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ABSTRACT 

Article history: 
 The rapid digitalization of financial services has fundamentally 

transformed the way credit risk is evaluated, managed, and governed. 
Traditional credit scoring models, rooted in static data and linear 
statistical techniques, are increasingly unable to cope with the scale, 
velocity, and heterogeneity of data generated by contemporary digital 
lending platforms. The emergence of artificial intelligence driven real-
time credit scoring represents not merely a technological upgrade but a 
paradigmatic shift in the epistemology of financial risk. This article 
develops a comprehensive theoretical and empirical framework for 
understanding how real-time artificial intelligence, data processing 
pipelines, and platform-based lending architectures collectively reshape 
the logic of creditworthiness, financial inclusion, and regulatory 
accountability. Drawing on the integrated model of real-time AI-based 
credit scoring proposed by Modadugu et al. (2025), this study situates 
algorithmic lending within broader debates on transparency, 
explainability, legal compliance, and economic development. Using an 
extensive qualitative synthesis of prior research, this paper articulates 
how real-time data ingestion, machine learning models, and automated 
decision-making engines generate new forms of financial intelligence that 
are both powerful and contested. 
The findings suggest that real-time AI-driven credit scoring enhances 
predictive accuracy, operational efficiency, and market responsiveness, 
but simultaneously introduces new vulnerabilities related to data 
governance, legal accountability, and algorithmic opacity. These tensions 
are not peripheral but central to the future of digital finance. By 
synthesizing insights from financial economics, machine learning, legal 
studies, and information systems, this article provides a unified analytical 
lens through which scholars and policymakers can better understand the 
evolving architecture of algorithmic credit markets. Ultimately, the study 
argues that the sustainability of AI-driven lending depends not only on 
technological sophistication but on the development of robust regulatory, 
ethical, and institutional frameworks that can align algorithmic efficiency 
with social legitimacy and economic justice (Modadugu et al., 2025; 
Langenbucher, 2020; Ampountolas et al., 2021). 
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INTRODUCTION 

The transformation of credit markets through artificial intelligence represents one of the most 

consequential developments in contemporary financial systems. Historically, creditworthiness was 

assessed through relatively stable indicators such as income, employment history, and repayment behavior, 

typically analyzed through linear statistical models that emphasized long-term averages and static profiles. 

These methods reflected the institutional realities of twentieth-century banking, where information was 

scarce, costly to process, and slow to update. In contrast, modern digital lending platforms operate in 

environments characterized by continuous data flows, rapid transaction cycles, and highly heterogeneous 

borrower populations. In such contexts, the logic of static risk assessment becomes increasingly inadequate, 
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giving rise to real-time, data-intensive, and algorithmically mediated forms of credit evaluation (Modadugu 

et al., 2025; Ampountolas et al., 2021). 

The integration of artificial intelligence into credit scoring is not simply a matter of replacing old models 

with new ones. Rather, it constitutes a deeper reconfiguration of how financial risk is conceptualized, 

operationalized, and governed. Real-time credit scoring systems draw upon streaming data from multiple 

sources, including transaction histories, digital footprints, and behavioral signals, to generate dynamic risk 

profiles that can be updated instantaneously. This shift from retrospective to prospective and continuously 

adaptive models of risk reflects a broader transition toward what can be described as algorithmic finance, 

in which computational systems increasingly mediate economic relationships (Magnuson, 2020; Modadugu 

et al., 2025). 

Within this emerging paradigm, credit scoring becomes an ongoing process rather than a discrete event. 

Borrowers are no longer evaluated only at the point of loan application but are continuously monitored and 

reclassified as new data become available. This dynamic approach promises significant efficiency gains, 

enabling lenders to respond more quickly to changes in borrower behavior and market conditions. At the 

same time, it raises profound questions about fairness, transparency, and accountability. When credit 

decisions are produced by complex machine learning models operating in real time, the traditional 

mechanisms of regulatory oversight and consumer protection are strained (Kim et al., 2020; Langenbucher, 

2020). 

The growing scholarly literature on AI-driven credit scoring reflects these tensions. On one hand, empirical 

studies demonstrate that machine learning models can outperform traditional credit scoring techniques in 

predicting default and optimizing portfolio performance (Ampountolas et al., 2021; Ashofteh and Bravo, 

2021). On the other hand, legal scholars and ethicists warn that opaque algorithms can entrench 

discrimination, undermine due process, and erode public trust in financial institutions (Langenbucher, 

2020; Kim et al., 2020). These debates are not merely theoretical but have direct implications for financial 

inclusion, economic growth, and social equity, particularly in developing and emerging economies where 

access to credit remains uneven (Ilugbusi et al., 2020; Modadugu et al., 2025). 

Real-time AI-based credit scoring, as articulated by Modadugu et al. (2025), represents a synthesis of 

advanced data processing architectures and machine learning algorithms designed to operate within high-

velocity digital lending environments. Their framework emphasizes the integration of real-time data 

streams, predictive analytics, and automated decision-making engines, enabling loan platforms to assess 

risk with unprecedented granularity and speed. This approach aligns with broader trends in artificial 

financial intelligence, in which financial institutions increasingly rely on algorithmic systems to manage 

uncertainty and allocate capital (Magnuson, 2020). 

Yet the adoption of real-time AI credit scoring also intersects with wider socio-technical systems, including 

regulatory regimes, consumer expectations, and infrastructural capacities. In liberalized financial markets, 

the expansion of digital credit platforms has been closely linked to economic growth and financial 

deepening, as observed in contexts such as Nigeria and other emerging economies (Ilugbusi et al., 2020). 

However, the very openness and dynamism that characterize these markets also create opportunities for 

exploitation, instability, and systemic risk if algorithmic systems are poorly governed (Modadugu et al., 

2025; Langenbucher, 2020). 

The problem that motivates this research is therefore not simply whether AI-based credit scoring works in 

a technical sense, but how it reshapes the institutional and normative foundations of credit markets. While 

existing studies have examined individual components of this transformation, such as machine learning 

models, explainability techniques, or legal frameworks, there remains a gap in integrative analyses that 

connect real-time AI credit scoring to broader questions of financial governance and social legitimacy. This 

article addresses that gap by developing a comprehensive theoretical account of how real-time AI-driven 

credit scoring operates as a socio-technical system embedded within economic, legal, and cultural contexts 

(Modadugu et al., 2025; Kim et al., 2020). 
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In doing so, the study builds on the premise that credit scoring is not a neutral technical activity but a form 

of social classification that has material consequences for individuals and communities. By assigning risk 

scores to borrowers, algorithmic systems effectively determine who has access to financial resources and 

on what terms. As such, the design and governance of these systems are inherently political, reflecting 

particular values, priorities, and power relations (Langenbucher, 2020; Magnuson, 2020). The rise of real-

time AI credit scoring thus demands not only technical innovation but also renewed attention to ethical and 

regulatory frameworks capable of ensuring that algorithmic finance serves the broader public interest. 

This article contributes to the literature by synthesizing insights from finance, machine learning, legal 

studies, and information systems to produce a holistic account of real-time AI-based credit scoring. By 

situating the model proposed by Modadugu et al. (2025) within a wider scholarly and institutional 

landscape, the study offers a nuanced understanding of both the opportunities and risks associated with 

algorithmic lending. The remainder of the paper elaborates this argument through a detailed 

methodological discussion, interpretive analysis of findings, and extended theoretical debate on the future 

of credit in the age of artificial intelligence. 

METHODOLOGY 

The methodological approach adopted in this study is grounded in integrative theoretical analysis and 

qualitative synthesis of existing scholarly research. Given the complexity and novelty of real-time AI-driven 

credit scoring systems, a purely quantitative or experimental methodology would be insufficient to capture 

the multi-dimensional nature of the phenomenon. Instead, this research employs a conceptual and 

interpretive framework that draws upon diverse bodies of literature in order to construct a coherent 

analytical narrative (Modadugu et al., 2025; Ampountolas et al., 2021). 

At the core of this methodology is the principle that technological systems cannot be understood in isolation 

from the institutional, legal, and social environments in which they operate. Real-time AI-based credit 

scoring, as described by Modadugu et al. (2025), is not merely an algorithmic artifact but a socio-technical 

assemblage that includes data infrastructures, organizational practices, regulatory norms, and user 

behaviors. To analyze such systems, it is therefore necessary to integrate perspectives from multiple 

disciplines, including financial economics, artificial intelligence, and legal studies (Magnuson, 2020; 

Langenbucher, 2020). 

The first step in the methodological process involved the systematic identification and interpretation of 

relevant scholarly sources from the provided reference list. These sources were selected because they 

collectively address the key dimensions of AI-driven credit scoring, including predictive modeling, 

transparency, legal compliance, and economic impact. By reading these works in dialogue with one another, 

it becomes possible to identify underlying theoretical assumptions, points of convergence, and areas of 

disagreement (Kim et al., 2020; Ampountolas et al., 2021). 

The conceptual framework for this study is anchored in the real-time credit scoring architecture proposed 

by Modadugu et al. (2025), which serves as the primary analytical lens through which other findings are 

interpreted. Their model emphasizes continuous data ingestion, machine learning-based risk prediction, 

and automated decision-making, providing a concrete reference point for evaluating both technical and 

institutional implications. Rather than treating this model as a fixed blueprint, however, the methodology 

involves critically examining its assumptions and situating it within broader debates about responsible AI 

and financial governance (Langenbucher, 2020; Kim et al., 2020). 

A key methodological choice in this research is the reliance on descriptive and interpretive analysis rather 

than mathematical or statistical modeling. This choice reflects the constraints of the study but also aligns 

with its theoretical objectives. The aim is not to replicate or validate specific predictive models but to 

understand how real-time AI credit scoring reshapes the logic of risk assessment and institutional 

accountability. Descriptive analysis allows for a detailed exploration of how different components of the 

system interact and how they are perceived by various stakeholders (Modadugu et al., 2025; Magnuson, 

2020). 
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Another important aspect of the methodology is the comparative analysis of different scholarly 

perspectives. For example, studies that emphasize the efficiency and accuracy of machine learning-based 

credit scoring are examined alongside works that highlight the risks of algorithmic bias and legal non-

compliance. By juxtaposing these viewpoints, the study seeks to develop a balanced and critical 

understanding of the trade-offs inherent in AI-driven lending (Ampountolas et al., 2021; Langenbucher, 

2020). 

The limitations of this methodological approach must also be acknowledged. Because the study relies on 

secondary sources and theoretical interpretation, it cannot provide direct empirical validation of specific 

claims about model performance or market outcomes. However, this limitation is offset by the depth and 

breadth of the analysis, which allows for a more holistic understanding of the phenomenon. Moreover, the 

focus on real-time AI credit scoring as a conceptual and institutional innovation means that theoretical 

insight is particularly valuable, as the field is still evolving and empirical data remain fragmented 

(Modadugu et al., 2025; Magnuson, 2020). 

In summary, the methodology of this study is designed to capture the complexity of real-time AI-driven 

credit scoring by integrating diverse scholarly perspectives into a coherent analytical framework. Through 

careful interpretation of existing research and critical engagement with the model proposed by Modadugu 

et al. (2025), the study provides a robust foundation for the subsequent analysis of results and theoretical 

discussion. 

RESULTS 

The interpretive analysis of existing literature reveals several interconnected patterns that characterize the 

operation and impact of real-time AI-based credit scoring systems. One of the most significant findings is 

the consistent observation that machine learning models, when integrated with real-time data processing 

architectures, exhibit superior predictive capabilities compared to traditional credit scoring methods 

(Ampountolas et al., 2021; Ashofteh and Bravo, 2021). This enhanced performance is attributed to the 

ability of AI systems to identify complex, non-linear relationships within large and continuously updated 

datasets, a capability that aligns closely with the framework articulated by Modadugu et al. (2025). 

In practical terms, this means that real-time AI credit scoring platforms can dynamically adjust risk 

assessments as new information becomes available. For example, changes in a borrower’s transaction 

behavior, employment status, or digital activity can be incorporated into the model almost instantaneously, 

leading to more responsive and context-sensitive lending decisions. This real-time adaptability represents 

a fundamental departure from static scoring systems, which typically rely on periodic updates and lagging 

indicators (Modadugu et al., 2025; Ampountolas et al., 2021). 

Another important result emerging from the literature is the increasing centrality of data processing 

infrastructures in shaping credit outcomes. Real-time AI systems depend not only on sophisticated 

algorithms but also on the seamless integration of data pipelines that can collect, clean, and analyze 

information at high speed. This infrastructural dimension is often underappreciated in discussions of 

algorithmic finance, yet it is crucial for the reliability and scalability of real-time credit scoring (Modadugu 

et al., 2025; Magnuson, 2020). 

The literature also indicates that real-time AI credit scoring has significant implications for financial 

inclusion. By leveraging alternative data sources, such as mobile phone usage or e-commerce activity, AI-

based systems can evaluate borrowers who lack traditional credit histories. This expands access to credit 

for underserved populations, particularly in emerging markets where formal financial records are scarce 

(Ilugbusi et al., 2020; Modadugu et al., 2025). However, the same mechanisms that enable inclusion can also 

produce new forms of exclusion if data quality is uneven or if algorithms inadvertently encode social biases 

(Langenbucher, 2020; Kim et al., 2020). 

A further result concerns the growing importance of explainability and transparency in AI-driven lending. 

Studies on explainable artificial intelligence demonstrate that stakeholders, including regulators and 

consumers, increasingly demand insight into how algorithmic decisions are made (Kim et al., 2020; Hu et 
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al., 2021). Real-time credit scoring systems, with their complex and adaptive models, pose particular 

challenges in this regard. While they offer greater predictive power, they also tend to be less interpretable, 

creating tensions between efficiency and accountability (Modadugu et al., 2025; Langenbucher, 2020). 

The literature further suggests that legal and regulatory frameworks are struggling to keep pace with the 

rapid evolution of AI-based credit scoring. Traditional financial regulations were designed for human 

decision-makers and static models, making them ill-suited to govern autonomous, real-time systems. This 

regulatory lag creates uncertainty for both lenders and borrowers, as the boundaries of liability and 

compliance become increasingly blurred (Langenbucher, 2020; Magnuson, 2020). 

Taken together, these results paint a picture of real-time AI credit scoring as a powerful but contested 

innovation. Its technical advantages in terms of accuracy and efficiency are widely acknowledged, yet its 

broader social and institutional implications remain deeply ambiguous. The model proposed by Modadugu 

et al. (2025) captures this duality by highlighting both the operational benefits of real-time data processing 

and the need for robust governance mechanisms to ensure responsible use. 

DISCUSSION 

The findings of this study invite a deeper theoretical reflection on the nature of credit, risk, and governance 

in the age of artificial intelligence. At a fundamental level, real-time AI-based credit scoring challenges the 

traditional epistemology of financial risk by replacing static, historically grounded assessments with 

dynamic, forward-looking predictions. This shift reflects a broader transformation in how uncertainty is 

managed within digital economies, where continuous data flows enable increasingly granular and adaptive 

forms of control (Modadugu et al., 2025; Magnuson, 2020). 

From a financial theory perspective, the move toward real-time credit scoring can be interpreted as an 

attempt to align lending decisions more closely with the actual behavior and circumstances of borrowers. 

By continuously updating risk profiles, AI systems reduce information asymmetries and potentially lower 

the cost of capital. This efficiency gain is particularly significant in liberalized financial markets, where 

competition and innovation are key drivers of economic growth (Ilugbusi et al., 2020; Ampountolas et al., 

2021). However, efficiency alone cannot be the sole criterion for evaluating the success of algorithmic 

lending systems. 

Legal and ethical considerations play an equally important role in shaping the legitimacy of AI-driven credit 

scoring. As Langenbucher (2020) argues, responsible AI in finance requires that algorithmic decisions be 

subject to clear rules of accountability and due process. In real-time systems, where decisions are made 

automatically and at high speed, ensuring compliance with these principles becomes more complex. The 

opacity of machine learning models, particularly deep neural networks, further complicates efforts to 

provide meaningful explanations to affected individuals (Kim et al., 2020; Hu et al., 2021). 

The tension between predictive accuracy and interpretability is one of the central dilemmas of AI-based 

credit scoring. On one hand, more complex models tend to produce better predictions, enhancing the 

financial performance of lending platforms. On the other hand, these same models are harder to explain and 

audit, increasing the risk of discriminatory or erroneous outcomes going undetected (Modadugu et al., 

2025; Langenbucher, 2020). This trade-off suggests that purely technical solutions are insufficient; instead, 

hybrid governance models that combine algorithmic decision-making with human oversight and regulatory 

supervision are needed. 

Another critical dimension of the discussion concerns the social implications of real-time credit scoring. By 

incorporating alternative data sources into risk assessments, AI systems can extend credit to individuals 

who were previously excluded from formal financial markets. This has the potential to promote financial 

inclusion and support economic development, particularly in regions with limited banking infrastructure 

(Ilugbusi et al., 2020; Modadugu et al., 2025). However, the use of digital footprints and behavioral data also 

raises concerns about privacy, surveillance, and the commodification of personal information (Magnuson, 

2020; Kim et al., 2020). 

https://scientiamreearch.org/index.php/ijefms


https://scientiamreearch.org/index.php/ijefms 
 

 

COLOMBO SCIENTIFIC PUBLISHING 
 

 

41 

The broader debate about artificial financial intelligence underscores the need to view AI-driven credit 

scoring not merely as a technical innovation but as a new form of institutional power. Algorithms 

increasingly mediate access to economic opportunities, shaping life chances in ways that are often invisible 

to those affected. This concentration of epistemic and decision-making authority in computational systems 

poses challenges for democratic accountability and social trust (Magnuson, 2020; Langenbucher, 2020). 

In this context, the framework proposed by Modadugu et al. (2025) can be seen as both a technological 

blueprint and a normative intervention. By emphasizing real-time data processing and integrated risk 

analysis, their model highlights the potential for AI to enhance the responsiveness and inclusivity of credit 

markets. At the same time, it implicitly calls for new forms of governance capable of managing the risks 

associated with algorithmic decision-making. 

Future research should therefore focus not only on improving the technical performance of AI-based credit 

scoring models but also on developing institutional arrangements that can ensure their responsible use. 

This includes exploring regulatory sandboxes, auditing mechanisms, and participatory design processes 

that involve consumers and civil society in the governance of algorithmic finance (Langenbucher, 2020; Kim 

et al., 2020). 

CONCLUSION 

Real-time artificial intelligence-driven credit scoring represents a profound transformation in the way 

financial risk is assessed, managed, and governed. By integrating continuous data processing with advanced 

machine learning models, digital lending platforms can generate highly adaptive and context-sensitive risk 

profiles, as demonstrated by the framework developed by Modadugu et al. (2025). This innovation offers 

significant benefits in terms of predictive accuracy, operational efficiency, and financial inclusion. At the 

same time, it introduces new challenges related to transparency, accountability, and social equity. 

This study has shown that the future of AI-based credit scoring cannot be understood solely through a 

technical lens. Instead, it must be situated within a broader socio-technical and institutional context that 

includes legal frameworks, ethical norms, and economic structures. By synthesizing insights from diverse 

scholarly traditions, the article provides a comprehensive understanding of how real-time AI credit scoring 

reshapes the foundations of modern finance. 

Ultimately, the sustainability and legitimacy of algorithmic lending will depend on the ability of societies to 

balance innovation with responsibility. As real-time AI systems become increasingly central to financial 

decision-making, the development of robust governance frameworks will be essential to ensure that the 

benefits of digital finance are widely shared and that the risks of algorithmic power are effectively managed 

(Modadugu et al., 2025; Langenbucher, 2020). 
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