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-2 Log Likelihood (Residual deviance) = 316.79
Chi-square (Null vs Model) = 58.60, df = 11
Cox & Snell R² ≈ 0.136, Nagelkerke R² ≈ 0.181
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Limitations
• The dataset contains a limited number of samples, which may affect model generalization.
• Some potential influencing variables could not be included due to data availability constraints.
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Abstract
This study aims to analyze the general characteristics of business customers applying for credit limit approval, develop classification models using Decision Tree and Binary
Logistic Regression techniques to predict credit approval outcomes, and compare the performance of these models. The sample consisted of 300 business customers, and the
dataset was divided into training and testing sets at a ratio of 90:10. The dataset contains fifteen independent variables and a dependent variable (approval status). The results
revealed that key factors influencing credit limit approval were registered capital, latest shareholders’ equity, the presence of a guaranteed letter, shared credit utilization, and
net profit. The decision tree model achieved balanced classification performance with an accuracy of 82.76% and an F1-score of 82.62%, whereas the Binary Logistic Regression
model produced lower accuracy of 72.41% and F1-score of 60.00%. This findings indicate that the decision tree model outperforms Binary Logistic Regression and is more
suitable for supporting decision-making in credit limit approval processes.

Credit provision plays an important role in supporting business operations and
stimulating economic growth by increasing financial liquidity for entrepreneurs and
enabling business expansion. For lending organizations, appropriate credit approval
is an essential tool for managing financial risk and strengthening long-term business
relationships with customers. However, credit approval decisions may sometimes be
influenced by external factors such as company reputation, business size, or existing
relationships, which may increase the risk of future credit losses. Therefore, this
study aims to develop classification models for predicting credit limit approval for
business customers using financial and company-related variables.

Introduction

Objectives
To examine the general characteristics of business customers applying for credit
limits using descriptive statistics, comparing approved and non-approved groups.
To develop classification models for predicting credit limit approval using Decision
Tree and Binary Logistic Regression.
To compare the predictive performance of the two classification models.
To identify key factors influencing credit limit approval for business customers.

Development of Classification Models for 
Predicting Credit Limit Approval of Business Customers

Methodology

1.Data Collection 2.Data Preparation 3.Model Development 4.Model Evaluation 5.Summary

Results

Conclusion
This study examined the factors influencing business credit approval and compared the performance of Decision Tree and Binary Logistic Regression models. The results indicate
that key factors affecting credit approval include registered capital, shareholders’ equity, net profit, joint credit usage, and the presence of a bank guarantee. Firms with stronger
financial stability and higher liquidity are more likely to receive credit approval. The Decision Tree model demonstrated better classification performance, achieving an accuracy
of 82.76% and an F1-score of 82.62%, indicating balanced prediction between approved and non-approved cases. In contrast, Binary Logistic Regression effectively identified
statistically significant factors and showed high precision and specificity, but its lower recall indicates limitations in detecting all approved cases. Overall, the Decision Tree
model is more suitable as a decision-support tool for credit approval, while Binary Logistic Regression is useful for analyzing significant factors and preliminary credit risk
assessment.
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Binary Logistic Regression 

Decision Tree

X₁ = Registered Capital
X₂ = Years of Registration
X₃ = Previous Year Equity
X₄ = Latest Year Equity
X₅ = Previous Year Revenue

X₆ = Latest Year Revenue
X₇ = Previous Year Net Profit
X₈ = Latest Year Net Profit
X₉ = Liquidity Ratio
X₁₀ = D/E Ratio

X₁₁ = Net Profit Margin
X₁₂ = Shared Credit Line
X₁₃ = Bank Guarantee (BG)
X₁₄ = Quotation
X₁₅ = Existing Customer

Variables

Independent variables

Dependent variable
Credit Approval Status (0 = No, 1 = Yes)


