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Abstract - The growing importance of machine learning in decision-support systems has spurred substantial research 

into applying machine learning models to data from multiple sectors. Available open-source data on loan defaults has 

been used to train a variety of machine learning models from statistical models to complex neural networks. The 

performance of the models is evaluated using various information-theoretic and statistical measures. In addition to a 

detailed evaluation of the models, several elements associated with their practical adoption in a bank have been 

presented. Machine learning algorithms are now widely used and external advances in these methods have come, in 

large part, from academic research. That said, the focus for these models is now shifting to practical elements such as 

deployment, interpretability, regulatory compliance and operational aspects. To this end, data publicly available from 

the Lending Club, a leading US provider of loans to individuals and small businesses, has been used to develop 

different machine learning algorithms for prediction of the default of loans. The deployed solution uses tree-based 

methods both for interpretability as well as compliance with regulations. 
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1. Introduction 
A stable financial ecosystem is pivotal for societal well-being, and lending institutions play a crucial role within this 

system. However, loan defaults can have deleterious effects on banks and borrowers alike. Accurate prediction of loan defaults 

enables the timely and targeted allocation of resources from lending institutions to minimize these impacts. Over the years, 

numerous machine learning and deep learning models have been proposed for predicting loan defaults, with varying degrees of 

success—mainly due to selection of an appropriate model, performance metrics and test methodology. With these challenges in 

mind, distinct approaches were evaluated based on publicly available data. The aim was to develop models with superior 

predictive capabilities while providing sound explanations for their decisions. These explanations should assist financial 

experts in offering valuable insights to decision makers at lending institutions. 

 

In practical applications, the models must exhibit high levels of insight, precision and stability. Any model that does not 

comply is of limited utility. A realistic deployment infrastructure is thus indispensable. An appropriate explanation strategy 

enhances interpretability, assist compliance with regulations on explainable AI. 

 
1.1. Overview of the Study 

Prediction of loan defaults is a critical practical problem in Financial Industry and various other areas. Machine learning 

techniques can potentially outperform traditional models in this domain but generalisation performance is often an issue. 

Therefore a comprehensive set of diverse state-of-the-art as well as traditional machine learning models have been examined 

for this task. The models include popular Deep learning models, tree-based models like Random Forests and XGBoost, and 

traditional techniques like logistic regression and Support Vector Machines. The data is prepared using careful feature 

engineering. 

 

Multiple indicators of generalisation performance show that machine learning models do not provide superior predictions. 

However, a combination of tree-based ensemble methods outperforms all other models, indicating that tree-based ensemble 

methods are worth pursuing in this domain. Especially since these models are also easy to deploy. Popular Deep Learning 

models also manage to do a reasonable job of predicting loan defaults, indicating that Deep Learning models are also worth 

pursuing in this domain. Care about tackling the common generalisation performance issue of machine learning methods is 

important when using these models. No other model types manage to provide any performance improvement. 
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2. Data and Preprocessing 

The data used in the modeling studies were obtained from two sources. First, the author used the Public Credit Registry 

(PCR) dataset from Portugal’s Bank of Portugal to develop a model able to explain loan default and assess the creditworthiness 

of borrowers. The dataset consists of 938,139 representations of credit agreements, corresponding to 1% of all credit contracts 

during the year. During the last six years, there were roughly 9300 credit defaults in the sample of all contracts. Despite this, 

the dataset is still representative of the population of credit contracts and presents a similar default rate. 

 

Second, the Taiwan’s Ministry of Finance dataset was used to build a model for predicting credit risk of personal loan 

applicants mainly for consumer durables. It contains records for 30,000 credit card clients and 23 variables for each client. The 

dataset consisted of 21,000 (70%) instances of clients which have repaid their debts and 9000 (30%) instances who failed to 

repay. After cleansing, a total of 28,000 records remained. In addition, since the default positive class was under-sampled, 

Synthetic Minority OverSampling Technique was utilized to artificially generate examples of the under-represented default 

positive class. 

 

 
Fig 1: Predictive Credit Risk Modeling: Synthesizing Cross-Jurisdictional Datasets and SMOTE-Enhanced Learning 

for Robust Default Forecasting 

 

2.1. Data Sources 

Two distinct datasets were used for model building. The first dataset, sourced from the Open Machine Learning 

Community, pertained to mortgage default prediction in France and contained information on individuals who had applied for 

a loan on a mortgage house. The dataset comprised 140,000 customer records, each with 25 attributes, divided into 11 

categorical, 11 numerical, and 3 boolean variables. 

 

The second dataset was hosted on Analytics Vidhya and focused on personal loan prediction. It contained various 

demographic and economic attributes of customers, with details on whether they had accepted a loan offer from the bank in a 

particular year. The dataset was relatively balanced, with 45% of the 5,000 records representing the class of interest (positive 

class = Customer took loan) and the remaining 55% being negative class customers. 

 

  
Fig 2: Sigmoid Activation Function Curve 
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Equation 1: Kernel Density Estimation (KDE) used for score distributions 

Given scores        , KDE estimates density at   as: 

 Start from the idea ―density = average of little bumps around data‖ 

 Use a kernel function  ( ) and bandwidth     

 Put one kernel at each score    
 Average and scale: 

 ̂( )  
 

  
∑ 

 

   

(
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Common choice: Gaussian kernel 
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√  
   

    

 

3. Model Architectures 
Various prediction models were constructed. Besides classical statistical schemes such as linear regression, logistic 

regression, and gradient boosting machines, current implementations also explored model architectures that fell under the 

umbrella of explainable artificial intelligence (AI). The black-box models that were applied and validated included artificial 

neural networks (ANN), recurrent neural networks (RNN), and extreme gradient boosting (XGBoost) trees. 

 

Tree-based methods, particularly gradient boosting, have achieved state-of-the-art results in many machine-learning 

competitions. The leader board of the 2018 Kaggle Data Science Bowl was dominated by gradient-boosting methods. Gradient 

boosting has become the de facto method of choice for many machine-learning practitioners, especially in team competitions, 

because of its strong performance on tabular data. Credit risk is also evolving into a space where deep-learned models are 

challenging but not necessarily winning. 

 

Model performance shows that tree-based methods such as XGBoost and LightGBM are able to achieve high predictive 

accuracy. Recent research has documented how tree ensembles provide very reliable predictions on tabular data. These 

methods also have an easy-to-comprehend pseudo-ruleset internal explainability built in, which makes them more readily 

acceptable to risk managers. The use of recency-weighting on the monitoring dataset is also being recognized as a key 

performance factoring. 

 

3.1. Traditional Statistical Models 

Three traditional statistical models were constructed as benchmarks for comparison: logistic regression, linear 

discriminant analysis (LDA), and naive bayes, all of which are frequently used to predict categorical outcomes with high-

dimensional data. Logistic regression is representative of generalized linear models. LDA, also a generalized linear model, 

performs well when the assumption of a normal distribution is satisfied but requires larger sample sizes than logistic regression 

and naive bayes. A major requirement for naive bayes is that the predictors are statistically independent conditioned on the 

response; when this assumption is violated, naive bayes is expected to result in lower classification accuracy than LDA and 

logistic regression. Nonetheless, naive bayes is included here for its common use as a baseline classifier in machine learning. 

All three models were constructed using the R package `caret`, specifying that LDA should be performed with `MASS::lda` 

and naive bayes with `e1071::naiveBayes`. 

 

3.2. Tree-Based Methods 

Despite being a relatively simple model, logistic regression remains a very competitive method for modeling the binary 

default outcome, both in terms of evaluation metrics and model interpretability. More recently popularized with the advent of 

machine learning, but already commonly used in traditional statistical modeling, tree-based methods such as random forests 

and gradient-boosted trees can instead capture more complex non-linear relationships, although at the cost of a loss in 

interpretability. The random forest architecture is an ensemble of many decision trees, and gradient boosting identifies a 

sequence of decision trees that attempts to correct the bias of previously grown trees. 

 

Gradient-boosted machine is a more powerful implementation of boosting. Boosting is a sequential ensemble method that 

operates successively by combining many weak learners in a single strong model. Gaining good predictive performance on a 

supervised task is of primary importance; however, it is desirable for the learned model to also be interpretable and comply 

with domain laws and regulations. TreeSHAP is a unified and fast framework for estimating SHAP values for tree-based 

ensemble models, such as gradient-boosted trees, random forests, and deep neural networks. 
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Fig 3: Beyond the Black Box: Bridging Predictive Power and Interpretability in Credit Default Modeling via Gradient 

Boosting and TreeSHAP Frameworks 

 

4. Model Evaluation and Validation 
The loan default prediction models are evaluated according to the classical binary classification problem metrics: 

accuracy, precision, recall, F1 score, and area under the receiver operating characteristic curve (AUROC). Accuracy is the 

simplest measure of the classification correctness, defined as the ratio of the total number of samples classified correctly to the 

total number of samples in the test set. It is joint to all the true label sets: true positives (TP), true negatives (TN), false 

positives (FP), and false negatives (FN). From the composition of the true label sets, more rigorous measures of prediction 

quality can be produced. Precision, the fraction of correctly classified defaults over all detected defaults (precision = TP / (TP 

+ FP)), answers the question of how many loan applicants are approved for credit but did not default. Recall, the fraction of 

correctly classified defaults over all actual defaults (recall = TP / (TP + FN)), reveals how many of the actual loan defaults 

were detected during testing. The harmonic mean of precision and recall is called the F1 score, and weighted with β produces 

the more general Fβ measure. 

 

AUROC is a numerical measure of the aggregate relationship between sensitivity (the true positive rate) and specificity 

(the true negative rate) across all possible thresholds. As a threshold-based classifier, the area under the ROC curve is closely 

related to the Wilcoxon rank-sum test assuming equal distribution of the model-supplied scores for the default and non-default 

groups. Hence, the score distribution is approximated with kernel density estimation kernel density estimator KDD. AUROC is 

hence interpreted as the degree of overlap between the distribution of predicted scores for loans that defaulted and loans that 

did not default, with the value of 1 indicating a perfect model. Woods suggests choosing the model that produces an AUROC 

of at least 0.66 as ``fairly poor" but useful for credit scoring applications, a standard followed during deployment. 

 

 
Fig 4: Precision–Recall Performance Curve of the Classification Model 

 

Equation 2: Confusion matrix and metrics (derived step-by-step) 

Confusion matrix counts 

For a test set of   samples: 

 TP: true positives = count of (     ̂   ) 
 TN: true negatives = count of (     ̂   ) 
 FP: false positives = count of (     ̂   ) 
 FN: false negatives = count of (     ̂   ) 

 

And: 
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Accuracy 

―Correct predictions / total predictions‖: 

 ccuracy  
 correct

 
 

     

           
 

 

Precision 

Precision answers: ― mong predicted defaults, how many truly defaulted?‖ 

Start with predicted defaults =      . Correct among them =   . So: 

Precision  
  

     
 

(Article formula) 

 

Recall (Sensitivity / TPR) 

Recall answers: ― mong actual defaults, how many did we catch?‖ 

Actual defaults =      . Caught =   . So: 

Recall  
  

     
 

 

4.1. Performance Metrics 

A loan is usually granted when the lending bank believes that the borrower will be able to repay the loan along with the 

interest on time. Loan default refers to the inability to repay the loan specified amount within the grace period after the loan 

maturity. A strong borrower with good credit history and conditions is more likely to default loans to the bank than a weak 

borrower with poor credit. Predicting the production of loan-default in advance can provide guidance for banks on controlling 

the loss of bad debt. Many banks have made use of the financial historical data such as customer information, loan features, 

and social networks to construct models from machine learning which provide implicit rules and improve the bank credit risk 

management. 

 

Accurate evaluating loan default risk is always the most important theme in finance and banking. The traditional classical 

statistical models such as logistic regression models and discriminates models are the primary and most classic methods for 

estimating loan default risks. However, these models have high requirement on data distributions and linear assumptions, and 

thus lead to a generalization error among the predictions results. Increasingly, a variety of tree-based machine-learning 

methods have shown significant advantages in capturing and processing flattered, heterogeneous and corrupted 

multidimensional data set. It has positioned these methods as powerful techniques in both accuracy and interpret attacks. 

 

4.2. Cross-Validation 

The model evaluation process is crucial to the success of any machine learning application. Given the high cost involved 

in retail credit, usage of a single test set to evaluate the performance of the model may be misleading. Thus, bootstrapped 

cross-validation is employed to measure out-of-sample performance and to judge the stability of the construction process by 

testing it on subsets of the data. Specifically, the data is divided into five folds that alternate through chosen as the test set; the 

support and random-forest results are averaged over the five folds. For boosting, modeled with vertical trees, a concentration 

parameter for tree depth had been selected by testing 12 vertical trees on a simple holdout set. Adjusted-bias estimates of 

prediction accuracies based on the fivefold partition indicate that the bagged tree and the support vector-machine methods 

performs about equivalently better than neural networks, and the linear-logistic-baseline decision rule again contributes only 

minor predictive power. 

 

Modeling performance is generally enhanced by the bagged tree, and the boosted performance further underlines the gains 

achieved by fitting an ensemble. Candidate generation with a neural-net makeshift is a satisfactory tradeoff:the method 

produces comparable prediction accuracy, shorter computation time, and a simpler resultant model. The support vector 

machine, with adjusted-gains of the same order of magnitude as that for the bagged tree, also emerges as a promising candidate 

model. Finally, the resulting models have been derived with an eye toward practical deployment, and a cloud-computing 

implementation is available, thus opening the path toward operational use. 

 

Table 1: Performance Metrics of the Classification Model across Different Decision Thresholds 

Threshold TP FP TN FN Accuracy Precision Recall F1 

0.20 197 118 372 13 0.813 0.625 0.938 0.750 

0.35 173 67 423 37 0.851 0.721 0.824 0.769 

0.50 146 40 450 64 0.851 0.785 0.695 0.737 

0.65 119 16 474 91 0.847 0.881 0.567 0.690 

0.80 76 4 486 134 0.803 0.950 0.362 0.524 
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5. Interpretability and Compliance 
Industries such as financial services, healthcare, and automobile manufacture that use machine learning systems to assist 

in key decision-making areas increasingly face pressure from both regulators and regulators. Thus, aligned with the evolving 

regulatory framework, compliance aspects need to be addressed in the design and deployment of the predictive models, 

considering the potential risk of damage to end-users from the model predictions. 

 

The use of predictive models often provides nontransparent information to model users. To deal with this issue, 

explainable AI approaches should be leveraged to deliver human-readable interpretation for black-box models. Such 

explanation can be successfully employed when developing and deploying models used in predictive maintenance, credit 

scoring, credit risk management, and many others. 

 

5.1. Explainable AI Approaches 

The black box nature of many machine learning models has led to emerging interest in explainable AI methods. SHAP 

values, which quantify the contribution of each predictor to the prediction for an observation, offer a detailed view of feature 

importance for a specific prediction (Lundberg et al. 2017) 

 

.  

Fig 5: Bridging the Black-Box Gap: SHAP-Based Explainability and Algorithmic Fairness in Regulatory Credit Risk 

Frameworks 

 

When combined with Shapley values, the interpretative power of tree-based models is further enhanced, allowing 

stakeholders to ask questions that traditional interpretation methods cannot address. For example, what is the best set of 

predictor values to maximize the predicted probability of default? These questions are crucial when predicting time-to-event 

outcomes, as they provide valuable information to stakeholders. Various use cases for SHAP have been explored, including 

visualizations and group-explanation tools, differentiating between good and bad classification groups, and displaying cluster 

characteristics. For external validation of model behavior, e.g., compliance with REASoN measure for differential treatment of 
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protected groups, SHAP values can also be grouped according to a protected variable. Proven working solutions are publicly 

available. 

 

Regulatory requirements and algorithmic audits emphasize the need to explain, justify, and document algorithm decisions. 

The Good Practice Principles for Data-Driven Decision-Making (UK Government 2020) highlight accountability, fairness, 

reliability, and safety. Furthermore, algorithmic decisions may fall under data protection regulations, such as the European 

Union’s General Data Protection Regulation  rt. 13-15. To ensure compliance with such regulations, statistical literature on 

fairness and interpretability should be bridged with black-box machine learning models, especially in sensitive application 

areas. Various studies predict lending and financial products in African countries that require fairness in predictions. 

 

 
Fig 6: Impact of Decision Threshold on Classification Performance Metrics 

 

5.2. Regulatory Considerations 

Loan default is closely tied to the banking business and is subject to heavy regulation to avoid financial crises as 

experienced recently in the United States, Ireland, and Spain. A major cause of these crises was a lack of transparency in the 

credit risk of mortgage-backed securities, and hence even a well-calibrated pricing scheme may not ensure that the loan pricing 

is consistent with risk-neutral pricing. The low-cost default predictions may therefore not be applicable in actual practice 

without some additional steps to ensure trustworthiness. Different measures can be taken to reduce the risk of applying 

machine learning ―black box‖ tools. The presence of regulation and other forces may serve to make the results more 

interpretable, and hence may allow for the deployment of slightly lower-cost prediction models. 

 

Regulatory requirements, for example, stipulate that lenders disclose the most critical parameters that influence default 

predictions. If these parameters are sparsely concentrated in the data, possibly just a few characteristics such as income and 

credit history, then the model for these variables could be interpreted in the traditional sense, i.e. sparse linear regression, 

because they contain strong signals. If, on the other hand, default is indicated by a large number of factors, the machine-

learning black box may be opening. However, other methods from explainable AI, such as Shapley values, have been 

developed to shed light on the inner details of complex prediction tools. These methods attempt to describe the contribution of 

each variable to the final prediction of the black box model. They are therefore consistent with regulatory requirements and can 

be used as a dialog tool for customers. Using these methods on credit default predictions could provide additional insights and 

help in their implementation in practice. 

 

6. Practical Deployments and Operational Considerations 

Operating in real-world environments—where data quality cannot be guaranteed—places additional challenges on ML 

models compared to validation on well-controlled test sets. Operations teams may thus need to assess data quality and data 

integrity at the input stage. Specific quality thresholds can be set for all features or for a subset of crucial features. If data 

quality drops below a predefined level, automated responses may include turning off the prediction service; a ―sit-and-wait‖ 

response, where predictions are halted but restored when the data quality improves; or seeking human action in the face of 

alarming circumstances. Automatic responses based on model predictions can also be deployed with care. For example, if a 

model flags an unusually high default risk, the prediction may prompt a call to the client to better understand the situation. 

 

When ML models are used in high-quality environments, monitoring systems can be employed to detect drifting 

performance. Such systems monitor shifts in the underlying data distributions using multiple methods and control charts such 

as the Kolmogorov-Smirnov test. These techniques build a reference distribution while the model is performing normally and 

check for deviations over time. When a data drift occurs, smart reactions can be adapted, such as retraining the model at the 

new operational point for better performance or retraining it on the current drifted data if it is still of good quality. Performance 
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can also be monitored for drift, and with a combination of testing methodologies such as A/B testing, canary testing, and 

shadow testing, a new model can be released into production backed by real traffic while the production model is still correctly 

performing as usual. 

 

 
Fig 7: Receiver Operating Characteristic (ROC) Curve for Model Performance Evaluation 

 

Equation 3: ROC curve and AUROC (derived clearly) 

The ROC curve is built by sweeping the threshold   from 0 → 1. 
 

True Positive Rate (TPR) and False Positive Rate (FPR) 

TPR( )  
  ( )

  ( )   ( )
 Recall( ) FPR( )  

  ( )

  ( )   ( )
 

Each threshold   gives one point (FPR( ) TPR( )). Connecting them yields the ROC curve. 

 

AUROC as “probability of correct ranking” 

A useful (and standard) interpretation: 

     ( (  )   (  )) 

 

6.1. Deployment Infrastructure 

The majority of related literature describes models capable of supporting decision-making in credit risk, but definitive 

solutions that can be integrated into banks’ production lines are infrequent.  s a banking institution increases the adoption of 

new machine-learning methods and confirms their superiority over standard logistic regression, covering multiple aspects of 

operational development assumes critical importance. 

 

The chosen model is therefore made accessible via an internal application programming interface (API) developed by the 

IT team that shapes the deployment as a service, ensuring maximum usability and seamless integration with production 

systems and processes. The responsibility of predicting default shifts from the model team to the model’s users located within 

the financial institution’s credit risk department, supported in their tasks by a broad set of functionalities oriented toward 

international standard usage. 

 

7. Conclusion 

The loan default prediction is a well-known application in machine learning. This objective has been considered by several 

authors in many settings: for example, with neural networks, kernel methods, generalized linear models, decision trees, support 

vector machines, ensemble methods, and deep learning approaches. In the current effort, nine supervised machine learning 

models were evaluated in the context of the loan default prediction in 2022, including two traditional statistical models 

(logistic regression and linear discriminant analysis), three decision-tree-based classifiers (i.e., random forest, XGBoost, 

CatBoost), support vector machines, multilayer feed-forward neural networks, and a deep-learning model with one-

dimensional convolutional layers. 

 

The CatBoost classifier yielded the best performance in distinguishing applicants who defaulted on the loans from those 

who were able to honor their commitments. In addition to high accuracy and acceptable precision and recall scores, the 

CatBoost model activated an important auxiliary feature, which is to provide precise prediction scores. These scores were 

effectively used to manage loan applications systematically, prompting the rejection of risky applicants without significant 

losses of business opportunities. 
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Fig 8: Evaluation of Nine Supervised Classifiers 

 

7.1. Summary and Future Work 

A comparative analysis of traditional statistical and machine learning models exploring the prediction of default for 

personal loans in 2022: Traditional statistical algorithms are commonly used in lending via credit-scoring models, while more 

complicated machine learning procedures have been recently applied to this task. Indeed, in 2022, models based on simple 

artificial neural networks, support vector machines, and models such as an adaptive boosting ensemble and extra trees are 

compared with logistic regression and linear discriminant analysis, achieving superior prediction performance using specific 

performance metrics, with an additional application in the financial industry detecting false applications. 

 

The work is in line with previous advances comparing a credit scoring model to tree-based algorithms and more complex 

machine learning frameworks for a credit risk taxonomy. External econometric information and proxy indicators validate the 

credit risk library of the financial banking industry. The advantages, disadvantages, and implications of deployment within an 

actual banking institution of the libraries are discussed, together with the additional characteristics of explainable AI within 

credit scoring, consumer acceptance, and the detection of illicit data entries in official bank applications. 
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