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Abstract. Forecasting the creditworthiness of customers in new and existing loan 

contracts is a central issue of lenders' activity. Credit scoring involves the use of 

analytical methods to transform historical loan application and loan performance 

data into credit scores that signal creditworthiness, inform, and determine credit 

decisions, determine credit limits, and loan rates, and assist in fraud detection, 

delinquency intervention, or loss mitigation. The standard approach to credit 

scoring is to pursue a “winner-take-all” perspective by which, for each dataset, a 

single believed to be the “best” statistical learning or machine learning classifier 

is selected from a set of candidate approaches using some method or criteria often 

neglecting model uncertainty. This paper empirically investigates the predictive 

accuracy of single-based classifiers against the stacking generalization approach 

in credit risk modelling using real-world peer-to-peer lending data. The findings 

show that stacking ensembles consistently outperform most traditional individual 

credit scoring models in predicting the default probability. Moreover, the find-

ings show that adopting a feature selection process and hyperparameter tuning 

contributes to improving the performance of individual credit risk models and the 

super-learner scoring algorithm, helping models to be simpler, more comprehen-

sive, and with lower classification error rates. Improving credit scoring models 

to better identify loan delinquency can substantially contribute to reducing loan 

impairments and losses leading to an improvement in the financial performance 

of credit institutions. 

Keywords: Credit scoring, Ensemble learning, Probability of default, Stacking 

generalization, Risk management. 

1 Introduction 

The critical role of the credit market in causing the most recent global financial crisis 

led to a strengthening in banking regulation and increased academic research and policy 

interest in this area. The banking and accounting regulatory changes brought by the 

revised Basel Committee on Banking Supervision Accords and the International Finan-

cial Reporting Standards (IFRS) #9 and Financial Accounting Standards Board (FASB) 

Current Expected Credit Loss (CECL) standards introduced stronger risk management 
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obligations for banks, with capital requirements closely linked with estimated credit 

portfolio losses over the entire life of the exposures, conditional on macroeconomic 

factors, on a point-in-time basis [1,2]. As a result, banks now devote substantial re-

sources to developing internal credit risk models to better support decisions when grant-

ing loans, quantify expected credit losses, and assign mandatory economic capital [3,4]. 

Credit scoring involves the use of analytical methods to transform traditional historical 

and non-conventional loan application and loan performance data into credit scores that 

signal creditworthiness, inform, and determine credit decisions, determine credit limits, 

and loan rates, assist in fraud detection, delinquency intervention (e.g., loan restructur-

ing) or loss mitigation. Originally credit scoring used a pure judgmental approach to 

accept or reject an application, known as the 5Cs of credit, composed of the following 

metrics: (i) the character of the applicant, (ii) the capital, (iii) the collateral, (iv) the 

capacity and (v) the condition [5]. However, due to its subjectivity, only using profes-

sional expert judgment, would result in inconsistent measures [6].  

Since this initial approach, several techniques have been developed to further help 

decision-makers and financial analysts to better support their decisions by considering 

traditional statistical learning methods and machine learning and deep learning model-

ling techniques. Simple linear classification models remain a popular choice among 

credit institutions, largely due to their adequate accuracy, straightforward implementa-

tion, and interpretability of results [7]. The most popular single-period classification 

techniques are regression models which include, but are not limited to, Linear Discri-

minant Analysis (LDA) [8] and Logistic Regression Analysis (LR) [9-11]. Empirical 

results show that the classification accuracy of traditional scoring models is a function 

of (i) explanatory risk variables, (ii) the training dataset, and (iii) the cut-off point [12]. 

In the meantime, advancements made in credit risk modelling allowed for the develop-

ment of newer and more contemporary techniques to assess credit risk amid advances 

in computer technology. Since credit risk analysis is similar to pattern-recognition prob-

lems, machine learning algorithms can be used to classify the creditworthiness of coun-

terparties [13]. Some noteworthy algorithms include Decision Trees (DT) [14], Support 

Vector Machines (SVM) [15], K-Nearest Neighbours (KNN) [16], and Artificial Neu-

ral Networks (ANN) [17,43].  

Despite the usage of single classifiers, it is hard to overstate the importance of model 

uncertainty for economic modelling. The empirical work in economics and social mod-

elling is subject to a large amount of uncertainty about the model specification [18]. 

The standard approach to risk modelling is to pursue a “winner-take-all” perspective 

by which, for each dataset, a single believed to be the “best” model is selected from a 

set of candidate approaches using some method or criteria often neglecting model un-

certainty for statistical inference purposes. The use of different lookback periods, di-

verse selection procedures, alternative accuracy metrics, misspecification problems, 

and the presence of structural breaks in the data-generating process can lead to different 

model choices and predictive accuracy [19-24]. When presented with multiple candi-

date models or algorithms picking one model that can give optimal performance for 

future data can result in unstable or useless information. Recently, there is a growing 

interest in homogenous and heterogeneous model combinations in credit risk modelling 

due to its ability to produce a more robust classifier since it includes the predictions 
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from all the considered models while circumventing any potential preference [25,26]. 

The widely used ensemble methods are bagging, boosting, and stacking. Bagging and 

boosting, who consider homogenous weak learners, combine the results of multiple 

models to get a generalized result. Bagging (short for bootstrap aggregation) is a paral-

lel procedure; where randomly sampled datasets are produced from the original data 

taking the average of these predictions to make a final prediction. Boosting is a sequen-

tial procedure; it follows a sequential ensemble technique where each subsequent model 

corrects the error of the earlier model. By identifying these misclassifications in previ-

ous iterations, more weight is given to them thus in the next iteration the learner will 

focus more on these misclassifications. 

Traditional model classifications have some limitations. First, the model weights are 

often calculated using a single validation set. Second, the approach is sensitive to the 

choice of the model set and the prior distribution of each model. Third, current ap-

proaches often use the same weights for all forecasting horizons. Stacked regression 

ensembles offer an alternative approach to tackling some of the shortcomings of tradi-

tional model combination methods. Stacking considers heterogeneous weak learners 

combining models of diverse types. The architecture of a stacking ensemble involves 

two or more base models, often referred to as level-0 models with different weight 

combinations, and a meta-model combining individual models predictions. 

This paper empirically investigates the predictive accuracy of single-based classifi-

ers against the stacking generalization approach in credit risk modelling. Four individ-

ual classifiers were considered in the analysis as level-0 models and inputs for the meta-

model. The model set includes classifiers using machine learning methods (KNN, 

SVM, and DT) and traditional statistical learning methods (LR). The datasets consid-

ered in this paper are provided by Lending Club, a peer-to-peer lending company, and 

include all accepted and rejected loans from 2007 to 2018. The findings suggest that 

despite the overall good performance of individual classifiers, the application of en-

semble learning techniques can contribute to improving the predictive accuracy of tra-

ditional classifiers in credit risk scoring. However, when applying an ensemble model 

combination, the researcher should pay close attention to these considerations: (i) a 

reduction of model interpretability when using an ensemble-based approach due to the 

increase in model complexity, which may make it harder to draw any crucial business 

insights and (ii) Computation time, an ensemble is a very computationally expensive 

approach which might not be suitable for real-life applications. 

The remainder of the paper is organized as follows. Section 2 summarises the mate-

rials and methods used in this study, including the empirical strategy adopted. Section 

3 reports the empirical findings of the study. Finally, section 4 critically discusses the 

results and concludes, pointing directions for future research directions. 

2 Materials and methods 

2.1 Stacked regression ensemble for credit scoring 

Ensembles are sets of learning machines that combine data from different modelling 

approaches to obtain more dependable and more accurate predictions in supervised and 
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unsupervised learning problems [27]. An ensemble contains several learners, called 

based learners, generated by a base learning algorithm. Most ensemble methods pro-

duce homogeneous base learners, i.e., learners with the same characteristics, leading to 

homogeneous ensembles, but some methods utilize multiple learning algorithms to re-

produce heterogeneous learners, i.e., learners with distinctive characteristics leading to 

heterogeneous ensembles techniques [28]. The generalization ability of an ensemble is 

usually much stronger compared to that of a single classifier [29,44].  

Stacking combines point forecasts from multiple heterogeneous base learners using 

weights that optimize a cross-validation criterion [30]. The base learners can, for ex-

ample, be alternative statistical learning, machine learning, and deep learning credit 

scoring methods. The customary stacked regression ensemble approach comprises two 

modules, base learners (level-0) and a meta-model (level-1), and proceeds in two steps 

in generating the final credit scoring predictions. The first step (level-0), base learning, 

consists of multiple base credit risk models which separately generate cross-validated 

predictions from the training data. The predictions from various models and the ob-

served response variable compose the metadata. In the second step (level-1), a meta-

learner is trained on the metadata (low-level output) to estimate the optimal weights for 

combining multiple base learners while minimizing some optimization (e.g., cross-val-

idation) criterion. The trained meta-classifier is then used to make an overall final pre-

diction by considering each prediction made by the base-level classifier. 

For blending the individual forecasts, several choices are possible such as simple 

averaging, weighted averaging, Bayesian model ensembles, model confidence set, lin-

ear or logistic regression, adaptative blending, and neural network (see, e.g., [45-51]). 

For instance, stacked regression ensemble credit scoring is a linear combination of in-

dividual base learners’ forecasts in which the model combination weights are coeffi-

cients of a linear regression model with observed default rates as the dependent variable 

and the point forecasts from the individual learners as the independent variables. 

2.2 Individual credit scoring models and stacking framework 

An ensemble is composed of several base learners. This paper considers four widely 

used base learners, i.e., LR, SVM, DT, and KNN to investigate the predictive accuracy 

of stacking in credit risk modelling. The LR [30] is regarded as an industry standard 

because of its simplicity and balanced error distribution . LR models are fitted via max-

imum likelihood estimation which involves maximizing a likelihood function to find 

the probability distribution and parameters that best explain the data. In other words, 

during the fitting process, this method will estimate the coefficients in such a way it 

will maximize the probability of labelling an applicant as default as well as maximize 

the probability of labelling an applicant as non-default. 

The SVM [31] algorithm is a state-of-the-art technique with a good generalization 

performance and computational efficiency. By applying the concept of margin, given a 

labelled training set, the SVM constructs and uses a discriminant hyperplane or a set of 

hyperplanes to identify classes. Intuitively, a good separation is achieved by the hyper-

plane with maximum distance to the nearest training data samples (i.e., maximum mar-

gin) therefore an optimal hyperplane maximizes the margin. Both the SVM and LR 
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algorithms were trained using Stochastic Gradient Descent (SGD), an iterative proce-

dure for optimizing an objective function with suitable smoothing properties. 

The DT algorithm is a graphical representation with the primary goal of creating a 

model that predicts the value of a target variable based on several input variables. The 

algorithm is based on a measure of data impurity that determines the split of each node, 

using different metrics. These metrics are applied to each node, and the resulting values 

are combined (i.e., averaged) to provide a measure of the quality of the split [32]. Then, 

the impurity of each test is compared, and the split with the lowest impurity is chosen. 

This process is then continued for each node of the tree to find the “purest” node in 

terms of the target variable. 

The KNN is a distance-based algorithm, taking a majority vote between the “K” 

closest observations. The main idea of the KNN algorithm is that whenever there is a 

new point to predict, its nearest neighbours are chosen from the training data [33]. It is 

easy to understand and implement, with no need to estimate parameters or training. 

During this phase, the use of machine learning pipelines facilitated the implementation 

of different transformations such as dealing with missing values, and outliers, encoding 

categorical variables, and proper scaling. Furthermore, cross-validation and hyperpa-

rameter tunning were performed to ensure robustness in the classifiers. Finally, princi-

pal component analysis was performed to reduce the number of dimensions in the da-

taset and discard irrelevant information. For the setup of the stacking ensemble, we 

considered the LR model as the meta classifier while the remainder classifiers were 

considered the base learners. Figure 1 schematizes the implementation of the stacking 

ensemble framework when forecasting the default probability. 

 
Figure 1. Stacking ensemble framework when forecasting the default probability.  

Source: Author's Preparation based on [34] 

Four different model combinations have been investigated in this paper. Table 1 pro-

vides a synopsis of the ensemble combinations considered. The final estimator is 
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trained using cross-validated predictions of the base estimators. The meta-learner 

model used in this classification exercise is set to logistic regression. 

 
Table 1. Model Combinations 

Combination Base Learners Meta Model 

SC1 KNN and SVM LR 

SC2 DT and SVM LR 

SC3 DT and KNN LR 

SC4 DT, KNN, and SVM LR 

Source: Author’s preparation. 

2.3 Sample credit dataset and variables 

The data considered in this paper is provided by Lending Club, a peer-to-peer lend-

ing company that matches lenders and borrowers through an online platform without 

the need for any financial intermediation. The datasets comprise all loan applications 

issued between 2007 and 2018, including both accepted loans and reject loans, totalling 

2.26  million records and 151 features. The dataset is unbalanced, so we follow for 

instance [35], and use a combination of both undersampling and oversampling com-

bined with stratified K-fold cross-validation to achieve a more balanced distribution. 

One of the biggest challenges in building credit scoring models is to select the most 

relevant features to be used in model calibration. The feature selection process is im-

portant to mitigate the overfitting in the curse of dimensionality of classification algo-

rithms and eliminate irrelevant and/or highly correlated variables. This may ultimately 

lead to a misleading interpretation of the credit scoring model and poor predictive per-

formance. The feature selection process used in this paper includes Principal Compo-

nent Analysis (PCA) a technique used to eliminate irrelevant, incomplete, and/or unre-

liable information while also increasing algorithm performance [36]. Out of the 151 

features available in the data, the feature selection process identified twenty-three for 

modelling purposes. These features focus on: (i) Personal details (e.g., annual income, 

address, and homeownership); (ii) Credit history (e.g., the balance of accounts, revolv-

ing and current past due accounts); and (iii) Loan characteristics (e.g., purpose, grade, 

term). A summary of these characteristics is reported in Table 2.  

To calibrate the individual credit scoring models, all structures are trained on the 

training set comprising 80% of the data, with the remaining 20% used for testing the 

model’s predictive performance. Following the split, additional pre-processing steps 

were implemented to treat missing values, encode categorical features, and standard-

ize the data for modelling. To achieve this, a pipeline was built using the libraries pro-

vided by the python package sklearn. The machine learning pipeline procedure au-

tomates the workflow it takes to produce a machine learning model from data extrac-

tion and pre-processing to model training and deployment. In addition to cross-valida-

tion, the tunning of hyperparameters was performed using a parameter grid to maxim-

ize the underlying score of the estimator. 
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Table 2. Chosen features for modelling credit risk 

Characteristics Selected features 

Borrower 

Annual income 

Homeownership (rent, own, mortgage, other) 

Verification status 

Address State 

Last payment amount. 

Credit 

Debt-to-Income-Ratio 

Delinquency status in the last 2 years 

Number of inquiries in the last 6 months 

The number of open credit lines in the borrower's credit file 

The number of current open credit lines 

Number of derogatory public records 

Total credit revolving balance 

Revolving line utilization rate 

Number of mortgage accounts 

FICO Score 

The number of public record bankruptcies. 

Loan 

Loan amount 

Loan term 

Loan interest rate 

LC assigned loan grade 

Purpose 

Source: Author’s preparation. 

The performance obtained in each combination of hyperparameters was measured 

using the F1-score. Table 3 summarizes the hyperparameters chosen for model optimi-

zation and the tuned parameters used for predictions. 

Table 3. Hyperparameter optimization 

Models Hyperparameters Values 
Chosen 

Values 

Logistic Regression 
Penalty L1, L2 L2 

Model Alpha 10**-3,  10**-2 , 10**-1 10**-2 

Support Vector  

Machine 

Penalty L1, L2 L1 

Model Alpha 10**-3,  10**-2 , 10**-1 10**-3 

K-Nearest  

Neighbours 

Neighbourhood Size 3, 5, 7, 9, 11 9 

Metric Minkowski Minkowski 

Decision Tree 

Criterion Gini, Entropy Entropy 

Minimum Sample Splits 20, 30, 50, 100 100 

Maximum Depth 3, 5, 10, 15, 20 15 
Source: Author’s preparation. 
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2.4 Predictive performance evaluation criteria 

The evaluation criteria for our experiments are adopted from established standard 

measures in the field of credit scoring [37]. These measures include confusion matrices, 

the ROC (Receiver Operating Characteristic) curve, and AUC (Area under the ROC 

Curve) score. A confusion matrix is a table layout that allows the visualization of the 

performance of an algorithm [38] where the rows represent instances of the actual class, 

and the columns represent instances of the predicted class. From the confusion matrix, 

four different metrics can be derived: (i) accuracy, (ii) precision, (iii) recall, and (iv) 

F1-score. These metrics are computed as follows:  

 
Table 3. Confusion matrix for credit scoring 

    Predicted Values 
  Negative = 0 Positive = 1 

Actual Values 
Negative = 0 True Negative (TN) False Positive (FP) 

Positive = 1 False Negative (FN) True Positive (TP) 
Source: Author’s preparation. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (1) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (2) 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (3) 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ∗
(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙)

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 (4) 

A ROC curve is a graphical plot for visualizing, organizing, and selecting classifiers 

based on their performance. It shows the relationship between recall and false positive 

rate (also known as the probability of false alarm) at different threshold points. The 

AUC score represents the area enclosed by the ROC curve. It is a measure of the ability 

of a classifier to distinguish between both classes with a value range between 0 and 1. 

The model fitting, forecasting, simulation procedures, and additional computations 

have been implemented using a python software routine. 

3 Results 

The classification algorithms were trained with the selected features. Tables 4 and 5 

summarize the predictive accuracy metrics obtained for the individual credit-scoring 

learners before and after hyperparameter optimization with no sampling techniques ap-

plied, respectively. 
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Table 4. First Experimental Results (Before hyperparameter tunning) 

 Accuracy Precision Recall F1-score AUC Score 

LR 0.7438 0.4221 0.7676 0.5446 0.8325 

SVM 0.7374 0.4156 0.7766 0.5415 0.7528 

KNN 0.8315 0.6012 0.4639 0.5237 0.7845 

DT 0.9135 0.7876 0.7757 0.7816 0.5768 

Source: Author’s preparation. 

Table 5. First Experimental Results (After hyperparameter tunning) 

 Accuracy Precision Recall F1-score AUC Score 

LR 0.7489 0.4276 0.7607 0.5474 0.8329 

SVM 0.7454 0.4238 0.7667 0.5459 0.7564 

KNN 0.8396 0.6372 0.4566 0.5320 0.8453 

DT 0.9258 0.7492 0.9433 0.8351 0.9764 

Source: Author’s preparation. 

The results from the first experiment suggest that the usage of hyperparameter tuning 

can increase the overall performance of a classifier. The DT classifier had the best over-

all performance among the different classifiers. It had the highest F1-score of 0.8351 

which is the proportion of charged-off applicants correctly classified and the overall 

capability of the classifier to predict default. Furthermore, the AUC score of the DT 

algorithm, which represents the classifier's ability to distinguish classes, outperformed 

the remaining learners in terms of predictive performance. The LR and the SVM, 

trained using the SGD algorithm, exhibit similar results with the LR coming slightly 

ahead with an F1-score of 0.5474 compared to 0.5459, respectively. Regarding the 

KNN, despite its relatively good performance in the training data, it was evident that 

the algorithm was overfitting. As training examples increase, the model is not able to 

perform well on unseen data. It is capturing specific blunders from the data that prevent 

a good generalization. After this initial analysis, the sampling technique was applied to 

the dataset. Table 6 summarizes the individual learners’ predictive accuracy obtained 

in the second experiment: 

 
Table 6. Second Experimental Results (Sampling applied) 

 Accuracy Precision Recall F1-score AUC Score 

LR 0.8387 0.5636 0.8514 0.6783 0.9185 

SVM 0.8379 0.5618 0.8584 0.6782 0.8450 

KNN 0.8607 0.6003 0.8829 0.7167 0.9265 

DT 0.9262 0.7514 0.9422 0.8361 0.9732 

Source: Author’s preparation. 

The results show an increase in predictive accuracy across all four models. The DT 

algorithm, despite the loss in its recall score, continues to outperform the other credit 

scoring models after applying sampling techniques. Interestingly, the DT algorithm 
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benefited the least from the sampling approach compared to the remaining classifiers. 

During the implementation of the second experiment, the problem of overfitting that 

was present in the KNN algorithm vanished, highlighting the importance of considering 

sampling methods in learning models. Having a set of heterogeneous base-level learn-

ers is essential for a successful stacking solution. After performing both hyperparameter 

optimization and sampling, the best base-level learners and meta-learners were taken 

to perform the ensemble approach experiments. Table 7 summarizes the model combi-

nations predictive accuracy metrics. 

Table 7. Results for each combination 

 Accuracy Precision Recall F1 Score AUC Score 

SC1 0.8623 0.6072 0.8790 0.7182 0.9335 

SC2 0.9265 0.7525 0.9415 0.8365 0.9726 

SC3 0.9284 0.7587 0.9404 0.8399 0.9739 

SC4 0.9277 0.7564 0.9409 0.8386 0.9731 

Source: Author’s preparation. 

The results in Table 7 suggest the stacked regression ensembles consistently outper-

form most individual credit scoring models in predicting the default probability in the 

sample loan data used in this study. The best ensemble is SC3 – stacking with DT and 

KNN as the base level models followed by SC4, the combination that includes all mod-

els. These results suggest that the usage of the SVM algorithm as a base learner in the 

stacking ensemble may be confusing the meta learner, lowering the importance of base 

learners’ predictions, and decreasing the overall performance of the stacking ensemble. 

Furthermore, SC1 – stacking with SVM and KNN performed much worse than the sin-

gle best classifier, the DT algorithm further reinforcing its robustness and predictive 

capabilities. 

This improved predictive accuracy suggests that by assigning model weights that 

maximize out-of-sample prediction accuracy, the stacking ensemble tends to optimally 

combine the features of alternative credit scoring models to form a meta-learner credit 

scoring model, which captures the features of the loan data more adequately than any 

individual credit risk classifier. The stacking ensemble approach assigns model weights 

to individual learners that express the out-of-sample performance of the credit scoring 

classifiers and incorporate future loan data uncertainty into the weights by minimizing 

the cross-validation criterion. Although the stacking ensemble approaches improve-

ments over the individual base learners, the increased improvement may not always be 

worth the increased complexity. A stacking ensemble is a good approach for pushing 

the performance limits, but the improvements of the approach and the costs need to be 

independently evaluated by the researcher. 

4 Conclusions and discussion 

Credit scoring methods serve as a risk management tool that allows a financial insti-

tution to check applicant reliability to pay off the debt in time. With the developments 
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made in machine learning applications, credit scoring replaces the reliance on “gut feel-

ing” with statistical analysis reducing the potential risks associated with personal judg-

ment. In this study, a comparative assessment between an ensemble approach and indi-

vidual classifiers is carried out. Several lessons have been learned which are summa-

rized as follows. The first is that one of the biggest challenges of building robust credit 

scoring models using real-world data is to select the most relevant credit risk features 

to be used in the modelling. Data must be properly pre-processed to mitigate overfitting 

in the curse of dimensionality and eliminate irrelevant and/or highly correlated varia-

bles. The results obtained in this study suggest that the feature selection process con-

tributed to improving the performance of individual credit risk models and the super-

learner scoring algorithm, helping models to be simpler, more comprehensive, and with 

lower classification error rates. Secondly, the results suggest that the usage of hyperpa-

rameter tuning can increase the overall performance of a credit risk classifier. This re-

sult is consistent with previous literature (see, e.g., [39]) and means hyperparameters 

can impact the algorithm’s behaviour by affecting its properties, structure, or complex-

ity, and that the customary use of the default values in the statistical packages adopted 

to implement super learning raises concerns over the performance of meta-learners. In 

adopting machine learning methods to credit scoring, hyperparameters should thus be 

tuned using a grid search procedure whereby the algorithm’s cross-validated perfor-

mance is continually measured over a grid of possible hyperparameter values to opti-

mally identify the best combination. Third, identifying a set of heterogeneous base-

level learners is essential for a successful stacking solution. Fourth, the findings suggest 

the stacked regression ensembles consistently outperform most traditional individual 

credit scoring models in predicting the default probability. This improved predictive 

accuracy suggests that the stacking ensemble tends to optimally combine the features 

of heterogeneous credit scoring models to form a meta-learner credit scoring model 

which captures the features of the loan application and loan performance data more 

adequately than any individual classifier. 

From a managerial point of view, our findings reinforce the main conclusion that 

improving credit scoring models to better identify loan delinquency can substantially 

contribute to reducing loan impairments and losses leading to a significant improve-

ment in the financial performance of credit institutions. Although managers may still 

be reluctant to implement advanced machine learning and deep learning models to score 

credit applications due to their higher complexity and the need for qualified experts, the 

fact that more sophisticated models adopt a data-driven approach to credit decisions, 

reducing subjective human intervention, judgment and errors may be sufficient to con-

vince them that investing in more robust credit scoring models will ultimately pay-off. 

Future research should focus on experimenting with other state-of-the-art machine 

learning and deep learning model combinations and different sampling techniques such 

as Synthetic Minority Oversampling Technique (SMOTE) [40]. Unlike random over-

sampling which only duplicates random instances of the minority class, SMOTE cre-

ates synthetic data points that are slightly different from the original data points. These 

new instances are generated based on the distance of each data point and the minority 

class's nearest neighbours. This procedure is executed until balancing is achieved. By 

using SMOTE the possibility of overfitting is minimized and no information is lost 
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during sampling. However, by introducing these new synthetic points, the possibility 

of adding noise to the data increases. Additionally, given the challenges that come with 

unbalanced data, it would be interesting to evaluate a cost-sensitive learning approach 

since it allows for different misclassification costs for both Type I and Type II errors. 

Rather than artificially balancing the data distribution via sampling techniques, cost-

sensitive learning solves the imbalanced problem by utilizing cost matrices that outline 

the costs associated with the misclassifications of the various classes [41]. Previous 

research showed that cost-sensitive learning generates enhanced performance in appli-

cations where the dataset has a skewed class distribution [42]. 
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