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ABSTRACT: The risk of loan default is a major challenge in the financial industry because it has a direct impact on the stability
of lending institutions. As loan performance data becomes increasingly available, machine learning-based approaches are becoming
a potential alternative to improve the accuracy of credit risk assessments. This study aims to analyze the performance of the Random
Forest model in classifying default risk based on debtors' monthly performance data. The dataset used consists of more than one
million observational records with variables representing credit characteristics and payment behavior. To avoid data leakage, only
variables that were available before the default occurred are used. The model evaluation was carried out using Area Under the Curve
(AUC) and confusion matrix metrics, accompanied by threshold adjustments to increase the sensitivity of the detection of risky
debtors. The results showed that the Random Forest model achieved an AUC value of 0.737, which indicates a good discriminating
ability. Threshold adjustments increase the detection of risky debtors with the consequence of increasing false positives, so this

approach has the potential to support decision-making in credit risk management.
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I. INTRODUCTION

The risk of loan default is a crucial problem in credit
management, especially for financial institutions operating in
an increasingly competitive and dynamic business
environment (1-4). The debtor's inability to meet payment
obligations not only has the potential to cause financial losses
but can also affect the operational stability and sustainability
of financial institutions. Therefore, an accurate and adaptive
credit risk assessment process is becoming an increasingly
important need.

Conventional approaches to credit risk assessment
generally rely on classic statistical methods and rule-based
rules. Although these methods are relatively easy to
implement, they often have limitations in capturing the non-
linear and complex patterns found in large-scale credit data.
Along with the development of information technology and
the increasing volume of historical data on loans, machine
learning methods are becoming widely used as an alternative
to improve the quality of credit risk prediction.

Machine learning allows for more complex modeling of
the relationship between credit variables and default risk,
especially when the data is imbalanced, where the number of
defaulting debtors is much lower than non-defaulting debtors
(5-8). However, the application of machine learning in the
context of credit risk also faces a few challenges, such as the
potential for data leakage and the selection of inappropriate
evaluation metrics. Over-perfect predictions often indicate
leaked information from variables that directly represent

default status, so the model does not really learn from the
relevant risk patterns.

In addition, many previous studies still focused on the level
of accuracy as a key indicator of model performance. In the
context of credit risk, accuracy metrics alone are not
representative enough, as errors in classifying defaulting
debtors as non-at-risk debtors can have significant financial
impacts. Therefore, an evaluation approach that emphasizes
more on the model's ability to detect minority classes, such as
the use of Area Under the Curve (AUC) and confusion matrix
analysis.

Based on these problems, this study aims to analyze the
performance of machine learning models in classifying loan
default risk using debtors' monthly performance data. This
study uses the Random Forest model with feature selection
that considers the availability of information before default
occurs. In addition, adjustments were made to the
classification threshold to increase the sensitivity of the
model to risky debtors. The results of the research are
expected to contribute to the development of a more adaptive
and realistic decision support system in credit risk
management.

In this study, Random Forest was chosen as the main
model because of its ability to handle non-linear
relationships, resilience to overfitting, and its good
performance on large-scale and unbalanced credit risk data.
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II. RESEARCH METHODOLOGY
A. Research Design

This study wuses a quantitative approach with a
computational experiment method to classify the risk of loan
default using machine learning. The research stages include
pre-processing of data, feature selection, model training, and
model performance evaluation.

B. Datasets and Data Sources

The dataset used in this study was obtained from the open
data platform Kaggle (9), which provides data on the
performance of debtors' monthly loans. The dataset is used as
the basis for analysis in the development of a loan default risk
classification model. The dataset used is in the form of
monthly loan performance data consisting of 1,048,575
observations with 13 variables. The target variable is
has_defaulted, which represents the debtor's default status.

C. Data Pre-processing

Data pre-processing includes numerical data type
conversion, missing value handling using median imputation,
and data normalization with StandardScaler. This step aims
to improve the data quality and stability of the model training
process.

D. Feature Selection

To avoid potential data leakage, this study only uses
features that were available before the default occurred. The
features wused include months on book, credit score,
credit_score_delta 3m, revolving_utilization,
revolving_util delta 3m, and scheduled emi.

E. Modeling and Evaluation

This study focuses on the analysis of the Random Forest
model as the main approach in the classification of loan
default risk based on monthly performance data (10—12). The
data was divided into training data and test data with an 80:20
ratio using stratified sampling. The model's performance
evaluation was conducted using the Area Under the Curve
(AUC) and the confusion matrix, with a primary focus on the
default class recall. In addition, classification threshold
adjustments were made to increase the sensitivity of the
model in detecting at-risk debtors.

F. Research Flow

In general, the research flow starts from raw data
processing, selection of secure features, training of Random
Forest models, to evaluation of model performance based on

metrics relevant to the context of credit risk as shown in figure
1.
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Figure 1. Research flow of loan default risk
classification using machine learning

II.LRESULTS AND DISCUSSION
A. Evaluate Model Performance Using ROC Curves

The initial evaluation of the performance of the Random
Forest model was carried out using the Receiver Operating
Characteristic (ROC) curve to assess the model's ability to
distinguish debtors who have the potential to default and
those who do not. The ROC curve describes the relationship
between true positive rates and false positive rates at various
classification threshold values, thus providing a
comprehensive picture of the model's discriminating
capabilities independently of a given threshold value (13,14).

ROC Curve for Default Risk Classification

Figure 2. The ROC curve of the Random Forest model
in the classification of loan default risk is based on
monthly performance data.

*ate

Figure 2 shows the ROC curve of the Random Forest
model resulting from the test data. Based on the test results,
the model achieved an Area Under the Curve (AUC) value of
0.737. The AUC value indicates that the model has a good
discriminating ability in classifying the risk of loan default.
In general, an AUC value above 0.7 can be categorized as
acceptable performance in the context of credit risk
classification, especially in datasets with an unbalanced class
distribution.
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The AUC value obtained also shows that the machine
learning approach based on monthly performance data can
capture the initial pattern of credit risk more effectively than
the random approach. In addition, a moderate and not too high
AUC value reflects that the model does not experience
overfitting and does not utilize leaked information (data
leakage), so the results obtained are realistic and scientifically
accountable.

B. Confusion Matrix Analysis and Threshold Adjustment
To analyze the impact of classification decisions in more
detail, the evaluation was continued using a confusion matrix
(14,15). At this stage, the classification threshold was
adjusted from the default value of 0.5 to 0.2. The threshold
adjustment aims to increase the sensitivity of the model in
detecting defaulting debtors, considering that false negative
errors (defaulting debtors who are predicted to be not at risk)
have greater financial implications than false positive errors.

Confusion Matrix (Threshold = 0.2)

hon-Defactt

Actual Ladel

¥oer Defauk Detast
Predicted Label

Figure 3. Confusion matrix of the Random Forest
model with a threshold of 0.2 in the classification of loan
default risk.

Figure 3 shows the confusion matrix of the Random Forest
model with a threshold of 0.2. Based on these results, the
model managed to correctly classify most non-defaulting
debtors, which is indicated by a high true negative value. In
addition, the model is also able to detect a few defaulting
debtors, although there are still risky debtors who have not
yet been identified.

The results of the evaluation showed that the threshold
adjustment increased the recall value in the default class to
around 0.13, with a precision value of 0.16. This increase in
recall suggests that the model is becoming more sensitive in
detecting at-risk debtors, although the consequence is an
increase in the number of false positives. In the context of
credit risk management, this condition is acceptable because
it is better to identify risky debtors excessively than to fail to
detect debtors who have the potential to cause losses.

C. Discussion and Implications

The results show that the Random Forest model with a
selection of features that avoid data leakage can provide
realistic classification performance on large-scale credit risk
data that is in line with previous research (16—19). The use of
AUC as the primary metric provides a more representative
picture than accuracy alone, especially under unbalanced data

conditions. The relatively high accuracy in this study is not
used as the main indicator, because it can be misleading in the
context of the dominance of the non-default class.

Classification threshold adjustments have proven to be an
important strategy in improving the practical usability of the
model. By lowering the threshold, the model becomes more
responsive to the default class, making it more suitable for
use as a decision support tool in credit risk assessment
systems (20-23). Although the default class recall is still
moderate, these results reflect real challenges in predicting
credit risk based on historical data and open opportunities for
further development.

Overall, the results of this study confirm that a machine
learning approach based on monthly performance data has the
potential to be applied in credit risk management systems.
However, the model's performance can still be improved
through the exploration of additional features, the use of more
explicit temporal approaches, or the application of further
data balancing techniques in subsequent studies.

IV.CONCLUSIONS

This study has analyzed the performance of the machine
learning model in classifying loan default risk based on
debtors' monthly performance data. By using the Random
Forest model and feature selection that avoids potential data
leakage, this study produces a classification model that is
realistic and scientifically accountable.

The results of the evaluation showed that the Random

Forest model was able to achieve an Area Under the Curve
(AUC) value of 0.737, which indicates a good discriminating
ability between defaulting and non-defaulting debtors.
Adjustment of classification thresholds has been shown to
increase the sensitivity of the model in detecting at-risk
debtors, although it is followed by an increase in false
positive errors. This approach is considered more appropriate
in the context of credit risk management, where errors in
identifying defaulting debtors have greater financial
implications.
Overall, the results of this study show that a machine learning
approach based on monthly performance data has the
potential to be used as a decision-making support tool in
credit risk assessment systems. The developed model can
help financial institutions in monitoring credit risk in a more
adaptive and data-driven manner. Further research is
suggested to explore a more explicit temporal approach, the
use of additional features, as well as the application of data
balancing methods to improve the performance of default risk
detection.
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