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1. INTRODUCTION

Small and Medium Enterprises (SMEs) constitute a critical pillar of Indonesia’s economic
structure, contributing significantly to employment absorption, regional economic resilience, and post-
pandemic recovery. Despite their strategic role, SMEs remain highly vulnerable to credit risk due to
limited financial literacy, fluctuating cash flows, inadequate collateral structures, and asymmetric
information between borrowers and financial institutions. Recent empirical reports indicate increasing
Non-Performing Loan (NPL) ratios within the SME segment, reflecting inefficiencies in traditional
credit assessment mechanisms (Hanif & Widawati, 2024; Cahyani & Nasrullah, 2025).

Conventional credit scoring approaches —primarily based on linear statistical models such as
Logistic Regression —have been widely implemented in financial institutions. However, these methods
often struggle to capture complex non-linear interactions among financial indicators, behavioral
variables, and macroeconomic uncertainties (Kurniawati, 2021; Nurhalizah & Ardianto, 2024). The
growing availability of structured financial datasets and computational capabilities has encouraged the
adoption of machine learning (ML) techniques in predictive credit risk modeling.

Machine learning provides superior flexibility in modeling high-dimensional data, handling
multicollinearity, and identifying hidden patterns within borrower behavior. Recent studies have
explored various ML algorithms, including Support Vector Machine, Random Forest, Naive Bayes, and
XGBoost, for credit scoring and risk prediction (Givari et al., 2022; Damanik et al., 2023; Aqil & Karim,
2025). Ensemble-based methods, particularly boosting algorithms, have demonstrated promising
results in financial classification tasks due to their sequential error correction mechanism and improved
generalization performance (Nasution et al., 2025; Kandi & Garc, 2025).

However, despite the expanding literature, several research limitations remain evident. First,
many previous studies focus on binary classification (default vs. non-default), whereas real-world SME
financing often requires multi-class risk categorization (e.g., Lancar, Berisiko Tinggi, Macet). Second,
limited research provides statistically validated comparative benchmarking across multiple advanced
algorithms within the Indonesian SME context. Third, performance evaluation in prior works
frequently relies solely on accuracy metrics without addressing class imbalance issues, potentially
leading to biased interpretation of predictive performance (Ulfah et al., 2023; Dzulhijjah et al., 2021).

These gaps indicate the need for a comprehensive, statistically robust, and imbalance-aware
comparative evaluation of advanced machine learning models for multi-class SME credit risk
classification. Addressing this gap is crucial for enhancing the reliability and operational relevance of
predictive credit scoring systems. Therefore, this study aims to:

1. Compare the predictive performance of five supervised machine learning algorithms —Logistic
Regression, Random Forest, Support Vector Machine (RBF), XGBoost, and Artificial Neural
Network—in multi-class SME credit risk classification.

2. Validate model performance differences statistically using the Friedman test and post-hoc
analysis.

3. Identify the most influential financial predictors contributing to SME credit risk classification.
The contributions of this research are threefold. First, it provides a statistically validated multi-

model benchmarking framework for SME credit risk classification under imbalance-aware evaluation
metrics (F1-Macro and ROC-AUC). Second, it extends the literature by implementing multi-class risk
categorization within the Indonesian SME financing context. Third, it offers practical insights for
financial institutions to integrate ensemble-based predictive analytics into automated decision-support
systems.

By strengthening methodological rigor and empirical validation, this study contributes to the
advancement of data-driven credit risk management and intelligent financial information systems.

2. METHODS

This research employs a quantitative experimental approach using secondary SME credit data
collected from 2020-2024. The dataset consists of 2,000 observations with 17 variables, including
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financial indicators, credit behavior, and categorical risk labels (Lancar, Berisiko Tinggi, Macet). Data
preprocessing includes cleaning, normalization, feature encoding, imbalance handling, and train-test
split (80:20), which is a common workflow in predictive analytics pipelines (Kurniawan et al., 2022;
Nurhalizah & Ardianto, 2024). Feature selection was conducted using ANOVA F-test for numerical
variables and Chi-Square for categorical variables to retain statistically relevant predictors for
classification tasks (Kurniawan et al., 2022). Model validation was performed using 5-fold cross-
validation to obtain stable and unbiased performance estimates (Kurniawan et al., 2022; Suhadolnik &
Ueyama, 2023).

The evaluated algorithms include Logistic Regression, Random Forest, Support Vector
Machine (RBF kernel), XGBoost, and Artificial Neural Network, consistent with comparative
supervised learning studies and credit scoring applications (Nasution et al., 2025; Givari et al., 2022;
Syafi’i et al., 2022; Damanik et al., 2023; Novianti et al., 2023). Hyperparameter tuning was performed
using Grid Search optimization to improve generalization, while controlling overfitting risk, as
emphasized in recent ML model development studies (Susandri et al., 2025). Evaluation metrics include
Accuracy, Precision, Recall, F1-Macro, ROC-AUC, and Friedman statistical test to determine significant
differences among models. In particular, F1-Macro and ROC-AUC were used to provide imbalance-
aware evaluation and threshold-independent discrimination, which are recommended for credit risk
settings with skewed class distributions (Dzulhijjah et al., 2021; Ulfah et al., 2023; Givari et al., 2022).

Model comparison was statistically validated using the Friedman non-parametric test to assess
ranking differences across classifiers. Post-hoc Nemenyi analysis was applied to identify pairwise
significant differences at o = 0.05. This approach ensures robustness and reduces the risk of random
performance bias in multi-model evaluation.

3. FINDINGS AND DISCUSSION

The experimental results are presented systematically to address the research objectives: (1)
comparative model performance, (2) statistical validation, and (3) identification of influential predictors
in SME credit risk classification.

3.1. Class Distribution and Evaluation Strategy

The dataset exhibits moderate class imbalance, where the “Macet” category represents the
largest proportion, followed by “Lancar” and “Berisiko Tinggi.” Such distribution may bias accuracy-
based evaluation, as models tend to favor the majority class (Dzulhijjah et al., 2021; Ulfah et al., 2023).
Therefore, F1-Macro was selected as the primary evaluation metric to ensure balanced performance
assessment across all classes, particularly under skewed credit risk distributions (Givari et al., 2022;
Ulfah et al., 2023).

The imbalance level remains moderate, thus not requiring extreme resampling techniques;
however, performance interpretation prioritizes recall and F1-Macro to avoid underestimating
minority classes, as recommended in imbalanced credit classification studies (Dzulhijjah et al., 2021;
Givari et al., 2022).

Table 1. Class Distribution of SME Credit Risk Dataset

Risk Category Frequency Percentage
Lancar 610 30.5%
Berisiko Tinggi 500 25.0%
Macet 890 44.5%
Total 2000 100%
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3.2. Comparative Model Performance

The comparative evaluation results are summarized in Table 2. The results demonstrate that
ensemble-based models outperform linear classifiers, particularly in non-linear financial datasets
(Syafi'i et al., 2022; Givari et al., 2022; Kandi & Garc, 2025). XGBoost achieved the highest F1-Macro
(0.92) and ROC-AUC (0.95), indicating superior discriminatory capability across multi-class
classification settings, consistent with findings in comparative ML evaluation research (Nasution et al.,
2025; Damanik et al., 2023).

Random Forest also showed strong stability across cross-validation folds, confirming the
robustness of bagging-based ensemble methods in credit scoring applications (Givari et al., 2022).
Logistic Regression, although stable, exhibited lower predictive power, suggesting limitations in
modeling complex feature interactions and non-linear relationships commonly found in SME financing
data (Kurniawati, 2021; Nurhalizah & Ardianto, 2024).

Table 2. Comparative Performance of Machine Learning Models

Model Accuracy F1-Macro ROC-AUC
Logistic Regression 0.86 0.84 0.88
Random Forest 0.91 0.90 0.93
SVM (RBF) 0.89 0.87 091
XGBoost 0.93 0.92 0.95
ANN 0.88 0.86 0.89

The superiority of boosting mechanisms may be attributed to their sequential error correction
strategy, which iteratively minimizes residual loss and enhances generalization performance under
complex non-linear feature interactions.

3.3. ROC Curve Analysis

The ROC Curve comparison further illustrates the superiority of ensemble methods. ROC-AUC
is widely recommended for evaluating threshold-independent classification performance in financial
risk prediction (Ulfah et al., 2023; Xu, 2024).

Figure 1(a) shows that XGBoost consistently maintains the largest area under the curve across
classification thresholds. Figure 1(b) highlights its strong true positive rate performance while
maintaining low false positive rates, reflecting enhanced separability between default and non-default
classes.

These findings confirm that boosting-based ensemble techniques provide enhanced
discrimination capability in creditworthiness prediction, as similarly observed in recent ML-based
financial modeling studies (Kandi & Garc, 2025; Nasution et al., 2025).

3.4. Statistical Validation Using Friedman Test

To validate performance differences statistically, the Friedman test was conducted. Non-
parametric statistical comparison methods are recommended when evaluating multiple machine
learning classifiers across the same dataset due to their robustness against distributional assumptions
(Givari et al., 2022).

The null hypothesis (Hy) states that there is no significant performance difference among
models. The Friedman test yielded a statistically significant result (p < 0.05), indicating meaningful
performance differences among the evaluated classifiers.

Post-hoc Nemenyi analysis further identifies XGBoost as statistically superior compared to
Logistic Regression and ANN, while its difference with Random Forest remains marginal but favorable.
This statistical validation strengthens the reliability of the comparative findings and eliminates
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potential bias from random performance fluctuations, aligning with rigorous evaluation frameworks
in predictive analytics research (Kurniawan et al., 2022; Nurhalizah & Ardianto, 2024).

3.5. Feature Importance Analysis

Feature importance analysis (Figure 2) reveals the most influential predictors, namely debt-to-
income ratio, credit tenure, internal credit score, and total loan amount.

The dominance of leverage-related indicators confirms classical financial risk theory, which
emphasizes repayment capacity and financial burden as primary determinants of default probability
(Hanif & Widawati, 2024; Indah Sucianty & Suria Manda, 2022; Alfian, 2024). Specifically:

1. Debt-to-Income Ratio directly measures borrower solvency capacity, frequently identified as a

strong predictor of delinquency (Hanif & Widawati, 2024).

2. Credit Tenure reflects repayment exposure duration and risk accumulation over time

(Andrianto & Nurjanah, 2023).

3. Internal Credit Score captures historical behavioral patterns and borrower discipline

(Kurniawati, 2021).

These findings align with previous empirical research in financial risk modeling and SME
financing analysis, reinforcing the theoretical consistency of the results (Irham et al., 2024; Juhainah,
2025).

3.6. Discussion in Relation to Research Objectives

This study addressed three primary objectives. First, regarding model performance, XGBoost
achieved superior results across F1-Macro and ROC-AUC metrics, consistent with findings from
comparative supervised learning benchmarks (Nasution et al., 2025; Syafi’i et al.,, 2022). Second, in
explaining why XGBoost outperforms other models, its boosting mechanism sequentially corrects
prediction errors, enabling more effective handling of non-linear interactions and imbalanced datasets,
which are common characteristics of financial risk data (Kandi & Garc, 2025; Givari et al., 2022). Third,
the findings are consistent with prior studies demonstrating that ensemble methods outperform linear
classifiers in credit risk prediction and scoring systems (Damanik et al., 2023; Aqil & Karim, 2025;
Novianti et al., 2023). Compared to studies that rely solely on Logistic Regression or Naive Bayes, this
research provides broader comparative evidence within the SME context and incorporates statistical
validation, thereby offering stronger inferential support.

3.7. Practical Implications

From a practical perspective, implementing ensemble-based machine learning systems can
namely enhance early risk detection, reduce exposure to non-performing loans, improve automated
credit scoring accuracy, support digital financial inclusion strategies.

The integration of machine learning into managerial and fintech decision-making frameworks
has been empirically associated with improved risk mitigation, enhanced predictive accuracy, and
more dynamic portfolio monitoring capabilities in credit risk environments (Asmoro & Sriyono, 2025;
Cahyani & Nasrullah, 2025; Riskandy & Tjahyanto, 2025). Financial institutions may integrate XGBoost-
based predictive models into automated decision-support frameworks to improve loan approval
consistency and reduce credit portfolio deterioration (Gumar, 2025; Riskandy & Tjahyanto, 2025).
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3.8. Future Research Directions

Future research may explore several important directions, including time-to-default modeling,
real-time deployment within enterprise systems, the integration of explainability techniques such as
SHAP analysis, and the development of hybrid ensemble architectures. These extensions are expected
to further enhance predictive reliability and support stronger regulatory compliance in financial
institutions, particularly within dynamic and post-pandemic SME financing environments (Hanif &
Widawati, 2024; Paz et al., 2025).

4. CONCLUSION

This study demonstrates that advanced ensemble-based machine learning algorithms
significantly enhance SME credit risk classification performance compared to conventional linear
approaches. Among evaluated models, XGBoost achieved the most optimal predictive performance in
terms of F1-Macro and ROC-AUC under moderate class imbalance conditions. Statistical validation
using the Friedman test confirms that performance differences among classifiers are significant. Feature
importance analysis reinforces classical credit risk theory by highlighting leverage and repayment-
related indicators as dominant predictors. The findings provide both empirical and practical
contributions to predictive analytics in SME financing. Future research should explore time-to-default
modeling, explainability integration, and enterprise-level real-time deployment frameworks to
strengthen operational scalability and regulatory compliance.
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