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This research aims to develop a Machine Learning model using the
Random Forest algorithm to predict the receipt of People’s
Business Credit loans. These loans play a crucial role in supporting
economic growth in Indonesia, especially for small and medium
enterprises (SMEs). Credit risk is a major challenge in providing
such loans, making accurate prediction of loan acceptance essential.
This study uses a synthetic dataset consisting of 1,000 records and
13 raw attributes, which were reduced to nine predictive features
through correlation analysis. The developed Random Forest model
achieved an accuracy rate of 95.0 percent, with confusion matrix
analysis and a classification report providing a detailed overview of
the model’s performance, including precision, recall, and F1-score.

In addition to demonstrating strong predictive capabilities, this
study addresses several practical implementation challenges. These
include reliance on synthetic data calibrated from real distributions,
potential feature drift in live systems, and the computational
overhead associated with ensemble methods used for real-time
scoring. The results of this study are expected to support better
decision-making in evaluating loan applications, improving credit
risk management, and optimizing the allocation of financial
resources. Ultimately, the implementation of this model in
operational environments is expected to contribute to economic
growth and reduce credit risk effectively.
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1. INTRODUCTION

Credit lending is considered the most important aspect of most financial institutions [1].
People's Business Credit loans are a financial product that plays a significant role in supporting
economic growth in Indonesia [2]. The government program aims to provide access to capital to
small and medium-sized enterprises (SMEs) that often have difficulty obtaining loans from
conventional banks [3].
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The government program contributes positively to improving the business continuity of
SMEs [4]. The success or failure of a financial institution depends on the amount of the loan, i.e. the
ability of the customer to repay the loan [5]. It cannot be denied that providing loans also carries risks
for financial institutions [6]. One of the main risks faced is credit risk, which is the possibility that
loan recipients will not be able to repay their loans according to a predetermined schedule [2]. Credit
scoring, which helps assess a customer's ability to repay a loan, is a key issue for lending institutions
[7]. Therefore, it is important to have an effective tool to predict loan acceptance.

Precise predictions are essential for maximizing profits [8]. In this case, machine learning
technology becomes a powerful tool for analysis and prediction [9][10]. Building prediction models
for high-risk decisions such as credit loan acceptance requires high model prediction accuracy [11].
Machine learning models can be used in the context of historical data on loan recipients to predict
the chances of loan success or failure [12]. With this approach, it can improve credit risk management,
identify potential borrowers more accurately, and optimize the loan portfolio.

Therefore, this research will focus on developing a machine learning model to predict loan
acceptance. In this context, the Random Forest algorithm is selected due to its proven effectiveness
in handling high-dimensional data, resistance to overfitting, and capability to capture complex
nonlinear patterns through ensemble learning. This algorithm works by constructing multiple
decision trees and aggregating their outputs, thus improving prediction accuracy and model stability.
The model is trained using a synthetic dataset consisting of 1,000 records. However, the use of
synthetic data [13], although necessary to address privacy and accessibility constraints, presents
limitations in terms of generalizability to real-world applicants. Additionally, practical
implementation of this model may face challenges such as feature drift over time, computational
overhead in real-time systems, and the need for interpretability in regulated lending environments.
By combining machine learning technology with SME-focused lending systems, this study aims to
contribute not only to more effective credit risk management but also to broader economic
empowerment. The discussion of these challenges and limitations is intended to ensure that the model
is not only accurate, but also practical and adaptable to real-world financial decision-making
contexts.

2. PREVIOUS RESEARCH

In LiYu's research, "Credit Risk Prediction Based on Machine Learning Methods," found
that the XGBoost algorithm outperforms logistic regression in credit risk prediction [14]. In M.
Sheikh's study, "Prediction of Loan Approval using Machine Learning Algorithm," logistic
regression indicates that applicants with low credit scores face difficulties in loan approval, while
those with high income and lower loan requests have a higher likelihood of approval [15]. P. Sanika
Narayanpethkar's research on "Loan Prediction Using Machine Learning Algorithm" suggests the
use of machine learning for automated loan approval, resulting in a quicker lending process and
immediate approval for eligible borrowers [16]. Gupta Ashwin Arunkumar's study on "Predictive
Analysis in Banking using Machine Learning" highlights the effectiveness of support vector
machines (91% accuracy) and Random Forest (92% accuracy) in credit card fraud detection and loan
approval prediction [17]. In Miraz Al Mamun's research, "Predicting Bank Loan Eligibility Using
Machine Learning Models and Comparison Analysis," the Gradient Boosting model achieves the
highest accuracy in predicting bank loan eligibility [18].

Research results that focus on predicting credit loan acceptance have been grouped based on
researchers who present the accuracy value of the various models used. Information related to the
results of this research can be found in Table 1.

Table 1. Accuraci Results of Previous Research

LiYu 4 XGBoost 88,06%
[14] Logistic Regression 83,5%
M. Sheikh [15] Logistic Regression 81,1%

K-Nearest Neighbors 82.46%
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SVM 82.46%
P. Sanika Degision Treen 75,97;%
Narayanpethkar [16] Loglstic Regression 83,76%
Naive Bayes 83,11%
Random Forest 83,76%
SVM 91%
Gupta Ashwin A. [17] Naive Bayes 83%
Random Forest 92%
XgBoost 91,80%
AdaBoost 91,87%
. LightGBM 91,89%
Miraz Al M. (18] Random forest 91,88%
Decision tree 84,97%

K-Nearest Neighbors 91,67%

Although each model shows varying accuracy levels, these results provide crucial insights
for selecting the most suitable algorithm for credit risk prediction tasks. Models such as Random
Forest, XGBoost, AdaBoost, and LightGBM have consistently demonstrated high performance
across different datasets. However, many previous studies rely on real-world datasets that are often
proprietary and lack transparency in preprocessing steps, making reproducibility and practical
application in different institutional contexts challenging. In contrast, this research contributes by
developing a Random Forest model based on a synthetic dataset calibrated to reflect the
characteristics of actual loan applicants. This approach enables open experimentation while
addressing privacy concerns. Furthermore, our study fills an important gap by evaluating not only
the predictive performance but also discussing implementation constraints such as data
representativeness, feature drift, and computational feasibility, which are often overlooked in prior
work. Thus, this research not only confirms the effectiveness of Random Forest in credit scoring but
also extends its applicability to contexts with limited access to sensitive financial data.

3. RESEARCH METHOD

This research adopts the Crisp-DM method as its system development model. Crisp-DM,
which stands for Cross-Industry Standard Process for Data Mining, is a widely utilized and
standardized methodology in the field of data mining [19]. It comprises six iterative phases that
delineate the lifecycle of a data mining project [20]. The flow of the Crisp-DM model is illustrated
in Figure 1:

Y

Business

Understanding Data Understanding

A

Deployment Data Preparation

Evaluation Modeling

Figure 1. CRISP-DM
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3.1. Business Understanding

The business understanding stage will focus on the problem to be solved, namely the
prediction of loan receipts. The business objective is to improve the efficiency of loan management
and reduce credit risk.

3.2. Data Understanding

Data Understanding In this stage, historical data on loan recipients is collected and
understood. This data includes the predictive variables that will be used to build the prediction model.
The data utilized in this analysis originates from synthetic datasets generated from real data. Python,
along with libraries like Pandas, Faker, and the datetime module, was employed to create this
synthetic dataset. The dataset encompasses details about customers, loans, and other relevant
parameters, comprising a total of 1000 data entries and 13 attributes. This approach allows for
experimentation without compromising data privacy. However, the use of synthetic data presents
limitations, particularly in capturing the full variability and complexity of real-world borrower
behavior. To mitigate noise and redundancy, a correlation analysis was conducted to select nine key
predictive features. Table 2 shows the description of the dataset attributes used.

Table 2. Dataset Attributes
_ Adributs  Deseripion
Credit Number Unique ifientiﬁcation number for each credit, used to distinguish
- one credit from another.

CIF Number Unique identification number for each customer or client.
Customer Name Full name of the customer associated with the credit.
Marital status of the customer, such as "Married," "Single," or
other marital status types.
Number of dependents or family members that the customer is
financially responsible for.
Monthly income of the customer, a crucial factor in assessing
their ability to repay the loan.
Customer's credit history, indicating whether it is Good and Bad
Credit History
The amount of the loan requested by the customer or the total
loan amount granted.

Marital_Status

Number of Dependents

Customer Income

Credit_History

Loan_Amount

Application Date Date when the credit was applied for by the customer
Credit Date Date when the credit was approved or the loan amount disbursed.
Due Date Due date or the deadline for loan repayment.

The loan tenure or the period over which the loan is to be repaid,
for example, 12 months, 24 months, etc.
Loan_Status Final status of the loan, such as "Approved" or "Rejected.”

Tenure

Data filling involves a random process guided by specific rules. Marital status is determined
probabilistically, the number of dependents is associated with marital status, and customer income is
set within the original data's maximum and minimum values. Other attributes like credit history, loan
amount, and loan status are determined based on conditions from the original data. The resulting
dataset is structured in a DataFrame format using Pandas, facilitating analysis and further data
processing.
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Comparison of Customers Peoples Business Credit Receipt Status
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Figure 2. Comparison of Customer Loan Receipt Status

In Figure 2, shows the results of data exploration, as much as 494 data has 'N' status which
means the loan application is not accepted and 506 data has 'Y' status which means the loan
application can be accepted.

3.3. Data Preparation

In the data preparation stage, the focus is on ensuring that the historical data to be used for
analysis is properly prepared to be suitable for model training. The data preparation process involves
several key steps, including:

a. Data Cleaning: Identification and handling of missing values, outliers, or anomalies in the
data. This may involve filling in missing values or removing invalid or irrelevant data.

b. Data Transformation: Processing of variables that may require transformation, such as
normalization to rescale variables or encoding to manage categorical variables.

c. Variable Selection: Selection of variables to be used in the analysis. This process may involve
statistical analysis or other variable selection methods to select the most relevant and
influential variables for prediction. The following Figure 3 shows the correlation matrix
generated from the analysis of the dataset.
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Credit_Number . -0.02 0.006 0.03
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Figure 3. Correlation Matrix

From Figure 3, the features Credit Number, CIF_Number, Customer Name are selected for
deletion. Marital Status, Number of Dependents, Customer Income, Credit History,
Loan_Amount, Application_Date, Credit Date, Due Date, and Tenure are the nine selected
attributes that will be used in prediction.

d. Data Split: The division of data into a training set and a testing set to test the performance of
the model on data not used in training. The separation is divided into 80% for training data
and 20% for testing data, respectively.

3.4. Modeling

In the modeling stage, the primary objective is to create a machine learning model for
predicting loan acceptance. This involves selecting and fine-tuning predictive variables to maximize
accuracy. Random Forest is a suitable machine learning algorithm for this purpose. Random Forest
is a versatile machine learning algorithm employed for data classification, regression, and clustering
tasks [21]. This approach constructs numerous decision trees during training and consolidates their
predicted results to generate the final output [22]. The algorithm operates by comprehending the
decision tree, a fundamental component of the Random Forest algorithm that forms a tree-shaped
structure [23][24]. In predicting loan acceptance, Random Forest proves beneficial by discerning
intricate patterns in historical data, thereby enhancing the model's accuracy in making predictions.
While this study does not compare Random Forest directly with other algorithms, its selection is
grounded in prior literature showing consistent performance in similar contexts. Further research
could explore algorithmic benchmarking using real-world datasets to complement this synthetic-data
approach.
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3.5. Evaluation

In the evaluation stage, the emphasis is on a comprehensive assessment of the developed
model's performance, specifically in predicting loan acceptance. The evaluation process aims to
gauge the model's effectiveness in accurately predicting loan acceptance.

3.6. Deployment

In the implementation phase, the verified and assessed machine learning model will be
implemented in an operational environment. The model will be an important tool in optimizing the
company's loan portfolio and assisting in identifying more discerning potential borrowers.

4. RESULTS AND ANALYSIS

Based on the results of the machine learning model research to predict the acceptance of
People's Business Credit loans, the implementation of the Random Forest model has an accuracy rate
of 95%. Random Forest provides the potential to increase the efficiency and accuracy of assessing
the customer's ability to repay loans.

4.1. Classification Report

The classification report offers a detailed assessment of the model's performance for each
identified class, including statistical evaluations such as precision, recall, and F1-score. These
metrics provide a more nuanced understanding of the model's effectiveness in handling different
classes within the dataset.

Precision (P), Recall (R), F1-score (F1) and Accuracy are calculated as follows:

Precision: Recall: Fl—score: Accuracy:
TP TP 2 - Precision - Recall TP+TN
TP+ FP TP +FN Precision + Recall TP+TN+ FP+FN
Where:
e TP (True Positive) is the number of correct positive predictions.
e TN (True Negative) is the number of correct negative predictions.
e FP (False Positive) is the number of incorrect positive predictions.
o FN (False Negative) is the number of incorrect negative predictions.

In the following, there is a Classification Report that illustrates the results of using the
Random Forest model, as shown in Figure 4.

Random Forest Classification Report:
precision recall fl-score support

8.8 8.9 3.92
1.8 8.9; .93

accuracy
macro avg

weighted avg

Figure 4. Classification Report

a. Precision: For class 0.0, the precision is 98%, indicating how precise the model is in
classifying data that actually belongs to that class. For class 1.0, the precision is 92%.

b. Recall: Recall measures the extent to which the model can identify all actual cases. The model
has a recall of 92% for class 0.0 and 98% for class 1.0.

c¢. F1-Score: F1-Score, as the harmonic mean of precision and recall, reached 95% for both
classes. This indicates a good balance between precision and recall.
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In addition to precision, recall, and F1-score, it is important to highlight the model’s balanced
performance across the different classes. The high precision for class 0.0 indicates that the model is
very reliable in identifying rejected loans with minimal false positives. However, the recall for class
0.0 is slightly lower, meaning there are some rejected loans that the model failed to detect, leading
to false negatives. Conversely, for class 1.0, the model shows a stronger recall, which signifies that
most accepted loans are correctly identified, minimizing the risk of missing out on valid loan
applications. This balance between precision and recall across both classes highlights the Random
Forest model's robustness and its potential to minimize risk in a real-world loan approval system.

These results highlight that the model performs slightly better in predicting accepted loans,
which may be attributed to the higher recall for class 1.0. This demonstrates that while the model is
effective, there is still room for improvement in reducing false positives, especially for class 0.0
4.2. Confusion Matrix

The confusion matrix provides a detailed overview of the model's predictions for each class.
The confusion matrix includes information about the number of true positives, true negatives, false
positives, and false negatives for each class, which is very useful in evaluating the model's
performance in more depth. In the following, the Confusion matrix illustrates the results about the
predictions of the Random Forest model for each class, as shown in Figure 5.

Confusion Matrix: Random Forest

80
= 8
=i
60
— 40
=] 2
LS
- 20
0.0 10

Predicted Label

True Label

Figure 5. Confusion Matrix

a. Out of 103 cases in class 0.0, the model correctly predicted 95 cases and incorrectly predicted
8 cases in class 1.0.

b. Out of 97 cases in class 1.0, the model correctly predicted 95 cases and incorrectly predicted
2 cases in class 0.0.

These results suggest that the model is particularly effective in predicting accepted loans,
likely due to the higher recall observed in class 1.0. While this is beneficial in minimizing the risk of
overlooking eligible applicants, the slightly lower recall for class 0.0 means that some risky
applications may be incorrectly classified as acceptable. This poses a potential challenge for loan
risk mitigation, as false negatives (i.e., risky applicants misclassified as eligible) can contribute to an
increase in non-performing loans.
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A critical analysis of these outcomes reveals that although the model performs well overall,
it could be further improved by addressing its vulnerability to class imbalance and borderline
decision cases. The reliance on synthetic data, although beneficial for experimentation, may not fully
capture the nuances of real-world credit behavior, particularly in borderline approval scenarios where
contextual factors play a larger role.

As a next step, future enhancements could include fine-tuning the classification threshold to
reduce false negatives in class 0.0, applying cost-sensitive learning to assign higher penalties for
misclassifying risky applications, and expanding the dataset with real-world examples to improve
generalization. Additionally, implementing explainable Al techniques (e.g., SHAP or LIME) could
help improve interpretability and trustworthiness of the model in real deployment settings. These
steps would further strengthen the model's applicability in operational credit evaluation systems and
ensure more reliable outcomes in practice.

5. CONCLUSION

This research focuses on developing a machine learning model using the Random Forest
algorithm to predict loan acceptance. The model has an accuracy rate of 95.0%, demonstrating its
ability to correctly classify the test data. Confusion matrix analysis provides a more detailed picture
of the model's performance for each class, with good precision, recall, and F1-score for classes 0.0
and 1.0. The model is expected to assist in optimizing loan portfolios, improving credit risk
management, and providing more accurate predictions of loan receipts, which in turn can support
economic growth and reduce credit risk.
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