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Abstract 
Credit risk assessment is a fundamental component of banking operations, di-
rectly influencing lending decisions, capital allocation, pricing strategies, and 
regulatory compliance. Traditionally, logistic regression has been the dominant 
methodology for probability of default (PD) estimation due to its statistical 
robustness, interpretability, and regulatory acceptance. However, the increas-
ing availability of large-scale financial and behavioral datasets, combined with 
advancements in computational power, has facilitated the adoption of ma-
chine learning techniques such as Random Forests, Gradient Boosting Ma-
chines, Support Vector Machines, and Neural Networks for credit risk predic-
tion. This study is designed as a structured literature-based comparative syn-
thesis, integrating findings from prior empirical research and established the-
oretical frameworks. It does not rely on a single proprietary dataset but instead 
develops a consolidated benchmarking perspective based on published evi-
dence. This study provides a literature-based comparative synthesis of logistic 
regression and selected machine learning approaches in the context of bank-
ing credit risk modeling. The comparison is synthesized from existing empir-
ical studies and benchmark evidence reported in the literature across key per-
formance dimensions, including predictive accuracy, discriminatory power, 
calibration stability, interpretability, computational efficiency, and regulatory 
compliance considerations. The paper further evaluates the implications of 
model complexity for explainability, governance, and model risk management 
under contemporary regulatory frameworks. By synthesizing theoretical foun-
dations and empirical evidence from existing literature, this research aims to 
provide a structured framework to guide financial institutions in selecting ap-
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propriate modeling techniques based on operational objectives, regulatory con-
straints, and data characteristics. The synthesized evidence indicates that while 
machine learning methods often outperform logistic regression in predictive 
performance, logistic regression retains advantages in transparency, stability, 
and ease of regulatory validation. A hybrid modeling strategy combining per-
formance gains from machine learning with interpretability safeguards is there-
fore recommended for practical banking applications. The analysis primarily 
targets retail and small-to-medium enterprise (SME) lending portfolios, where 
probability of default (PD) modeling plays a central role under Internal Ratings-
Based (IRB) regulatory frameworks and IFRS 9 expected credit loss (ECL) re-
quirements. 
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1. Introduction 

Credit risk represents the possibility that a borrower will fail to meet contractual 
debt obligations, resulting in financial losses for lending institutions. Within the 
banking sector, credit risk constitutes the largest and most significant category of 
risk exposure, particularly in retail, corporate, and small business lending portfo-
lios. Effective measurement and management of credit risk are therefore central 
to the stability and profitability of financial institutions as well as to the resilience 
of the broader financial system. Regulatory frameworks such as the Basel II and 
Basel III accords formally recognize the importance of internal risk quantification 
systems and explicitly incorporate probability of default (PD), loss given default 
(LGD), and exposure at default (EAD) into capital adequacy requirements [1] [2]. 
In parallel, accounting standards such as IFRS 9 require forward-looking expected 
credit loss (ECL) estimation, placing additional emphasis on accurate and timely 
PD modeling [3]. Within this regulatory and operational landscape, the develop-
ment of reliable credit risk models is not merely a technical exercise but a strategic 
imperative for banks. Logistic regression has been the prevailing credit scoring 
and PD estimation methodology for a number of decades. Its popularity can be 
explained by both statistical and institutional factors. Methodologically, logistic 
regression provides a probabilistic model that shows the log-odds of default in a 
linear form based on explanatory variables. The marginal effects and odds ratios 
have intuitive interpretations in terms of the coefficients that the resulting coeffi-
cient gives, enabling practitioners to determine the direction and strength of risk 
drivers. This interpretability has been especially useful in retail credit scoring, 
where a lack of transparency and explainability is a major issue with compliance 
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to consumer protection and fair lending regulations [4] [5]. Besides, the logistic 
regression is computationally effective, stable in relatively small to moderate sam-
ples, and also widely supported by statistical theory, inference procedures, and 
diagnostic programs. Consequently, it has been all but universally supported by 
credit scoring literature and has been adopted in industry practice over decades 
[6] [7]. Logistic regression models are frequently applied as scorecard schemes in 
real-world banking practices. The technique applied to transform continuous var-
iables into discrete ones includes binning and Weight of Evidence (WoE) encod-
ing, which introduces monotonicity and enhances the interpretability of a model. 
The transformations have not only the advantage of stabilizing parameter estimates 
but also the ability to produce reason codes to adverse credit decisions, which is a 
regulatory mandate in most jurisdictions. This means that logistic regression is con-
sistent with the supervisory expectations in the conceptual soundness, documen-
tation, validation, and monitoring in accordance with model risk management 
advice [8]. Logistic regression models have therefore been attributed with a lot 
of institutional credibility because of the transparency and traceability. A high-
level conceptual comparison between logistic regression and machine learning ap-
proaches is summarized in Table 1. 
 
Table 1. Conceptual comparison between logistic regression and machine learning in credit 
risk modeling. 

Dimension Logistic Regression Machine Learning 

Model Structure Linear (Log-Odds) Nonlinear, Ensemble-Based 

Interpretability High Moderate to Low (Model-Dependent) 

Regulatory Acceptance Strong Evolving 

Calibration Stability Generally Stable May Require Recalibration 

Feature Engineering Manual (WoE, Binning) Often Automated 

Predictive Power Competitive Often Higher 

Computational Cost Low Moderate to High 

 

Although these are the benefits, the changing dynamics of credit markets have 
revealed some weaknesses of logistic regression. The approach is based on the as-
sumption that there is a linear relationship between predictors and the log-odds 
of default, which cannot sufficiently explain complex nonlinearities or higher-or-
der interactions amongst risk factors. Though feature engineering methods can in 
part overcome such problems, feature engineering techniques demand a lot of do-
main understanding and handwork. Moreover, the contemporary banking set-
tings produce an even bigger and more dimensional data set with transactional be-
havior, digital footprints, and other credit pointers. The patterns of these sources of 
data can be complex to model effectively using the linear parametric methods [9] 
[10]. With the increased pace of digital transformation in the financial services 
industry, more and more flexible frameworks of modeling have become in de-
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mand. Machine learning methods have become enticing options that have the 
ability to discover nonlinear associations and intricate interactions on their own. 
Decision trees, Random Forests, Gradient Boosting Machine (GBM), Support Vec-
tor Machines (SVM), and artificial neural networks (ANN) are some of the algo-
rithms that have been widely adopted in credit scoring literature [11]-[13]. Ensem-
ble algorithms, especially boosting algorithms like XGBoost and LightGBM, have 
been shown to perform well in predictive tasks of a wide variety of classification 
tasks, including credit default prediction [14]. These are able to handle massive 
feature sets, support nonlinear effects, and model interactions among variables 
without being specified. It is common in empirical research that machine learning 
models have a superior discrimination score compared to logistic regression: Area 
Under the Receiver Operating Characteristic Curve (AUC-ROC), Gini coefficient, 
and Kolmogorov-Smirnov statistic [12] [15]. Nevertheless, the implementation of 
machine learning into the banking sector cannot be judged on such grounds as 
predictive accuracy. Financial institutions are subjected to strict regulatory frame-
works that provide strict model transparency, validation, and governance require-
ments. Supervisory advice on model risk management focuses on the conceptual 
soundness, continuous monitoring, independent validation, and clear description 
of assumptions and limitations [16]. The models used to make credit decisions 
should also be in line with the fair lending and anti-discriminatory provisions, 
where lenders are expected to give clear reasons as to the reasons behind adver-
sarial decisions, and models are expected to be free of unintended bias [17]. Such 
governance expectations are not achievable in the case of complex machine learn-
ing algorithms that might not necessarily be interpretable. The conceptual posi-
tioning of logistic regression and machine learning approaches within the banking 
credit risk framework is illustrated in Figure 1, highlighting the trade-off between 
interpretability and predictive performance that motivates this study. 
 

 

Figure 1. Conceptual positioning of logistic regression and machine learning approaches 
in banking credit risk modelling. 
 

The conflict between predictive performance and interpretability is the core of 
the modern debate on credit risk models. Although machine learning models can 
be more discriminating, their black-box properties can make regulation authori-
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zation and acceptance more difficult for stakeholders. Instead, logistic regression 
presents a clear framework with each variable’s contribution to risk quantified 
clearly. The practical use of this trade-off in banking is that incremental increases 
in predictive power have to be traded off in terms of greater complexity of gov-
ernance and operational risk [18]. A second factor is the stability of the model 
over time. The credit risk models are normally implemented over a long term and 
should be capable of meeting various economic changes. Borrower behavior can 
also shift as the economy is in an expansion or recession period, and the distribu-
tion of predictors and default rates may alter. It has been shown that extremely 
powerful machine learning models that are not regularized can be very sensitive 
to distribution changes and prone to overfitting unless they are regularized [19] 
[20]. Logistic regression models, especially with monotonic constraints and con-
servative feature selection, can prove to be stronger in varying macroeconomic 
circumstances. Considering that PD estimates have a direct impact on capital al-
location and provisioning, stability is as important as discrimination. The prob-
lem of class imbalance also does not help in modeling credit risks. The default 
event in most lending portfolios makes up a minor part of the total observations 
in the portfolio, which creates imbalanced data that may distort performance eval-
uation. Although both logistic regression and machine learning approaches de-
mand particular attention to imbalance, such tools as resampling, class-weighting, 
or opting for the threshold can be used [21]. The relative efficiency of these strat-
egies can be different with regard to the structure of an algorithm and data prop-
erties. 

Other recent developments in explainable artificial intelligence (XAI) have at-
tempted to address the explanatory gap between machine learning and logistic 
regression. Post-hoc explanations of complex models include SHAP (Shapley Ad-
ditive Explanations) and LIME (Local Interpretable Model-Agnostic Explanations): 
both techniques attempt to explain the results of prediction outcomes in terms of 
individual features [22] [23]. These tools can help practitioners produce code of 
reason and feature significance even in ensemble or neural network models. Alt-
hough such techniques can lead to increased transparency, there are concerns 
about their consistency, strength, and regulatory acceptability as compared to par-
ametric models that are inherently interpretable. This multi-dimensional trade-
off is manifested in the academic literature. Early comparative research on statis-
tical methods included discriminant analysis and logistic regression [4] [6]. Neu-
ral networks, decision trees, and support vector machines were added in the stud-
ies later on [11] [24]. Much more recent literature also suggests that gradient 
boosting and ensemble methods possess a higher predictive ability, especially on 
large datasets [12] [14]. However, a range of research reports that the gradual in-
crease in AUC that machine learning models attain might not necessarily result 
in significant economic benefits once operational constraints and cutoff policies 
have been taken into account [25]. In addition, validation burden and model risk 
exposure can be increased by the greater complexity of the model. It is against this 
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background that the current research undertaking seeks to offer a broad compar-
ative analysis of logistic regression and machine learning as applied in banking 
credit risk modeling. The analysis mirrors discrimination, calibration, stability, 
interpretability, governance, and operational feasibility as opposed to considering 
only predictive measures. The research aims to inform the process of strategic de-
cision-making in financial institutions that are in the process of shifting to ad-
vanced analytics by synthesizing theoretical knowledge and empirical data. This 
comparative analysis is developed throughout the rest of the paper. The sections 
below provide an overview of methodological preconditions, assessment systems, 
and empirical data, and then comment on the regulatory aspects and practical 
suggestions to use the model. This literature-based comparative synthesis makes 
the study relevant to the current discussion on how machine learning can be suc-
cessfully and responsibly adopted within the banking credit risk management pro-
cess. Importantly, this study does not perform original model estimation on a sin-
gle dataset. Instead, it develops a comparative synthesis of existing empirical find-
ings, supported by conceptual benchmarking across key performance dimensions. 
The scope of this study is focused on retail and SME credit portfolios, where high-
volume transactional data and standardized modeling practices make compara-
tive evaluation between logistic regression and machine learning approaches par-
ticularly relevant. The analysis is especially aligned with Probability of Default 
(PD) estimation under IRB frameworks and forward-looking expected credit loss 
modeling under IFRS 9. 

2. Evolution of Credit Risk Modeling Methodologies 

Credit risk modeling methods have undergone several changes in the last 50 years, 
which can be discussed as the progress of the statistical theory, computational 
possibilities, and availability of data. Early credit analysis was very dependent on 
the judgment of the experts and the systems based on the rules, in which the lend-
ing decisions were informed by qualitative evaluation of the features of the bor-
rowers. Although such methods had received domain knowledge, they were not 
statistically rigorous and consistent. The shift towards the quantitative credit score 
started in the middle of the twentieth century, when statistical methods of classi-
fication were presented to enhance objectivity and predictive power [4]. Linear 
discriminant analysis (LDA) was one of the first quantitative methods used with 
credit scores. The original research proved that the statistical combination of bor-
rower features could be used to distinguish between bad and good credit risks [4]. 
The discriminant analysis offered a formal mathematical framework for classify-
ing, but it assumed a lot, including multivariate normality and equality of covari-
ance matrices between groups. The practicability of the method was restricted by 
the violation of these assumptions, which are usually typical of financial datasets. 
Consequently, the other probabilistic methods became dominant. Towards the 
end of the 1980s and 1990s, logistic regression became the dominant methodology 
in credit risk modeling. Logistic regression also does not assume normality as 
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compared to discriminant analysis and directly estimates the conditional proba-
bility of default by incorporating a logistic linking function [5] [6]. The probabil-
istic nature of the method is also in line with the needs of estimating PD in bank-
ing. Also, logistic regression coefficients are readily explained by the odds ratio, 
and thus, the method is transparent and applicable in a regulatory setting. The 
evolution of credit risk modeling techniques from statistical methods to advanced 
machine learning approaches is illustrated in Figure 2. 
 

 

Figure 2. Historical evolution of credit risk modeling techniques from statistical classifiers 
to modern machine learning approaches. 
 

The literature on logistic regression is voluminous in terms of consumer credit 
scoring efficacy. When compared to other statistical classifiers, logistic regression 
was always competitively aligned, and it has better interpretability and ease of im-
plementation [7] [24]. Specifically, variable binning and Weight of Evidence 
(WoE) transformations only increased the stability and explainability of logistic 
models [5]. These methods enable practitioners to impose monotonic predictor-
default risk relationships to minimize model volatility and enable the construction 
of scorecards. The Basel regulatory framework also institutionalized logistic re-
gression in the banking practice. In the Internal Ratings-Based (IRB) method, 
banks have to come up with statistically sound PD models, which are well-docu-
mented and validated [1] [2]. The theoretical transparency and the statistical di-
agnostics of logistic regression make it well-suited to this regulatory requirement. 
As a result, logistic regression was incorporated in internal ratings in all the finan-
cial institutions in the world. Although it has been widely used, scholars have started 
investigating other methods of classification as computing capabilities have grown. 
The artificial neural networks (ANN) gained attention during the 1990s as adapt-
able nonlinear modeling tools that can be used to approximate the complex func-
tional associations. Initial comparative literature reported that neural networks 
would be more accurate than logistic regression with predictive power, especially 
where nonlinear interaction occurred [11] [25]. Nonetheless, neural networks have 
been challenged on the grounds of a lack of interpretability, sensitivity to param-
eter adjustment, and a tendency to overfitting, which restricts their use in highly 
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regulated banking settings. A structured comparison of core modeling techniques 
is provided in Table 2. 
 

Table 2. Comparison of major credit risk modeling techniques. 

Method Model Type Linearity Interpretability Computational Complexity Regulatory Acceptance 

Discriminant Analysis Statistical Linear High Low Moderate 

Logistic Regression Statistical Linear (Log-Odds) High Low Strong 

Decision Tree ML Nonlinear Moderate Low-Moderate Moderate 

Random Forest Ensemble ML Nonlinear Low-Moderate Moderate Emerging 

Gradient Boosting Ensemble ML Nonlinear Low High Emerging 

Neural Networks ML Nonlinear Low High Limited 

 

Another important invention in classification studies was Support Vector Ma-
chines (SVM). Theoretically, the SVM showed excellent generalization character-
istics when optimal hyperplanes constructed in a high-dimensional feature space 
are used [26]. Competitive or better results were found in empirical comparisons 
of credit scoring applications with logistic regression [13]. However, just like neu-
ral networks, SVM models were sometimes viewed as less transparent and more 
computationally expensive, which makes them difficult to regulate and scale to 
operations. The research on credit risk modeling was changed by the appearance 
of decision tree-based approaches. Decision trees provide a hierarchical frame-
work that is easily intuitive and further divides the data into non-heterogeneous 
risk areas. They are rule-based, making them more interpretable than other ma-
chine learning techniques. Nevertheless, decision trees that stand alone are unsta-
ble and prone to high variance. To overcome these shortcomings, the idea of en-
semble learning, like the Random Forests or Gradient Boosting Machines (GBM), 
was invented [11] [14]. Random Forests are a combination of several decision 
trees, which are built on bootstrap samples, and thus lead to lowering the variance 
and enhancing the predictive performance. Gradient Boosting Machines do so by 
adding weak learners in a serial fashion to reduce classification error and success-
fully attain high discrimination. Boosting algorithms, including XGBoost and 
LightGBM, have been shown to outperform a host of other models in credit risk 
modeling [12] [15]. Their capability to auto-model nonlinearities and interaction 
effects minimizes the manual feature engineering to a great extent. Several empir-
ical studies, on a large scale, have pitted logistic regression against existing ensem-
ble algorithms. In such comparisons, it is frequently mentioned that boosting al-
gorithms perform better in terms of AUC-ROC and Gini coefficient, in compari-
son with logistic regressions [12] [14] [27]. However, the degree of improvement 
varies depending on the properties of the dataset, the preprocessing techniques, 
and the indicators of improvement. In other cases, the logistic regression can be 
not only competitive with the strong feature engineering and monotonic trans-
formations [5]. It means that some part of the performance difference might be 
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due to the depiction of features and not the excellence of an algorithm in particu-
lar. The methodological taxonomy of credit risk modeling approaches is presented 
in Figure 3. 
 

 

Figure 3. Taxonomy of major credit risk modeling approaches used in banking applications. 
 

The second dimension that is of significance in the literature is that of calibra-
tion. Whereas the actions of discrimination determine performance, calibration 
determines the consistency between the forecasted likelihoods and the actual de-
fault rates. There have been studies that highly flexible machine learning models 
might need extra calibration procedures, e.g., Platt scaling or isotonic regression, 
to deliver dependable estimates of PD [19] [28] [29]. Logistic regression, in its 
turn, is optimized over likelihood-based probability estimation and can have more 
robust calibration properties. Since both regulatory capital and accounting provi-
sions are dependent on PD levels, calibration-related issues are especially im-
portant in banking. The credit scoring studies have also paid much attention to 
the problem of the imbalance of classes. As the default events usually constitute a 
minor percentage of the total observations, there is a chance that the classifiers 
have a bias in the majority class. Such techniques as Synthetic Minority Over-
sampling Technique (SMOTE), cost-sensitive learning, and threshold adjustment 
have been offered to reduce the impact of imbalances [21] [30] [31]. Comparative 
studies indicate that the imbalance can be effectively addressed when the ensem-
ble methods are used in combination with the proper sampling strategy, although 
logistic regression can also be very robust in the event of appropriate specification. 
More recently, the literature has extended to cover deep learning structures, espe-
cially within a setting with large-scale alternative data. The deep neural network 
has the ability to learn intricate nonlinear and multi-dimensional interactions, 
and this may enhance predictors [14] [32]. Nonetheless, the issues of interpreta-
bility, computational expense, and control have curtailed their use among con-
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ventional banking organizations. This interpretability debate has been on the rise 
with the popularity of machine learning models. Model risk management regula-
tory direction puts stress on transparency and explainability [16]. Researchers have, 
in turn, developed methods to explain complex models using post-hoc methods like 
SHAP and LIME as responses [22] [23]. In empirical studies, SHAP values have 
been shown to be able to offer consistent feature attribution to an ensemble model, 
with insights that are similar in information to the logistic regression coefficients. 
However, other researchers suggest that post-hoc models might not be in a posi-
tion to replace naturally interpretable models in the high-stakes financial deci-
sion-making scenarios [18]. Key strengths and limitations across methodological 
dimensions are summarized in Table 3. 
 

Table 3. Strengths and limitations of logistic regression and machine learning. 

Dimension Logistic Regression Machine Learning 

Theoretical Transparency Strong Statistical Basis Often Algorithm-Driven 

Handling Nonlinearity Requires Transformation Captures Automatically 

Overfitting Risk Moderate Higher (Without Regularization) 

Data Requirement Moderate Often Large 

Calibration Generally Stable May Need Post-Calibration 

Explainability Direct Post-Hoc Methods (e.g., SHAP) 

Implementation Cost Lower Higher 

 

Predictive improvements have also been studied in relation to their economic 
value. Although any gains in AUC show an improved discrimination, the resulting 
statistical gains in monetary gains rely on cutoff strategies, portfolio composition, 
and risk-based pricing policies [25]. Other studies indicate that there is a small 
amount of AUC incremental profitability when operational constraints are taken 
into account. This fact highlights the significance of analyzing models based not 
only on statistical measures, but also on economic and strategic consequences. All 
in all, the history of credit risk modeling can be summarized as the development of 
linear statistical classifiers, more complex ensemble and deep learning techniques. 
Logistic regression is entrenched in the practice of regulation because it is interpret-
able and stable compared to machine learning approaches, which have superior pre-
dictive flexibility and could deliver improved performance [29] [33]-[35]. Accord-
ing to the literature, it is believed that there is no single approach that is dominant 
in all the evaluation criteria. Alternatively, the comparative benefits of logistic re-
gression and machine learning are determined by the characteristics of data, regu-
latory limitations, and institutional interests. This literature forms the basis of the 
comparison analysis that has been conducted within this study. The current paper 
aims to elucidate the trade-offs between conventional and modern modeling meth-
ods in modern banking settings based on the synthesis of the results within the 
realms of statistical, machine learning, and regulatory modelling [36]-[38]. 
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3. Conceptual and Analytical Framework for Comparative  
Evaluation 

This study does not implement models on a single empirical dataset. Instead, 
the methodological framework serves as a conceptual and analytical structure 
that standardizes how logistic regression and machine learning approaches are 
compared across the literature. The framework integrates commonly used 
modeling pipelines, evaluation metrics, and validation practices reported in 
prior empirical studies to ensure consistency in comparative interpretation. 
The methodological framework of this study is designed to provide a rigorous 
and comprehensive comparison between logistic regression and selected ma-
chine learning algorithms for credit risk modeling in banking. The objective is 
not limited to evaluating predictive accuracy; rather, it encompasses discrimi-
nation, calibration, stability, interpretability, robustness, and governance suit-
ability under banking regulatory environments [39]-[42]. The framework is 
structured to reflect the complete credit modeling lifecycle, from data prepro-
cessing and feature engineering to model estimation, validation, calibration, 
economic evaluation, and robustness testing. This integrated design ensures 
that comparisons are meaningful within the operational realities of financial 
institutions operating under Basel capital standards and forward-looking ex-
pected credit loss (ECL) accounting requirements [1]-[3]. The framework is 
developed with primary relevance to retail and SME credit portfolios, where 
model deployment typically involves high-dimensional borrower data, behav-
ioral variables, and regulatory requirements for PD estimation and expected 
loss calculation. 

The modeling problem is formulated as a supervised binary classification task. 
Let { }0,1iY ∈  denote the default indicator for borrower i , where 1iY =  rep-
resents default within a specified observation horizon, typically 12 months in re-
tail banking portfolios. The feature vector for borrower i  is represented as 

( )1 2, , ,i i i ipx x x=X 
, comprising demographic, financial, behavioral, and macro-

economic predictors. The objective is to estimate the conditional probability of 
default [43]-[46]: 

( )1i i iPD P Y= = X  

Data preprocessing constitutes a critical initial step in the modeling process. 
Missing values are addressed using statistically justified imputation methods, such 
as mean imputation for continuous variables or mode imputation for categorical 
variables, though more advanced techniques such as k-nearest neighbor imputa-
tion may also be considered when data patterns warrant [5] [47]-[49]. Outliers are 
treated through winsorization or robust scaling to prevent undue influence on 
parameter estimation. Continuous predictors are standardized where necessary, 
particularly for algorithms sensitive to feature scale, such as Support Vector Ma-
chines and neural networks [26] [50]. The complete modeling lifecycle adopted in 
this study is illustrated in Figure 4. 
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Figure 4. End-to-end methodological workflow for credit risk modeling from data prepro-
cessing to model validation and economic evaluation. 
 

In traditional banking scorecard development, feature engineering plays a cen-
tral role. Continuous variables are discretized into risk-relevant intervals, and 
Weight of Evidence (WoE) encoding is applied to transform categorical predic-
tors into monotonic representations aligned with default risk [6] [51] [52]. The 
WoE transformation for a bin j  is defined as: 

%Non-Default
WoE ln

%Default
j

j
j

 
=   

 
 

which stabilizes logistic regression coefficients and improves interpretability [53] 
[54]. The Information Value (IV) metric is frequently used to assess predictor 
strength: 

( )IV %Non-Default %Default WoEj j j
j

= − ×∑  

Variables with low IV values may be excluded to enhance parsimony and reduce 
noise [5]. The baseline model employed in this study is logistic regression. The lo-
gistic model assumes that the log-odds of default are linearly related to predictors: 

0
1

log
1

p
i

k ik
ki

PD
x

PD
β β

=

 
= + − 

∑  

Rearranging yields the logistic function: 

( )0 1

1

1 e
p

k ikk
i x

PD
β β=− +∑

=
+

 

Parameter estimation is conducted via maximum likelihood estimation (MLE), 
maximizing the log-likelihood function: 

( ) ( ) ( ) ( )
1

log 1 log 1
n

i i i i
i

Y PD Y PDβ
=

 = + − − ∑  

Regularization techniques are introduced to mitigate overfitting and multicolline-
arity. Ridge regression adds an 2L  penalty term 2

kλ β∑ , while Lasso regression 
incorporates an 1L  penalty kλ β∑ , encouraging sparsity [8]. Hyperparameter 
λ  is selected via cross-validation. To compare logistic regression with more flexible 
models, ensemble machine learning techniques are implemented [55] [56]. Random 
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Forest constructs multiple decision trees on bootstrapped samples and aggregates 
predictions via majority voting or probability averaging [11]. Each tree partitions the 
feature space recursively to minimize impurity measures such as the Gini index: 

2

1
1

C

c
c

Gini p
=

= −∑  

where cp  is the class proportion in a node. By averaging across trees, Random 
Forest reduces variance and enhances generalization [57]-[59]. Gradient Boosting 
Machines (GBM) sequentially fit weak learners to residual errors, minimizing a 
differentiable loss function. For binary classification, the logistic loss function is 
typically used: 

( )( )
1
log 1 e i i

n
Y F

i
L −

=

= +∑ X  

where ( )iF X  represents the ensemble model. At each iteration m , the model 
updates as: 

( ) ( ) ( )1m m m mF F hγ−= +X X X  

with mh  representing the fitted weak learner and mγ  the learning rate [14]. Hy-
perparameters such as tree depth, number of estimators, and learning rate are op-
timized using grid search combined with cross-validation. Support Vector Ma-
chines (SVMs) are also evaluated due to their strong theoretical generalization 
properties [26]. SVM solves the optimization problem: 

2

, 1

1min
2

n

ib i
C ξ

=

+ ∑
w

w  

subject to: 

( )( ) 1i i iY bφ ξ⋅ + ≥ −w X  

where ( )φ X  represents a kernel transformation and C  is the regularization pa-
rameter controlling the trade-off between margin width and misclassification. The 
multi-dimensional validation framework used to compare models is presented in 
Figure 5. 
 

 

Figure 5. Framework for model performance assessment, including 
discrimination, calibration, stability, and economic evaluation. 
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Artificial neural networks (ANN) are modeled as multilayer perceptrons with 
nonlinear activation functions. For a single hidden-layer network, predictions are 
given by: 

11

pH

i j jk ik j
kj

PD w g v x b cσ
==

  
= ⋅ +  


+

 
∑∑  

where ( )g ⋅  is a hidden-layer activation function, ( )σ ⋅  is the logistic output 
function, and H  is the number of hidden neurons. Model evaluation empha-
sizes discrimination, calibration, and stability. Discrimination is measured using 
the Area Under the Receiver Operating Characteristic Curve (AUC): 

( )( )1 1
0

dAUC TPR FPR t t−= ∫  

where TPR and FPR denote true positive and false positive rates, the Gini coeffi-
cient is computed as: 

2 1Gini AUC= × −  

Calibration accuracy is evaluated using the Brier score: 

( )2

1

1 n

i i
i

Brier PD Y
n =

= −∑  

and calibration plots comparing predicted and observed default rates across dec-
iles [19]. The main algorithms evaluated and their core hyperparameters are sum-
marized in Table 4. 
 

Table 4. Summary of modeling techniques and key tuning parameters. 

Model Core Objective Key Hyperparameters Strength Limitation 

Logistic Regression Maximize Likelihood Regularization (λ), Penalty Type High Interpretability Linear Assumption 

Random Forest 
Reduce Variance  

via Bagging 
Number of Trees,  

Max Depth, Feature Subset 
Robust & Stable Lower Transparency 

Gradient Boosting Minimize Loss Sequentially 
Learning Rate, Estimators, 

Depth 
High Predictive Power Risk of Overfitting 

SVM Maximize Margin Kernel Type, C, Gamma 
Strong Theoretical  

Basis 
Computationally Intensive 

Neural Network 
Nonlinear Function  

Approximation 
Layers, Neurons,  

Activation, Learning Rate 
Flexible Modeling Low Interpretability 

 

Temporal validation is performed to test out-of-time stability. Models trained 
on historical periods are evaluated on subsequent periods to assess performance 
under distribution shifts. The Population Stability Index (PSI) is calculated to 
quantify changes in predictor distributions: 

( ) Actual
Actual Expected ln

Expected
j

j j
j j

PSI
 

= −   
 

∑  

Interpretability assessment compares intrinsic transparency of logistic regres-
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sion with post-hoc explanation methods such as SHAP values for ensemble mod-
els [22] [60]-[62]. SHAP decomposes predictions into additive feature contribu-
tions based on Shapley values from cooperative game theory, enhancing the ex-
plainability of complex algorithms. Economic evaluation aligns predictive perfor-
mance with business impact. Expected Loss (EL) is calculated as: 

EL PD LGD EAD= × ×  

Threshold selection is optimized by minimizing expected loss rather than max-
imizing statistical accuracy alone [25]. Robustness checks examine sensitivity to 
class imbalance treatments, including oversampling, undersampling, and cost-
sensitive weighting [21]. Cross-validation ensures generalizability and reduces 
variance in performance estimates. This methodological framework integrates 
statistical modeling theory, machine learning optimization, and banking regula-
tory considerations to provide a comprehensive and practically relevant compar-
ison between logistic regression and advanced algorithms. By combining rigorous 
mathematical foundations with real-world governance requirements, the study 
aims to deliver findings that are both academically robust and operationally ac-
tionable in modern banking environments.  

To ensure transparency in evidence selection, this study follows a structured 
literature identification approach. Relevant studies were sourced from major aca-
demic databases, including Scopus, Web of Science, and Google Scholar. The 
search focused on combinations of keywords such as “credit risk modelling”, “lo-
gistic regression”, “machine learning”, “credit scoring”, and “probability of de-
fault”. Priority was given to peer-reviewed journal articles, widely cited conference 
papers, and authoritative institutional reports published primarily over the past two 
decades. 

Studies were included if they provided empirical comparisons, methodological 
insights, or performance evaluations of logistic regression and machine learning 
techniques in banking or credit scoring contexts. Articles focusing on unrelated 
domains, lacking quantitative or methodological relevance, or not addressing credit 
risk modeling directly were excluded. Rather than conducting a formal systematic 
review with strict protocol registration, the approach adopted here is a structured 
comparative synthesis aimed at capturing consistent patterns and insights across 
the literature. 

4. Results and Discussion 

The performance metrics reported in this section, including AUC, Gini coeffi-
cient, Brier score, Kolmogorov-Smirnov (KS) statistic, and expected loss (EL), are 
not derived from a single empirical dataset. Instead, they represent illustrative 
benchmark values synthesized from prior empirical studies, industry reports, and 
widely cited comparative analyses in the credit risk modeling literature. The pur-
pose of presenting these values is to provide a consistent and interpretable basis 
for comparing logistic regression and machine learning approaches across key 
performance dimensions. As such, the results should be interpreted as representa-
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tive ranges reflecting common findings in the literature rather than as outcomes 
of a newly estimated model on a specific dataset. This section presents a compar-
ative synthesis of empirical findings reported in the literature, interpreted within 
the proposed analytical framework described previously. The results are analyzed 
across four principal dimensions: discrimination performance, calibration accu-
racy, temporal stability, and economic impact. The discussion interprets these 
findings in the context of banking regulatory requirements, operational feasibility, 
and model risk management considerations. The results presented in this section 
are not derived from a single empirical dataset. Instead, they represent illustrative 
benchmark values synthesized from prior empirical studies and industry-reported 
performance ranges. The purpose of these results is to provide a consistent com-
parative interpretation across modeling approaches rather than to report new ex-
perimental findings. 

The empirical comparison suggests that the ensemble-based machine learning 
models, especially the Gradient Boosting Machines (GBM), always have a better 
discrimination performance compared to the logistic regression. Across reported 
studies, boosting algorithms have better Area Under the Receiver Operating Char-
acteristic Curve (AUC-ROC) and Gini coefficients that show better ranking abil-
ity of defaulting and non-defaulting borrowers. This finding is consistent with 
previous studies that show that boosting methods are effective at capturing non-
linear relationships, and other intricate interactions among features that cannot 
be effectively modeled by logistic regression, unless a large amount of feature en-
gineering is employed [12] [14] [15]. Random Forest models also have good dis-
criminatory performance, but not as much as boosting algorithms, which is prob-
ably because their orientation is to reduce variance, not necessarily to optimize 
classification loss. The quantitative performance comparison is summarized in 
Table 5. 
 
Table 5. Comparative performance metrics. 

Model AUC Gini Brier Score KS Statistic 

Logistic Regression 0.78 0.56 0.162 0.42 

Random Forest 0.82 0.64 0.168 0.47 

Gradient Boosting 0.85 0.70 0.171* 0.51 

SVM 0.80 0.60 0.175 0.45 

Neural Network 0.83 0.66 0.169 0.48 

Note: *after calibration adjustment; Values are illustrative benchmark estimates synthesized 
from published empirical studies and do not originate from a single dataset. 
 

Although slightly less effective in terms of AUC performance, logistic regres-
sion is also competitive with strong feature engineering methods (Weight of Evi-
dence transformation and monotonic binning) in use. The difference in perfor-
mance between logistic regression and advanced machine learning models is con-
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sistently reported in the literature as modest in magnitude, particularly when 
strong baseline scorecards are used. While machine learning approaches often 
improve discrimination metrics such as AUC and Gini, the incremental gains 
are generally incremental rather than transformative in many practical portfolio 
settings. The absolute increase in AUC is, in most instances, not more than a 
few percentage points, which implies that although machine learning improves 
the ranking precision, the improvement may not be transformative in some 
portfolio conditions. This observation is in agreement with empirical literature 
that shows declines in marginal improvements in predictive performance with 
increasingly strong baseline scorecards [5] [25]. The discrimination perfor-
mance comparison is illustrated in Figure 6. The interpretation of results is 
therefore grounded in retail and SME portfolio settings, where model perfor-
mance is evaluated not only in terms of discrimination and calibration, but also 
in relation to regulatory compliance, operational scalability, and economic im-
pact under IRB and IFRS 9 frameworks. 
 

 

Figure 6. Comparative discrimination performance (AUC/Gini) across logistic regression 
and machine learning models. 
 

A more subtle viewpoint is given by calibration analysis. The structure of the 
probability estimation in logistic regression shows a high correlation between the 
estimated predicted probabilities and actual default frequencies in deciles, as the 
probability estimation structure is based on likelihood. The use of Brier scores and 
calibration curves suggests that logistic regression possesses consistent probability 
estimation based on minimal systematic bias. More so, machine learning models, 
especially those using an ensemble algorithm that trades off classification loss as 
opposed to probability accuracy, demand a post-hoc calibration like isotonic re-
gression or Platt scaling to obtain similar alignment [19] [20]. Unrecalibrated 
boosted models can also exhibit an overconfidence bias in risky segments, which 
is also in line with overfitting behavior in highly adaptive learners. Calibration 
behavior across models is presented in Figure 7. 
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Figure 7. Calibration curves comparing predicted and observed default probabilities. 
 

Temporal validation provides significant differences in stability. On out-of-
time samples, the degradation of performance of logistic regression models trained 
on historical data is relatively stable, but not all machine learning models are so 
resistant to distribution shifts. The Population Stability Index (PSI) analysis shows 
that the effect of the changes in feature distributions on the nonlinear ensemble 
methods is more significant in the situation when the macroeconomic conditions 
change. This finding confirms earlier conclusions that less complex parametric 
models can be better generalized across economic cycles [18]. Nevertheless, sta-
bility can be significantly better when ensemble models have regularization con-
straints and depth limits, which reduce the gap in robustness. 

Interpretability-wise, the logistic regression still has a very strong advantage since 
it has a transparent coefficient structure. The contribution of each predictor to the 
risk of default is also clearly measured, which can be easily communicated to risk 
committees and regulators. The odds ratios are intuitive in explaining drivers of risk, 
and this assists in adverse action logic and conformance to fair lending policies [6] 
[17]. The machine learning models, on the contrary, are based on feature im-
portance scores and post-hoc explanation methods like SHAP values [22]. As much 
as SHAP analysis gives useful local and global explanations, the method also comes 
with extra methodological layers, which can make the processes of governance and 
documentation complicated. The use of post hoc explanations also has theoretical 
issues of consistency and reproducibility when updating the models. 

Economic analysis converts forecasting variations to the financial consequences 
at the portfolio level. Calculations of Expected Loss (EL) using model-generated PDs 
show that the improvement in risk segmentation is marginal, with the improvement 
of boosted models that allow a little more effective credit limits allocation and price 
differentiation. But the economic jubilation of enhanced AUC should be measured 
in terms of the implementation cost and governance load. The incremental reduc-
tion in expected losses that machine learning can achieve when applied within a 
portfolio of moderate default rates and well-designed logistic scorecards is unlikely 
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to be worth the much greater increase in the computational complexity and valida-
tion demands. However, in a high-dimensional data set that includes behavioral and 
transactional variables, ensemble models can provide a substantial financial increase 
because of their ability to identify nonlinear impacts. The portfolio-level economic 
implications of model selection are presented in Table 6. 
 

Table 6. Economic evaluation based on expected loss reduction. 

Model Average PD Portfolio EL (in % of Exposure) EL Reduction vs LR Threshold Sensitivity 
Logistic Regression 3.2% 2.45% - Low 

Random Forest 3.0% 2.31% 5.7% Moderate 
Gradient Boosting 2.9% 2.22% 9.4% Moderate-High 
Neural Network 3.0% 2.28% 6.9% High 

 

Comparative performance is also dependent on the sensitivity of models to the 
imbalance of classes. Ensemble approaches, especially boosting algorithms with 
class-weight modifications, are resilient to the presence of imbalance. Logistic re-
gression is also not fragile when the class weighting is done correctly, but its linear 
nature can prevent it from picking up some minority-class interaction. However, 
the observed relative increase in ensemble practices in imbalance conditions does 
not significantly change calibration dynamics, which supports the use of post-es-
timation probability correction. 

The issue of model complexity stands out as one of the key topics in the discus-
sion. Logistic regression is inexpensive to compute, it is also easy to deploy, and it 
needs a little infrastructure. Machine learning algorithms, particularly boosting and 
neural networks, require more computational resources, hyperparameter optimiza-
tion, and continuous monitoring. This complexity, in the controlled banking set-
tings, is reflected in more validation documentation, model risk tests, and audit in-
spection [16]. Consequently, the model should not be selected based on predictive 
performance only; it should include governance scalability. The temporal stability 
of models is evaluated through out-of-time validation as shown in Figure 8. 
 

 

Figure 8. Out-of-time validation showing performance stability across periods. 
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The combined evaluation indicates that one of the modeling methods is not 
predominant in all criteria. The logistic regression is much easier to interpret, has 
a high level of calibration, and aligns with regulations; thus, it is more appropriate 
to use when transparency and consistency are important in a given portfolio. Gra-
dient boosting machine learning models have superior discrimination and a non-
linear model modeling ability, which is advantageous in settings with a high amount 
of data and more intricate patterns of borrower behavior. 

A hybrid modeling approach can thus be an expedient concession. A bench-
mark or challenger model that would be useful in ensuring interpretability and sta-
bility of calibration could be logistic regression, whereas machine learning models 
can be used side by side to capture incremental predictive improvements. Ensemble 
outputs can also be used in logistic regression models by feature stacking or score 
blending, which combines nonlinear learning abilities with parametric transpar-
ency. These hybrid strategies are in line with the new regulatory views of respon-
sible adoption of artificial intelligence in the financial services. 

Finally, the results of the empirical study highlight the multi-dimensional trade-
offs of credit risk modeling. Although machine learning algorithms usually have 
superior discrimination measures, logistic regression retains its advantages of cal-
ibration stability, interpretability, and governance compatibility. The best deci-
sion would be made in relation to the portfolio attributes, data richness, institu-
tional risk appetite, and regulatory limits. Instead of positioning the comparison 
in the context of the traditional versus modern technique, the results prove that 
both methods can be strategically used to boost predictive results without sacri-
ficing transparency and control in banking risk management systems. 

5. Conclusions 

This paper has provided a structured comparative synthesis of credit risk model-
ing approaches, with primary application to retail and SME lending portfolios un-
der IRB and IFRS 9 regulatory frameworks. The empirical studies support the as-
sertion that the ensemble-based machine learning models, especially the gradient 
boosting algorithms, tend to be more effective in discriminating against target 
variables in terms of the AUC and Gini coefficient of discrimination. These types 
of models illustrate good ability to find nonlinear relationships and complicated 
interactions between predictors, particularly when the data is high-dimensional. 
Machine learning techniques can result in quantifiable differences in ranking per-
formance in data-rich settings in which the behavior of borrowers is complex and 
nonlinear relationships are evident. These gains can be converted into more so-
phisticated risk segmentation and small cuts in portfolio expected loss. 

But the increased discrimination does not necessarily mean a high level of su-
periority in all the assessment factors. The logistic regression also has good cali-
bration characteristics, and the probability estimates generated by it are close to 
the actual default rates without any additional correction process. Stability of cal-
ibration is especially significant in banking, where estimates of probability of de-
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fault are directly used in the determination of regulatory capital and the amount 
of expected credit loss provisioning. Another issue that can complicate the meth-
odology is that machine learning models, as a powerful classifier, might sometimes 
need post-hoc calibration adjustments to guarantee probability consistency. 

Important trade-offs are pointed out as well under Temporal stability analysis. 
The performance on economic cycles is relatively robust with logistic regression 
models that are trained using conservative feature engineering and regularization. 
Conversely, extremely flexible machine learning models can be more sensitive to 
distributional changes unless cautiously restricted. Stability is as important in dy-
namic macroeconomic settings, where in-sample predictive performance is just as 
important, but there are characteristics of borrowers and default behavior that 
change over time. 

Interpretability is also a characteristic of the two paradigms of modeling. Lo-
gistic regression has inherent transparency in terms of coefficient beliefs and odds 
ratios that are easy to validate for regulators, governance records, and communi-
cate with stakeholders. Another aspect is that machine learning models, though 
they can be made more interpretable with post-hoc explanation systems like 
SHAP, are based on other layers of analysis to provide a similar level of transpar-
ency. Although explainable artificial intelligence methods minimize the black box 
nature of sophisticated algorithms, they raise questions of methodology in terms 
of reproducibility, consistency, and regulatory acceptability. 

Economically, incremental gains associated with machine learning models should 
be balanced against the cost of implementation, infrastructure needs, and the bur-
den of governance. In portfolios where logistic regression already displays a robust 
discriminatory performance, the marginal financial improvement of machine learn-
ing might not be worth considering, given the significant increase in the complexity 
of the operation. On the other hand, ensemble techniques can create significant 
value in settings that have large volumes of behavioral data and highly complex 
nonlinear dynamics. 

The general finding of this research is that none of the modeling techniques 
apply to all the applicable standards relating to banking credit risk management. 
Logistic regression is an interpretable, stable, powerful, and calibrationally stable re-
gression approach. Machine learning methods provide extended predictive adapta-
bility and better discrimination in intricate information conditions. The most ef-
fective approach will then be based on institutional goals, data, risk tolerance, and 
supervisory environment. 

A practical roadmap for financial institutions can be the hybrid or supplemen-
tary model strategies. Logistic regression could be used as an anchor or bench-
mark model in order to assure interpretability and stability, and machine learning 
algorithms could be used as challengers or stacked as an ensemble using ensemble 
stacking. This type of integration would allow the banks to use nonlinear predic-
tive power without undermining the governance standards. 

Since the regulatory frameworks increasingly recognize the value of advanced 
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analytics and artificial intelligence in the field of financial services, future research 
needs to concentrate on effective validation practices, equity evaluation, stress 
testing machine learning models, and standardized explainability measures. Fur-
ther cooperation between the quantitative researchers and risk practitioners, as 
well as regulators, will be necessary so that the innovation behind the credit risk 
modeling can also improve the predictive performance as well as the stability of 
the financial system. 

Despite providing a structured comparative synthesis, this study is subject to 
several limitations that should be considered when interpreting the results. First, 
model performance is inherently dependent on portfolio characteristics, and find-
ings derived primarily from retail and SME credit contexts may not generalize di-
rectly to corporate or specialized lending portfolios. Second, preprocessing choices, 
including feature engineering techniques such as binning, Weight of Evidence 
(WoE) transformation, scaling, and missing value treatment, can significantly influ-
ence model outcomes, particularly for logistic regression models. Third, the han-
dling of class imbalance, which is a common feature of credit risk datasets, may 
affect both discrimination and calibration performance depending on the choice 
of resampling or cost-sensitive techniques. Finally, model performance is not static 
over time; both logistic regression and machine learning models require periodic 
recalibration and monitoring to remain reliable under changing macroeconomic 
conditions and borrower behavior. These factors highlight that the relative ad-
vantages of different modeling approaches are context-dependent and should be 
evaluated within specific operational and regulatory environments. 

Conclusively, the comparison shows that the decision between logistic regres-
sion and machine learning is not a two-dimensional decision; it is a multi-dimen-
sional optimization problem. The use of predictive accuracy compared with in-
terpretability, stability, and governance is needed in effective credit risk modeling 
in modern banking. Those institutions that tactfully combine the two paradigms 
are bound to realize better results in risk management and sustainable lending 
practices. The conclusions are most directly applicable to high-volume retail and 
SME credit environments, where trade-offs between predictive performance, in-
terpretability, and regulatory compliance are most pronounced. 
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