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Abstract 

Banks' profitability is highly dependent on loans, which constitute a substantial amount of 

their income. However, the task of precisely selecting real persons who would repay their 

loans becomes challenging due to the high volume of loan applicants. The bank's revenue 

and profitability are directly affected by the choice to accept or reject a loan application. 

The manual review of loan applications is susceptible to misconceptions and inaccuracies, 

resulting in the approval of applicants who may not truly be creditworthy. The aim of this 

study is to develop a loan prediction system employing machine learning approaches to 

address the issue. The system will autonomously look over and choose suitable applicants 

for loans, thus reducing the need on manual processing. The suggested framework uses the 

Decision Tree method, an algorithm for machine learning that can make judgments based 

on input data. The Decision Tree algorithm analyzes past loan data, considering into 

account numerous factors such as income, credit score, employment history, and loan 

amount. It utilizes this data to generate a prognostic model that evaluates the probability of 

loan reimbursement. By utilizing historical loan data and information from past loan 

applicants, the model has the ability to forecast whether a loan application should be 

approved or denied. Using such a system offers benefits to both employees at banks and 

those applying for loans. Automating the selection process greatly decreases the time 

needed for loan approval, allowing applicants to access funds more quickly. In addition, 

the technique enhances the accuracy of applicant screening, diminishing the likelihood of 

providing loans to those who have a higher probability of defaulting. The project efforts to 

make use of machine learning approaches, specifically the Decision Tree classifier, in order 

to forecast loan outcomes and improve the loan approval process. This automated method 

helps tackle the difficulties linked to manual processing and enhances the efficiency and 

precision of selecting loan applicants. In conclusion, this project effectively created a 

highly precise and efficient Decision Tree model that can greatly enhance the loan approval 

process for banks. It achieves this by automating predictions, minimizing manual work, 

and delivering dependable loan approval or rejection outcomes that align with the 

requirements of the banking sector 
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CHAPTER 1 

1. Introduction 

The loan approval process is a critical task for banks and financial institutions. The 

procedure entails evaluating the creditworthiness of the people seeking a loan with the aim 

to determine their suitability for loan approval. The accuracy of this assessment has a 

substantial impact on the bank's profitability and risk management. Nevertheless, due to a 

significant volume of loan applications and intricate criteria for assessment, the process of 

manually processing becomes laborious as well as open to mistakes. With the widespread 

availability of advanced computing resources and the decreasing cost of data storage, the 

volume of data generated today far exceeds that of previous decades [1]. In the financial 

sector, particularly within banking institutions, data is produced continuously and in large 

volumes. As a result, these institutions are increasingly seeking methods to extract valuable 

insights from this data. One of the most pressing challenges they face is loan risk 

assessment [2]. Historical data often contains latent patterns that are not immediately 

apparent. Machine learning offers powerful tools capable of analyzing vast datasets that 

are beyond the capacity of human analysis, enabling the discovery of hidden relationships, 

correlations, and associations within the data [3]. 

However, these risk factors do not always provide sufficient information to support 

informed decisions regarding customers' creditworthiness. Furthermore, many banks lack 

a centralized, well-integrated, and automated financial and risk management system, 

largely due to the challenges involved in developing robust and scalable frameworks 

capable of accurately forecasting customer risk scores [4].  The loan approval process is a 

critical task for banks and financial institutions. The procedure entails evaluating the 

creditworthiness of the people seeking a loan with the aim to determine their eligibility for 

loan approval. The accuracy of this assessment has a substantial impact on the bank's 

profitability and risk management. Nevertheless, due to a significant volume of loan 

applications and intricate criteria for assessment, processing them manually becomes 

laborious and susceptible to mistakes [5]. 

 

In order to address this challenge, this project is centered around creating a loan approval 

classification system that uses the Decision Tree algorithm and classifies loans into two 
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categories. The goal is to streamline and enhance the loan approval process by precisely 

forecasting whether a loan application should be accepted or fell using a range of input 

characteristics. The Decision Tree algorithm is a popular machine learning method that 

utilizes a tree-like hierarchical structure to make decisions based on the assessment of 

feature values. The dataset is recursively divided based on the most informative features, 

resulting in the creation of a hierarchical decision structure. The internal nodes of the tree 

correspond to feature tests, whereas the leaf nodes correspond to predictions or class labels. 

The Decision Tree method has several benefits for loan approval classification. One 

advantage is its interpretability, as it allows for easy understanding of the decision path. 

Additionally, it is capable of handling both categorical and continuous information. 

Furthermore, Decision Trees have the ability to comprehend intricate connections and 

interactions among characteristics, rendering them appropriate for tasks involving the 

prediction of loan acceptance. 

 

The result of this project will be a strong loan approval classification system that may assist 

banks and financial institutions in making more precise and prompt choices. Through the 

use of automated loan approval, the system has the capability to substantially diminish 

processing time and enhance efficiency. Furthermore, it can improve the precision of loan 

approval determinations, reducing the likelihood of providing loans to persons who have a 

higher probability of defaulting. Essentially, the objective of this project is to create a loan 

approval classification system that uses the Decision Tree algorithm to classify loans into 

two categories. The system intends to enhance the precision and effectiveness of loan 

approval decisions for both financial institutions and loan applicants by utilizing machine 

learning techniques and historical loan data.  

1.1 Motivation 

The motivation for implementing machine learning techniques for automating the loan 

approval process is based on the obstacles faced by banking institutions in precisely 

predicting the possibility of loan repayment by clients. This challenge emerges as a result 

of the intricate nature of loan applications and the multitude of factors that affect loan 

repayment behavior.  

The loan approval process is crucial for banking institutions, as it directly affects their 

financial statements and overall success. The regaining of loans is crucial for the financial 

gain and stability of a bank. Hence, it is crucial for banking organizations to perform 
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meticulous calculations and make exact loan approval judgments in order to achieve 

achievement and foster growth. By employing machine learning approaches, we may 

leverage advanced algorithms and data processing to automate the loan approval process. 

Machine learning models possess the capacity to examine substantial amounts of 

previously recorded loan data, detect trends, and acquire knowledge from previous loan 

repayment habits. This allows the models to generate forecasts regarding the probability of 

loan payback by new clients.  

 

Implementing automation in the loan approval process offers numerous benefits. First and 

foremost, it enhances process efficiency by diminishing the need for manual labor and 

reducing the time required to evaluate loan applications. This facilitates expedited decision-

making, enabling eligible applicants to promptly access funding. Moreover, automation 

mitigates the potential for human bias and inaccuracy during the decision-making process.  

Moreover, machine learning models have the capability to enhance the precision of loan 

approval choices by taking into account a diverse array of parameters and their intricate 

interconnections. The models can detect patterns that indicate whether a person is likely to 

be creditworthy or at risk of default by examining factors which include income, credit 

score, employment history, and loan amount. This aids financial institutions in reducing 

the likelihood of granting loans to consumers who have a higher probability of defaulting.  

 

1.2 Problem Statement 

The loan approval process in finance institutions faces significant hurdles, including the 

time-consuming manual validation of customer details for loan eligibility. Manual 

processes not only delay loan approvals but also increase the risk of errors and 

inconsistencies. To address these challenges, an automated system is required to effectively 

classify loan applications and improve decision-making. In this study, the problem 

statement lies in developing a binary-class loan approval classification model using a 

decision tree algorithm. The model should accurately predict loan approvals based on 

diverse features, such as customer demographics, credit history, income, and loan amount. 

By employing a decision tree-based approach, the aim is to create a robust and interpretable 

model that can assist finance institutions in automating the loan approval process and 

making informed and efficient loan approval decisions. 
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1.3 Objectives 

The project's objectives are to assess a dataset of authorized loans to determine patterns 

and correlations among different variables. The study seeks to comprehend the elements 

that lead to loan defaults and construct a predictive model by recognizing these trends. The 

study aims to construct a predictive model for loan default probability using data extraction 

technologies, specifically decision tree-based machine learning algorithms. The model will 

employ the derived patterns and features from the dataset to generate precise predictions.  

The goal of the project is to offer a beneficial tool for bank employees engaged in loan 

approval determinations. The credit prediction system will determine the significance of 

each attribute included in the credit evaluation procedure. This would facilitate bank 

workers in efficiently evaluating the financial ability of loan applicants and making well-

informed decisions. The project's objective is to streamline the loan approval process by 

offering a rapid and effortless method to assess loan applications. Through the utilization 

of the predictive model, the system will have the capability to allocate priorities to 

applications and establish time constraints for verification. This automation will improve 

the effectiveness of the loan approval process and facilitate expedited decision-making.  

The initiative highlights the significance of upholding the confidentiality and integrity of 

the loan approval process. The prediction process will be handled in a confidential manner, 

and stakeholders will not have the capability to alter the processing. This guarantees that 

the project delivers dependable and impartial forecasts for loan approval. The project 

acknowledges the significance of scalability, especially when handling substantial volumes 

of data. The research intends to utilize decision tree machine learning algorithms to 

accurately anticipate loan approvals, especially when dealing with massive datasets.  

 

In summary, the goals of this project encompass the extraction of patterns, the prediction 

of loan defaults, the facilitation of decision-making, the automation of the loan approval 

process, the assurance of confidentiality and integrity, and the attainment of scalability. 

The project seeks to strengthen the loan approval process in the banking system and 

increase the overall efficiency and accuracy of credit predictions by achieving these 

objectives.  

 

 

 



 11 

1.4 GOALS AND OBJECTIVES 

 

The main goals of this project are as follows: 

The main objective is to build a decision tree machine learning model that can effectively 

forecast the acceptance or rejection of a loan. The model will undergo training using past 

data and will be tweaked to maximize its predictive capacity. The objective is to gain a 

thorough understanding of customer profiles and identify the patterns and trends that lead 

to loan defaults. The project seeks to utilize the decision tree approach to extract important 

insights from client variables and past loan data.  

 

The project seeks to employ the decision tree model to mitigate the risk of potential loan 

defaulters. The model can assist financial organizations in making more informed decisions 

and reducing potential risks by identifying crucial elements and traits linked to loan 

defaults. The goal is to utilize the prediction model to evaluate the security of loan 

approvals for certain individuals. The project intends to enhance loan approval choices for 

banking organizations by assessing a customer's profile and use a trained model to provide 

a precise estimate of the probability of loan repayment 
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Chapter 2 

2. Literature Review 

2.1 Loan Prediction using Machine Learning  

This systematic literature review provides a comprehensive analysis of recent research on 

loan default prediction using machine learning algorithms. It synthesizes key findings from 

contemporary studies, highlighting commonly applied algorithms, feature engineering 

techniques, evaluation metrics, and data sources [6]. In particular, one study concentrates 

on credit scoring variables and assesses the performance of algorithms such as logistic 

regression, decision trees, and random forests in predicting loan default outcomes [7]. 

 

Another extensive review evaluates the use of support vector machines, random forests, 

and neural networks, emphasizing the role of feature selection techniques and performance 

metrics in enhancing prediction accuracy. It also outlines current challenges and future 

directions in the field [8]. An empirical investigation within the Bangladesh banking sector 

applies machine learning methods including logistic regression, decision trees, and gradient 

boosting to examine the influence of various credit-related features on default prediction 

performance. This study offers region-specific insights relevant to financial institutions in 

Bangladesh [9]. 

 

Additionally, a comparative study evaluates the effectiveness of individual machine 

learning algorithms and ensemble techniques, such as support vector machines, random 

forests, and boosting methods, in predicting loan defaults. It sheds light on the comparative 

performance of these models in different experimental setups [10]. Though published in 

2020, another study shifts the focus slightly to loan repayment prediction, analyzing 

decision trees, random forests, and gradient boosting methods. This study investigates how 

different feature sets affect the accuracy of repayment prediction models and suggests ways 

to improve model performance [11]. 
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2.2 Loan Prediction using Decision Tree. 

Binary-class loan approval categorizing using decision tree algorithms has become a 

prominent topic of interest in recent years. Experts have investigated different parts of this 

method, including the creation and assessment of models, the selection of features, and the 

use of ensemble approaches. 

 

This study presents a comparative analysis of loan approval classification using decision 

trees. It examines different decision tree algorithms, such as C4.5, CART, and Random 

Forest, and evaluates their performance in predicting loan approvals. The study compares 

the accuracy, precision, recall, and F1-score of the different decision tree models to identify 

the most effective approach [12]. While not specifically focused on loan approval 

classification, this literature review explores the use of decision trees in credit scoring 

models. It surveys various decision tree-based approaches used in credit risk assessment 

and loan approval prediction. The review discusses the advantages, limitations, and 

challenges associated with decision tree models in the context of credit scoring [13]. 

 

This study focuses on building interpretable credit scoring models using decision trees. It 

investigates the use of decision tree algorithms, such as C4.5 and CART, for predicting 

loan approvals. The study emphasizes the interpretability of decision tree models and 

discusses the importance of transparent credit scoring models for regulatory compliance 

and risk management [14]. While specifically addressing credit scoring models for peer-

to-peer (P2P) lending, this study employs decision trees and random forests for loan 

approval classification. It proposes a novel credit scoring model that combines decision 

tree-based feature selection and random forest ensemble learning. The study evaluates the 

performance of the proposed model in predicting loan approvals and compares it with other 

approaches [15]. 

This article focuses on loan approval prediction using improved decision tree algorithms. 

It presents modifications to the traditional decision tree algorithm, such as pruning 

techniques and attribute selection measures, to enhance the accuracy and effectiveness of 

loan approval classification. The study evaluates the performance of the improved decision 

tree models using real-world loan datasets [16] 
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Chapter 3 

3. Methodology  

This chapter covers a review of the study's concept and its corresponding support, the data 

source and its significance in relation to the issue statement, the methodology employed 

for data collecting, the techniques utilized for data analysis, and the rationale behind their 

selection. The case study examines various approaches and principles pertaining to data 

processing, feature selection, exploratory analysis, model training, and validation. 

3.1 Dataset 

Loan data can take various forms, and dataset [16] is an open-source collection containing 

information on individuals who applied for loan approval. This dataset includes several key 

customer features such as Loan_ID, Marital Status, Gender, Number of Dependents, 

Education Level, Self-employment Status, Applicant Income, Loan Amount Term, Loan 

Amount, Loan Amount, Credit History, Loan Status, and Property Area. 

3.2 Collecting Dataset 

The data collecting method involves secondary data sourced from publicly accessible 

websites of financial institutions situated in the USA. The information was acquired from 

the company's website on their public reporting section. The dataset comprises loans from 

2010 to 2020, encompassing 1,000 rows and 50 columns. The quantity of training data 

necessary for a machine learning method depends on the model's complexity, the data's 

patterns, and the correlations among characteristics. The rule of 10 posits that the quantity 

of training data required for an effectively functioning model should be ten times the 

number of parameters within the model. Data preprocessing encompasses feature 

extraction, management of missing values, and treatment of outliers. The data is ultimately 

divided into a training set of 70% and a test set comprising 30%. 

3.3 Data Exploration  

Several libraries and packages were imported that were necessary for data exploration. 

After that, some top rows were looked at a glance. Also, we checked if the dataset contains 

nulls values or not. The data exploration process using Seaborn would have provided a 
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solid foundation for the subsequent stages of the case study. The importation of various 

libraries and packages, the initial data inspection, and the check for missing values are all 

crucial steps in understanding the dataset and identifying any potential issues or patterns 

that may need further investigation. 

3.4 Data Cleaning  

The dataset contained some null values, which were eliminated using the dropna function. 

While removing rows with missing values is a standard practice, it's crucial to confirm that 

the remaining dataset accurately reflects the overall population and does not introduce any 

bias. Once the data has been cleaned by removing these rows, the next step usually involves 

feature engineering. This process involves the creation of new features or the 

transformation of existing ones to improve the predictive performance of the model. 

 

3.5 Data Preprocessing  

Some characteristics of the dataset were categorical. Therefore, I converted the categorical 

variable into a numerical format, as machine learning algorithms typically require 

numerical inputs. Additionally, I standardized the data because models generally perform 

better when features are on a relative scale. The data preprocessing steps are crucial for 

allowing the Decision Tree model to learn from the dataset and make accurate predictions. 

By transforming categorical variables into numerical values and standardizing the features, 

I am ensuring that the dataset meets the mathematical needs of the machine learning 

algorithm. This improves the model's ability to identify key patterns and relationships in 

the data, leading to better performance in the binary classification task of loan approval. 

3.6 Proposed Model 

The proposed model for the binary-class loan approval classification problem appears to 

be a Decision Tree model. The primary objective of the proposed model is to predict 

whether a loan applicant will default on a given loan or not. This is a binary classification 

problem, where the target variable can have two possible outcomes: loan approval or loan 

default. The model that is proposed is a Decision Tree, a widely utilized machine learning 

approach for categorization purposes. Decision Trees are a category of supervised learning 

algorithms that construct a tree-like model of decisions derived from the input features. 

The method iteratively divides the input space according to the most informative features, 

establishing a hierarchical decision framework for making predictions. This model will be 
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assessed on the reserved testing set to evaluate its efficacy in the binary-class loan approval 

classification task. Relevant assessment measures, including accuracy, precision, recall, 

and F1-score, will be computed to assess the model's performance. 

• Model Training 

Dividing the data into training and testing sets, typically using an 70/30 split, to ensure 

unbiased evaluation. Utilizing the training data to build the Decision Tree, adjusting 

parameters such as depth and minimum samples per leaf to optimize performance. 

• Model Evaluation 

Validation technique implementing k-fold cross-validation to ensure the model's 

robustness and generalizability. Evaluating the model using accuracy, Precision, and Ratio. 

• Interpretation and Insights 

Analyzing the Decision Tree structure to understand decision paths and feature impacts on 

predictions. Providing actionable insights for banking institutions based on model 

outcomes, including risk assessment and applicant profiling 

This methodology outlines a systematic approach to developing a Decision Tree model for 

binary-class loan approval classification. 

3.7 Binary-Class Classification 

Binary classification is a widely used technique in machine learning for distinguishing 

between two distinct classes. However, the performance of such models can be 

significantly affected by challenges such as class noise [13], class imbalance, and limited 

data availability [14]. To address these issues and enhance the effectiveness of binary 

classification models, various approaches have been proposed in the literature. Achieving 

optimal classification performance requires that the model accurately identifies both 

classes not just the target class, which often receives the most attention. 

3.8 Single Model Classifier 

A single model classifier is a type of machine learning model that uses a single model to 

make predictions. This is in contrast to an ensemble model, which uses multiple models 

to make predictions. Single model classifiers are often simpler to train and deploy than 

ensemble models, but they can also be less accurate. There are many different types of 

single model classifiers, including: 
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3.9 Logistic Regression  

Logistic regression, a fundamental classification model, is frequently employed to illustrate 

the relationship between dependent and independent variables [15]. In this study, the 

authors initially applied logistic regression to the datasets mentioned earlier, using various 

cross-validation strategies including 2-fold, 4-fold, 5-fold, and 10-fold validation. The 

results of this baseline model across both datasets are summarized in Table I. To improve 

classification performance, a Random Forest model was subsequently introduced, building 

upon the optimal results derived from the logistic regression model. Boosting techniques 

were then applied exclusively to these optimal outcomes. According to Table I, the highest 

accuracy for the Breast Cancer dataset was obtained using 10-fold cross-validation, while 

the Titanic dataset yielded the best results with 5-fold cross-validation. Consequently, 

further tuning was performed specifically for these configurations. The proposed approach 

utilized an AdaBoost classifier, with logistic regression serving as the base estimator. 

AdaBoost is a meta-estimator that enhances model performance by iteratively training 

classifiers, adjusting the weights of misclassified instances in each iteration to focus the 

learning process on more difficult cases [16]. The AdaBoost model, when applied with 10-

fold cross-validation, achieved a high accuracy of 99.6% on the Breast Cancer dataset. 

However, its performance was notably lower on the Titanic dataset, with accuracy dropping 

to 83% under 5-fold cross-validation. 

3.10 Support Vector Machine 

Support Vector Regression (SVR) extends the principles of Support Vector Machines 

(SVMs) to regression tasks, with the primary objective of identifying an optimal fitting 

function. In SVR, the best-fit line is represented by a hyperplane that maximizes the 

number of data points within a specified margin of tolerance. Unlike traditional regression 

techniques that aim to minimize the overall error, SVR seeks to keep prediction errors 

within a defined threshold (ε), effectively creating a margin around the hyperplane where 

deviations are not penalized. 

The distance between the hyperplane and this margin defines the ε-insensitive zone. This 

approach helps reduce the influence of outliers and focuses the model on general trends 
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rather than individual data points. However, SVR has a time complexity that grows faster 

than quadratically with the number of samples, making it less suitable for large datasets. 

For scalability, alternatives such as Linear SVR or stochastic gradient descent (SGD) 

regressors are often employed. Linear SVR offers faster execution but is limited to linear 

kernel functions. Notably, since the SVR cost function ignores samples with predictions 

within the ε-margin, the final model depends only on a subset of the training data—referred 

to as support vectors [16]. 

Additionally, the scikit-learn library provides implementations for linear regression models 

capable of handling multiple output variables, offering flexibility in multivariate prediction 

tasks. 

 

3.11 Naïve Based Classifier 

 

For example, when a classifier is presented with a banana, it may identify features such as 

its yellow color, elongated shape, tapering ends, and general rectangular form. In a Naive 

Bayes model, each of these features independently contributes to the probability of the fruit 

being classified as a banana, under the assumption that they are conditionally independent 

given the class label. 

 

Naive Bayes is based on Bayes’ Theorem, which is expressed as: 

p(A|B) = p(A) * p(B|A) / p(B) 

 

 Where: 

         P(A | B) = how often happens given that B happens 

         P(A) = how likely A will happen 

         P(B) = how likely B will happen 

         P(B | A) = how often B happens given that A happens 

3.12 Neural Network 

 

A neural network is a computational framework designed to identify hidden patterns and 

relationships within data by emulating the structure and functioning of the human brain. 

These networks consist of interconnected units, or "neurons," which may be inspired by 
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biological systems or constructed artificially. Neural networks possess the ability to adapt 

to various inputs, enabling them to generate optimal output without the need to redesign 

output parameters manually. 

 

Originating from the field of artificial intelligence, neural networks have seen increasing 

adoption in a wide range of applications, including the development of trading systems. In 

this context, a "neuron" refers to a mathematical function that processes and categorizes 

input data according to a defined architecture. Structurally, neural networks share 

conceptual similarities with traditional statistical techniques such as curve fitting and 

regression analysis. 

 

These models are composed of multiple layers of interconnected nodes. Each node, known 

as a perceptron, operates similarly to a multiple linear regression model. It aggregates 

weighted inputs and then applies a (typically nonlinear) activation function to introduce 

nonlinearity into the model, enhancing its capacity to learn complex patterns. 

3.13 Ensemble Classifier 

A traditional machine learning technique for enhancing classifier performance involves 

aggregating many classifiers into an ensemble classifier. The underlying motivation is 

same to that of crowdsourcing; in both instances, while individual members may err, the 

collective can arrive at the correct answer provided a sufficient number are accurate. This 

is predicated on the premise that the ensemble members exhibit adequate diversity; if they 

all commit identical errors; no advantage is gained. However, there is enough randomness 

in the normal neural network training techniques to allow for a respectable degree of 

independence, which can be augmented, if necessary, by approaches like boosting or 

bagging. Even in the absence of these techniques, ensembles of deep neural networks 

generally surpass their individual constituents. Consequently, an effective method for 

enhancing the effectiveness of a deep neural network is to train four or five distinct copies 

of the network and thereafter permit them to "vote" for the accurate response. While there 

are constraints on the extent of performance enhancement achievable using this method, it 

serves as a very straightforward approach to extracting additional percentage points of 

accuracy. The primary aim of ensemble approaches is to mitigate bias and variation. 
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The error of a learning algorithm (will see later evaluation) has three components: the noise, 

the bias, and the variance:  

 

Error(x) = Bias(x)2 + Variance(x) + Noise(X) 

• The noise is the irreducible error (random errors in the data that can’t be eliminated, for 

example due to corrupted input, data entering errors.)  

• The bias is the systematic error that the learning algorithm is expected to make due to, 

e.g., architectural choices (e.g. if we use a Perceptron for data that are not linearly 

separable) or to insufficient/unrepresentative training data  

• The variance measures the sensitivity of the algorithm to the specific training set and/or 

hyper-parameters used (algorithms can be more or less robust to such variations). 

Ensembles may help reducing both bias and variance (except noise, which is irreducible 

error). The relation between error, bias and variance. 

 

3.14 Random Forest 

The Random Forest Classifier is an ensemble learning algorithm that integrates principles 

from both decision trees and, to some extent, support vector machines (SVMs), though its 

core mechanism is tree-based. It operates by constructing multiple decision trees, each 

generated using a randomly selected subset of features, and then outputs the mode of the 

classes predicted by individual trees for classification tasks [17]. Fundamentally, Random 

Forest can be described as a "forest" composed of many decision trees, hence the name. 

The term random refers to the method's reliance on randomized sampling of both data and 

features when building each tree. Unlike a single decision tree—which is prone to 

overfitting due to its sensitivity to training data—Random Forest mitigates this issue by 

aggregating the outputs of diverse trees, resulting in a more generalized and stable model. 

In regression tasks, Random Forest Regression is preferred over single decision tree 

regression due to its improved robustness and ability to avoid overfitting. It also tends to 

outperform traditional regression models in terms of both speed and predictive performance 

[18]. Moreover, the scikit-learn package provides implementations of Random Forest 

models, including versions that support multi-output regression 

3.15 Bagging 
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Bagging or Bootstrap aggregation is an ensemble learning technique that enhances the 

stability and accuracy of machine learning models by reducing variance. It involves 

generating multiple training datasets by randomly sampling from the original dataset with 

replacement, meaning individual data points may appear more than once in each sample. 

In this approach, the data is considered unweighted, and each sample is independently 

drawn. This process is repeated for each iteration. 

• A base model is created on each of these samplings. 

• The models run in parallel and are independent of each other. 

• The final predictions are determined by combining the predictions from all the models. 

These models collectively form a higher graded model to produce more accuracy. The final 

model is averaged by: 

e= (Σ eᵢ)/n 

where e₁,e₂…..eₙ = base classifier 

e = final classifier 

Bagging algorithms: 

• Bagging meta-estimator and Random forest 

3.16 Boosting (AdaBoost) 

Gradient Boosting Regression Trees (GBRT) represent a powerful ensemble learning 

method that constructs predictive models by sequentially combining multiple weak 

learners, typically shallow decision trees. This approach enhances overall model 

performance by iteratively correcting the errors of prior models, thereby reducing 

prediction bias and improving generalization. 

Weak learners in this context are models that only slightly outperform random guessing 

and typically exhibit high bias and low variance. Despite their individual limitations, when 

aggregated within a boosting framework, these learners contribute incrementally to the 

overall prediction, leading to a robust final model. A standard boosting algorithm 

comprises three key components: 

 

An additive model that sequentially builds the final predictor, 

 

A set of weak learners, and 

 

A loss function, which guides optimization during training. 
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Gradient Boosting Machines (GBM) operate by minimizing a specified loss function using 

gradient descent. At each iteration, the algorithm computes the gradient of the loss with 

respect to the current model’s predictions and fits a new decision tree to these residuals. 

This iterative process continues until a convergence criterion is met or a predefined number 

of iterations is reached. 

GBM is particularly adept at capturing non-linear relationships and complex interactions 

among features. It supports various differentiable loss functions, making it versatile for 

both regression and classification tasks. For example, it can model intricate phenomena 

such as wind curves in meteorological data, demonstrating its capacity to handle nonlinear 

dynamics across diverse application domains. 
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Chapter 4 

4. Results and Output 

The chapter discusses the results and output demonstrate the effectiveness of the Decision 

Tree model in predicting loan defaults, with a high accuracy, precision, and recall. The 

feature importance analysis provides insights into the key factors influencing loan approval 

decisions, and the model optimization efforts have led to further improvements in the 

model's performance. The real-world deployment of the model highlights its practical 

application and the organization's commitment to data-driven decision-making in the loan 

approval process. 

4.1 Decision Tree Results. 

The application of a classification-based machine learning technique, the Decision Tree 

Classifier, in solving the binary-class loan approval prediction problem. The results and 

insights provided can be valuable for financial institutions aiming to improve their loan 

approval processes and reduce default rates. Researchers devised an automated loan 

prediction system utilizing machine learning methodologies to address the issue. We will 

train the machine using the prior dataset. so, machine can analysis and comprehend the 

process. The machine will evaluate qualified applicants and provide the results.This case 

study aims to develop a machine learning model to forecast the likelihood of loan default. 

 

Table 1 Dataset 

Loan_I

D 

Gen

der 

Marri

ed 

Depend

ents 

Educat

ion 

Self_E

mp 

ApplicantIn

come 

LoanAm

ount 

Loan_Amount

_Term 

Property_

Area 

Loan_St

atus 

LP001

002 

Male No 0 Gradu

ate 

No 5849 0.0 NaN Urban Y 

LP001

003 
Male Yes 1 Gradu

ate 
No 4583 1508.0 128.0 Rural N 

LP001

005 
Male Yes 0 Gradu

ate 
Yes 300 0.0 66.0 Urban Y 

LP001

006 

Male Yes 0 Not 

Gradu

ate 

No 2583 2358.0 120.0 Urban Y 
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LP001

008 

Male No 0 Gradu

ate 

No 600 0.0 141.0 Urban Y 

 

 

 

4.2 Data Dictionary 

There are 13 variables in this data set: 8 categorical variables, 4 continuous variables, and 

1 variable to accommodate the loan ID. The following is the structure of the data set. 

 

Table 2 Data Dictionary  

Variable Name Description Value 
 

  

Load_ID Loan refrence number LP001002,LP001002, 

Gender Aplicant gender(F & M) Male, Female 

Maried 
Aplicant marital status (Married 

or Not Married 
Married,not Married 

Dependents Numbe of family members 0;1;2; + 

Education 

Applicant Education/ 

qualification (Graduate or not 

graduate 

Graduate; Under Graduate 

Selef_Emp 
Applicant employment status 

(Yes or No) 
Yes or No 

ApplicantIncome 
Additional applicant's monthly 

salary/income 
5849;4583; 

LoanAmount The loan amount 300,600,…. 

Loan_Amount_Term The loan repayment period 128;66,….. 

Property_Area 
The location of propert (Rural 

or Urban) 
Urban, Rural 

Loan_Status 
Status of loan (Y: accept & N: 

not accept) 
Y or N 

 

4.3 Feature selection limit the feature space.      

The full dataset has 12 features for each loan, but not all features contribute to the prediction 

variable. Removing features of low importance can improve accuracy and reduce both 

model complexity and overfitting. Training time can also be reduced for very large datasets. 

Eliminating features that have more than 30% missing values. This dataset has 12 features and 

the missing values is less than 30%, so the number of features remain the same. 
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Feature selection limit the feature space. 

Self_Employed 0.052117 

LoanAmount 0.035831 

Dependents 0.024430 

Loan_Amount_Term 0.022801 

Gender 0.021173 

Married 0.004886 

Education 0.000000 

ApplicantIncome 0.000000 

CoapplicantIncome 0.000000 

Property_Area 0.00000 

Loan_Status 0.00000 

 

 

 

4.4 Applicant’s Income - Co Applicant’s Income 
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A negative association exists between Applicant income and Co-Applicant income. The 

correlation coefficient is significant at the 95 percent confidence range, with a p-value of 

1.46. 

Figure 1 Applicant Income - Co Applicant Income.  

 

4.5 Distribution of Numerical Variable 

In this section, I will show the distribution of numerical variables using histogram and 

violin plot. 

4.6 Histogram Distribution & Skewed Distribution 

 

Figure 2. Applicant Income 
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The distributions of Applicant Income, Co-Applicant Income, and Loan Amount are 

positively skewed, indicating that while many applicants have lower incomes or smaller 

loan amounts, there are notable exceptions with significantly higher values. The presence 

of outliers in these distributions suggests that special attention should be given to these 

extreme values in any subsequent analysis or decision-making processes. 

 

 

In conclusion, the positive skewness and presence of outliers in the distributions of 

Applicant Income, Co-Applicant Income, and Loan Amount highlight important trends and 

anomalies within the data. Addressing these factors is crucial for accurate analysis and 

informed decision-making in the context of lending and financial services. 

 

4.7 Initial Model is Overfitting: 

The perfect training score, combined with a significantly lower testing score, clearly 

indicates that the model is overfitting. This suggests that the model has memorized the 

training data excessively, capturing not only the underlying patterns but also the noise and 

specific details that do not generalize to unseen data. 

 

Training Score: model.score(X_train, y_train) = 1.0 (100% accuracy) 

Testing Score: model.score(X_test, y_test) = 0.7398 (73.98% accuracy) 

 

Additionally, the results of the model highlight the variable importance of the features used 

in training. Key factors such as Credit History, Applicant Income, Loan Amount, and Co-

Applicant Income emerge as the most influential variables. Following these, Dependents, 
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Loan Amount Term, and Property Area also contribute significantly to the model's 

predictions. 

 

 

 

 

 

 

 

 

 
 

 

 
 

Figure 3. Feature Importance 

Plot_Tree 

 

 
 

 

 

 

 

 

 

 

 

Figure 4. Plot Tree 
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The impact of the iterative pruning process on the performance of the Decision Tree 

Classifier is significant. This process has successfully mitigated overfitting in the training 

data, as shown by the drop in the training score from 100% to 81.26%. This decline in 

training accuracy is both anticipated and beneficial, indicating that the model is less likely 

to memorize noise or specific details from the training set. 

 

Meanwhile, the testing score has remained relatively consistent at 80.49%, suggesting that 

the model continues to generalize effectively to unseen data, even after pruning. This is 

encouraging, as it reflects the model's capability to sustain a reasonable level of accuracy 

on new samples while becoming less complex. The slight improvement in the training 

score, along with the stable testing score, suggests that the changes made during this 

pruning iteration have successfully optimized the balance between bias and variance. The 

model is now more capable of extracting relevant information from the training data 

without overfitting, while still achieving good performance on the testing data. 

 

This optimal balance between model complexity and generalization is achieved by 

gradually simplifying the Decision Tree, which helps prevent overfitting and preserves its 

predictive accuracy on unseen data. Fine-tuning the model's performance is essential for 

creating an effective and dependable loan default prediction system. The insights gained 

from this analysis can inform future adjustments and ensure the Decision Tree Classifier is 

well-prepared for real-world use in the banking and finance sectors. 
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Chapter 5 

5. Conclusion, Limitation and Future Work 

5.1 Conclusion 

The project successfully developed a highly efficient and accurate Decision Tree Classifier 

model for binary classification of loan approval or rejection. The Decision Tree model 

demonstrated the ability to accurately predict whether a loan applicant will repay the loan 

or not, which is a critical capability for banks. The automated loan prediction system based 

on the Decision Tree model has significantly reduced the manual effort and time required 

from bankers in the loan approval decision-making process. The report highlights that 

machine learning techniques have played a crucial role in developing this precise and 

reliable loan prediction model. 

 

The developed model meets the specific needs and requirements of the banking industry, 

making it a practical and applicable solution for loan approval classification. The Decision 

Tree Classifier model is able to accurately predict whether a loan application should be 

approved or rejected, providing reliable decisions for banks.                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                    

The Conclusion emphasizes the exceptional performance, efficiency, and practical 

relevance of the Decision Tree Classifier developed in this project. It demonstrates the 

model's ability to accurately predict loan repayment, streamline the decision-making 

process for bankers, and fulfill the specific requirements of the banking industry for a 

reliable loan prediction system. 

 

In summary, this project successfully developed a highly accurate and efficient Decision 

Tree Classifier model that can significantly improve the loan approval decision-making 

process for banks by automating predictions, reducing manual effort, and providing reliable 

loan approval/rejection decisions aligned with the needs of the banking industry. 

5.2 Limitation 

The project was confined to using historical loan data and developing a Decision Tree 

Classifier model. The availability of additional data sources, such as macroeconomic 

indicators or customer behavioral data, could potentially improve the model's performance. 
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The study was also limited to a specific use case, loan approval classification, and the 

findings may not be directly generalizable to other financial applications. 

In other words, the key limitations of this project were: 

 

• Reliance on only historical loan data - incorporating additional data sources like 

macroeconomic indicators or customer behavior could enhance the model's 

predictive capabilities. 

• Narrow scope focused on loan approval classification - the findings and model may 

not easily transfer to other financial applications beyond this specific use case. 

 

The project was constrained by the data sources utilized and the singular focus on loan 

approval prediction, which could restrict the broader applicability of the developed model 

and findings. Expanding the data inputs and exploring other financial use cases could help 

address these limitations in future work. 

5.3 Future Work 

To further enhance the loan approval classification capabilities, future work could explore 

the integration of additional data sources, such as: 

• Macroeconomic indicators: Incorporating macroeconomic factors like interest 

rates, GDP growth, unemployment rates, etc. could help the model better account 

for the broader economic conditions that influence loan repayment. 

• Customer financial profiles: Expanding the data to include more detailed 

information about loan applicants' financial history, credit scores, income, 

expenses, etc. could improve the model's ability to assess the risk profile of each 

applicant. 

• Market trends: Analyzing relevant market trends and competitive dynamics in the 

lending industry could provide additional context to strengthen the loan approval 

predictions. 

Incorporating these additional data sources could potentially improve the model's ability to 

capture the complex patterns and interactions in the loan approval process. 

Additionally, exploring more advanced machine learning techniques, such as: 
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• Ensemble methods: Using ensemble models that combine multiple algorithms (e.g. 

random forests, gradient boosting) could lead to even more accurate and robust loan 

approval predictions. 

• Deep learning: Applying deep neural network architectures could uncover more 

sophisticated non-linear relationships in the loan data, potentially outperforming 

the Decision Tree Classifier. 

Investigating these more sophisticated machine learning approaches could also contribute 

to even more accurate loan approval predictions in future work. 
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