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Abstract  

Financial institutions face significant challenges in accurately assessing the risk of loan defaults, which can lead 

to substantial financial losses and impact overall stability. The primary objective of this study is to develop 

predictive models that accurately identify potential loan defaulters, enabling lenders to make more informed 

lending decisions. The study addresses the critical need for more reliable and data-driven credit risk assessment 

tools by employing logistic regression, random forest, and decision tree algorithms. The research design 

involves a systematic approach to data collection, preprocessing, feature selection, model development, and 

evaluation. The dataset, sourced from Coursera's Loan Default Prediction Challenge, includes 255,347 instances 

and 18 features relevant to loan default prediction. The study employed an under sampling technique to address 

class imbalance and used train-test split to evaluate model performance. Logistic regression, random forest, and 

decision tree models were trained and assessed for their predictive capabilities. The results indicate that Logistic 

regression and random forest models demonstrated superior performance, with accuracy rates of approximately 

69% and 68%, respectively. The feature importance analysis revealed key factors influencing loan defaults, such 

as credit score, loan amount, and employment history. 
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1. Introduction 

A loan is a financial arrangement in which one 

party (the lender) provides money or assets to 

another party (the borrower) under the 

condition that it will be repaid in the future, 

often with interest. According to Frederic and 

Apostolos [1], "A loan represents an agreement 

where the lender gives a borrower resources in 

return for a promise of future repayment with 

added interest, which compensates for the time 

and risk involved in the transaction." When 

loans are given, the lender expects the borrower 

to pay back within the agreed-upon time. Most 

of the time, the borrowers default on the 

agreement. Many factors usually lead to default 

on loan repayment, including but not limited to 

a lousy economy and natural disasters.  A 

defaulter is an individual or entity that fails to 

meet the legal obligation of repaying a debt or 

loan according to the agreed-upon terms. Hull 

[2] states, "a defaulter refers to a borrower who 

does not fulfil their repayment commitments as 

specified in the loan contract, leading to 

potential legal and financial consequences." 

 

Although managing loans can be challenging, 

they are essential to financial institutions and 

the global economy. The danger of default in 

which borrowers do not return their loans in 

accordance with the terms of the agreement, is 

one of the primary obstacles and causes 

financial losses for lenders. For financial 

institutions to reduce risks and make wise 

lending decisions, it is becoming more and 

more crucial to forecast loan defaulters. 

Lenders can reduce credit risk and identify 

possible defaulters with the aid of advanced 

analytics and machine learning approaches. 

More precise and predictive models are 

required to detect possible loan defaulters and 

enhance credit risk management procedures 

because traditional credit scoring algorithms 

frequently rely on incomplete data. The 

purpose of this study is to use machine learning 

techniques to create a predictive model for 

identifying possible loan defaulters. 
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The application of machine learning (ML) in 

loan prediction is a rapidly evolving field, 

leveraging advanced algorithms to enhance the 

accuracy and reliability of credit risk 

assessments. However, despite significant 

progress, several research gaps still remain 

unaddressed. This gaps includes areas like 

encompassing data quality, model 

interpretability, algorithm performance, 

fairness and bias, real-time prediction 

capabilities, and the integration of alternative 

data sources. This study is limited to algorithm 

performance and prediction capabilities. 

2.    Related Works 

Zhang et. al. [3] asserted that reliable and 

effective loan default risk prediction could help 

regulators and lenders effectively identify risky 

loan applicants and develop proactive and 

timely response measures to enhance the 

stability of the financial system. Traditional 

prediction models concentrated more on 

improving loan default prediction accuracy 

while neglecting to take profit maximization as 

the goal and evaluation measure of model 

construction. The study proposed a novel 

profit-driven prediction model, taking a profit 

indicator as the optimization objective of the 

Bayesian optimization to optimize the hyper-

parameters of the predictor - categorical 

boosting.  

 

The Shapley additive explanations (SHAP) 

value was then calculated to further interpret 

the relationship between the input variables and 

the predicted values. Based on two datasets 

from Renrendai and Lending Club, the results 

indicated that the proposed model achieved the 

highest profit-related evaluation metrics values, 

with mean average extra profit rate values of 

3.0872% and 2.1858%, respectively, and mean 

Profit values of 5168.8762 and 352.9787 in the 

two datasets, respectively. The SHAP value 

further revealed the key factors that impacted 

predictive output for lenders to identify 

possible defaulters. The argument underscored 

that incorporation of profit-driven objectives in 

predictive modeling enhances the financial 

performance and stability. 

 

Stevenson et. al. [4] compared two consumer 

lending model and found out that mSME credit 

risk modeling is challenging due to limited data 

availability. They used Deep Learning and NLP, 

including the BERT model, to extract 

information from textual loan assessments. The 

study found that text alone was effective in 

predicting defaulter, but when combined with 

traditional data, it did not yield additional 

predictive capability. Their Deep Learning 

model appeared robust to text quality, 

suggesting partial automation of the mSME 

lending process. 

 

Xia et. al. [5] proposed a credit scoring model 

for P2P lending using CatBoost and narrative 

data extraction techniques. They found that 

variables extracted from narrative data were 

powerful features, significantly improving 

predictability compared to using only hard 

information. The study suggested that a small 

number of clusters for soft information 

extraction were preferred for model 

performance, computational cost, and 

comprehensibility. 

 

Bhatore et. al. [6] reviewed existing research 

methods and ML techniques for credit risk 

evaluation, focusing on credit scoring, NPA 

prediction, and fraud detection. They found that 

Ensemble and Hybrid models with neural 

networks and SVM were more adopted for 

credit scoring. Lack of comprehensive public 

datasets was identified as a concern for 

researchers. 

 

Alam et. al. [7] developed a model for credit 

default prediction using various credit-related 

datasets. They used Min-Max normalization for 

feature scaling and data level resampling 

techniques to address data imbalance. The 

study demonstrated the effectiveness of 

different machine learning models and 

resampling techniques in improving prediction 

accuracy. 

 

Sheikh et. al. [8] focused on the importance of 

predicting loan defaulters for banks to reduce 

Non-Performing Assets. The study applied 

logistic regression on Kaggle data to predict 

defaulters, finding that including personal 

attributes improved model performance. The 

study highlighted the practical relevance for 

banks, demonstrating the need for predictive 

models beyond traditional credit scoring 

methods. 

 

Moscatelli et. al [9] compared machine 

learning models with statistical models like 
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logistic regression in predicting default risk. 

They found that machine learning models 

performed better when limited information was 

available, but this advantage diminished with 

access to confidential data or small datasets. 

The study argued that while machine learning 

offered benefits, its superiority depended on the 

context and availability of data, highlighting 

the need for nuanced analysis in credit risk 

management. 

 

Wang et. al. [10] compared five machine 

learning classifiers for credit scoring, finding 

that Random Forest performed best in terms of 

precision, recall, AUC, and accuracy. The study 

centered on the comparative analysis of 

classifiers, highlighting the strengths of 

Random Forest in credit scoring applications. 

 

Maheswari and Narayana [11] noted that with 

the progress of technology and the 

implementation of Data Science in banking, the 

face of the banking industry changed 

significantly. Most of the banking, financial 

sectors, and social lending platforms actively 

invested in lending. However, financial 

institutions might have faced huge capital 

losses if they approved loans without having 

any prior assessment of default risk. Financial 

institutions always needed a more accurate 

predictive system for various purposes. 

Predicting loan defaulters was a crucial task for 

the banking industry. Banks had immensely 

large amounts of data, including customer data 

and transaction behavior. Data Science 

emerged as a promising area to process the data 

and extract hidden patterns using machine 

learning techniques. This study used statistical 

measures to preprocess the data and build an 

effective model that predicted loan defaulters 

accurately. The argument built in this study 

underscored the necessity of integrating 

advanced data science techniques to enhance 

the accuracy of predictive models, thus 

safeguarding financial institutions against 

potential losses. 

 

3. Methodology 

The methodology employed in this study 

includes data collection, pre-processing, feature 

selection, model development and evaluation as 

depicted in Figure 1. 

 

3.1 Data Collection 

Data collection is the first critical step in 

developing a predictive model for loan 

defaulters. Data was sourced from Coursera's 

Loan Default Prediction Challenge dataset, 

available on Kaggle, which comprises of 

255347 rows and 18 columns, offering a 

comprehensive view of loan applications and 

their associated attributes. The dataset 

comprises various features that are crucial for 

understanding the profile of each loan applicant. 

These features collectively provide a 

comprehensive profile of each loan applicant, 

enabling the predictive models to assess the 

risk of loan default accurately. Each feature 

contributes uniquely to the overall prediction:

 

 

 

Figure 1:  Flowchart Process 
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1. Age and Income help gauge the financial 

maturity and capacity of the borrower. 

2. LoanAmount and InterestRate directly 

affect the repayment burden. 

3. CreditScore and MonthsEmployed provide 

insights into the borrower’s credit 

worthiness and job stability. 

4. NumCreditLines and DTIRatio highlight 

the borrower’s existing financial 

obligations. 

5. LoanTerm determines the repayment 

duration, influencing the borrower’s 

ability to manage monthly payments. 

 

Each feature was carefully selected to enhance 

the predictive accuracy of the models, 

considering their relevance and impact on loan 

default risk. Part of the dataset table is shown in 

Figure 2. 

 

3.2  Data Preprocessing 

Data preprocessing is essential in preparing the 

collected data for analysis and modelling. The 

preprocessing phase involves several critical 

tasks to transform raw data into a clean, 

structured format suitable for machine learning, 

including handling missing values common in 

large datasets, using the Standard Scale to 

standardize their values and preventing features 

with larger magnitudes from dominating the 

model training process as shown in Figure 3. 

Meanwhile, the categorical features were 

encoded using a categorical encoding method 

to convert them into numerical format, and 

balancing the data set which is required by 

machine learning algorithms  

 

3.3   Feature Selection 

A correlation matrix heat-map was created to 

visualize the correlation between different 

features as shown in Figure 4. This helps in 

identifying highly correlated features that might 

be redundant for the model, aiding in feature 

selection and improving the model's efficiency. 

All the features were negatively correlated, 

meaning there is homeostacity and identity in 

the data. 

 

3.4  Handling Class Imbalance 

The dataset exhibited class imbalance, with a 

larger number of non-default cases compared to 

default cases. To address this, the majority 

class (non-default) was down-sampled to match 

the minority class (default) using the resample 

function. This step helped balance the class 

distribution and prevent the model from being 

biased towards the majority class as in Figure 5. 

 

3.5   Train-Test Split 

The final step involved splitting the balanced 

dataset into training and testing sets using the 

train_test_split function. This step ensures that 

the model's performance is evaluated on unseen 

data, helping to assess its generalization 

capabilities. The training set comprised 44,479 

samples, while the testing set comprised 

14,827.This is shown in Figure 6. 

 

 
    Figure 2 Pictorial diagram of the Dataset Table 
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Figure 3:  Scaling Data and Encoding 

 
 

 
Figure 4:  Correlation Matrix 
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Figure 5:  Handling Imbalance 

 

 
Figure 6: Data Splitting 

 

3.6  Feature Selection 

Feature selection is identifying the most 

relevant variables that significantly impact the 

prediction of loan defaults. In this study, 

feature selection was performed using 

advanced statistical and machine learning 

techniques to ensure that the model focuses on 

the most informative attributes. Methods such 

as correlation analysis was used to identify 

relationships between features and the target 

variable (loan default status). Additionally, 

techniques like Principal Component Analysis 

(PCA) can help reduce the dataset's 

dimensionality. Recursive Feature Elimination 

(RFE) is another technique that was employed 

to iteratively remove less important features, 

thus refining the model to include only the most 

significant predictors. 

 

3.7  Model Development 

Model development is the phase where the 

actual predictive models are created using the 

preprocessed and selected features, various 

machine learning algorithms were explored to 

identify the most effective model for predicting 

loan defaulters. Algorithms such as logistic 

regression, decision trees, random forests, and 

neural networks were evaluated. The model 

development phase involves training these 

algorithms on the preprocessed dataset, 

allowing them to learn the underlying patterns 

that distinguish between defaulters and non-

defaulters. The training process involves 

splitting the data into training and validation 

sets to fine-tune the model parameters and 

avoid overfitting. Techniques such as cross-

validation was used to ensure that the model 

generalizes well to unseen data. The ultimate 

goal of model development in this study is to 

create a robust and accurate predictive model 

that can effectively identify potential loan 

defaulters, thereby enhancing the credit risk 

management practices of banks. 

 

3.8  Model Evaluation 

Model evaluation is a crucial step to assess the 

performance and effectiveness of the developed 

predictive models. The evaluation was 

conducted using several four (4) key metrics, 

including accuracy, precision, recall, and F1-
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score.  Accuracy measures the overall 

correctness of the model, while precision 

indicates the proportion of true positive 

predictions among all positive predictions made 

by the model. Recall, on the other hand, 

measures the model's ability to identify all 

actual positive cases (i.e., actual defaulters). 

The F1-score provides a balance between 

precision and recall, offering a single metric 

that considers both false positives and false 

negatives. 

 

4.0 Results And Findings 

4.1  Dataset Information 

The dataset used in this study was sourced from 

Coursera's Loan Default Prediction Challenge, 

providing a unique opportunity to tackle a real-

world machine learning problem in the 

financial sector. Figure 7 shows the dataset 

comprises 255,347 rows and 18 columns, 

offering a comprehensive view of loan 

applications and their associated attributes. 

Each row represents a loan application, while 

the columns include features such as applicant 

demographics, loan details, and historical 

payment information. 

4.2 Exploratory Data Analysis (EDA) 

Exploratory Data Analysis was conducted to 

gain insights into the dataset and understand the 

relationships between variables. This involved 

visualizing the distribution of key features, 

identifying outliers, and examining correlations 

between variables. EDA insights helped 

understand the data better and guide the feature 

selection process for building predictive models. 

 

The histogram in Figure 8 shows the 

distribution of ages among loan applicants. The 

majority of applicants fall between the ages of 

30 and 60, with a peak around the age of 40. 

This distribution suggests that the dataset 

contains a relatively balanced representation of 

different age groups, which is important for 

ensuring that the predictive model is not biased 

towards any particular age group. 

 

The histogram in Figure 9 displays the 

distribution of income levels among loan 

applicants. The distribution is right-skewed, 

with the majority of applicants having lower to 

moderate income levels. This skewness 

indicates that there may be a larger number of 

lower-income applicants in the dataset 

compared to higher-income applicants, which 

could impact the model's predictions regarding 

loan defaults. 

 
Figure 7  Dataset Information 
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Figure 8:  Distribution of Age in Loan Dataset 

 

 

 
Figure 9:  Distribution of Income in Loan Dataset 

 

 
Figure 10:  Distribution of Loan Amount in Loan Dataset 
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The histogram in Figure 10 illustrates the 

distribution of loan amounts among applicants. 

The distribution is relatively uniform, 

indicating that loan amounts are spread evenly 

across applicants. This even distribution 

suggests that the dataset contains a diverse 

range of loan amounts, which is important for 

capturing the full range of loan default 

behaviors in the model. 

 

The bar chart in Figure 11 represents the 

distribution of education levels among loan 

applicants. It shows the frequency of different 

education categories, which include categories 

like high school, college, and graduate 

education. This distribution provides insights 

into the educational background of loan 

applicants, which can be an important factor in 

predicting loan defaults. Understanding the 

education level of applicants helps in assessing 

their financial literacy and stability, which are 

crucial factors in determining their likelihood 

of defaulting on loans. 

 

 
Figure 11:  Distribution of Education in Loan Dataset 

 

 

 
Figure 12:  Distribution of Marital Status in Loan Dataset 
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Figure 12 illustrates the distribution of marital 

status among loan applicants. The bar chart 

shows the frequency of different marital status 

categories, such as single, married, divorced, or 

widowed. Marital status can be a significant 

factor in predicting loan defaults, as it can 

reflect stability and support systems available 

to the applicant. For instance, married 

individuals may have dual incomes and more 

financial stability, potentially reducing their 

risk of default compared to single individuals. 

 

The bar chart in Figure 13 displays the 

distribution of default status among loan 

applicants. It shows the frequency of applicants 

who defaulted on their loans compared to those 

who did not. This distribution is crucial for 

understanding the prevalence of loan defaults in 

the dataset and provides a baseline for 

evaluating the performance of predictive 

models. A balanced distribution of default and 

non-default cases is essential for training the 

model effectively and ensuring that it can 

accurately predict defaults. 

 

Figure 14 is a scatter plot showing the 

relationship between loan amount and income 

among loan applicants. The plot helps visualize 

the distribution of loan amounts relative to 

income levels and provides insights into any 

potential patterns or trends. Understanding this 

relationship is crucial for predicting loan 

defaults, as individuals with higher loan 

amounts relative to their income may be at a 

higher risk of defaulting. 

 

 
Figure 13:  Distribution of Default in Loan Dataset 

 

 
Figure 14:  Relationship between Loan Amount and Income 
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Figure 15:  Relationship between Age and Income 

 

The scatter plot in Figure 15 illustrates the 

relationship between age and income among 

loan applicants. It helps visualize how income 

levels vary across different age groups and 

provides insights into income trends among 

applicants. Age can be a significant factor in 

predicting loan defaults, as older individuals 

may have more stable incomes and financial 

behaviors compared to younger individuals. 

 

4.3 Model Creation And Training 

Three machine learning models were created 

and trained using the preprocessed dataset to 

predict loan defaults: Logistic Regression, 

Random Forest Classifier, and Decision Tree 

Classifier. Logistic Regression is a linear model 

used for binary classification tasks. It models 

the probability of the default class using a 

logistic function. The logistic regression model 

was trained using the Logistic Regression class 

from scikit-learn, with default parameters and a 

random state of 42. 

 

Random Forest Classifier is an ensemble 

learning method that constructs a multitude of 

decision trees during training. It outputs the 

class that is the mode of the classes predicted 

by individual trees. The random forest model 

was trained using the RandomForestClassifier 

class from scikit-learn, with default parameters 

and a random state of 42. Decision Tree 

Classifier is a tree-like model where an internal 

node represents a feature, the branch represents 

a decision rule, and each leaf node represents 

the outcome. The decision tree model was 

trained using the DecisionTreeClassifier class 

from scikit-learn, with default parameters and a 

random state of 42. 

 

The next step after training the models is to 

evaluate their performance using the testing set 

to determine which model performs best in 

predicting loan defaults. This evaluation will be 

based on metrics such as accuracy, precision, 

recall, and F1-score. These metrics provide 

insights into the models' effectiveness and help 

in selecting the best model for predicting loan 

defaults in practical applications. 

 

4.4. Model Evaluation 

The evaluation of the predictive models 

involved assessing their performance on the 

testing set using various metrics, including 

accuracy, precision, recall, and F1-score. These 

metrics provided a comprehensive 

understanding of each model's ability to predict 

loan defaults accurately. 
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Figure 16: Model Training 

 

Table 1 summarizes the accuracy, precision, recall, and F1-score for each model: 

  

Table 1 Performance Metrics 

 

Metrics  

Logistic 

Regression 

Random 

Forest Decision Tree 

Accuracy 0.69 0.68 0.58 

Precision (0) 0.69 0.68 0.57 

Recall (0) 0.67 0.69 0.58 

F1-score (0) 0.68 0.68 0.58 

Precision (1) 0.68 0.69 0.58 

Recall (1) 0.70 0.68 0.57 

F1-score (1) 0.69 0.68 0.58 

 
Figure 17 Comparison Chart 
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These results indicated that logistic regression 

and random forest models outperformed the 

decision tree model. 

 

4.5 Confusion Matrix Visualization 

To further understand the model's performance, 

confusion matrices were plotted for each model, 

illustrating the number of true positive, true 

negative, false positive, and false negative 

predictions. Figure 18 shows the confusion 

matrices for logistic regression, random forest, 

and decision tree models 

4.6   Discussion of Results 

The predictive models were evaluated to 

determine their ability to accurately identify 

potential loan defaulters. The three models 

assessed were Logistic Regression, Random 

Forest, and Decision Tree, using accuracy, 

precision, recall, and F1-score metrics. These 

metrics provided a comprehensive 

understanding of each model's performance. 

 

The Logistic Regression model demonstrated 

balanced performance, achieving an accuracy 

of 69%. The precision and recall values were 

close for defaulters and non-defaulters, with an 

F1-score of 0.68 for non-defaulters and 0.69 for 

defaulters. This indicates that the model was 

reasonably effective in distinguishing between 

the two classes. This finding aligns with the 

work of Patel et. al. [14]. 

 

The Random Forest model also showed 

balanced performance, with an accuracy of 

68%. The precision and recall values were 

nearly equal for both classes, and the F1-score 

was 0.68 for both non-defaulters and defaulters. 

This model's ability to handle diverse data 

points and provide consistent performance is 

supported by Maheswari and Narayana [11]. 

 

The Decision Tree model exhibited lower 

performance, with an accuracy of 58%. The 

precision and recall were similar for both 

classes but significantly lower than those of the 

Logistic Regression and Random Forest models. 

The F1-score was 0.58 for both non-defaulters 

and defaulters, reflecting the model's limited 

capability in accurately predicting loan defaults. 

This lower performance is consistent with 

findings from Aslam et. al.  [13] who noted that 

Decision Trees are useful for understanding 

data and making quick decisions, they often fall 

short in accuracy compared to more complex 

models like Random Forest. 

Comparing these models highlights the 

importance of using advanced machine learning 

techniques for predicting loan defaults. The 

results showed that Logistic Regression and 

Random Forest outperformed the Decision Tree 

model, providing more accurate and reliable 

predictions. This aligns with the conclusions of 

Moscatelli et. al. [9], who compared machine 

learning models with traditional statistical 

models and found that machine learning models, 

such as Random Forest, generally performed 

better when handling large and complex 

datasets. 

                   

 
Figure 18: Confusion Matrix 
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This study’s approach provided valuable 

insights for lenders to identify potential 

defaulters, emphasizing the importance of 

considering financial gains alongside prediction 

accuracy. The results of this study, coupled 

with insights from previous researches like 

Zhang et. al.  [3], underscore the critical role of 

advanced predictive models in the banking 

sector. Accurate prediction of loan defaulters 

enables banks and financial institutions to make 

informed decisions, reduce non-performing 

assets, and enhance overall financial stability. 

The balanced performance of Logistic 

Regression and Random Forest models in this 

study highlights their effectiveness in 

predicting loan defaults. It supports the 

argument for adopting advanced machine 

learning techniques in credit risk management. 

 

5. Conclusion 

This study successfully developed machine 

learning models for predicting loan defaults, 

demonstrating their potential to enhance credit 

risk management. The balanced performance of 

Logistic Regression and Random Forest models 

highlights their suitability for practical 

applications in the financial sector. These 

findings underscore the transformative role of 

machine learning in mitigating credit risks and 

promoting financial stability.  

 

Furthermore, Handling missing values, 

encoding categorical variables, and scaling 

numerical features were critical steps in 

preparing the dataset for model training. The 

use of under-sampling to address class 

imbalance ensured that the models were trained 

on a balanced dataset, improving their ability to 

identify defaulters accurately. 

 

As part of recommendations for further study in 

this research domain, the following 

recommendations are suggested 

1.  Incorporating additional data sources into 

predictive models that covers external data 

such as social media activity, transaction 

history, and macroeconomic indicators 

could further enhance the accuracy of 

default predictions.  

2.  Future research should investigate the use 

of advanced machine learning techniques 

such as deep learning and ensemble 

learning.  

3.  Performing Longitudinal studies 

evaluating the long-term effectiveness of 

predictive models would provide valuable 

insights.  
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