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 The increasing complexity of banking activities and 
regulatory requirements has intensified the need for more 
advanced approaches to credit risk modeling. Traditional 
credit risk assessment models, while widely used, often face 
limitations in capturing non-linear relationships and rapidly 
changing risk patterns. In response to these challenges, 
machine learning–based credit risk modeling has emerged 
as a promising tool to enhance risk identification and 
decision-making processes within banking institutions. This 
study conceptually examines the impact of machine 
learning–based credit risk modeling on regulatory 
compliance in the banking sector. Drawing on recent 
literature in banking risk management, financial regulation, 
and artificial intelligence, the paper analyzes how data-
driven risk models can support compliance with prudential 
regulations, particularly in relation to capital adequacy, 
credit quality assessment, and supervisory expectations. The 
discussion highlights the potential benefits of machine 
learning techniques in improving model accuracy, risk 
sensitivity, and regulatory reporting, while also addressing 
key challenges such as model transparency, governance, and 
regulatory acceptance. The findings contribute to the 
growing discourse on the integration of advanced analytics 
into banking risk frameworks and provide insights for 
regulators and practitioners seeking to balance innovation 
with regulatory compliance. 
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1. Introduction 

The stability of the banking sector is fundamentally shaped by the 

effectiveness of credit risk management and the ability of financial institutions to 

comply with increasingly complex regulatory requirements. Credit risk remains one 

of the most significant sources of vulnerability for banks, as excessive exposure to 

credit losses can undermine capital adequacy, weaken market confidence, and 

threaten overall financial stability (Basel Committee on Banking Supervision, 2021; 

World Bank, 2022). In response to past financial crises and evolving risk landscapes, 

banking regulators have strengthened prudential frameworks, emphasizing robust 

credit risk assessment, transparent risk governance, and alignment with international 

prudential standards. 

Traditionally, banks have relied on statistical credit risk models, such as 

logistic regression and scorecard-based approaches, to assess borrower 

creditworthiness and estimate default probabilities. Although these methods remain 

widely used, recent studies suggest that conventional models often struggle to 

capture non-linear risk dynamics and rapidly changing credit conditions in 

increasingly digitalized banking environments (Bussmann et al., 2021; European 

Central Bank, 2021). These limitations raise concerns regarding the adequacy of 

traditional modeling approaches in supporting both internal risk management 

objectives and external regulatory compliance. 

Recent advances in artificial intelligence and data analytics have accelerated 

the adoption of machine learning techniques in credit risk modeling. Empirical and 

conceptual research indicates that machine learning–based models can enhance 
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predictive accuracy by processing large volumes of financial and behavioral data and 

identifying complex patterns that are difficult to detect using traditional statistical 

methods (Bussmann et al., 2021; Lessmann et al., 2021). From a banking risk 

perspective, these capabilities suggest potential improvements in early warning 

systems, credit portfolio monitoring, and the timeliness of risk assessments under 

volatile economic conditions. 

Despite these advantages, the use of machine learning in credit risk modeling 

introduces significant regulatory and governance challenges. Banking supervisory 

frameworks emphasize the importance of model transparency, explainability, 

validation, and accountability, particularly within capital adequacy and supervisory 

review processes (Basel Committee on Banking Supervision, 2022). Concerns 

regarding model opacity, algorithmic bias, and model risk management have 

intensified regulatory scrutiny of advanced analytics in financial institutions (Rudin 

et al., 2022). As a result, the alignment between machine learning–based credit risk 

models and regulatory compliance requirements remains an unresolved issue in 

banking supervision. 

Within this context, a critical question arises as to whether machine learning–

based credit risk modeling can effectively enhance regulatory compliance or whether 

it introduces additional complexities that challenge supervisory oversight. While 

improved predictive performance may support more accurate risk measurement and 

regulatory reporting, insufficient governance structures and limited regulatory 

guidance may constrain practical implementation (Bank for International 

Settlements, 2020). This tension underscores the need for a structured conceptual 
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examination of the interaction between advanced credit risk modeling and regulatory 

compliance in banking. 

Accordingly, this study aims to conceptually examine the impact of machine 

learning–based credit risk modeling on regulatory compliance in the banking sector. 

By synthesizing recent literature on banking risk management, financial regulation, 

and artificial intelligence published between 2020 and 2024, the paper develops an 

integrated understanding of the opportunities and constraints associated with 

advanced modeling approaches. The analysis contributes to ongoing discussions on 

innovation in banking risk frameworks and provides a conceptual foundation for 

future research and regulatory policy development. 

2. Literature Review 

2.1. Credit Risk Modeling in Banking 

Credit risk modeling has long been a core component of banking risk 

management, supporting credit approval, portfolio monitoring, and regulatory 

capital calculation. In the post–global financial crisis period, regulatory authorities 

have emphasized the need for robust, conservative, and transparent credit risk 

models to ensure banking system stability. Prudential frameworks increasingly 

require banks to demonstrate that their credit risk models are not only statistically 

sound but also aligned with supervisory expectations regarding capital adequacy and 

risk governance (Basel Committee on Banking Supervision, 2021). 

Recent literature highlights that traditional credit risk models—primarily 

based on linear statistical techniques—remain widely used due to their 
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interpretability and regulatory familiarity. However, studies published in the last 

decade increasingly question their ability to capture complex borrower behavior, 

macroeconomic interactions, and non-linear risk dynamics, particularly in data-rich 

banking environments (Bussmann et al., 2021; Lessmann et al., 2021). These 

limitations have motivated a growing body of research exploring alternative 

modeling approaches capable of enhancing predictive performance while 

maintaining regulatory relevance. 

2.2. Machine Learning Applications in Credit Risk Modeling 

Machine learning has emerged as a prominent methodological advancement 

in credit risk modeling research. Compared to traditional approaches, machine 

learning algorithms offer greater flexibility in handling high-dimensional data and 

identifying non-linear patterns that are often present in financial datasets. Empirical 

benchmarking studies demonstrate that machine learning models frequently 

outperform conventional statistical models in predicting default risk, particularly 

when large and heterogeneous datasets are available (Lessmann et al., 2021). 

In the banking context, recent studies emphasize that machine learning–based 

credit risk models can enhance early warning systems and improve the sensitivity of 

risk assessments to changing economic conditions (Bussmann et al., 2021). These 

advantages are particularly relevant for regulatory compliance, as more accurate risk 

measurement can support more precise capital allocation and improved risk 

reporting. Nevertheless, the literature also notes that performance gains alone are 

insufficient to justify widespread adoption in regulated environments, where 

transparency and accountability remain paramount 



 
 

 

79 | Advances in Management and Organizational Studies  
 

2.3. Regulatory Compliance and Model Governance 

Regulatory compliance represents a critical dimension in the evaluation of 

advanced credit risk models. Banking supervisors require that internal models used 

for regulatory purposes adhere to strict standards related to validation, 

documentation, and governance. Recent regulatory guidance underscores the 

importance of model risk management frameworks that address data quality, 

methodological soundness, and ongoing model monitoring (Basel Committee on 

Banking Supervision, 2022; European Central Bank, 2021). 

The literature suggests that machine learning models introduce new 

governance challenges due to their algorithmic complexity and potential lack of 

interpretability. Concerns related to explainability, bias, and model transparency are 

frequently cited as key barriers to regulatory acceptance (Rudin et al., 2022). As a 

result, recent studies emphasize the growing importance of explainable artificial 

intelligence (XAI) techniques as a means of reconciling predictive performance with 

regulatory expectations. Explainability is increasingly viewed as a prerequisite for 

supervisory trust, particularly when machine learning models are used to inform 

capital requirements and credit decisions. 

2.4. Machine Learning, Regulation, and Banking Supervision 

An emerging stream of literature focuses explicitly on the interaction between 

machine learning–based credit risk modeling and regulatory compliance. Policy-

oriented studies argue that advanced analytics can enhance supervisory outcomes by 

improving risk identification and enabling more forward-looking assessments of 

bank resilience (Bank for International Settlements, 2020; World Bank, 2022). From 
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this perspective, machine learning is framed not as a regulatory challenge, but as a 

potential enabler of more effective prudential oversight. 

Conversely, other scholars caution that insufficient regulatory guidance and 

inconsistent governance practices may undermine the compliance benefits of 

machine learning adoption. Without clear supervisory standards, banks may face 

uncertainty regarding acceptable model complexity, validation procedures, and 

disclosure requirements. This tension reflects a broader debate within the literature 

concerning the balance between innovation and regulatory conservatism in banking 

risk management. 

2.5. Research Gap and Conceptual Positioning 

Despite the growing body of research on machine learning in credit risk 

modeling, the literature remains fragmented with respect to its implications for 

regulatory compliance. While numerous studies document performance 

improvements and methodological advancements, fewer contributions explicitly 

integrate regulatory perspectives into their analysis. In particular, there is limited 

conceptual synthesis examining how machine learning–based credit risk models 

align with prudential objectives, supervisory expectations, and governance 

requirements within the banking sector. 

Accordingly, this study positions itself within this gap by conceptually 

examining the impact of machine learning–based credit risk modeling on regulatory 

compliance in banking. By synthesizing insights from recent academic and policy-

oriented literature published between 2020 and 2024, the study seeks to provide a 
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structured understanding of the opportunities and constraints associated with 

advanced credit risk modeling in regulated banking environments. 

3. Methods 

This study employs a qualitative research design based on a systematic 

literature review (SLR) to examine the impact of machine learning–based credit risk 

modeling on regulatory compliance in the banking sector. The SLR approach is 

adopted to ensure a transparent, structured, and replicable synthesis of existing 

knowledge, while avoiding the use of original empirical data. This methodological 

design is appropriate given the conceptual focus of the study and its objective to 

integrate insights from diverse academic and regulatory sources within the field of 

banking risk management. 

The literature review process followed a structured three-stage procedure 

consisting of identification, screening, and inclusion. During the identification stage, 

relevant publications were retrieved through systematic searches in Google Scholar 

using predefined keywords such as “credit risk modeling,” “machine learning in 

banking,” “regulatory compliance,” “model risk management,” and “banking 

supervision.” These keywords were selected to capture studies addressing both 

technical developments in credit risk modeling and their regulatory implications. To 

ensure the relevance and timeliness of the reviewed literature, the search was 

restricted to publications released between 2020 and 2024. 

In the screening stage, retrieved studies were evaluated based on predefined 

inclusion and exclusion criteria. Peer-reviewed journal articles and institutional 
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reports from internationally recognized regulatory bodies were included to ensure 

academic rigor and policy relevance. Studies focusing exclusively on algorithmic 

development without explicit discussion of regulatory compliance, governance, or 

supervisory considerations were excluded. This screening process ensured that the 

final body of literature directly addressed the intersection of machine learning, credit 

risk modeling, and banking regulation. 

The final stage involved qualitative content analysis of the selected literature. 

Each study was systematically reviewed and coded using a thematic analysis 

approach. The coding process focused on identifying recurring concepts, regulatory 

concerns, and governance challenges associated with the adoption of machine 

learning–based credit risk models. The analysis was structured around three core 

analytical dimensions: (1) methodological advancements in machine learning–based 

credit risk modeling, (2) regulatory compliance requirements and supervisory 

expectations, and (3) challenges related to model transparency, explainability, and 

risk governance. 

By synthesizing findings across these dimensions, the study develops an 

integrated conceptual understanding of how advanced credit risk modeling 

techniques interact with regulatory frameworks in the banking sector. This 

qualitative synthesis provides a structured foundation for discussing the implications 

of machine learning adoption for regulatory compliance and banking risk 

management, while also identifying areas for future research and policy development 
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4. Results 

This section presents and discusses the key findings derived from the 

systematic literature review. Rather than reporting statistical results, the analysis 

synthesizes recurring themes and conceptual insights related to the impact of 

machine learning–based credit risk modeling on regulatory compliance in banking. 

The results are organized around the core analytical dimensions identified in the 

Method section and are discussed in relation to existing regulatory and academic 

debates. 

4.1. Key Themes Identified from the Literature 

The reviewed literature consistently highlights that machine learning–based 

credit risk modeling influences regulatory compliance through multiple 

interconnected mechanisms. These mechanisms relate not only to improvements in 

predictive performance, but also to changes in governance practices, supervisory 

expectations, and risk management processes. 

Table 1. Key Themes in Machine Learning–Based Credit Risk Modeling 

and Regulatory Compliance 

Analytical 

Dimension 

Key Findings  

from Literature 

Regulatory 

 Implications 

Predictive accuracy 
ML models improve default 

prediction and risk sensitivity 

Potential for more accurate 

capital assessment 

Risk measurement 
Enhanced detection of non-linear risk 

patterns 

Improved risk-based 

supervision 

Model 

transparency 

Limited interpretability remains a 

concern 
Increased supervisory scrutiny 

Governance & 

validation 

Stronger model risk management 

required 
Higher compliance standards 
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Analytical 

Dimension 

Key Findings  

from Literature 

Regulatory 

 Implications 

Regulatory 

reporting 

Data-driven insights support reporting 

quality 

Alignment with supervisory 

expectations 

 

The table indicates that while machine learning offers technical advantages, 

regulatory compliance outcomes depend heavily on governance and validation 

frameworks rather than predictive performance alone. 

4.2. Machine Learning and Regulatory Compliance Outcomes 

The literature suggests that improved predictive accuracy associated with 

machine learning–based models can support regulatory compliance by enhancing 

the quality of risk measurement and internal reporting. More accurate estimates of 

credit risk exposure may enable banks to allocate capital more efficiently and 

demonstrate stronger alignment with prudential requirements. From this 

perspective, machine learning is often framed as a tool that can strengthen 

compliance outcomes when appropriately integrated into existing risk frameworks. 

However, the results also reveal that regulatory compliance is not 

automatically enhanced by the adoption of advanced models. Several studies 

emphasize that supervisors remain cautious toward complex algorithms, particularly 

when model logic cannot be clearly explained or validated. As a result, banks 

adopting machine learning–based credit risk models may face additional compliance 

burdens, including more stringent documentation, validation, and governance 

requirements. This finding highlights a trade-off between innovation and regulatory 

conservatism that characterizes the current regulatory environment. 
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4.3. Governance, Explainability, and Supervisory Acceptance 

A central theme emerging from the literature concerns the role of model 

governance and explainability in determining supervisory acceptance. The reviewed 

studies consistently identify explainability as a critical condition for regulatory 

approval of machine learning–based models. Without sufficient transparency, 

advanced models may be viewed as sources of model risk rather than compliance-

enhancing tools. 

Table 2 presents a conceptual comparison between traditional credit risk 

models and machine learning–based models from a regulatory perspective. 

Table 2. Conceptual Comparison of Credit Risk Models under Regulatory 

Considerations 

Aspect Traditional Models 
Machine Learning– 

Based Models 

Interpretability High Often limited 

Predictive flexibility Limited High 

Regulatory familiarity Strong Emerging 

Governance requirements Standardized More complex 

Supervisory acceptance Well-established Conditional 

 

The comparison illustrates that machine learning models introduce both 

opportunities and challenges for regulatory compliance. While their analytical 

capabilities exceed those of traditional models, their acceptance depends on the 

ability of banks to demonstrate robust governance, validation, and explainability 
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5. Discussion 

The findings suggest that the relationship between machine learning–based 

credit risk modeling and regulatory compliance is inherently conditional. Machine 

learning can enhance compliance outcomes when embedded within strong 

governance structures that address transparency, accountability, and supervisory 

expectations. Conversely, weak governance frameworks may transform advanced 

models into sources of regulatory risk. 

This discussion aligns with broader debates in banking regulation concerning 

the balance between innovation and prudential stability. Regulators appear willing to 

accommodate advanced analytics, provided that banks can ensure that technological 

complexity does not undermine risk control and supervisory oversight. Accordingly, 

the results support a conceptual view in which machine learning serves as a 

complementary, rather than substitutive, component of regulatory-compliant credit 

risk management.. 

6. Conclusion 

This study conceptually examines the impact of machine learning–based 

credit risk modeling on regulatory compliance in the banking sector through a 

systematic review and qualitative synthesis of recent literature. The analysis 

highlights that machine learning techniques offer significant potential to enhance the 

accuracy and responsiveness of credit risk assessment, thereby supporting more 

effective risk measurement and regulatory reporting. These capabilities are 
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increasingly relevant in a banking environment characterized by digitalization, data 

intensity, and heightened supervisory expectations. 

However, the findings also indicate that the contribution of machine learning 

to regulatory compliance is not automatic. While advanced models may improve 

predictive performance, their regulatory acceptance depends critically on governance 

structures, transparency, and explainability. Supervisory authorities continue to 

emphasize the importance of model validation, documentation, and accountability, 

particularly for models used in regulatory capital assessment and supervisory review 

processes. As a result, machine learning–based credit risk models must be embedded 

within robust model risk management frameworks to ensure alignment with 

prudential objectives. 

The study further underscores that regulatory compliance outcomes are 

shaped by the balance between innovation and regulatory conservatism. Machine 

learning should be viewed as a complementary tool that enhances, rather than 

replaces, traditional credit risk management practices. When supported by strong 

governance and clear regulatory guidance, advanced analytics can contribute to more 

resilient and forward-looking banking risk frameworks. 

This research contributes to the literature by providing an integrated 

conceptual perspective on the interaction between machine learning–based credit 

risk modeling and regulatory compliance. It offers insights for banking practitioners 

and regulators seeking to harness technological innovation while maintaining 

prudential soundness. Future research may extend this conceptual analysis by 

empirically examining regulatory outcomes across different banking systems or by 
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exploring supervisory approaches to explainable artificial intelligence in credit risk 

management. 
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