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Credit risk assessment in the real estate supply chain is a critical 

component of financial risk management, influencing investment 

decisions and overall sector stability. Traditional credit risk 

models rely on historical financial data, credit scores, and 

financial ratios to evaluate borrower credibility. Although 

effective for regulatory and interpretability purposes, these 

methods often fail to capture rapid market changes, emerging 

risks, and complex financial dependencies. 

The advancement of artificial intelligence (AI) and machine 

learning (ML) has introduced more dynamic approaches to credit 

risk analysis. AI-driven models utilize big data, predictive 

analytics, and real-time market information to detect hidden 

patterns and behaviours that conventional methods overlook. 

This study presents a comparative evaluation of AI-based and 

traditional credit risk models, focusing on their predictive 

accuracy, adaptability, scalability, and limitations within the real 

estate sector. 

Findings indicate that AI models offer superior precision and 

responsiveness, helping financial institutions, lenders, and 

investors make more informed decisions and reduce potential 

losses. However, concerns regarding algorithmic transparency, 

ethical considerations, data privacy, and regulatory compliance 

continue to challenge widespread AI adoption. The study 

concludes that balancing technological innovation with robust 

regulatory frameworks is essential for responsible and effective 

credit risk management in the real estate supply chain. 
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INTRODUCTION 

Credit risk assessment plays a central role in financial systems, guiding lending decisions, 

portfolio management, and overall economic stability. Traditional models such as logistic 

regression and discriminant analysis rely on historical financial data, credit scores, and expert 

evaluation to estimate default probability. Although widely used, these methods often struggle to 

capture rapidly changing market conditions and complex behavioural patterns that influence 

borrower risk. 

Advancements in artificial intelligence (AI) and machine learning (ML) have significantly 

reshaped credit evaluation practices. Modern ML algorithms can analyse large, diverse datasets—

including real-time transactions, alternative financial information, and behavioural indicators—

uncovering relationships that conventional models frequently overlook. These innovations are 

particularly important for emerging economies, where expanding credit access beyond collateral-

based systems is essential for financial inclusion. 

Comparing traditional and AI-driven approaches is therefore crucial for understanding their 

respective strengths, limitations, and real-world applicability. While AI models offer higher 

predictive accuracy and improved operational efficiency, their opacity, potential biases, and 

regulatory challenges raise concerns about fairness and accountability. This study examines these 

contrasting approaches to determine how AI can enhance credit risk assessment while ensuring 

transparency, ethical compliance, and broader access to financial services. 

LITERATURE REVIEW  

Credit risk assessment has progressed from traditional statistical models to advanced machine 

learning (ML) techniques, driven by the need for higher predictive accuracy and adaptability. 

Early research focused on logistic regression and discriminant analysis, which were valued for 

interpretability but constrained by linearity assumptions and limited ability to capture complex 

borrower behavior (Baesens et al., 2003; Liu, 2024). As credit data grew more diverse and 

nonlinear, scholars shifted toward tree-based and ensemble models capable of learning intricate 

patterns without relying on strict statistical assumptions (Sweet et al., 2024). 

Recent studies consistently show that ensemble methods—such as Random Forest, Gradient 

Boosting, and XGBoost—outperform traditional models by leveraging nonlinearity, interaction 

effects, and robust error reduction. Reported accuracies for neural networks and boosting models 

(≈0.87–0.88) surpass logistic regression (≈0.75) across multiple datasets (Sweet et al., 2024; 

Hossain et al., 2025; Bhandary & Ghosh, 2025). Despite this progress, research also notes that 

performance varies by geography, borrower demographics, and economic environment, limiting 

the generalizability of standardized benchmark datasets (Roy & Vasa, 2025). 

A major challenge highlighted in the literature is class imbalance, as default cases typically 

constitute less than 10% of observations. Although oversampling methods like SMOTE help 

improve minority-class detection, they can introduce noise or synthetic bias, and their 
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effectiveness differs across algorithms (Hairani et al., 2024; Biswas et al., 2025). Another 

recurring issue is the trade-off between accuracy and interpretability. While ML models achieve 

superior performance, regulatory frameworks such as GDPR and FCRA require transparent 

decision-making, and the adoption of explainable AI tools like SHAP and LIME remains limited in 

production systems (Adewuyi et al., 2023; Brown, 2024). 

Recent literature increasingly examines fairness and bias mitigation, noting that discriminatory 

outcomes may persist even when sensitive attributes are excluded (Kowsar et al., 2023). 

Furthermore, model stability over time, especially during economic shifts, remains understudied, 

with evidence showing performance degradation during crises (Wang & Meng, 2025). 

Compared to earlier work, current research emphasizes real-world deployment barriers, 

including computational cost, data drift, regulatory compliance, and ethical considerations. 

Emerging directions include hybrid human–AI credit decision systems, transfer learning for 

cross-regional model adaptation, and the use of alternative data to enhance financial inclusion. 

RESEARCH METHODOLOGY  

1. Research Design 

This study follows a comparative experimental research design. Traditional statistical models 

(such as logistic regression) and machine learning algorithms (such as random forest, XGBoost, 

and neural networks) are evaluated under identical settings to determine their effectiveness in 

predicting credit default. A cross-sectional approach is used because the analysis relies on 

historical borrower information collected at a single time point. To avoid look-ahead bias, strict 

temporal separation is maintained between training and testing data. 

2. Population and Sampling 

The population for this study consists of credit applicants represented in publicly available 

datasets such as the German Credit, Australian Credit, and Taiwan Credit Card datasets. A 

stratified sampling technique is used to maintain the natural ratio of default and non-default 

borrowers. The dataset is divided into training and testing sets using a 70/30 split, ensuring 

adequate representation of minority classes. 

3. Data Collection 

Data is collected exclusively from publicly available credit risk datasets. These datasets include 

borrower demographics, financial data, credit history, and repayment behavior. Only anonymized 

and open-source datasets are used, ensuring compliance with ethical and privacy standards. 

4. Data Preprocessing 

Preprocessing includes: 

• Imputing missing values to maintain data consistency. 

• Encoding categorical variables using one-hot encoding. 

• Scaling numerical features using standardization. 

https://iipublications.com/iipwjhss


Journal homepage: https://iipublications.com/iipwjhss                                                           880 | P a g e  

IIP : World Journal of Humanities and Social Sciences (IIPWJHSS) 

Vol. 1 No. Issue - IV (October-December) (2025) 

ISSN: 3107-6661 
 

 

• Handling class imbalance by applying SMOTE oversampling to the training dataset. 

• Feature selection using correlation analysis and embedded methods such as 

regularization and tree-based importance scoring. 

5. Research Instruments 

Models are implemented using Python libraries such as Scikit-learn, XGBoost, and TensorFlow. 

Both traditional (logistic regression, decision trees) and machine learning models (gradient 

boosting, random forest, neural networks) are trained using standardized hyperparameter tuning 

and identical evaluation conditions. 

6. Data Analysis Techniques 

Model performance is assessed using: 

• Classification metrics: accuracy, precision, recall, and F1-score. 

• Imbalanced data metrics: AUC-ROC and PR-AUC. 

• Credit risk metrics: K S statistic. 

 Validation is performed using stratified k-fold cross-validation to ensure reliability and reduce 

variance in results. 

7. Ethical and Methodological Considerations 

To ensure validity and transparency: 

• Temporal leakage is avoided by separating model training and evaluation periods. 

• Oversampling techniques are applied only to the training set. 

• Random seeds are fixed for reproducibility. 

• All preprocessing steps, model settings, and evaluation procedures are fully documented. 

DATA ANALYSIS AND INTERPRETATION  

1. Comparative Performance Analysis 

The performance evaluation across ten algorithms shows that machine learning ensembles 

significantly outperform traditional credit risk models. As shown in Table 1 and the accuracy 

comparison chart, XGBoost achieves the highest accuracy (99.4%), outperforming logistic 

regression by 14.4 percentage points. 

Table 1: Model Performance 

Algorithm Accuracy (%) Precision Recall F1-Score AUC-ROC 

Logistic Regression 85.0 0.82 0.80 0.81 0.87 

LDA 81.5 0.79 0.78 0.78 0.84 
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Algorithm Accuracy (%) Precision Recall F1-Score AUC-ROC 

SVM 84.0 0.81 0.82 0.81 0.86 

Decision Tree 82.0 0.80 0.81 0.80 0.83 

Random Forest 90.27 0.89 0.90 0.89 0.92 

Gradient Boosting 89.5 0.88 0.88 0.88 0.90 

XGBoost 99.4 0.99 0.98 0.98 0.98 

LightGBM 92.5 0.92 0.91 0.91 0.92 

Neural Network 87.08 0.86 0.87 0.86 0.88 

CNN 87.16 0.87 0.86 0.86 0.87 

Key Insight: Ensemble models leverage larger datasets more efficiently, gaining 2.7–3.5%, 

compared to 1.8% for traditional models. 

2. Hypothesis Testing & Statistical Validation 

Friedman Test 

• χ² = 22.77, p < 0.001 

• Conclusion: Reject H₀ → Performance differences across algorithms are statistically 

significant. 

Wilcoxon Signed-Rank Tests 

• XGBoost > LightGBM (p = 0.019) 

• Random Forest > Logistic Regression (p = 0.002) 

• Random Forest vs. LightGBM (not significant) 

Effect Size (Cohen’s d) 

• XGBoost vs. Logistic Regression → d = 1.82 (Large) 

• Random Forest vs Logistic Regression → d = 0.71 (Medium) 

Interpretation: XGBoost delivers substantial real-world impact. 

3. Class Imbalance Analysis 

Table 2: SMOTE significantly improves performance for traditional models 
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Model F1 Before F1 After Improvement 

Logistic Regression 0.52 0.79 +52% 

Random Forest 0.69 0.87 +26.1% 

XGBoost 0.83 0.98 +18.1% 

Insight: Ensemble models inherently handle imbalance better, needing less oversampling 

intervention. 

4. Computational Efficiency 

XGBoost offers the highest accuracy, while LightGBM provides the best performance–speed 

tradeoff. 

Table 3: Training Time 

Algorithm Training Time (s) 

Logistic Regression 0.5 

LightGBM 5.5 

XGBoost 12.0 

Random Forest 8.5 

Neural Network 25.0 

Finding: 

XGBoost is 24× slower than logistic regression but 28× faster than neural networks. 

5. Cost–Benefit Analysis 

Using false positive and false negative cost weights: 

Table 4: Expected Loss per 1,000 Applications 

Model Expected Loss 

Logistic Regression $91,000 

Random Forest $50,500 

XGBoost $10,000 

Savings Calculation 

• Savings = 91,000 – 10,000 = $81,000 per 1,000 applications 

• Annual savings (100,000 applications) = $8.1 million 

6. Graphical Representation 
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FINDINGS AND DISCUSSION 

The study shows that advanced machine learning models, especially XGBoost, significantly 

outperform traditional credit risk methods. XGBoost achieved the highest accuracy (99.4%) and 

AUC (0.98), exceeding logistic regression by over 14%. Statistical tests confirmed these 

differences, with large effect sizes highlighting XGBoost’s practical superiority. Ensemble models 

like Random Forest and LightGBM also showed strong results and remained robust across 

different data sizes and complexities. SMOTE improved recall substantially for traditional models, 

while ensembles handled class imbalance more effectively even without balancing. Although 

logistic regression was the fastest algorithm, its predictive power lagged behind. XGBoost, despite 

higher training time, delivered the best accuracy, and LightGBM offered an efficient, high-

performance alternative. Cost–benefit analysis revealed that XGBoost could reduce financial 

losses by nearly 90%, demonstrating its significant economic value for credit risk assessment. 

CONCLUSION AND RECOMMENDATION 

Conclusion 

This study demonstrates that machine learning models, particularly ensemble algorithms like 

XGBoost, offer substantial improvements over traditional statistical techniques for credit risk 

assessment. The experimental results show significant gains in accuracy, AUC, F1-score and 

default recall, confirming that ML models capture complex borrower behaviour that linear 

models cannot. Class imbalance analysis further reveals that while SMOTE greatly enhances 

traditional models, ensemble algorithms naturally manage skewed datasets more effectively. The 

financial evaluation indicates that adopting XGBoost can reduce expected losses by almost 90%, 

generating considerable cost savings and delivering a rapid return on investment. 
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Recommendations 

Financial institutions should prioritize the deployment of XGBoost or similar ensemble models 

due to their strong predictive performance and economic benefits. A phased implementation 

strategy—pilot testing, integration, and ongoing governance—is essential to ensure stability. 

Regular model monitoring, drift detection, and the use of explainability tools such as SHAP should 

be incorporated to maintain transparency and compliance. Policymakers should strengthen 

standards for fairness, accountability, and interpretability, while supporting innovation through 

regulatory sandboxes. Future research should explore hybrid human–AI decision systems, causal 

ML approaches, and cross-domain model adaptation to enhance long-term reliability and ethical 

application in credit scoring. 
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