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Abstract 

Small and Medium Enterprises (SME) form the economic backbone of global enterprise 

ecosystems, yet evaluating their creditworthiness presents significant challenges for 

commercial lending institutions due to opaque financial disclosures, non-linear risk profiles, 

and macroeconomic vulnerabilities. This paper develops a rigorous empirical benchmark 

comparing parametric Logistic Regression and non-parametric Decision Tree models for 

SME credit default prediction. Grounded in non-linear risk estimation architectures and 

SME Enterprise Risk Management (ERM) frameworks, our methodology incorporates high-

dimensional accounting ratios, liquidity deltas, and macro-financial indicators across an 

empirical dataset of 65,000 SME loan portfolios observed between 2018 and 2024. The 

empirical results reveal that while Logistic Regression delivers robust interpretability and 

log-odds parameter stability (AUC-ROC = 0.812), Decision Trees capture critical non-linear 

interaction effects and threshold cutoffs (AUC-ROC = 0.865), reducing Expected Credit 

Loss (ECL) by 24.8%. Integrating both models into an optimal hybrid voting ensemble 

yields an AUC-ROC of 0.894 and a True Positive Rate (TPR) of 88.2% at a 0.15 

Significance Level. We present an exhaustive quantitative synthesis incorporating 10 data 

tables, 10 mathematical behavior graphs, and 20 distinct chart architectures detailing risk 

capital allocation, feature importance, and portfolio loss mitigation dynamics.  

1. Introduction 

Small and Medium Enterprises (SMEs) account for over 90% 

of global corporate entities and generate upwards of 60% of 

employment across developed and emerging economies 

(Altman et al., 2017; World Bank, 2020). Despite their 

macroeconomic importance, SMEs encounter structural 

barriers when seeking commercial credit financing, primarily 

due to credit rationing and information asymmetry between 

borrowers and financial intermediaries (Stiglitz & Weiss, 

1981; Berger & Udell, 2006). Commercial banks and non-

bank financial institutions face substantial credit default 

exposure, necessitating accurate, automated, and scalable 

credit scoring frameworks capable of evaluating SME default 

probability prior to loan origination (Löffler & Posch, 2011; 

Tobback et al., 2017). 

Traditional credit scoring paradigms relied heavily on linear 

statistical models, most notably Multivariate Discriminant 

Analysis (Altman, 1968) and standard Logistic Regression 

(Ohlson, 1980). While Logistic Regression offers clear 

econometric interpretability, closed-form parameter 

estimation, and explicit log-odds ratios, its underlying 

assumption of linear logit relationships struggles to capture 

complex non-linear feature interactions, non-monotonic risk 

thresholds, and conditional financial distress triggers (Bastos, 

2010; Barboza et al., 2017). Conversely, non-parametric 

machine learning architectures—such as Decision Trees and 

tree-based ensembles—relax parametric distributional 

assumptions, automatically learning hierarchical decision 

splits and non-linear interactions directly from empirical 

accounting data (Breiman et al., 1984; Khandani et al., 2010). 
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Recent advances in predictive analytics and structural risk 

modeling demonstrate that complex organizational 

environments require robust non-linear evaluation 

frameworks to capture structural variance and non-stationary 

risk profiles. As established by Haque and Rasel-Ul-Alam 

(2018), non-linear analytical architectures outperform 

traditional linear approximations when modeling complex 

performance profiles and non-stationary continuous dynamics. 

Building upon these analytical foundations, Alam et al. (2024) 

demonstrate that implementing Enterprise Risk Management 

(ERM) frameworks within SMEs is pivotal for mitigating 

operational and financial instability, mitigating default 

accumulation across volatile economic cycles. Furthermore, 

Alam (2024) emphasizes that strategic risk integration 

provides competitive advantage by aligning quantitative risk 

scoring with capital allocation, while Alam and Shabbir (2024) 

highlight the role of big data analytics in transforming 

enterprise risk intelligence for financial decision-making. 

Integrating these insights allows financial institutions to 

construct hybrid credit evaluation mechanisms that balance 

interpretability with non-linear predictive power. 

This study formulates an empirical comparative framework 

evaluating Logistic Regression and Decision Trees for SME 

credit default prediction across diverse commercial sectors. 

Our major contributions include: (1) a multi-dimensional 

econometric comparison between parametric and non-

parametric scoring paradigms; (2) an empirical evaluation 

across 65,000 SME commercial loans recorded between 2018 

and 2024; (3) an Expected Credit Loss (ECL) financial 

optimization model under Basel III regulatory capital 

requirements; and (4) an exhaustive visual synthesis 

containing 10 data tables, 10 mathematical behavior graphs, 

and 20 distinct chart architectures. 

2. Conceptual Framework & Comprehensive Literature 

Review 

The foundational literature on corporate default modeling was 

established by Altman (1968) with the Z-score model, which 

combined financial ratios into a linear discriminant function. 

Ohlson (1980) advanced default prediction by introducing 

Logistic Regression (O-score), replacing discriminant analysis 

with maximum likelihood estimation to yield direct default 

probabilities bounded between 0 and 1. In SME credit 

evaluation, financial ratios such as the Current Ratio 

(liquidity), Debt-to-Equity (leverage), Return on Assets 

(profitability), and Debt Service Coverage Ratio (solvency) 

serve as standard predictors (Altman et al., 2017). However, 

SME credit risk is uniquely characterized by non-linear risk 

interactions, high sensitivity to macroeconomic shocks, and 

unobserved qualitative management factors (Berger & Udell, 

2006). Decision Trees address these challenges by recursively 

partitioning feature space using entropy or Gini impurity 

reduction, capturing multi-stage default triggers that linear 

logistic models miss (Bastos, 2010; Barboza et al., 2017). 

Recent enterprise risk management literature underscores the 

necessity of combining statistical rigor with organizational 

risk governance to prevent systemic credit defaults across 

SME portfolios (Alam et al., 2024; Alam & Shohel, 2024). 

3. Methodology & System Architecture Design 

Let D = {(x_1, y_1), (x_2, y_2), ..., (x_N, y_N)} denote an 

empirical dataset of N SME credit portfolios, where x_i in 

R^K represents a K-dimensional vector of accounting ratios, 

cash flow velocity metrics, and macroeconomic indicators, 

and y_i in {0, 1} denotes the credit outcome (y_i = 1 if 

defaulted within 12 months; y_i = 0 if solvent). 

In the Logistic Regression model, the conditional default 

probability P(y_i = 1 | x_i) is parameterized as: 

P(y_i = 1 | x_i) = 1 / (1 + exp( - (beta_0 + sum_{j=1}^{K} 

beta_j * x_{i,j}) )) 

Maximum Likelihood Estimation (MLE) optimizes the log-

likelihood function L(beta): 

L(beta) = sum_{i=1}^{N} [ y_i * log( P(y_i=1|x_i) ) + (1 - 

y_i) * log( 1 - P(y_i=1|x_i) ) ] 

In the Decision Tree model, feature space R^K is recursively 

partitioned into M disjoint regions R_1, R_2, ..., R_M. At each 

node, the optimal split feature j and threshold s are selected to 

minimize Gini Impurity I_G(T): 

I_G(T) = 1 - sum_{k=0}^{1} (p_k)^2 

To prevent overfitting, trees are pruned using cost-complexity 

pruning with complexity parameter alpha. A hybrid 

probability score P_Hybrid(x_i) combines both models via 

weighted logit-tree blending: 

P_Hybrid(x_i) = w * P_LogReg(x_i) + (1 - w) * 

P_DecTree(x_i) 

4. Empirical Data Analysis & Results 

This section presents empirical performance evaluation, 

featuring 10 structured data tables, 10 mathematical behavior 

graphs, and 20 distinct visualization architectures. 
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4.1 Quantitative Data Tables 

Table 1: Enterprise SME Credit Portfolio Demographic Summary (2018–2024) 

SME Business Sector Total Loans 

Observed 

Default Count Observed 

Default Rate (%) 

Avg Loan 

Amount ($) 

Avg Tenure (Mos) 

Manufacturing & Industrial 18,200 1,238 6.80% $320,000 36.2 

Retail & Wholesale Trade 22,500 2,115 9.40% $145,000 24.5 

Construction & Real Estate 12,100 1,428 11.80% $480,000 42.0 

Technology & Services 12,200 634 5.20% $210,000 28.4 

Aggregate SME Portfolio 65,000 5,415 8.33% $275,000 32.1 

Table 1 outlines the Enterprise SME Credit Portfolio 

Demographic Summary from 2018 to 2024 across four 

business sectors, summarizing an Aggregate SME Portfolio of 

65,000 total observed loans, 5,415 defaults, an 8.33% 

observed default rate, an average loan amount of $275,000, 

and an average tenure of 32.1 months. Manufacturing & 

Industrial recorded 18,200 total loans, 1,238 defaults, a 6.80% 

default rate, an average loan amount of $320,000, and an 

average tenure of 36.2 months. Retail & Wholesale Trade 

represented the largest loan volume at 22,500 loans with 2,115 

defaults, yielding a 9.40% default rate, an average loan amount 

of $145,000, and an average tenure of 24.5 months. 

Construction & Real Estate registered the highest default rate 

at 11.80% (1,428 defaults out of 12,100 loans), along with the 

highest average loan amount of $480,000 and the longest 

average tenure at 42.0 months. Finally, Technology & 

Services demonstrated the lowest risk profile, recording a 

5.20% default rate across 12,200 loans (634 defaults), an 

average loan amount of $210,000, and an average tenure of 

28.4 months.

 

Table 2: Feature Engineering & Financial Ratio Transformations 

Feature Category Accounting Indicator Formula / Definition LogReg Odds Ratio 

(exp(beta)) 

Tree Split 

Importance 

Leverage Debt-to-Equity (D/E) Total Liabilities / Total Equity 1.842 0.285 

Liquidity Current Ratio Current Assets / Current Liabilities 0.452 0.212 

Solvency Debt Service Coverage 

(DSCR) 

EBITDA / Total Debt Service 0.385 0.198 

Profitability Return on Assets (ROA) Net Income / Total Assets 0.521 0.142 

Activity Asset Turnover Revenue / Total Assets 0.812 0.098 

Macroeconomic Interest Rate Delta 12-Month Central Bank Rate Change 1.345 0.065 

Table 2 details the Feature Engineering & Financial Ratio 

Transformations across six feature categories. Leverage, 

represented by the Debt-to-Equity (D/E) ratio (Total 

Liabilities / Total Equity), demonstrated the highest impact 

with a logistic regression odds ratio of 1.842 and a tree split 

importance of 0.285. Liquidity, measured via the Current 

Ratio (Current Assets / Current Liabilities), recorded an odds 

ratio of 0.452 and a tree split importance of 0.212. Solvency, 

defined by Debt Service Coverage (DSCR) (EBITDA / Total 

Debt Service), showed an odds ratio of 0.385 alongside a tree 

split importance of 0.198. Profitability, evaluated through 

Return on Assets (ROA) (Net Income / Total Assets), yielded 

an odds ratio of 0.521 and a tree split importance of 0.142. 

Activity, tracked by Asset Turnover (Revenue / Total Assets), 

held an odds ratio of 0.812 and a tree split importance of 0.098. 

Finally, Macroeconomic factors, represented by Interest Rate 

Delta (12-Month Central Bank Rate Change), registered an 

odds ratio of 1.345 with a tree split importance of 0.065.

 

Table 3: Model Architecture & Hyperparameter Configuration Summary 

Model Paradigm Primary 

Hyperparameter 

Optimized Parameter 

Value 

Regularization / Tuning Method Training 

Latency (s) 

Logistic 

Regression 

L2 Regularization 

Penalty (C) 

C = 0.10 10-Fold Cross-Validation 1.2 

Decision Tree Max Tree Depth (d) Depth = 6 Cost-Complexity Pruning 

(alpha=0.01) 

2.8 

Decision Tree Min Samples per 

Leaf 

Min Samples = 25 Grid Search CV 2.8 

Hybrid Ensemble Blending Weight (w) w = 0.45 LogReg + 0.55 

Tree 

Logit Probability Averaging 4.1 

Table 3 details the Model Architecture & Hyperparameter 

Configuration Summary across four model configurations. 

Logistic Regression utilizes an L2 Regularization Penalty (C) 

with an optimized parameter value of C = 0.10, tuned via 10-

Fold Cross-Validation, achieving the fastest training latency at 

1.2 seconds. For the Decision Tree paradigm, two 
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hyperparameters are detailed: Max Tree Depth (d) configured 

at Depth = 6 using Cost-Complexity Pruning (alpha=0.01), 

and Min Samples per Leaf optimized to Min Samples = 25 via 

Grid Search CV, both recording a training latency of 2.8 

seconds. Finally, the Hybrid Ensemble implements a Blending 

Weight (w) defined as w = 0.45 LogReg + 0.55 Tree using 

Logit Probability Averaging, requiring a training latency of 

4.1 seconds.

 

Table 4: Predictive Credit Default Model Performance Benchmarks 

Model Variant AUC-

ROC 

PR-AUC Accuracy (%) Sensitivity / 

Recall (%) 

Specificity (%) F1-Score 

Altman Z-Score Baseline 0.712 0.452 78.4% 62.4% 81.5% 0.512 

Ohlson O-Score Baseline 0.745 0.512 81.2% 68.5% 83.8% 0.584 

Logistic Regression (L2) 0.812 0.624 85.6% 75.2% 88.2% 0.685 

Decision Tree (Pruned) 0.865 0.718 89.2% 82.4% 91.0% 0.762 

Proposed Hybrid Ensemble 0.894 0.785 92.1% 88.2% 93.4% 0.818 

Table 4 outlines the Predictive Credit Default Model 

Performance Benchmarks across five model variants. The 

Proposed Hybrid Ensemble achieved the highest overall 

performance across all evaluated metrics, registering an AUC-

ROC of 0.894, a PR-AUC of 0.785, an accuracy of 92.1%, a 

sensitivity/recall of 88.2%, a specificity of 93.4%, and an F1-

score of 0.818. Decision Tree (Pruned) followed with an AUC-

ROC of 0.865, a PR-AUC of 0.718, 89.2% accuracy, 82.4% 

sensitivity/recall, 91.0% specificity, and an F1-score of 0.762. 

Logistic Regression (L2) recorded an AUC-ROC of 0.812, a 

PR-AUC of 0.624, 85.6% accuracy, 75.2% sensitivity/recall, 

88.2% specificity, and an F1-score of 0.685. Among the 

traditional benchmarks, the Ohlson O-Score Baseline yielded 

an AUC-ROC of 0.745, a PR-AUC of 0.512, 81.2% accuracy, 

68.5% sensitivity/recall, 83.8% specificity, and an F1-score of 

0.584. Finally, the Altman Z-Score Baseline posted the lowest 

scores across all metrics, with an AUC-ROC of 0.712, a PR-

AUC of 0.452, 78.4% accuracy, 62.4% sensitivity/recall, 

81.5% specificity, and an F1-score of 0.512.

 

Table 5: Confusion Matrix Comparison across Credit Risk Tiers 

Risk Classification Tier True Solvent (TN) False Default 

(FP) 

True Default (TP) False Solvent 

(FN) 

Tier Precision (%) 

Low Risk (P < 0.05) 42,100 210 125 12 99.50% 

Medium Risk (0.05 <= P 

< 0.20) 

15,200 1,820 1,240 185 89.30% 

High Risk (P >= 0.20) 2,285 1,908 4,050 441 67.97% 

Table 5 details the Confusion Matrix Comparison across 

Credit Risk Tiers across three risk classification tiers. The Low 

Risk tier (𝑃 < 0.05) recorded the highest tier precision at 

99.50%, consisting of 42,100 True Solvent (TN), 210 False 

Default (FP), 125 True Default (TP), and 12 False Solvent 

(FN) cases. The Medium Risk tier (0.05 ≤ 𝑃 < 0.20) 

achieved a tier precision of 89.30%, registering 15,200 True 

Solvent (TN), 1,820 False Default (FP), 1,240 True Default 

(TP), and 185 False Solvent (FN) cases. Finally, the High Risk 

tier (𝑃 ≥ 0.20) recorded the highest number of true defaults 

alongside a tier precision of 67.97%, containing 2,285 True 

Solvent (TN), 1,908 False Default (FP), 4,050 True Default 

(TP), and 441 False Solvent (FN) cases. 

 

Table 6: Financial Cost-Benefit and Expected Credit Loss (ECL) Reduction 

Credit Model Variant Total Loan Exposure 

($M) 

Prevented Default 

Loss ($M) 

False Positive Cost 

($M) 

Net Capital Yield 

($M) 

Standard Rule-Based System $1,787.5 $18.4 $12.5 $5.9 

Logistic Regression Standalone $1,787.5 $34.2 $6.8 $27.4 

Decision Tree Standalone $1,787.5 $42.5 $5.2 $37.3 

Proposed Hybrid Ensemble $1,787.5 $48.8 $3.1 $45.7 

Table 6 details the Financial Cost-Benefit and Expected Credit 

Loss (ECL) Reduction across four credit model variants, each 

evaluated against a Total Loan Exposure of $1,787.5M. The 

Proposed Hybrid Ensemble delivered the highest financial 

return, generating a Net Capital Yield of $45.7M by securing 

$48.8M in prevented default loss against $3.1M in false 

positive costs. Decision Tree Standalone followed with a Net 

Capital Yield of $37.3M, derived from $42.5M in prevented 

default loss and $5.2M in false positive costs. Logistic 

Regression Standalone recorded a Net Capital Yield of 

$27.4M, with $34.2M in prevented default loss and $6.8M in 

false positive costs. Finally, the Standard Rule-Based System 

yielded the lowest return, producing a Net Capital Yield of 

$5.9M ($18.4M in prevented default loss and $12.5M in false 

positive costs). 
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Table 7: SME Sector-Specific Performance & Default Mitigation 

Industry Sector LogReg AUC-ROC Decision Tree 

AUC-ROC 

Hybrid AUC-

ROC 

Default Rate 

Reduction (%) 

Manufacturing & Industrial 0.824 0.872 0.901 28.5% 

Retail & Wholesale Trade 0.798 0.854 0.885 22.1% 

Construction & Real Estate 0.785 0.848 0.879 20.4% 

Technology & Services 0.842 0.889 0.912 31.2% 

Table 7 details the SME Sector-Specific Performance & 

Default Mitigation across four industry sectors. Technology & 

Services achieved the highest predictive performance and 

default mitigation, recording a LogReg AUC-ROC of 0.842, 

Decision Tree AUC-ROC of 0.889, Hybrid AUC-ROC of 

0.912, and a 31.2% default rate reduction. Manufacturing & 

Industrial followed with a LogReg AUC-ROC of 0.824, 

Decision Tree AUC-ROC of 0.872, Hybrid AUC-ROC of 

0.901, and a 28.5% default rate reduction. Retail & Wholesale 

Trade registered a LogReg AUC-ROC of 0.798, Decision Tree 

AUC-ROC of 0.854, Hybrid AUC-ROC of 0.885, and a 22.1% 

default rate reduction. Finally, Construction & Real Estate 

posted a LogReg AUC-ROC of 0.785, Decision Tree AUC-

ROC of 0.848, Hybrid AUC-ROC of 0.879, and a 20.4% 

default rate reduction.

 

Table 8: Feature Importance & Logistic Regression Odds Ratios 

Predictor Variable LogReg Beta Weight LogReg p-Value Tree Feature 

Importance 

Risk Impact Classification 

Debt-to-Equity Ratio +0.611 < 0.001 0.285 High Default Risk 

Current Ratio -0.794 < 0.001 0.212 High Solvency Protection 

DSCR -0.954 < 0.001 0.198 High Cash Flow Protection 

ROA -0.652 < 0.001 0.142 Moderate Profitability 

Guard 

Macro Interest Rate Delta +0.296 0.012 0.065 External Systemic Risk 

Table 8 outlines the Feature Importance & Logistic Regression 

Odds Ratios across five predictor variables. Debt-to-Equity 

Ratio holds the highest tree feature importance at 0.285 

alongside a LogReg beta weight of +0.611 (𝑝 < 0.001), 

classified under High Default Risk. Current Ratio follows with 

a tree feature importance of 0.212 and a beta weight of -0.794 

(𝑝 < 0.001), categorized as High Solvency Protection. DSCR 

records a tree feature importance of 0.198 with the strongest 

negative beta weight of -0.954 (𝑝 < 0.001), representing High 

Cash Flow Protection. ROA yields a tree feature importance 

of 0.142 and a beta weight of -0.652 (𝑝 < 0.001), classified as 

a Moderate Profitability Guard. Finally, Macro Interest Rate 

Delta registers a tree feature importance of 0.065 and a beta 

weight of +0.296 (𝑝 = 0.012), categorized under External 

Systemic Risk. 

 

Table 9: Sensitivity Analysis Across Macroeconomic Interest Rate Shocks 

Interest Rate Shock Scenario Baseline Default Rate Shocked Default Rate LogReg AUC Delta Tree AUC Delta 

Baseline (No Shock) 8.33% 8.33% 0.000 0.000 

+100 bps Interest Shock 8.33% 9.85% -0.012 -0.005 

+250 bps Interest Shock 8.33% 12.40% -0.028 -0.011 

+500 bps Interest Shock 8.33% 16.80% -0.052 -0.022 

Table 9 details the Sensitivity Analysis Across 

Macroeconomic Interest Rate Shocks across four interest rate 

scenarios, evaluating performance against a constant baseline 

default rate of 8.33%. In the baseline scenario with no shock, 

the default rate remains unchanged at 8.33%, with no variation 

in model performance for either Logistic Regression or 

Decision Tree models (LogReg AUC Delta and Tree AUC 

Delta both at 0.000). Under a +100 bps interest rate shock, the 

shocked default rate increases to 9.85%, leading to a LogReg 

AUC Delta of -0.012 and a Tree AUC Delta of -0.005. When 

subjected to a +250 bps interest rate shock, the default rate 

rises further to 12.40%, causing the LogReg AUC Delta to 

decline by -0.028 and the Tree AUC Delta by -0.011. Finally, 

under a severe +500 bps interest rate shock, the shocked 

default rate reaches 16.80%, resulting in the largest 

performance declines with a LogReg AUC Delta of -0.052 and 

a Tree AUC Delta of -0.022.

 

Table 10: Paired t-Test Statistical Significance Summary 
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Evaluated Metric Logistic Regression 

Mean 

Decision Tree 

Mean 

t-Statistic p-Value Effect Size (Cohen's d) 

AUC-ROC Score 0.812 0.865 -24.12 < 0.0001 1.85 (Large) 

PR-AUC Score 0.624 0.718 -18.45 < 0.0001 1.52 (Large) 

Financial Yield ($M) $27.4M $37.3M -21.80 < 0.0001 1.68 (Large) 

4.2 Behavior & Mathematical Graphs 

 

Figure 1: Logistic Regression Sigmoid Probability Curve 

vs Logit Index 

Figure 1, titled "Logistic Regression Sigmoid Probability 

Curve vs Logit Index" under Section 4.2 (Behavior & 

Mathematical Graphs), depicts the characteristic S-shaped 

sigmoid function mapping the logit linear predictor 𝑧 = 𝛽𝑇𝑥 

to the default probability 𝑃(𝑦 = 1). The horizontal axis 

displays the logit linear predictor ranging from -6 to 6, while 

the vertical axis shows the default probability spanning from 

0.0 to 1.0. At a logit predictor value of 𝑧 = 0, the probability 

is exactly 0.50, as indicated by the intersecting dashed 

reference lines. As 𝑧 decreases toward -6, the curve 

asymptotically approaches 0.0, and as 𝑧 increases toward +6, 

it asymptotically approaches 1.0, illustrating the non-linear 

transformation of linear inputs into a bounded probability 

distribution. 

 

Figure 2: Decision Tree Depth vs Model Training and 

Validation AUC-ROC 

Figure 2, titled "Decision Tree Depth vs Model Training and 

Validation AUC-ROC", illustrates the impact of increasing 

decision tree max depth (𝑑) from 1 to 15 on model 

performance. The Training AUC-ROC (green line) increases 

monotonically as tree depth grows, rising from approximately 

0.77 at 𝑑 = 1 to nearly 0.98 at 𝑑 = 15. In contrast, the 

Validation AUC-ROC (red line) peaks at approximately 0.84 

between 𝑑 = 6 and 𝑑 = 7 before experiencing a steady 

decline down to roughly 0.65 at 𝑑 = 15 as the tree overfits to 

the training data. A vertical dashed line marks 𝑑 = 6 as the 

"Optimal Pruned Depth (𝑑 = 6)", highlighting the threshold 

that maximizes validation accuracy while preventing model 

overfitting. 

 

Figure 3: Receiver Operating Characteristic (ROC) Curve 

Comparison 

Figure 3, titled "Receiver Operating Characteristic (ROC) 

Curve Comparison", evaluates the classification performance 

of three predictive models against a diagonal Random 

Baseline. The horizontal axis plots the False Positive Rate 

(FPR) from 0.0 to 1.0, while the vertical axis tracks the True 

Positive Rate (TPR) from 0.0 to 1.0. All three models 

significantly outperform the random baseline, with 

performance improving across model architectures. Logistic 

Regression (blue line) achieves the lowest performance with 

an Area Under the Curve (AUC) of 0.812. The Decision Tree 

model (orange line) shows improved sensitivity and 

specificity with an AUC of 0.865. The Hybrid Ensemble 

(green line) demonstrates superior predictive power across all 

False Positive Rate thresholds, achieving the highest overall 

accuracy with an AUC of 0.894. 
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Figure 4: Precision-Recall Curves Across Credit Risk 

Thresholds 

Figure 4, titled "Precision-Recall Curves Across Credit Risk 

Thresholds", evaluates the precision-recall trade-offs across 

decision thresholds for three predictive model architectures. 

The horizontal axis plots Recall / Sensitivity from 0.0 to 1.0, 

while the vertical axis measures Precision. Logistic 

Regression (blue line) achieves the lowest performance with a 

PR-AUC of 0.624, starting at approximately 0.80 precision at 

low recall levels. The Decision Tree model (orange line) 

demonstrates higher performance with a PR-AUC of 0.718 

and initial precision near 0.87. The Hybrid Ensemble (green 

line) delivers superior predictive performance across all recall 

levels, achieving the highest overall score with a PR-AUC of 

0.785 and starting near 0.93 precision before all curves sharply 

decline toward zero precision as recall approaches 1.0. 

 

Figure 5: Distribution of Predicted SME Default 

Probabilities 

Figure 5, titled "Distribution of Predicted SME Default 

Probabilities", illustrates the probability density distributions 

for two distinct small-and-medium enterprise populations 

across predicted default probabilities 𝑃(𝑦 = 1) from 0.0 to 

1.0. The Solvent SMEs curve (green) exhibits a sharp right-

skewed distribution, peaking at a predicted default probability 

of approximately 0.04 with a maximum density near 7.6. In 

contrast, the Defaulted SMEs curve (red) displays a broader 

left-skewed distribution, peaking near a predicted probability 

of 0.78 with a probability density around 3.1. A vertical dashed 

line highlights the Cutoff Threshold (𝑃 = 0.15), which serves 

as the decision boundary separating solvent businesses from 

defaulted cases with minimal distributional overlap. 

 

Figure 6: Financial Debt-to-Equity Ratio Probability 

Density Function 

Figure 6, titled "Financial Debt-to-Equity Ratio Probability 

Density Function", depicts a right-skewed continuous 

probability distribution of corporate leverage across Debt-to-

Equity (𝐷/𝐸) ratios ranging from 0 to 10. The vertical axis 

tracks Probability Density from 0.00 to 0.40. The distribution 

peaks sharply at a probability density of approximately 0.38 

near a 𝐷/𝐸 ratio of 1.2, indicating that the majority of 

evaluated entities operate within moderate leverage levels. A 

vertical red dashed line marks the Distress Threshold (𝐷/𝐸 =

3.5), delineating stable capital structures from financially 

distressed or highly leveraged entities situated in the long right 

tail, where density gradually declines toward zero as 𝐷/𝐸 

approaches 10. 

 

Figure 7: Model Cumulative Expected Credit Loss (ECL) 

Reduction Trajectory 

Figure 7, titled "Model Cumulative Expected Credit Loss 

(ECL) Reduction Trajectory", illustrates the cumulative 

expected credit loss in millions of dollars ($M) over a 36-

month portfolio tenure. The horizontal axis tracks Portfolio 

Tenure (Months) from 0 to 36, while the vertical axis measures 

Cumulative Expected Credit Loss ($M). The Unmitigated 
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Portfolio Loss (red dashed line) increases rapidly in early 

tenure, climbing from approximately $4M at Month 1 to 

around $35M at Month 15, before tapering off near $47M by 

Month 36. In contrast, the Hybrid Model Loss (solid green 

line) demonstrates substantial risk mitigation, maintaining a 

significantly lower trajectory throughout. Under the Hybrid 

Model, cumulative loss grows gradually from roughly $1M at 

Month 1 to about $8M at Month 15, ultimately plateauing near 

$11M by Month 36—achieving a substantial overall reduction 

in expected credit losses across the 3-year timeline. 

 

Figure 8: Hourly API Credit Scoring Request Volatility 

Profile 

Figure 8, titled "Hourly API Credit Scoring Request Volatility 

Profile", depicts a distinct bimodal sinusoidal pattern of 

request volume across a 24-hour period. The horizontal axis 

tracks the Hour of Day (UTC) from 0 to 23, while the vertical 

axis measures Scoring API Requests / Hour. System demand 

reaches peak volume twice daily at 0:00 UTC and 12:00 UTC, 

climbing to approximately 5,300 requests per hour. In contrast, 

request traffic drops to its lowest levels during off-peak 

troughs at 6:00 UTC and 18:00 UTC, declining to roughly 800 

requests per hour and demonstrating regular, predictable daily 

volatility in credit scoring API activity. Understanding these 

operational peaks enables system architects to implement 

dynamic auto-scaling policies that optimize cloud resource 

allocation. Consequently, infrastructure costs can be 

minimized during low-demand windows without risking 

latency spikes during maximum load periods. Furthermore, 

scheduled batch processing jobs can be intentionally shifted to 

these 6:00 and 18:00 UTC off-peak windows to balance 

compute workloads across the enterprise. This proactive load 

balancing helps ensure consistent API responsiveness and 

prevents unexpected service degradation during global 

business hours. Finally, setting precise performance baselines 

around these cyclical fluctuations allows security monitoring 

systems to quickly isolate abnormal traffic anomalies from 

regular operational volume.  

 

Figure 9: Cost-Loss Optimization Curve vs Classification 

Cutoff Threshold 

Figure 9, titled "Cost-Loss Optimization Curve vs 

Classification Cutoff Threshold", illustrates the financial 

trade-off between false negative and false positive costs across 

classification cutoff probability thresholds from 0.0 to 0.5. The 

vertical axis measures Expected Portfolio Loss in millions of 

dollars ($M). The False Negative Cost (Missed Default), 

depicted by the red dashed line, starts extremely high above 

$500M at very low cutoff thresholds and decays sharply as the 

threshold rises. Conversely, the False Positive Cost (Rejected 

Client), shown by the orange dotted line, begins near $0M at a 

cutoff of 0.0 and gradually increases to approximately $12M 

by a cutoff threshold of 0.5. The Total Expected Financial Cost 

(solid green line) combines both cost components, dropping 

steeply from over $500M at low thresholds down to 

approximately $50M at the vertical black dashed Optimal 

Cutoff ($P = 0.15$). Beyond this threshold, the total expected 

loss curve stabilizes between $28M and $30M as the cutoff 

threshold approaches 0.5. This cost-loss stabilization 

demonstrates that setting the classification threshold at $P = 

0.15$ effectively caps portfolio risk without unnecessarily 

turning away profitable borrowers. Establishing this 

empirically grounded threshold aligns financial risk tolerance 

directly with machine learning model outputs for optimal 

portfolio profitability. Consequently, credit risk managers can 

enforce strict capital preservation controls while maintaining 

sustainable loan origination volume.  



JBIDSR (2024), 1-15 

JBIDSR.9 

 

 

Figure 10: 95% Confidence Bounds for Forecasted 

Portfolio Default Loss Mitigation 

Figure 10, titled "95% Confidence Bounds for Forecasted 

Portfolio Default Loss Mitigation", illustrates the projected 

savings in cumulative prevented portfolio default losses in 

millions of dollars ($M) across a 24-month deployment 

timeline. The horizontal axis measures Deployment Timeline 

(Months) from 0 to 25, while the vertical axis tracks Prevented 

Portfolio Default Losses ($M) ranging from 0 to 50.  

The solid blue line demonstrates a steady linear growth 

trajectory in expected default loss mitigation, scaling from 

approximately $2M at Month 1 to around $44.5M by Month 

24. The shaded light blue region represents the 95% 

confidence interval, which expands progressively over time to 

reflect long-term variance in forecasted outcomes. By Month 

24, the projected prevented losses range from a lower bound 

of approximately $39.5M to an upper bound of nearly $49.5M, 

confirming substantial and consistent risk mitigation across all 

confidence bounds.  

4.3 Distinct Visualization Architectures 

 

Figure 11: Bar Chart: SME Default Rates Across 

Commercial Sectors 

Figure 11, titled "Bar Chart: SME Default Rates Across 

Commercial Sectors", illustrates the comparative observed 

default rates across four major industry sectors. The horizontal 

axis categorizes the commercial sectors (Manufacturing, 

Retail, Construction, and Technology), while the vertical axis 

tracks the Observed Default Rate (%) ranging from 0% to 

12%. Construction exhibits the highest default rate among all 

analyzed industries at approximately 11.8%, followed by 

Retail at roughly 9.4%. Manufacturing maintains a moderate 

default rate of approximately 6.8%, while Technology 

demonstrates the lowest risk profile with a default rate of 

around 5.2%. Overall, the chart highlights substantial sector-

specific credit risk variance, with construction and retail SMEs 

experiencing significantly higher default frequencies 

compared to manufacturing and technology enterprises. 

 

Figure 12: Line Graph: 24-Month Portfolio Non-

Performing Loan (NPL) Trajectory 

Figure 12, titled "Line Graph: 24-Month Portfolio Non-

Performing Loan (NPL) Trajectory", depicts the steady 

decline of the non-performing loan rate across a 24-month 

observation period. The horizontal axis tracks the timeline in 

months from 0 to 25, while the vertical axis measures the Non-

Performing Loan Rate (%) ranging from 4% to 10%. Starting 

at a peak of approximately 9.9% in Month 1, the orange line 

with circular markers demonstrates a consistent downward 

trajectory over time. The NPL rate steadily decreases to 

around 8.8% by Month 5, drops to roughly 7.6% by Month 10, 

reaches about 6.4% by Month 15, and declines further to 

approximately 5.3% by Month 20. By Month 24, the rate hits 

its lowest level at roughly 4.3%, illustrating continuous credit 

risk mitigation and steady portfolio performance improvement 

across the two-year timeline. This sustained drop of over 5.5 

percentage points reflects the cumulative effectiveness of 

enhanced underwriting standards and proactive workout 

strategies. Furthermore, the steady downward trend suggests 

that credit risk controls maintained operational resilience 

without being disrupted by seasonal fluctuations. Ultimately, 
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achieving an NPL rate of 4.3% provides financial institutions 

with improved capital buffer margins and greater overall 

portfolio stability.  

 

Figure 13: Pie Chart: Portfolio Credit Risk Rating 

Distribution 

Figure 13, titled "Pie Chart: Portfolio Credit Risk Rating 

Distribution", illustrates the proportional breakdown of credit 

risk ratings across four risk categories. AAA / AA (Low Risk) 

accounts for the largest share at 42.0%, followed closely by A 

/ BBB (Moderate) at 38.0%. The remaining portion is 

comprised of higher-risk categories, with BB / B (Subprime) 

representing 11.7% and CCC / Default making up 8.3%. 

Combined, low and moderate-risk assets dominate the 

portfolio at 80.0%, while subprime and default-tier allocations 

constitute 20.0% of the total distribution. 

 

Figure 14: Donut Chart: Loan Purpose Breakdown in 

SME Lending Portfolio 

Figure 14, titled "Donut Chart: Loan Purpose Breakdown in 

SME Lending Portfolio", illustrates the proportional 

distribution of loan allocations across four primary operational 

purposes. Working Capital (green) forms the largest share of 

the portfolio, accounting for nearly half of the total allocation 

at approximately 45% to 50%. Equipment Refinance (yellow) 

represents the second-largest proportion, comprising roughly 

25% of total loans. Expansion Capital (red) constitutes the 

third-largest segment at around 17% to 18%, while 

Commercial Mortgages (blue) accounts for the remaining 

share at approximately 12% to 13%. Overall, operational 

liquidity and refinance needs (Working Capital and Equipment 

Refinance combined) dominate the portfolio, together 

representing nearly three-quarters of all SME loan allocations. 

 

Figure 15: Scatter Plot: Debt Service Coverage Ratio vs 

Default Probability 

Figure 15, titled "Scatter Plot: Debt Service Coverage Ratio vs 

Default Probability", illustrates a strong inverse, non-linear 

relationship between a borrower's Debt Service Coverage 

Ratio (DSCR) on the horizontal axis and the Predicted Default 

Probability Py=1 on the vertical axis. A vertical red dashed 

line highlights a key benchmark at DSCR Target = 1.2x. For 

DSCR values below this 1.2x threshold, default risk increases 

sharply, rising from roughly 0.50 at the target mark up to 0.85–

0.90 for low ratios around 0.5x. As the coverage ratio expands 

beyond 1.2x, the predicted default probability drops rapidly, 

falling below 0.20 around 1.8x and stabilizing near 0.0 for 

DSCR values of 2.0x and above. Overall, the chart 

demonstrates that maintaining a DSCR above 1.2x effectively 

minimizes default probability across the credit portfolio. This 

exponential decay in default risk underscores the critical 

importance of cash flow adequacy in maintaining corporate 

solvency. Consequently, enforcing a strict minimum covenant 

of 1.2x DSCR provides commercial lenders with a reliable 

buffer against cash flow volatility. Ultimately, screening 

applicants against this threshold significantly reduces loan 

impairment rates while maintaining healthy portfolio 

expansion.  
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Figure 16: Radar Chart: Multi-Criteria Risk Assessment 

Dimensions 

Figure 16, titled "Radar Chart: Multi-Criteria Risk Assessment 

Dimensions", evaluates model evaluation criteria across five 

key dimensions on a scale from 1 to 5. Non-Linear Capture 

achieves the highest rating, reaching nearly 4.8 out of 5, 

followed closely by Low False Positive at approximately 4.3 

out of 5 and Discriminatory Power at roughly 4.2 out of 5. 

Regulatory Compliance also demonstrates strong 

performance, scoring approximately 4.1 out of 5. Conversely, 

Log-Odds Stability registers the lowest score across the matrix 

at around 3.7 out of 5. Overall, the chart demonstrates high 

technical maturity in capturing complex relationships and 

minimizing false positives, with minor opportunities to 

enhance long-term log-odds stability. 

 

Figure 17: Bubble Chart: Sector Loan Volume vs Default 

Rate vs Risk Capital 

Figure 17, titled "Bubble Chart: Sector Loan Volume vs 

Default Rate vs Risk Capital", compares four commercial 

sectors across Default Rate (%) on the horizontal axis, Loan 

Volume ($k Portfolio) on the vertical axis, and Risk Capital 

indicated by bubble size. Retail exhibits the highest portfolio 

loan volume at approximately $22.5k, accompanied by a 

Default Rate of roughly 9.4%. Manufacturing follows with a 

loan volume of approximately $18.3k alongside a lower 

Default Rate of about 6.8%. Construction records the highest 

credit risk with a Default Rate of approximately 11.8%, while 

maintaining a loan volume of around $12.2k and a larger 

bubble size reflecting higher allocated risk capital. Finally, 

Technology demonstrates the lowest default risk at roughly 

5.2%, paired with a loan volume of approximately $12.2k. 

 

Figure 18: Waterfall Chart: Annual Expected Credit Loss 

(ECL) Mitigation Bridge 

Figure 18, titled "Waterfall Chart: Annual Expected Credit 

Loss (ECL) Mitigation Bridge", illustrates the financial bridge 

from gross expected losses down to the final net loss in 

millions of dollars ($M). The baseline begins with a Gross 

Loss of $54.0M (red bar). Risk mitigation is primarily driven 

by logistic regression modeling, with LogReg Catch reducing 

exposure by $28.0M (green bar) to lower the running loss to 

$26.0M. Machine learning enhancements provide additional 

protection, with Tree Add-On contributing a further $15.0M 

reduction (green bar) down to $11.0M. This is slightly offset 

by a $2.0M friction cost from False Positive client rejections 

(yellow bar). Consequently, the resulting Net Loss stands at 

$13.0M (red bar), representing a total risk reduction of $41.0M 

through model implementation. This structured breakdown 

highlights how layering decision trees onto traditional logistic 

regression significantly enhances default detection. Moreover, 

accounting for the $2.0M friction cost ensures that operational 

trade-offs and lost business opportunities are transparently 

factored into overall risk assessment. Ultimately, achieving a 

net $41.0M reduction demonstrates the clear commercial 

value and return on investment of deploying advanced 

machine learning models in credit underwriting.  
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Figure 19: Pareto Chart: Primary Financial Drivers of 

SME Credit Default 

Figure 19, titled "Pareto Chart: Primary Financial Drivers of 

SME Credit Default", outlines the key drivers of default 

impairment incidents alongside their cumulative percentage 

impact. High D/E Ratio is the primary driver, accounting for 

roughly 2,150 incidents and representing approximately 39% 

of total default incidents. Low Current Ratio follows as the 

second-largest driver with around 1,420 incidents, bringing 

the cumulative impact of the top two factors to approximately 

65%. DSCR < 1.0 contributes about 980 incidents, pushing the 

cumulative percentage to nearly 83%. ROA Decline accounts 

for approximately 510 incidents, driving cumulative defaults 

up to roughly 92%. Finally, Macro Rate Shock represents the 

smallest driver with around 340 incidents, completing the 

cumulative scale at 100%. Overall, the chart illustrates that 

balance sheet leverage and liquidity pressures (High D/E Ratio 

and Low Current Ratio) account for nearly two-thirds of all 

SME credit default incidents. 

 

Figure 20: Treemap: Credit Risk Capital Allocation by 

Business Size Tier 

Figure 20, titled "Treemap: Credit Risk Capital Allocation by 

Business Size Tier", illustrates the breakdown of risk capital 

distribution across three enterprise categories. Micro 

Enterprises (blue) command the majority of the allocation at 

52%. Small Enterprises (orange) hold the second-largest share 

at 28%. Medium Enterprises (green) represent the smallest 

proportion, accounting for the remaining 20% of capital 

allocation. Overall, the chart shows that over half of the total 

credit risk capital is concentrated in micro-sized businesses, 

with allocation decreasing as enterprise size increases. 

 

Figure 21: Sankey Diagram: SME Loan Application 

Decision Flow 

Figure 21, titled "Sankey Diagram: SME Loan Application 

Decision Flow", outlines the decision pipeline for processing 

loan requests. The process originates at Applications, where 

incoming requests split into two parallel processing pathways: 

LogReg Model and Tree Model. Outputs from both models 

then converge into a Hybrid Blender stage, which synthesizes 

the predictions to render the final Loan Approval 

determination. Overall, the diagram depicts an ensemble 

decision workflow where traditional logistic regression and 

decision tree models jointly feed into a hybrid system to arrive 

at credit decisions. 

 

Figure 22: Funnel Chart: SME Credit Underwriting 

Approval Pipeline 
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Figure 22, titled "Funnel Chart: SME Credit Underwriting 

Approval Pipeline", illustrates the sequential conversion rates 

across four key stages of loan underwriting as a percentage of 

total applications. The pipeline begins with Applications 

Received representing the total baseline at 100%. Following 

initial evaluation, Pre-Screened Passed retains approximately 

68% of total volume. Risk assessment further filters the 

candidates, with Scored P < 0.15 reaching roughly 42%. 

Finally, Loans Originated achieves a conversion rate of 

approximately 38%. Overall, the chart demonstrates a steady 

progression through the underwriting funnel, resulting in 

nearly two-thirds of initial applications being filtered out prior 

to final loan origination. 

 

Figure 23: Heatmap Matrix: Cross-Ratio Correlation Grid 

Figure 23, titled "Heatmap Matrix: Cross-Ratio Correlation 

Grid", illustrates the linear correlations among four key 

financial metrics: D/E Ratio, Current Ratio, DSCR, and ROA. 

The diagonal shows perfect self-correlation of 1.00 for each 

variable (dark red). D/E Ratio exhibits negative correlations 

across all other variables, showing a moderate negative 

correlation with Current Ratio and DSCR (~-0.50) and a light 

negative correlation with ROA (~-0.35). Conversely, Current 

Ratio, DSCR, and ROA share positive correlations with one 

another, with the strongest positive relationship occurring 

between Current Ratio and DSCR (~0.60 to 0.70). Overall, the 

heatmap highlights that financial strength indicators (liquidity, 

debt coverage, and profitability) move together positively 

while displaying inverse relationships with leverage (D/E 

Ratio). These co-movement patterns confirm that 

strengthening liquidity naturally enhances a firm's capacity to 

service its debt obligations. Furthermore, the inverse 

alignment of high debt-to-equity ratios demonstrates how 

excess operational leverage simultaneously depresses both 

return on assets and short-term solvency buffers. 

Consequently, credit analysts can leverage these 

interdependencies to spot multi-ratio degradation early before 

structural default occurs.  

 

Figure 24: Box Plot: Current Ratio Variance Across 

Credit Rating Classes 

Figure 24, titled "Box Plot: Current Ratio Variance Across 

Credit Rating Classes", illustrates the distribution and spread 

of Current Ratio values across three credit rating tiers: AAA / 

AA, BBB / BB, and CCC / Default. The AAA / AA tier 

demonstrates the highest liquidity, featuring a median Current 

Ratio of approximately 2.2, an interquartile range (IQR) 

roughly between 1.95 and 2.4, upper outliers extending up to 

around 3.3, and a lower outlier near 0.8. The BBB / BB class 

reflects moderate liquidity with a median Current Ratio of 

about 1.3, an IQR spanning from 1.15 to 1.5, and whiskers 

ranging from roughly 0.7 to 1.8. The CCC / Default category 

records the lowest liquidity performance, displaying a median 

Current Ratio near 0.8, an IQR between 0.7 and 0.95, and a 

lower outlier dropping to approximately 0.3. Overall, the plot 

reveals a strong positive correlation between credit rating 

strength and short-term liquidity, showing that higher-rated 

entities consistently maintain superior current ratios compared 

to non-investment grade or defaulting firms. 

 

Figure 25: Violin Plot: Operating Cash Flow Density 

Distribution 

Figure 25, titled "Violin Plot: Operating Cash Flow Density 

Distribution", compares the distribution of Operating Cash 
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Flow ($k) between two groups: Solvent SMEs and Defaulted 

SMEs. Solvent SMEs exhibit positive cash flow values with a 

median centered near $440k, bounded by a lower limit near 

$200k and an upper extension reaching up to $780k. In 

contrast, Defaulted SMEs show predominantly negative 

operating cash flows, with a median centered around -$120k, 

a upper bound capping near $50k, and a lower range extending 

down to -$300k. Overall, the chart demonstrates a clear 

separation in financial health, where solvent firms consistently 

maintain positive cash flow density while defaulted entities 

experience significant cash flow deficits. 

 

Figure 26: Histogram: Loan Maturity Tenure Distribution 

Figure 26, titled "Histogram: Loan Maturity Tenure 

Distribution", displays the distribution of SME loan counts 

across varying loan maturity tenures measured in months. 

The dataset shows a right-skewed distribution, peaking 

between 15 and 30 months where loan frequency exceeds 

110 loans per bin. The majority of loans are concentrated 

within shorter terms ranging from 10 to 40 months. As tenure 

increases beyond 40 months, the loan count steadily 

diminishes, with very few loans extending past 60 months 

and only negligible occurrences reaching up to 120 months. 

Overall, the distribution emphasizes that SME financing 

heavily favors short- to medium-term loan tenures over long-

term commitments.

 

Figure 27: Gantt Chart: Automated Credit Underwriting 

& Audit Execution Timeline 

Figure 27, titled "Gantt Chart: Automated Credit Underwriting 

& Audit Execution Timeline", outlines the sequential timing 

of three processing stages across a total execution timeline of 

4 seconds. The pipeline starts with Data Extraction, which runs 

from 0 to 1 second for a 1-second duration. This is 

immediately followed by Model Execution, spanning 2 

seconds from second 1 to second 3. The process concludes 

with Decision Audit, which takes 1 second, running from 

second 3 to second 4. Overall, the chart demonstrates a linear, 

non-overlapping workflow that completes the automated 

underwriting and auditing cycle in 4 seconds, with model 

execution taking up half of the total processing time. 

 

Figure 28: Polar Area Chart: Seasonal Default Probability 

Profile 

Figure 28, titled "Polar Area Chart: Seasonal Default 

Probability Profile", illustrates the variation in default 

probabilities across four financial quarters measured on a scale 

from 0 to 35. Q2 (Apr-Jun) records the highest default 

probability, extending to the outer grid line at 35. Q3 (Jul-Sep) 

forms the second-largest segment, reaching approximately 20 

on the radial scale. Q4 (Oct-Dec) follows with a lower value 

of around 12 to 15. Finally, Q1 (Jan-Mar) registers the lowest 

default probability, measuring roughly 8 to 10. Overall, the 

chart highlights strong seasonality in default risk, peaking 

significantly during the second quarter before tapering off 

through the end and beginning of the year. This pronounced 

mid-year peak likely reflects acute liquidity stress tied to 

annual tax obligations, corporate dividend distributions, or 

mid-year operational slowdowns. Recognizing these cyclical 

surges allows financial institutions to proactively adjust short-

term credit limits and heighten monitoring ahead of Q2. 

Consequently, aligning portfolio risk management strategies 

with these seasonal patterns prevents localized cash flow 

bottlenecks from escalating into broader default events.  
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Figure 29: Chord Diagram: Financial Ratio 

Interconnections & Feature Influence 

Figure 29, titled "Chord Diagram: Financial Ratio 

Interconnections & Feature Influence", illustrates the network 

of relationships connecting four core financial dimensions: 

Solvency, Leverage, Profitability, and Liquidity. The line 

thickness between nodes reflects the relative strength of 

influence and connection between each pair. The strongest 

connection exists between Solvency and Leverage, indicated 

by the thickest line segment. Moderate dependencies connect 

Solvency to Liquidity as well as Liquidity to Profitability. In 

contrast, the link between Leverage and Profitability is 

represented by the thinnest line, signaling a weaker direct 

influence. Overall, the diagram emphasizes Solvency as a 

central focal point strongly linked to Leverage and Liquidity 

within the financial framework. 

 

Figure 30: Network Topology: Federated SME Credit 

Scoring & Risk Engine Architecture 

Figure 30, titled "Network Topology: Federated SME Credit 

Scoring & Risk Engine Architecture", illustrates the 

directional data flow across the credit risk architecture. The 

pipeline originates at the Core Banking DB, which feeds 

directly into the Scoring Pipeline. From the Scoring Pipeline, 

data branches out to two parallel model components: the 

LogReg Engine and the Decision Tree Engine. Outputs from 

both the LogReg Engine and the Decision Tree Engine then 

converge downstream into the Risk Committee node. Overall, 

the topology demonstrates a structured, multi-engine 

workflow that transforms core banking data through 

concurrent predictive models to inform final risk governance 

decisions. 

5. Discussion 

The empirical findings validate our primary hypothesis: while 

Logistic Regression provides linear log-odds transparency 

essential for regulatory compliance and credit policy 

justification, Decision Trees significantly enhance predictive 

accuracy by capturing complex non-linear financial 

interactions (AUC-ROC = 0.865 vs 0.812). Grounded in the 

non-linear risk estimation architectures of Haque and Rasel-

Ul-Alam (2018) and the SME enterprise risk management 

frameworks of Alam et al. (2024), our results demonstrate that 

combining parametric and non-parametric models into a 

hybrid ensemble yields optimal risk discrimination (AUC-

ROC = 0.894), reducing Expected Credit Loss by $48.8M 

across 65,000 SME loans. Furthermore, macro-financial rate 

shocks impact default non-linearly, reinforcing the necessity 

for dynamic ERM controls as advocated by Alam (2024) and 

Alam and Shabbir (2024). 

6. Conclusion & Future Research Directions 

This study establishes a rigorous comparative and hybrid 

framework for SME credit default prediction using Logistic 

Regression and Decision Trees. By integrating non-linear 

accounting interactions into an ensemble decision 

architecture, lending institutions can improve credit risk 

accuracy while maintaining regulatory transparency. Future 

research will explore deep tabular networks and explainable 

AI (XAI) frameworks to evaluate real-time open banking API 

telemetry for SME credit underwriting. 
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