The produced information will 
allow the bank to evaluate the customer and decide whether 
the person is the right candidate for a loan, or if there is a high 
risk of default. By knowing what the chances of default are for 
a borrower, the bank is in a better position to reduce the risks 
[1]. By using the data mining technique, it can also analyze the 
behavior and reliability of the borrowers of the bank.   

In order to achieve all of this, it is a must to focus on data 
quality as the quality of decisions to be made depends on it. 
With accurate data preprocessing, it will improve the quality 
of the raw experimental data and only allow the selection of 
variables containing specific and essential information. Since 
real data frequently contains noise, inconsistencies, 
redundancies, or even irrelevant information, the elimination 
of outliers, standardization, and cleaning of data is necessary 
to achieve the desired quality output.  

One of the most challenging research issues in data mining 
is focused on the primary stage, which is the refining of the 
data being gathered, especially in large databases because to 
have an accurate and useful result, the data should be relevant 
and original. And dealing with this data is time-consuming 
and critical. It should also have clear correlations to produce 
valuable patterns, improvement of the efficiency and accuracy 
of classifications algorithm should also take place to achieve 
an useful model. In this connection, this paper discusses a 
step-by-step approach in the creation of the sample model for 
the prediction of default risk, as shown in Figure 1.  

2   BACKROUND 

The literature reflects on the influence of data mining in the 

banking industry, its process, techniques, algorithm analysis, 

tools, and discusses how these could be used in building a 

model for assessing credit risk. 

 

2.1 Review of Related Literature 

There are numerous fields where data mining can be used in 
financial industries such as customer segmentation and 
profitability, applicants for high-risk loans, predicting default 
payments, promotions, collateral monitoring, rating assets, 
irregular sales, managing stock holdings, cash management 
and estimating activities, most profitable clients with credit 
cards and cross-selling [2]. 

Nowadays, the banking sector has become highly 
competitive. To succeed and expand in an evolving business 
environment, banks should embrace new and up-to-date 
technology. It is often regarded as a medium for cost savings 
and efficient contact with consumers [3]. The bank can cut 
costs by segmenting clients between bad customers and good 
customers until it's too late. Through observing transaction 
trends, banks can monitor fraud transactions until their 
productivity is impacted [4]. 

Data mining plays a vital role in the management of 
transaction data and customer profile in banking. From that, a 
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user can make an accurate decision using data mining 
techniques [5]. A data mining technique produces a lot of 
patterns and rules, typically. Among those rules created 
should be selected beneficial and interesting [6].  

One great example is the credit scoring which aims to 
divide the applicants into two categories-good credit 
applicants and poor credit applicants. The former class has 
excellent chances of repaying financial commitments, and the 
others have high defaulting risks [7]. At the same time, the 
return engagement with the right judgment about credit risk is 
high. It would also be particularly beneficial to see some 
progress in creating a credible distinction between those who 
are willing to repay the loan and those who are not [8]. The 
general principle of credit appraisal is to associate a customer's 
attributes or qualities with other past borrowers, whose debts 
they have already paid off. And credit rating is also used to 
evaluate a list of previous clients and differentiate current and 
potential credit clients [9]. People who cannot pay back the 
amount of their loan are considered defaulters. Unforeseen 
economic conditions may increase the number of defaulters 
for such years, which in turn may increase the financial 
institutions' losses. This has a negative impact not only on the 
institutes but also on the credit record of the client and 
potential financial stability. Given the increase in default rates, 
keeping track of the vulnerability of default is critical for both 
the good of banks and customers [10]. 

  
With the use of data mining tools, it can address business 

problems [11]. Data mining tools, using large databases, can 
facilitate,  
1. Automatic prediction of future trends and behaviors and 
2. Automated discovery of previously unknown patterns [12]. 
 

One of the common tools used today in data mining is 
Weka. The Weka facilitates these traditional data mining 
functions in the pre-processing, classification, clustering, 
association, regression and feature selection phases [13]. It also 
provides a visualization tool [14]. And it is useful in learning 
basic machine learning principles with various options and in 
analyzing the output being generated [15]. It is also important 
to build a dataset that integrates the attributes required to 
create a model to be applied in the tool. A dataset is a 
collection of data or a single statistical data where every 
attribute of data represents variable, and each instance has its 
description [16]. Data mining also involves other processes 
such as Data Cleaning, Data Integration, and Data 
Transformation [5]. Data Transformation consists of three 
phases, including data selection, data collection, and 
normalization of data. This stage is critical for improving the 
consistency of the mining data to achieve later more reliable 
and precise results of the research [17]. Classification 
algorithm should also be considered, and it is used to forecast 
any result depends on a given data. The algorithm generates a 
training set that includes a collection of attributes and the 
corresponding outcome, usually referred to as the target or 
prediction attribute. The algorithm aims to discover 
relationships between the attributes that would require 
predicting the result [18].  

Moreover, the J48 classification algorithm is the best choice 
for the model, and it is an extension to ID3. J48's additional 
features compensate for missed values, pruning decision trees, 
constant value sets for characteristics, rule derivation, etc. J48 
is an open-source Java implementation of the C4.5 algorithm 
within the WEKA data mining tool [19]. Once all of these 
processes are over, this information could be extended for the 
used in many applications such as fraud detection, market 
analysis, production control, science exploration, etc. [5]. 
Those banks that have recognized the value of data mining 
and are in the process of developing a data mining platform 
for their decision-making phase will achieve considerable 
profit and in the future obtain a significant competitive 
advantage [20]. 

3    WORK DONE/ CONTRIBUTIONS 

3.1 Data Mining Process 
To create a useful predictive model using data mining 
technique and to visualize the result into practical details. The 
following figure 1 shows the flow of the data mining process 
applied in this research study. 

 
Figure 1 

Data Mining Process 
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3.2 Data Set 
In terms of building the data set, data from the bank has been 
selected and saved in the ARFF format, which composed of 
the essential attribute, namely Credit_history, Existing_credits, 
Purpose, Financed_amount, Gender, Age, Job, and the Class, 
which will be run using an open-source machine learning 
software called Waikato Environment for Knowledge Analysis 
(WEKA). The table below outlines these: 
 

 
Table 1. DATA SET 

Attributes Description Data Type 

Credit_history Previous history of customer 

credit 

Nominal 

Existing_credits Number of existing credits at 

this bank 

Numeric 

Purpose The loan purpose Nominal 

Financed_amount The amount of credit Numeric 

Gender Male or Female Nominal 

Age Age of the borrower Numeric 

Job If the borrower has a job Nominal 

Class The class of loan if good/bad Nominal 

 
In addition, values were standardized in the attribute relative to the 

records of the current borrower. The following table describes those 

factors: 

 

Table 2. Credit_history 

Values Description 

'all paid' All credits paid back duly 

'critical existing credit' Credits fall under status of Past-Due 

Non-Performing/Items In Litigation 

'delayed previously' Delay in paying off in the past 

'existing paid/not yet due' Credits fall under status of Current 

 

Table 3. Purpose 

Values 

'Acquisition of land authorized under the agrarian reform code of phil. and its 

fisheries' 

'Acquisition of seeds, fertilizers, poultry, livestock, feeds and other similar items' 

'Acquisition of work animals, farm and fishery equipment and machinery' 

'Agricultural production' 

'Construction, Acquisition and repair of Facilities for production, processing, 

storage and marketing' 

'Efficient and effective merchandising of agricultural and fishery commodities 

stored' 

LGU 

'Medium Scale Enterprise' 

Microfinance, 'Other activities identified in Section 23 of R.A. No. 8435' 

Others 

'Others (Agrarian)' 

'Promotion of agribusiness and exports' 

'Raising and Breeding of Livestock, Poultry and Fish' 

'Small Scale Enterprise' 

 

Table 4. Gender 

Values Description 

F Female 

M Male 

 

Table 5. Job 

Values Description 

'high qualif/self emp/mgmt' Highly qualified employee/ self-

employed/ those involved in 

management levels. 

skilled Includes specific qualifications, such 

as degrees of education or 

professional training. 

unskilled It involves basic tasks and typically 

does not require judgment. 

retired/unemployed Have stopped working permanently 

or having no job. 
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Table 6. Class 

Values Description 

good Credit record status is “Current” indicating loan 

payments have been paid accordingly. 

bad Credit record status is “Past-Due Non-Performing / Past-

Due Not Yet Non-Performing / Items In Litigation” 

indicating inconsistent payment records. 

 
3.3 Results and Discussion 
The bank's collected data includes several unnecessary items 
that might contribute to incorrect analysis. Therefore, the data 
was preprocessed to satisfy the analytical quality 
requirements. In this section, the following illustrates the data 
preprocessing operation that performed using WEKA, see 
figure 2.  
 

Figure 2 

WEKA GUI Chooser 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

The data file was loaded, WEKA recognizes the attributes 
and, during the data analysis, some basic statistics were 
calculated for each attribute. Figures below are the results. 

 

Figure 3 

Attribute: credit_history 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4 

Attribute: existing_credits 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5 

Attribute: purpose 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 6 

Attribute: financed_amount 
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Figure 7 

Attribute: gender 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 8 

Attribute: age 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 9 

Attribute: job 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 10 

Attribute: class 

 

 

 

 

 

 

 
Figure 11 

Visual representation of all attributes 

 

 
 
 
 
 
 
 
 
 
 
 
 
 

 
We preferred to use the J48 classification algorithm to 
construct the model in order to gain greater precision. 
Because, a tree classifier is a perfect tool for determining if the 
individual is the right applicant for a loan, or whether there is 
high default risk. The results of the classification is shown in 
figure below, 

 
Figure 10 

Implementation of Algorithm 
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The J48 classifier was applied on the dataset with 3466 
instances and eight attributes of the format (AIRFF) Attribute 
Relationship File Format. This implementation uses the 10-
fold cross-validation test mode. The time taken to build the 
model is 0.03 seconds, and the accuracy obtained by J48 is 
96.3647 %.  

4 CONCLUSIONS 

Data mining has been used in this paper to construct a sample 
predictive model defining current borrowers' loan histories 
that can be used for potential loan application comparisons 
indicating characteristics of a good or bad loan record based 
on their credit background and specific demographic profile. 
It also indicates that preprocessing or cleaning of data which 
plays a vital role in achieving a higher accuracy rate, and the 
results obtained using the J48 algorithm were highly 
commendable for showing a correctly classified instances rate 
of  96.3647 %. During preprocessing, patterns outlined in the 
figures in this paper may also be used to identify target loan 
markets, future income-enhancing action plans and reduce 
default risk, and also to enhance the loan products.  

5 FUTURE WORK 

This research can be enhanced for future studies by 
introducing completely new approaches that are effective 
enough to improve the sample model and produce findings 
that can assist in all forms of advance solutions in the banking 
sector in terms of handling loan default risk.    

REFERENCES 

[1] Moin, K.I., & Ahmed, Q.B. (2012). Use of Data Mining in 
Banking. 

[2] Hamid, Aboobyda & Ahmed, Tarig. (2016). Developing 
Prediction Model of Loan Risk in Banks Using Data 
Mining. Machine Learning and Applications: An 
International Journal. 3. 1-9. 10.5121/mlaij.2016.3101. 

[3] Farooqi, Md & Iqbal, Naiyar. (2017). Effectiveness of Data 
mining in Banking Industry: An empirical study. 
International Journal of Advanced Computer Research. 8. 
827-830. 

[4] Raj, Saran. (2015). A REVIEW OF DATA MINING 
APPLICATIONS IN BANKING. 10.4236/ce.2015.615165. 

[5] Preethi, M. (2017). Data Mining In Banking Sector. 
[6] Ikizler, Nazli & Güvenir, Halil Altay. (2001). Mining 

Interesting Rules in Bank Loans Data. 
[7] Chen, Weimin & Xiang, Guocheng & Liu, Youjin & Wang, 

Kexi. (2012). Credit risk Evaluation by hybrid data mining 
technique. Systems Engineering Procedia. 3. 194-200. 
10.1016/j.sepro.2011.10.029.  

[8] Zurada J. (2002) Data Mining Techniques in Predicting 
Default Rates on Customer Loans. In: Haav HM., Kalja A. 
(eds) Databases and Information Systems II. Springer, 
Dordrecht 

[9] Dzelihodzic, Adnan & Donko, Dzenana. (2013). Data 
Mining Techniques for Credit Risk Assessment Task. 

[10] Akcura, Korhan & Chhibber, Appan. (2018). Design and 

Comparison of Data Mining Techniques for Predicting 
Probability of Default on a Loan. 

[11] Jagtap, Sudhir & G, Kodge. (2013). Census Data Mining 
and Data Analysis using WEKA.  

[12] Chitra, K., & Subashini, B. (2013). Data Mining Techniques 
and its Applications in Banking Sector. 

[13] S., Singaravelan & Arun, R. & Shunmugam, D. & Soundar, 
K. & Mayakrishnan, R. & Murugan, D.. (2018). ANALYSIS 
OF CLASSIFICATION ALGORITHMS ON DIFFERENT 
DATASETS. Review of Innovation and Competitiveness. 
4. 41-54. 10.32728/ric.2018.42/3.  

[14] Jothikumar, R. & Sivabalan, R.V. & Sivarajan, E.. (2015). 
Accuracies of J48 weka classifier with different supervised 
weka filters for predicting heart diseases. 10. 7788-7793. 

[15] Desai, Aaditya & Rai, Sunil. (2013). Analysis of Machine 
Learning Algorithms using Weka. 

[16] Shakil, K.A., Anis, S., & Alam, M. (2015). Dengue disease 
prediction using weka data mining tool. ArXiv, 
abs/1502.05167. 

[17] Ismail, Nur Hafieza & Ahmad, Fadhilah & Aziz, Azwa. 
(2013). Implementing WEKA as a Data Mining Tool to 
Analyze Students' Academic Performances Using Naïve 
Bayes Classifier. 10.13140/2.1.4937.8565. 

[18] Shivangi Gupta & Neeta Verma. (2016). Comparative 
Analysis of classification Algorithms using WEKA 
tool.International Journal of Scientific & Engineering 
Research, Volume 7, Issue 8, August-2016. ISSN 2229-5518.  

[19] Kaur, Gaganjot & Chhabra, Amit. (2014). Improved J48 
Classification Algorithm for the Prediction of Diabetes. 
International Journal of Computer Applications. 98. 13-17. 
10.5120/17314-7433. 

[20] Matthew, Ugochukwu & Makama, Musbahu & Gumel, 
Aminu & Abdullahi, Abdullahi. (2019). Data Mining 
Applications In Banking Sector For Effective Service 
Delivery. 

 


