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Abstract- In wide range of improving banking sector in 

recent times and the increasing trend of taking loans is one 

of a large population applies for bank loans. But the major 

problem all banking sectors face in this ever-changing 

economy is the increasing rate of loan defaults, and the 

banking authorities are finding it more difficult to 

correctly assess loan requests and tackle the risks of people 

defaulting on loans. The analysis of risks and assessment 

of default becomes crucial thereafter. Banks hold huge 

volumes of customer behavior related data from which they 

are unable to arrive at a judgement if an applicant can be 

defaulter or not. In light of the given problems, this paper 

proposes two machine learning models to predict whether 

an individual should be given a loan by assessing certain 

attributes and therefore help the banking authorities by 

easing their process of selecting suitable people from a 

given list of candidates who applied for a loan. This paper 

does a comprehensive and comparative analysis between 

two algorithms (i) Decision Trees (ii) Ensemble Boosting 

 

I. INTRODUCTION 

 

1.Project Description 

Most banks' main line of business is loan distribution. 

The main source of a bank's assets is the profit made 

from loans distributed by the bank. In the financial 

world, the fundamental purpose is to put your money 

in secure hands. The banking industry provides the 

majority of a country's revenue. The loan is sanctioned 

based on the customer's criteria. Every bank will 

support both open-ended and closed-ended loans. 

Despite the fact that giving loans is beneficial to both 

parties, the activity is fraught with dangers. Credit 

Risk refers to a borrower's inability to repay a loan 

within the agreed-upon time frame, which was set by 

both the lender and the borrower. Machine learning is 

the most prominent new technology trend that is 

transforming every recognized domain and technical 

innovation in a variety of sectors and businesses. It has 

the potential to bring unique advantages in banks. 

 

The Loan Prediction System can determine the weight 

of each characteristic involved in loan processing 

automatically, and the same features are processed 

according to their associated weight on new test data. 

The applicant can be given a deadline to determine 

whether or not his or her loan will be approved. The 

Loan Prediction System allows you to jump to a 

specific application and review it on a priority basis. 

This paper is intended just for the management of a 

bank or finance firm; the entire prediction process is 

conducted in private, and no stakeholders will be able 

to influence the outcome. The results for a specific 

Loan Id can be sent to other bank departments, 

allowing them to take appropriate action on the 

application. This facilitates the completion of other 

formalities by all other departments. 

 

When applying for a loan, you must first complete 

paperwork, which results in a large amount of data. 

Banking has improved over the previous few years. 

Before issuing a loan, it is critical to assess the clients' 

credit eligibility. To evaluate a borrower in the 

traditional loan procedure, banking authorities 

primarily use the '5C concept,' i.e., Character, Capital, 

Capacity, Collateral, and Conditions [2]. This 

assessment was based primarily on personal 

experience and expertise of customer service. This 

approach has a lot of drawbacks. Although banks and 

large financial businesses grant loan requests after a 

regressive screening and validation process, there is no 

guarantee that the applicant chosen at the end of the 

process will be able to repay the loan on time. 

Previously, banks would recruit highly qualified 

individuals whose primary function was to examine 

applicants and determine whether or not they were 

suitable for a loan following a thorough examination. 

To establish a candidate's worthiness for loan 

acceptance or rejection, a numerical score called a 

"Credit Score" was employed. In general, a high credit 

score helps authorities calculate the likelihood of a 
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borrower repaying a loan on time based on their credit 

history or payment history, as well as their background 

[3].  

 

Credit scoring needed the use of experts and statistical 

algorithms to accurately predict an applicant's 

creditworthiness. However, researchers and banking 

authorities have recently chosen to train classifiers 

based on various machine learning and deep learning 

algorithms to automatically predict an applicant's 

credit score based on their credit history and other 

historical data, making the process of selecting eligible 

candidates much easier before the loan is approved. As 

a result, the goal of this paper is to discuss the 

application of several machine learning models to the 

aforementioned case in the loan lending process in 

order to determine the best approach for a financial 

institution that accurately identifies whom to lend to 

and assists banks in identifying loan defaulters for 

significantly reduced credit risk. Ensemble boosting, 

Random Forest and Decision Trees were the classifiers 

we utilized to create the model. They'll each be utilized 

individually to analyze the dataset, find patterns in it, 

and learn from them. Predict whether a new applicant 

is likely to default on a loan based on that information. 

The following sections make up the remainder of the 

paper. Section 2 contains a brief review of the 

approaches to credit risk analysis that have been 

employed. The Random Forest algorithm and 

Decision Trees are used in Section 3 to explain 

machine learning and detail the two methods used in 

the paper. The dataset used to train and evaluate the 

model is introduced in Section 4. Section 5 of this 

paper describes our methodology, which includes data 

analysis, dataset cleaning, and a walkthrough of the 

model we created utilizing the two classifiers. Section 

6 summarizes the model's outcomes after training and 

testing, as well as the results of a comparative 

examination of the two classifiers' performance 

differences. Section 7 finishes the report with closing 

remarks and recommendations for future research. 

There are specific features to be used from the dataset 

 

 

features = ['grade'                  # grade of the loan 

            'sub grade'               # sub-grade of the loan 

            'short emp'                 # one year or less of 

employment 

            'emp length num'            # number of years of 

employment 

            'home ownership'          # home ownership 

status: own, mortgage or rent 

            'dti'                      # debt to income ratio 

            'purpose'                   # the purpose of the loan 

            'term'                      # the term of the loan 

            'last delinq none'         # has borrower had a 

delinquincy 

            'last major derog none'     # has borrower had 

90 day or worse rating 

            'revol util'              # percent of available credit 

being used 

            'total rec late fee'        # total late fees received 

to day 

           ] 

 

 

Machine learning is an arena of computer science that 

involves the learning of pattern identification and 

computational learning theory in AI. Machine learning 

basically refers to the changes in systems that carry out 

tasks associated with artificial intelligence (AI). Such 

tasks embody recognition, analysis, planning, 

mechanism management, forecasting, etc. It explores 

the study and construction of formula that may build 

prediction on knowledge. Machine Learning is 

employed to make programs with its tuning 

parameters that are custom-made consequentially thus 

on increase their functioning by adapting to earlier 

data. Machine learning can be broken into two 

categories supervised unsupervised machine learning. 

the steps of building a machine are given below 

 

A financial fraud is any criminal conduct committed 

by humans or robots that results in personal benefit at 

the expense of institutions or legitimate human 

benefactors, although an error should not be mistaken 

for a fraud. It is referred to as economic sabotage when 

considering the entire effect of financial scams. 

Money laundering, bank credit fraud, pension fraud, 

co-operative society fraud, tax evasion, 

telecommunications fraud, credit card fraud, inflated 

contracts, financial reports fraud, health insurance 

fraud, automobile insurance fraud, and mortgage 

insurance fraud are just a few examples of financial 

fraud. Credit card fraud, telecommunication fraud, 

computer infiltration, bankruptcy fraud, theft fraud or 

counterfeit fraud, and application fraud are all 
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examples of fraud, according to. The impact of fraud 

on a country's economy is real, and various measures 

have been tried, yet they all have flaws. On the other 

hand, machine learning has proven to be more reliable. 

Machine learning mining approaches leverage data to 

identify hidden patterns in big, dynamic, and diverse 

datasets and make intelligent judgments based on the 

disclosed insights. It's worth noting that, according to, 

a high rate of default has been documented in several 

countries, which can be lowered with the help of 

information technology. The following is how the rest 

of the paper is structured: Section 2 contains the 

materials and techniques, Section 3 contains the 

results and discussion, and Section 4 contains the 

paper's conclusion. Using tree structure techniques, 

the decision tree divides data into discrete categories. 

It emphasizes the structural information in the data and 

categorizes it from root to leaf node.  

 

The advantages of employing decision trees are their 

unparalleled simplicity and quickness, there is no need 

for domain knowledge or parameter settings; it also 

comfortably handles high-dimensional data with many 

attributes; the way it is represented allows for 

enhanced comprehensibility; it has fantastic accuracy, 

though this is dependent on the data in use; it supports 

incremental learning; and it is unvaried because it is 

used based on a single feature at each interval node. 

They operate well for both classification and 

regression issues; they can manage missing 

information; trees are graphically plotted and easy to 

read; and, perhaps most importantly, trees are simple 

to explain to others. Credit default occurs when a client 

fails to meet the legal responsibilities or terms of a loan 

as stated in the promissory note. In other words, loan 

or credit default occurs when a borrower fails to repay 

a loan according to the terms agreed to prior to the 

loan's acceptance. A non-performing loan is one in 

which a borrower has taken out a certain amount of 

credit but has failed to pay back the loan in the agreed-

upon time frame of 90 days for commercial banking 

loans and 180 days for consumer loans. Non-payment 

means that, depending on the type of loan, purpose, or 

industry, neither the interest nor the principle for that 

credit is paid within 90 to 180 days. Any definition of 

a non-performing loan is dependent on the loan's 

conditions and the existing agreement, as the 

definition is conditional and relies on promissory notes 

and agreements. 

This Problem is done by mining the Big Data of the 

previous records of the people to whom the loan was 

granted before and on the basis of these 

records/experiences the machine was trained using the 

machine learning model which give the most accurate 

result. The main objective of this paper is to predict 

whether assigning the loan to a particular person will 

be safe or not. We have implemented this loan 

prediction problem using Decision tree algorithm and 

data cleaning in Python as there are missing values in 

the dataset. We use map function for the missing 

values. The aim of this paper is to apply machine 

learning technique on dataset which has 1000 cases 

and 7 numerical and 6 categorical attributes. The 

creditability of a customer for sanctioning loan depend 

on several parameters, such as credit history, 

Installment etc 

  

1.2 Literature Review 

 

This section summarizes some of the work that has 

already been done to develop machine learning models 

utilizing various algorithms to improve loan prediction 

and assist banking authorities and financial 

organizations in selecting a qualified candidate with 

very low credit risk. 

 

Arutjothi, G., & Senthamarai, C. (2017). Prediction of 

loan status in commercial bank using machine learning 

classifier. 2017 International Conference on 

Intelligent Sustainable Systems (ICISS). The R 

programming language was utilised to create the K-

NN credit scoring model since it has been widely used 

for academic purposes in the field of data mining. The 

R software packages used in creating the model are 

knn, ggplot2, ca Tools, and Desc tools. The credit 

scoring model is built using K-NN based on Euclidean 

distance. The data was divided into two subsets: 70% 

of the observations were utilized for training, while 

30% were used for model testing. Furthermore, the 

partitioning was done at random such that both the 

training and testing sets include roughly the same 

percentage of default situations. Before splitting the 

dataset, we utilize Min-Max normalization to 

normalize it. We suggested a loan status model in this 

research to forecast whether a loan application is a 

genuine client or a default customer. Credit lenders 

may use this strategy to make a lending decision on 

loan proposals. Furthermore, the comparative research 
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was conducted with various levels of iteration. The 

iteration level 30 of the kNN model provides much 

higher accuracy than prior levels. This approach can 

be utilized to avert commercial banks' massive losses.  

 

Mehul Madaan and colleagues 2021 This research, 

Loan default prediction using decision trees and 

random forest, employed two machine learning 

algorithms, Random Forest and Decision Trees, to 

develop a model for loan prediction and credit risk 

assessment. To have a better grasp of the accuracy and 

other scores of the two models, the results of both 

models are provided below, together with their 

classification report and confusion matrix. The 

Decision Tree classifier provided us with an accuracy 

score of 73%. The Random Forest Classifier provided 

us with an accuracy score of 80%. The purpose of this 

study was to investigate, analyse, and develop a 

machine learning algorithm that would properly 

determine if a person, given certain characteristics, has 

a high likelihood of defaulting on a loan. This type of 

algorithm might be used by Lending Club to discover 

certain financial characteristics of prospective 

borrowers who may be at danger of default. and fail to 

repay their debt by the due date The Random Forest 

Classifier delivered an accuracy of 80%, whereas the 

Decision Tree technique delivered an accuracy of 

73%. As a result, the Random Forest model looks to 

be a superior choice for such data. 

 

 Li, X., Long, X., Sun, G., Yang, G., & Li, H. (2018). 

Overdue Prediction of Bank Loans Based on LSTM-

SVM. 2018 IEEE Smart world, Ubiquitous 

Intelligence & Computing, Advanced & Trusted 

Computing, Scalable Computing & Communications, 

Cloud & Big Data Computing, Internet of People and 

Smart City Innovation. This article evaluates whether 

users are overdue by using basic user information, 

bank data, user surfing activity, credit card billing 

records, and loan time information. These static data 

serve as the foundation for SVM. To forecast the 

probability of users' late behaviour, we extract the 

user's recent transaction type from browsing behaviour 

as input to the LSTM model. Finally, as the final 

result, we compute the average of the two techniques. 

According on the experimental data, this LSTM-SVM 

model outperforms previous techniques. Following 

the processing of the data set and the establishment of 

the model, the algorithm's correctness is tested. We 

examined the aforementioned algorithms to compare 

the learning capacity of the various algorithms in user 

loan and the test's correctness. The findings are 

presented in the tables below. 

 

Eweoya et al 2019 Journal of Physics: Conference 

Serie, Fraud prediction in bank loan administration 

using decision tree. Loan defaults have caused bank 

insolvency and nations to enter recession, which has a 

negative impact on individuals. Principal Component 

Analysis was used to extract important features 

(features engineering), cross validation was utilized to 

minimize overfitting in the model constructed, and 

data splitting was done to separate testing data from 

training data. This enables the model to test itself on a 

subset of the data that was previously unknown. The 

training and testing produced an accuracy of 75.9 

percent with a high true positive ratio. In addition, 

based on a python [28] programmed built for this 

purpose, 80.04 percent of the occurrences were 

successfully categorised, and 129 of the testing data 

were detected as false. As shown in [29,30], the 

current study did not use hypothesis in its model 

formation and testing, instead employing a machine 

learning approach such as a decision tree in the model 

development and prediction. 

 

Sheikh, M. A., Goel, A. K., & Kumar, T. (2020). An 

Approach for Prediction of Loan Approval using 

Machine Learning Algorithm. 2020 International 

Conference on Electronics and Sustainable 

Communication Systems (ICESC).  

 

Ke, L., Li, C., Zhong, T., Cai, Z., Wen, J., Wang, R., 

… Tang, H. (2021). Loan Repayment Behavior 

Prediction of Provident Fund Users Using a Stacking-

Based Model. 2021 IEEE 6th International Conference 

on Cloud Computing and Big Data Analytics. 

proposed a model based on stacking ensemble method, 

and compared with six individual models: Cart 

decision tree, Random Forest, AdaBoost, XGBoost, 

CatBoost and LightGBM. After experiments, our 

stacking model has a good improvement under the 

classification performance evaluation metrics such as 

accuracy score, recall score, F1 score, AUC score, and 

kappa score. Furthermore, we also analyzed the 

importance of features in the process of training the 

loan repayment behavior prediction model. Through 

our stacking model and research analysis, the 
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provident fund centers can reduce loan risks and 

provide better services to their customers. 

(ICCCBDA). 

  

P M, S., & Paul, V. (2019). A Novel Optimized 

Classifier For the Loan Repayment Capability 

Prediction System. 2019 3rd International Conference 

on Computing Methodologies and Communication 

(ICCMC). doi:10.1109/iccmc.2019.8819772  

 

Amin, R. K., Indwiarti, & Sibaroni, Y. (2015). 

Implementation of decision tree using C4.5 algorithm 

in decision making of loan application by debtor (Case 

study: Bank pasar of Yogyakarta Special Region). 

2015 3rd International Conference on Information and 

Communication Technology (ICoICT). 

doi:10.1109/icoict.2015.7231400  

 

Singh, D. K., & Goel, N. (2020). Analyzing Data 

Mining Techniques on Bank Customers for Credit 

Score. 2020 8th International Conference on 

Reliability, Infocom Technologies and Optimization 

(Trends and Future Directions) (ICRITO). 

doi:10.1109/icrito48877.2020.9197909  

 

Patel, Bhoomi; Patil, Harshal; Hembram, Jovita; 

Jaswal, Shree  (2020).  [IEEE 2020 International 

Conference for Emerging Technology (INCET) - 

Belgaum, India (2020.6.5-2020.6.7)] 2020 

International Conference for Emerging Technology 

(INCET) - Loan Default Forecasting using Data 

Mining.” have used data mining algorithms to predict 

the likely defaulters from a dataset that contains 

information about home loan applications, thereby 

helping the banks for making better decisions in the 

future.” , (), 1–4. Several algorithms were used in this 

work to forecast loan defaulters. Logistic Regression, 

Random Forest, Gradient Boosting, and CatBoost 

Classifier were used to achieve the best results. In 

comparison to Logistic Regression, the Gradient 

Boosting technique produces better or equal results. 

Gradient boosting is a procedure that combines many 

models. It is rare to remove a variable since the 

variables' meaning is not straightforward. On the other 

hand, even though it reduces overall model accuracy 

and prediction power, it is common practise to exclude 

variables while fitting logistic regression. CatBoost 

converts categorical values to numbers by employing 

a range of statistics on categorical feature 

combinations and numerical and categorical feature 

combinations. With regard to the given dataset, the 

CatBoost classifier and Gradient Boost provide almost 

comparable accuracy. Furthermore, these models 

could also be utilizedaaaaaaaaa to form better lending 

selections and spare any financial institution from 

incurring massive losses. 

 

 Archana et al applied Decision Tree (DT), Support 

Adaptive Boosting Model (ABM), Vector Machine 

(SVM), rectilinear regression (LR), Neural Network 

(NN) and Random Forest (RF) algorithms for build 

loan predictive model on a banking data from UCI 

machine learning data repository, and showed that 

SVM had the simplest accuracy, but low run time 

performance, and tuned it to only incorporate most 

vital features 

 

Zhang, Zenglian (2011). [IEEE 2011 3rd International 

Workshop on Intelligent Systems and Applications 

(ISA) - Wuhan, China (2011.05.28-2011.05.29)] 2011 

3rd International Workshop on Intelligent Systems 

and Applications - Research of Default Risk of 

economic Bank's consumer loan supported Rough Sets 

and Neural Network. Results showed that rough set 

and BP neural network test samples of prediction 

accuracy during this paper, a billboard bank consumer 

loan default information, for instance , rough set of 

attributes wont to streamline, re-use of BP neural 

networks, early warning of private loan default risk. 

The results showed that the reduction of condition 

attributes after reduction, but the accuracy of early 

warning is higher. (), 1–4. 

 

Yu Jin and Yudan Zhu [7] applied different attribute 

selection methodologies: Random Forest and matrix 

within the model preparation stage to work out the 

highest attributes that determine loan default, and used 

different data processing classification techniques for 

prediction model building; Decision Tree (DT), 

Neural Network (NN) and Support Vector Machine 

(SVM) and concluded that SVM showed the simplest 

performance. 

 

Amira Hassan and Ajith Abraham [5] used different 

algorithms with ensemble methods to create a loan 

default prediction model; scaled conjugate gradient 

backpropagation (SCG), Levenberg-Marquardt 

algorithm (LM), and One-step secant backpropagation 
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(OSS), and applied different filtering methodologies 

on dataset then used different parameters for 

comparison. They concluded that the Levenberg-

Marquardt algorithm (LM) with PLs filter produced 

the simplest model. 

 

Gupta, A., Pant, V., Kumar, S., & Bansal, P. K. (2020). 

loan Prediction System using Machine Learning. 

during this work, we use a machine learning technique 

which will predict the one that is reliable for a loan, 

supported the previous record of the person whom the 

loan amount is accredited before. This work’s primary 

objective is to predict whether the authorization to a 

selected individual is safe or not. t. From the analysis 

of the info , it's very clear that it reduces all the frauds 

done at the time of authorization . 2020 9th 

International Conference System Modeling and 

Advancement in Research Trends (SMART). 

 

Arutjothi, G.; Senthamarai, C. (2017). [IEEE 2017 

International Conference on Intelligent Sustainable 

Systems (ICISS) - Palladam, India (2017.12.7-

2017.12.8)] 2017 International Conference on 

Intelligent Sustainable Systems (ICISS) - Prediction of 

loan status in full service bank using machine learning 

classifier. propose a machine learning classifier based 

analysis model for credit data. We use the mixture of 

Min-Max normalization and KNearest Neighbor (K-

NN) classifier. the target is implemented using the 

software package R tool. This proposed model 

provides the important information with the very best 

accuracy. it's wont to predict the loan status in 

commercial banks using machine learning classifier., 

(), 416–419. 

  

Cheng, Dawei; Niu, Zhibin; Tu, Yi; Zhang, Liqing 

(2018). [IEEE 2018 24th International Conference on 

Pattern Recognition (ICPR) - Beijing, China 

(2018.8.20-2018.8.24)] 2018 24th International 

Conference on Pattern Recognition (ICPR) - 

Prediction Defaults for Networked-guarantee Loans. 

perform the empirical study on a real-world three 

years loan record from a serious full service bank . The 

results show that the proposed method outperforms 

conventional credit risk methods in terms of AUC. In 

summary, our quantitative risk evaluation model 

shows promising prediction performance on real-

world data, which might be useful to both regulators 

and stakeholders. perform empirical experiments, give 

the simplest parameter settings for the networked-

guarantee loan record, and compare it with state-of-

the-art credit rating approaches. Future work will 

include refining the approach and experime, (), 361–

366. r, the most challenges are the imbalanced data and 

therefore the diffusion risk. We first compare our 

proposed P-w kNN with start-of-the-art imbalanced 

learning approaches, like SMOTE [5], over-sampling, 

under-sampling, One Sided Selection (OSS) [15], 

Edited Nearest Neighbor (ENN) [22] and 

Neighborhood Cleaning Rule (NCL) [3]. Figure 6 

gives the AUC curves. it's clear that our proposed pw 

kNN outperforms classic approaches with a way larger 

AUC value. additionally , we increase the worth of k 

to ascertain it Maheswari, P.; Narayana, CH. V. 

(2020). [IEEE 2020 5th International Conference on 

Computing, Communication and Security (ICCCS) - 

Patna (2020.10.14-2020.10.16)] 2020 5th 

International Conference on Computing, 

Communication and Security (ICCCS) - Predictions of 

Loan Defaulter - a knowledge Science Perspective. 

This paper uses statistical measures to preprocess the 

info and build an efficient model which will predicts 

the loan defaulter accurately thanks to huge volume 

processing , built the models in cross validation 

approach using Grid Search CV. The classification 

techniques logistic regression, random forest and 

KNN model are built, thus far three algorithms result 

similarly. Among them Logistic regression with SGD 

training results better predictions than the others., (), 

 

Sheikh, Mohammad Ahmad; Goel, Amit Kumar; 

Kumar, Tapas (2020). [IEEE 2020 International 

Conference on Electronics and Sustainable 

Communication Systems (ICESC) - Coimbatore, India 

(2020.7.2-2020.7.4)] 2020 International Conference 

on Electronics and Sustainable Communication 

Systems (ICESC) - the method of prediction starts 

from cleaning and processing of knowledge , 

imputation of missing values, experimental analysis of 

knowledge set then model building to evaluation of 

model and testing on test data. On Data set, the best-

case accuracy obtained on the first data set is 0.811. 

the subsequent conclusions are reached after analysis 

that those applicants whose credit score was worst will 

fail to urge authorization , thanks to a better probability 

of not return the loan amount. Most of the time, those 

applicants who have high income and demands for 

lower amount of loan are more likely to urge approved 
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which is sensible , more likely to pay back their loans. 

another characteristic like gender and legal status 

seems to not be taken  

 

1.3 PROBLEM STATEMENT AND OBJECTIVE 

 

• This paper aims to solve the major complexity 

faced by the banking sector in which not all the 

applicants are reliable to approve the loan 

• The idea of this project is to gather data from the 

customer and use machine learning techniques on 

this data to extract important information and 

predict if a customer would be able to get a loan 

from a bank or not 

 

1.4 Purpose, Scope and Applicability 

 

1.4.1 Purpose 

 

The objective of this thesis is to investigate which 

method from a chosen set of machine learning 

techniques performs the best default prediction. The 

specific algorithms included in the project are – 

decision tree, Ensemble Boosting 

 

1.4.2. Scope 

To determine if the bank can approve a loan with the 

help of machine learning the reasons for choosing 

these metrics will be explained in more detail in 

section 2 

 

1.5 OVERVIEW OF THE REPORT 

 

The next chapter will discuss the system analysis and 

requirements of this project followed by chapter 3, 

which discusses the datasets used for this project along 

with information on how the data was prepared to use 

in this project (like handling NAN values, etc.). 

Chapter 4 of this report discusses details on the model 

building that includes information on the model 

category, model training, model validation and model 

scoring. This chapter is followed by the chapter on 

model implementation which further discusses outliers 

and model validation strategies. Finally, chapters 6 

and 7 discuss the results of this project and the 

conclusion made out of them respectively. 

 

  

 

II. SYSTEM ANALYSIS AND 

REQUIREMENTS 

 

2.1 PROBLEM DESCRIPTION 

 

It's a notion that ML allows robots to learn from real-

world interactions and observations, act like humans, 

and improve their capacity to learn and perform with 

data provided as input. In recent years, machine 

learning has attracted the attention and interest of 

researchers and engineers, who are attempting to 

implement various machine learning models and 

algorithms in domains that will make a variety of 

critical activities and the lives of ordinary people much 

easier. The banking and finance sectors are two 

popular examples. Banking authorities and financial 

corporations are monitoring patterns and drawing 

conclusions in areas such as credit card fraud and loan 

default prediction with the use of various machine 

learning models. It has simplified and improved the 

procedure. The aforementioned models are built using 

a variety of machine learning techniques. It's 

practically hard to compile and present a 

comprehensive list of all machine learning methods. A 

model's name usually consists of a combination of data 

structure, design, estimator, ensemble method, and 

other terms. Random Forest and Decision Trees are the 

two machine learning techniques that are employed in 

this paper. 

 

2.2 REQUIREMENT SPECIFICATION 

 

Jupyter notebook is required to create and run a 

machine learning model. The code is written in Python 

3.7 (or above). Installation of required libraries for the 

machine learning algorithms  
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BLOCK DIAGRAM 

 
 

2.4 System Modules 

 

Datasets to be used in building the model: “lending 

club data”. The dataset will be divided into a training 

and testing dataset. Then the dataset will be used to 

train machine learning models - like decision trees, 

and ensemble Boost for classifying whether the target 

bought from the marketing campaign. Then the 

outputs will be generated using the test data set 

  

III. DATA DESIGN 

 

3.1 Data Collection 

 

Machine Learning Algorithm to Predict Default Bank 

Loans 

In this project, I used Landing Club data  

(https://www.lendingclub.com/info/download-

data.action) to predict default bank loans. 

 

3.2 Description of Dataset 

 

The number of instances and attributes in the dataset 

are as follows: Number of instances: 122605 

Number of attributes: 64 

 

The dataset was later divided into an “x-safe loans” 

and a “y” column, where “y” contains value of the 

target variable (whether the customer will be able pay 

the interest amount or not) containing binary values (0 

or 1). 

 

Feature name Description Data type 

grade grade of the loan Categorical 

Sub grade sub-grade of the loan Categorical 

Short emp one year or less of employment numeric 

Emp length num number of years of employment numeric 

Home ownership Home ownership status: own, mortgage or rent Categorical 

DTI debt to income ratio numeric 

purpose the purpose of the loan Categorical 

term the term of the loan Categorical 

Last delinq none has borrower had a delinquincy numeric 

Last major derog none has borrower had 90 day or worse rating numeric 

Revol util revol util percent of available credit being used numeric 

Total rec late fee total late fees received to day numeric 

3.3 Feature Selection 

 

The target column (label column) of the dataset that I 

am interested in is called bad loan. In this column 1 

means a risky (bad) loan 0 means a safe loan. 

 

In order to make this more intuitive and consistent 

with the lectures, I reassign the target to be: 

• +1 as a safe loan, 

• -1 as a risky (bad) loan. 

I put this in a new column called safe loan. 

 

The dataset has been created into two variable, feature 

column and target variable as safe loan which contain 

the target variable (whether the customer can repay the 

loan amount or not) containing binary values (-1 and 

1) and the feature column contains the variable 

mentioned above.  
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3.4 Algorithm 

Machine learning is the process of predicting and 

detecting patterns in order to generate appropriate 

results after fully comprehending them. Algorithms 

that use machine learning look for patterns in data and 

learn from them. With each attempt, an ML model will 

learn and improve. To determine a model's 

effectiveness, the data must first be divided into 

training and test sets. So, before training our models, 

we divided the Lending Club data into two sets: the 

Training set, which comprised 70% of the total 

dataset, and the Test set, which comprised the 

remaining 30%.  

 

It was therefore necessary to apply a variety of 

performance indicators to our model's predictions. In 

this scenario, we were attempting to predict whether 

or not a person would default on a loan. Model 

accuracy may not be the only statistic to use to 

determine how well our model performed; the F1 

score and confusion matrix should also be considered. 

What matters is that the appropriate performance 

measures be selected for the appropriate scenarios. For 

our modelling, we employed two algorithms:  

 

 

 

 

 

IV. MODEL BUILDING 

 

4.1 REVIEW OF MACHINE LEARNING 

ALGORITHMS 

 

Decision Trees: Decision Tree algorithm belongs to 

the family of supervised learning algorithms. Unlike 

other supervised learning algorithms, the decision tree 

algorithm can be used for solving regression and 

classification problems too. The goal of using a 

Decision Tree is to create a training model that can use 

to predict the class or value of the target variable by 

learning simple decision rules inferred from prior data 

(training data). In Decision Trees, for predicting a 

class label for a record we start from the root of the 

tree. We compare the values of the root attribute with 

the record’s attribute. On the basis of comparison, we 

follow the branch corresponding to that value and 

jump to the next node. 

 

Ensemble boosting: The ensemble boosting method 

used in our research was designed differently. 

Boosting has been modified by many researchers 

leading to the Adab Boost method. In essence, that 

method focuses on the weak learners of every iteration 

over the data set S = {(xi, yi ), i = 1 … n} with n 

examples. During each iteration t, the algorithm tries 

to find a new classifier ht : x → y while minimizing an 

error δt over the data set St . Throughout the iterations, 
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the Adab Boost method gives more weight to the week 

learned examples, but on the other hand, gives less 

weight to the correctly classified ones. These weights 

are initialized before starting iterations to W1 (n) = 1 

N, n ∈ {1,2, … , N}. In each iteration, we train a base 

learner hm using the data set with distribution Demand 

calculate the error δ such that: 𝛿𝑚 = ∑ 𝑊𝑚(𝑖) (1 − 𝑦𝑖, 

𝑚) 𝑁 𝑖=1 (2) 𝑦𝑖, 𝑚 = {1, 𝐷𝑚 𝑔𝑖𝑣𝑒𝑠 𝑡ℎ𝑒 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑙𝑎𝑏𝑒𝑙 

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 (3) It worth mentioning that δm ∈ 

(0,0.5), therefore, in case that δm ≥ 0.5, the weights 

Wm(i) are initialized to 1. Then, we calculate a 

parameter αm that will be used to calculate the new 

weight for the iteration m + 1: 𝛼𝑚 = 1−𝛿𝑚 𝛿𝑚 (4) 

𝑊𝑚+1(𝑖) = 𝑊𝑚(𝑖)𝛼𝑚 (1−𝑦𝑖, 𝑚) ∑ 𝑊𝑚(𝑗)𝛼𝑚 (1−𝑦𝑗, 

𝑚) 𝑁 𝑖=1 (5) The AdaBoost algorithm stops the 

ensemble construction process, presumably, at an 

iteration T, resulting in an ensemble learner of the 

classifiers h1to hT. The Final classifier output could 

be given by: 𝐻(𝑥) = 𝑎𝑟𝑔𝑚𝑎𝑥𝑦∈𝑌∑ 𝑙𝑜𝑔 1 − 𝛿𝑚 𝛿𝑚 

𝐼(ℎ𝑚(𝑥) = 𝑦) 

 

 

4.2 MACHINE LEARNING MODEL 

 

4.2.1 MODEL CATEGORY AND RATIONALE 

FOR CHOOSING THE SAME 

Machine learning models will be used to evaluate the 

same problem of classifying whether the customer be 

able to repay the loan amount or not. Different models 

are being used in order to understand how supervised 

algorithm explain the outcomes of the model. 

 

4.2.2 MODEL NAME AND RATIONALE FOR 

CHOOSING THE SAME 

The aim of the project is to observe the working of the 

algorithms with different instances of outputs. The 

following models are taken into consideration: 

Decision Trees, ensemble Boosting. Decision tree 

algorithms is considered to be white-box models (easy 

to interpret) whereas ensemble boosting is considered 

to be black-box models (tough to interpret). There are 

multiple kinds of machine learning models that 

could’ve been used for this project. Since it is not 

possible to incorporate all kinds of machine learning 

models, only the mentioned models were chosen. Any 

different model type can be used in the future work for 

this project.  

 

4.2.4 THEORETICAL DESCRIPTION OF MODEL 

The algorithms used in the project generate their 

feature attribution reports by creating a linear model in 

the vicinity of the datapoint mentioned to it and then 

tweaking input given to the model and receiving 

outputs from the model. To enable them, 3 different 

models are created upon the same dataset. 

 

4.2.4 MODEL ARCHITECTURE 

 

 

 
 

STEPS IN BUILDING THE MODEL 

 

Required libraries and the dataset are imported into the 

Jupyter notebook. 

 

Some features by default would be binary features, but 

since they have a third class "unknown" we'll process 

them as non-binary categorical features  

 

The 2 mentioned models are then created (Decision 

Trees, Ensemble boosting) 

 

The dataset is then split into 70:30 ratio for training 

and testing respectively. 

 

After training, testing and validating the model, an 

instance of the dataset is taken for which we would like 

the interpretation to be created. 

 

Required parameters are parsed through the explainer 

function to generate the explanations for an instance. 
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4.3 MODEL TRAINING  

 

Best parameters are found with Grid Search CV and 

then passed to the model(s) to train the final estimator 

with these new-found parameters 

 

4.4 MODEL VALIDATION 

 

All the proposed models are then validated by scoring 

on the validation dataset. 

 

4.5 MODEL SCORING 

 

To score the models, a classification report on the 

validation dataset is generated and hence accuracy, 

precision, recall and f-1 score are produced to evaluate 

the model’s performance. 

 

Once the model has achieved a good score, then we 

move onto explaining the outcomes of the model using 

the interpretability algorithms  

 

V. MODEL IMPLEMENTATION 

 

5.1 DATA INVESTIGATION 

 

The dataset consists of data from the customer detail 

of the previous bank transaction and their income. 

Upon this data, the aim is to build classifiers that can 

predict whether the client can properly repay the given 

loan amount or not. The dataset is publicly available 

on GitHub 

 

 

 

5.2 DATA PREPARATION 

 

5.2.1Checking for NAN values 

 

The dataset was imported and checked for null values 

but it had none as can be seen in the figure below: 
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5.2.2 Feature Engineering 

 

A new object Column transformer was defined that 

keeps the numerical features and apply one hot 

encoding on our categorical features that allows to 

create a clean pipeline that includes both features 

engineering (one hot encoding here) and training the 

model. 

  

 

 
 

5.3 MODEL TRAINING AND VALIDATION 

 

All the three models were then built (Decision Tree, 

Random Forest, Ensemble boosting). 

 

 
 

5.3.1 Data Splitting 

 

To train the model, the dataset was divided into a 

training and testing ratio of 70:30 using sklearn’s 

method train test split. The following image shows the 

same 
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5.3.2 Model specification 

 

Decision Tree 

 

The decision trees model was trained in the same way 

by finding the best parameters and the fitting the 

model on the dataset. 
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the data is continuously split according to a certain 

parameter it can also explain by two entities, namely 

decision tree nodes and leaves it force the 

consideration of all possible outcome of a decision and 

traces each path to a conclusion 

 

Ensemble Boosting 

 

 

 
 

 
 



© OCT 2026 | IRE Journals | Volume 10 Issue 4 | ISSN: 2456-8880 
DOI: https://doi.org/10.64388/IREV10I4-1723601 

IRE 1723601          ICONIC RESEARCH AND ENGINEERING JOURNALS 804 

 
 

 
 

 5.2.1 Model Validation strategies 

 

The model will be validated on the test data set (30% 

of the dataset) and will be evaluated based on its 

accuracy and classification report. 

 

VI. RESULTS AND INTERPRETATION 

 

6.1 PERFORMANCE METRICS 

 

The models were scored on the basis of their accuracy 

 

Decision tree 

 

The logistic regression model achieved an accuracy of 

63%. Precision, recall and f1- score for the model are 

as follows 
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Ensemble Boosting  

 
 

Sl.no Model used accuracy 

1 Decision tree 63% 

2 Ensemble boosting  68% 

 

6.1  COMPARISON OF MODELS 

 

In this prediction the model used to find the exact 

comparison the tested model in which the accuracy 

shows the model of the prediction which has been 

done from that the prefect model has been choosen 
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Ensemble Boosting 

 

This method is based on the comparison of training 

error and validation errors in which the model will find 

out the errors with the number of trees and 

classification errors 
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VII. CONCLUSION 

 

7.1Research Project Overview 

 

The goal of this study was to investigate, analyse, and 

develop a machine learning algorithm that could 

correctly determine whether a person, given certain 

characteristics, has a high risk of defaulting on a loan. 

Lending Club might utilise this type of model to 

identify specific financial characteristics of future 

borrowers who may be at risk of defaulting and not 

repaying their loan on time. The accuracy of the 

Decision Tree technique was 63 percent. As a result, 

the ensemble boosting gives us a 68 percent accuracy. 

When it comes to identifying potential borrowers who 

meet certain requirements, Lending Club must be 

cautious. Borrowers who do not own a home and apply 

for a small company or wedding loan, for example, 

may face a bad combination that leads to a default on 

the loan. 

 

7.2 Evaluation of Results 

 

This paper use different model to tested on a data set 

of bank on that basis a model is selected for the bank. 

Using that model bank can easily predict which 

customer will be beneficial for them and which can be 

defaulter or non-performing asset. Three different 

model is used here for prediction in which decision 

tree perform best on the data set which accuracy is 

higher than ensemble boosting. 

 

 

 

7.3 Advantages and Limitations 

One of the drawbacks is the limited number of people 

who defaulted on their debts in the first place during 

the course of the 8 years of data (2007-2015). We 

could look at how many of the current loans were paid 

off, defaulted, or even charged off using an updated 

data frame that includes the next three years' values 

(2015-2018). These fresh data points can then be used 

to make predictions or train new models for more 

accurate outcom`es. Because the algorithm places 

certain non-defaulters in the default category, we 

should investigate this further to improve the model 

accurately identify capable borrowers. 

  

VIII. FUTURE WORK 

 

As this project could not incorporate all kinds of 

machine learning models, the other kinds of machine 

learning models can be used as the future work of this 

project. Apart from machine learning models, neural 

networks can also be attempted in to explain in the 

future using the mentioned algorithms. The problem 

type can also be changed from a classification type to 

a regression type or a clustering-based model that 

might enable a different point of view while observing 

the interpretation reports. Also, the algorithms are not 

just limited to these three algorithms. 
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