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ABSTRACT 

The rapid expansion of digital lending platforms across both developed and emerging economies has fundamentally 

transformed the architecture of credit markets, particularly in segments traditionally excluded from formal banking 

systems. This transformation has been driven not merely by the migration of financial services to online channels but 

by the convergence of real time data processing, artificial intelligence driven credit scoring, and the incorporation of 

alternative data streams into risk evaluation processes. Traditional credit scoring methods, grounded in historical 

repayment records and static financial ratios, are increasingly inadequate for the realities of platform based lending 

where borrowers often have thin or nonexistent credit files, incomes are volatile, and financial behaviors are 

embedded in complex digital ecosystems. The need for more responsive, inclusive, and analytically robust credit risk 

frameworks has therefore become a defining challenge of contemporary financial innovation. Against this backdrop, 

this article develops an original, theoretically integrated, and empirically grounded framework for understanding how 

real time artificial intelligence driven credit scoring systems reshape risk assessment, borrower inclusion, and 

institutional decision making in digital loan platforms. 

Drawing on a wide range of literature on technology acceptance, financial inclusion, credit risk modeling, 

organizational use of artificial intelligence, and regulatory governance, this study situates real time credit scoring 

within broader debates about digital transformation and socio technical change. The work is anchored in the recent 

contribution by Modadugu, Venkata, and Venkata, who demonstrate how real time artificial intelligence architectures 

can continuously update borrower risk profiles by integrating transactional, behavioral, and contextual data streams 

in digital loan platforms (Modadugu et al., 2025). Their findings provide a critical reference point for examining how 

the move from batch based to continuous credit evaluation alters both the epistemology of risk and the operational 

practices of lenders. Rather than treating creditworthiness as a static attribute, real time systems conceptualize it as a 

dynamic and evolving construct, continuously recalibrated through machine learning models that absorb new 

information as it is generated. 

By integrating these diverse strands into a single coherent framework, the article demonstrates that real time artificial 

intelligence driven credit scoring is not merely a technical upgrade but a profound reconfiguration of how 

creditworthiness is defined, measured, and governed. The study concludes that the future of digital lending will 

depend not only on algorithmic sophistication but also on institutional trust, regulatory alignment, and ethical 

stewardship of data. In doing so, it offers scholars, practitioners, and policymakers a deep and theoretically grounded 

understanding of one of the most consequential developments in contemporary financial systems. 
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INTRODUCTION  

The evolution of credit markets has always been 

inseparable from the technologies used to record, 

interpret, and act upon information about borrowers. 

From the early ledger based systems of merchant 

banking to the statistical credit bureaus of the twentieth 

century, each technological regime has produced its own 

epistemology of risk and its own social boundaries of 
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inclusion and exclusion. In the contemporary era, digital 

platforms, artificial intelligence, and real time data 

processing have combined to produce a qualitatively 

new regime of credit evaluation that challenges many of 

the foundational assumptions of traditional lending. 

Nowhere is this transformation more visible than in the 

rise of digital loan platforms that use automated, 

continuously updated credit scoring systems to make 

lending decisions within seconds, often without human 

intervention. These platforms, which operate both within 

and outside the formal banking sector, are redefining 

who can access credit, on what terms, and according to 

what logic, a process that has profound implications for 

financial inclusion, market stability, and social equity 

(BIS, 2018; ICCR, 2017). 

The intellectual roots of credit scoring lie in the 

statistical modeling of default risk, which emerged in 

response to the growing scale and complexity of 

consumer lending in the postwar period. Early models 

relied heavily on demographic and financial variables, 

such as income, employment stability, and past 

repayment behavior, to estimate the probability that a 

borrower would default (Crook et al., 2007). While these 

models improved the consistency and transparency of 

lending decisions, they also reproduced existing 

inequalities, as access to formal credit histories was 

unevenly distributed across populations. The advent of 

digital finance has both intensified and destabilized this 

dynamic. On the one hand, the proliferation of electronic 

payment systems, mobile banking, and online commerce 

has generated vast quantities of behavioral data that can 

be used to infer financial reliability even in the absence 

of traditional credit records (World Bank, 2016; Findex, 

2021). On the other hand, the sheer volume and velocity 

of this data have made manual or batch based processing 

impractical, creating a demand for automated and 

adaptive analytical systems. 

Artificial intelligence, particularly in the form of 

machine learning algorithms, has emerged as the 

dominant technological response to this challenge. By 

identifying complex, nonlinear patterns in large datasets, 

these algorithms promise to deliver more accurate and 

more inclusive assessments of creditworthiness than 

traditional statistical models (Belanche et al., 2019; 

Awotunde et al., 2022). Yet the move toward artificial 

intelligence driven credit scoring is not simply a matter 

of technical efficiency. It also raises fundamental 

questions about transparency, accountability, and the 

distribution of power between lenders, borrowers, and 

regulators. As Modadugu et al. (2025) argue, the 

integration of real time artificial intelligence into loan 

platforms transforms credit scoring from a periodic 

evaluative process into a continuous monitoring system, 

in which borrowers are constantly being reassessed 

based on their ongoing digital behaviors. This shift alters 

not only how risk is calculated but also how borrowers 

experience and respond to the credit relationship itself. 

The theoretical significance of this transformation can be 

illuminated by drawing on the technology acceptance 

model, which posits that the adoption of new 

information systems depends on users perceptions of 

their usefulness and ease of use (Davis, 1989). In the 

context of digital lending, these perceptions apply not 

only to end users such as borrowers but also to 

organizational actors such as loan officers, risk 

managers, and platform developers. Studies of mobile 

banking and financial service adoption have consistently 

shown that perceived usefulness, perceived ease of use, 

and perceived risk play a central role in shaping whether 

individuals and organizations embrace new financial 

technologies (Alalwan et al., 2016; Al Somali et al., 

2009; Chan, 2004). Real time artificial intelligence 

driven credit scoring systems promise unprecedented 

usefulness in terms of speed, accuracy, and scalability, 

but they also introduce new forms of complexity and 

opacity that can undermine trust and acceptance, 

particularly when decisions appear arbitrary or unfair. 

At the same time, organizational perspectives on 

artificial intelligence emphasize that the successful 

deployment of such systems depends on how they are 

embedded in existing workflows, cultures, and 

governance structures. Dabbous et al. (2022) show that 

employees perceptions of artificial intelligence are 

shaped by their sense of empowerment, job security, and 

alignment with organizational goals. In banking and 

fintech contexts, artificial intelligence based credit 

scoring systems must be integrated with legacy systems, 

regulatory reporting requirements, and customer 

relationship management processes, a challenge that has 

been explored in the literature on service oriented 

architectures and strategic information systems 

(Baskerville et al., 2010). The move toward real time 

processing further complicates this integration, as it 

requires not only technical interoperability but also 

organizational readiness to act on continuously updated 

risk signals. 

Another critical dimension of contemporary credit 

scoring is the use of alternative data, which refers to 

information not traditionally included in credit reports, 

such as utility payments, mobile phone usage, social 

media activity, and e commerce transactions. Proponents 

argue that alternative data can dramatically expand 

access to credit by providing evidence of financial 

behavior for individuals and small enterprises that lack 

formal credit histories (ICCR, 2018; Oliver Wyman, 

2017). This promise has been particularly salient in 

emerging markets, where large segments of the 

population operate in the informal economy and are 

therefore invisible to conventional credit bureaus 

(Korovkin, 2019). Digital loan platforms, which are 

often built around mobile applications and electronic 

payment systems, are uniquely positioned to collect and 

analyze such data in real time, enabling them to serve 

previously excluded borrowers (World Economic 
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Forum, 2022). 

However, the use of alternative data also raises 

significant ethical and regulatory concerns. Critics argue 

that such data can encode and amplify social biases, 

leading to discriminatory outcomes that are difficult to 

detect and challenge (NCLC, 2022). Moreover, the 

opacity of machine learning models makes it difficult for 

borrowers to understand why they were denied credit or 

offered unfavorable terms, undermining principles of 

procedural fairness and due process (CFPB, 2019). 

These concerns are particularly acute in real time 

systems, where decisions are made and updated so 

rapidly that traditional mechanisms of oversight and 

appeal may be ineffective. The interagency guidance on 

alternative data underscores the need for transparency, 

consumer protection, and compliance with fair lending 

laws, even as innovation is encouraged (CFPB, 2019; 

ICCR, 2018). 

Despite the growing body of research on artificial 

intelligence, alternative data, and digital finance, 

significant gaps remain in our understanding of how 

these elements interact in real time credit scoring 

systems. Much of the existing literature focuses either on 

the technical performance of machine learning models or 

on user adoption of digital financial services, without 

fully integrating these perspectives into a coherent 

account of institutional change. Studies of neural 

network based credit scoring, for example, have 

demonstrated superior predictive accuracy compared to 

traditional methods (Blanco et al., 2013), but they often 

treat the organizational and regulatory context as a black 

box. Conversely, research on mobile banking and fintech 

adoption has explored psychological and cultural factors 

but has paid relatively little attention to the underlying 

analytics that drive lending decisions (Adjei et al., 2020; 

Curran and Meuter, 2007). 

The contribution by Modadugu et al. (2025) represents 

an important step toward bridging this gap by explicitly 

focusing on the integration of artificial intelligence and 

real time data processing in loan platforms. Their work 

highlights how continuous data ingestion and machine 

learning enable dynamic risk profiling, which in turn 

supports more flexible and responsive lending strategies. 

However, their study, like much of the existing 

literature, leaves open broader questions about how such 

systems reshape financial inclusion, organizational 

practices, and regulatory governance across different 

institutional environments. There is a need for a more 

comprehensive theoretical and methodological 

framework that can capture the multi level dynamics of 

real time credit scoring, from algorithmic design to user 

perception to policy implications. 

The present study addresses this need by developing an 

original, integrative analysis of real time artificial 

intelligence driven credit scoring in digital loan 

platforms. Building on insights from credit risk 

modeling, technology acceptance, organizational 

studies, and financial regulation, it seeks to answer three 

interrelated questions. First, how do real time artificial 

intelligence systems transform the conceptualization and 

measurement of credit risk in digital lending? Second, 

how does the integration of alternative data affect 

financial inclusion, fairness, and market efficiency? 

Third, what organizational and institutional factors 

mediate the adoption, use, and impact of these systems? 

By situating these questions within a broad and deeply 

theorized literature, the study aims to provide a richer 

understanding of one of the most consequential 

developments in contemporary finance (Belanche et al., 

2019; Modadugu et al., 2025). 

METHODOLOGY 

The methodological framework of this study is designed 

to capture the complex, multi dimensional nature of real 

time artificial intelligence driven credit scoring in digital 

loan platforms. Because the phenomenon under 

investigation spans technological, organizational, 

behavioral, and regulatory domains, a purely technical or 

purely behavioral methodology would be insufficient to 

provide a comprehensive account. Instead, this research 

adopts an integrative, mixed theoretical approach 

grounded in interpretive analysis, structural modeling, 

and comparative institutional reasoning. This approach 

is consistent with the view that financial technologies are 

socio technical systems whose effects emerge from the 

interaction of algorithms, data, organizational practices, 

and user perceptions (Baskerville et al., 2010; Dabbous 

et al., 2022). 

At the core of the methodological design is the 

conceptualization of real time credit scoring as a 

dynamic process rather than a static outcome. 

Traditional credit scoring studies often rely on cross 

sectional datasets and retrospective validation of 

predictive accuracy (Crook et al., 2007; Blanco et al., 

2013). While such approaches are valuable for 

evaluating model performance, they are less suited to 

understanding how credit risk is continuously 

constructed and reconstructed in real time systems. 

Following the insights of Modadugu et al. (2025), this 

study treats credit scores as evolving representations of 

borrower behavior, shaped by ongoing data flows and 

machine learning updates. Methodologically, this 

implies a focus on processes, feedback loops, and 

institutional responses rather than on single point 

predictions. 

To operationalize this perspective, the study draws on 

three interrelated methodological components. The first 

is a structural equation modeling based framework for 

analyzing the relationships between technology 

characteristics, user perceptions, organizational 

adoption, and perceived outcomes. Structural equation 
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modeling has been widely used in information systems 

and technology adoption research because it allows for 

the simultaneous estimation of multiple causal pathways 

and latent constructs (Chin and Newsted, 1999; 

Aburayya et al., 2023). In the context of digital lending, 

this approach enables the modeling of how perceived 

usefulness, ease of use, and perceived risk influence the 

acceptance and utilization of artificial intelligence based 

credit scoring systems, both by organizational users and 

by borrowers (Davis, 1989; Alalwan et al., 2016). 

The second methodological component is an interpretive 

analysis of alternative data and machine learning 

practices as institutional phenomena. Rather than 

treating data as neutral inputs, this perspective 

recognizes that what counts as relevant data, how it is 

collected, and how it is weighted are all shaped by 

organizational strategies, regulatory constraints, and 

cultural norms (ICCR, 2018; NCLC, 2022). Drawing on 

policy documents and industry reports, such as those 

produced by the World Bank, the Bank for International 

Settlements, and national regulators, the study examines 

how different institutional environments frame the 

opportunities and risks of alternative data driven credit 

scoring (World Bank, 2016; BIS, 2018; CFPB, 2019). 

This interpretive dimension is essential for 

understanding why similar technologies can have 

different effects in different contexts. 

The third methodological component is a comparative 

theoretical synthesis that brings together insights from 

credit risk modeling, financial inclusion studies, and 

organizational theory. By systematically comparing 

findings across these literatures, the study identifies 

patterns, tensions, and gaps that inform the development 

of an integrated framework. For example, the predictive 

gains of neural network based credit models documented 

by Blanco et al. (2013) can be contrasted with the user 

trust and transparency concerns highlighted in fintech 

adoption studies (Belanche et al., 2019; Adjei et al., 

2020). Similarly, the inclusionary potential of alternative 

data emphasized by ICCR (2018) can be juxtaposed with 

the cautions raised by consumer advocates and 

regulators (NCLC, 2022; CFPB, 2019). This 

comparative synthesis allows the study to move beyond 

disciplinary silos and to articulate a more holistic 

account of real time credit scoring. 

In practical terms, the methodological narrative of this 

research proceeds through a series of analytical steps. 

First, the key constructs relevant to real time artificial 

intelligence driven credit scoring are identified and 

defined. These include technological constructs such as 

algorithmic adaptability, data velocity, and model 

transparency; user related constructs such as perceived 

usefulness, perceived ease of use, and trust; 

organizational constructs such as integration with 

existing systems, governance structures, and strategic 

alignment; and outcome constructs such as predictive 

accuracy, financial inclusion, and portfolio performance 

(Davis, 1989; Dabbous et al., 2022; Modadugu et al., 

2025). Each construct is grounded in the existing 

literature to ensure conceptual validity. 

Second, the relationships among these constructs are 

theorized based on prior empirical and theoretical work. 

For example, it is posited that higher levels of 

algorithmic adaptability and real time data integration 

will increase perceived usefulness by enabling faster and 

more accurate credit decisions (Belanche et al., 2019; 

Modadugu et al., 2025). At the same time, greater model 

complexity and reliance on alternative data may increase 

perceived risk and reduce trust, particularly if 

transparency is low (CFPB, 2019; NCLC, 2022). These 

hypothesized relationships form the basis of a 

conceptual structural model that captures the core 

dynamics of real time credit scoring. 

Third, the study adopts a narrative synthesis approach to 

integrate findings from diverse empirical studies and 

policy analyses. Because the research does not rely on a 

single proprietary dataset but rather on the cumulative 

evidence provided by the referenced literature, the 

emphasis is on triangulation and interpretive coherence 

rather than on statistical inference. This approach is 

particularly appropriate for a field that is rapidly 

evolving and where access to granular platform level 

data is often restricted due to commercial and regulatory 

considerations (BIS, 2018; PYMNTS, 2022). By 

weaving together evidence from multiple sources, the 

study seeks to provide a robust and credible account of 

emerging patterns and trends. 

The limitations of this methodological approach must 

also be acknowledged. The reliance on secondary 

sources and theoretical synthesis means that the findings 

are necessarily interpretive rather than definitive. While 

structural equation modeling provides a powerful 

framework for conceptualizing relationships among 

variables, the absence of original survey or transactional 

data limits the ability to estimate parameters or test 

hypotheses in a strict statistical sense (Chin and 

Newsted, 1999). Moreover, the rapid pace of 

technological change in artificial intelligence and digital 

finance means that any snapshot of current practices may 

quickly become outdated (Consultants M, 2022; 

PYMNTS, 2022). Nevertheless, by grounding the 

analysis in a broad and carefully curated body of 

literature, the study aims to produce insights that are both 

theoretically meaningful and practically relevant. 

RESULTS 

The results of this integrative analysis reveal a complex 

and multi layered pattern of effects associated with the 

adoption of real time artificial intelligence driven credit 

scoring in digital loan platforms. Rather than producing 

a single, uniform outcome, these systems reshape credit 
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markets along several interrelated dimensions, including 

predictive performance, user experience, organizational 

processes, and inclusionary reach. Consistent with the 

findings of Modadugu et al. (2025), the most salient 

result is the transformation of credit risk assessment 

from a periodic, document based evaluation into a 

continuous, behaviorally grounded process. This shift 

has profound implications for how risk is understood and 

managed within digital lending ecosystems. 

One of the most significant outcomes is the enhancement 

of predictive accuracy and responsiveness. Studies of 

neural network and machine learning based credit 

models have long suggested that these techniques can 

capture nonlinear relationships and subtle patterns that 

traditional logistic regression models miss (Blanco et al., 

2013; Crook et al., 2007). When these models are 

embedded in real time data processing architectures, as 

described by Modadugu et al. (2025), their predictive 

power is further amplified by the constant inflow of new 

information. Borrower behaviors such as payment 

timing, transaction frequency, and even changes in 

digital engagement can be incorporated into risk scores 

almost instantaneously, allowing lenders to adjust credit 

limits, interest rates, or collection strategies in near real 

time. This dynamic recalibration reduces the lag between 

behavioral change and risk recognition, potentially 

lowering default rates and improving portfolio stability 

(Awotunde et al., 2022). 

From the perspective of organizational users, such as 

risk managers and loan officers, this increased analytical 

sophistication is generally perceived as highly useful, a 

finding that aligns with the technology acceptance 

literature (Davis, 1989; Alalwan et al., 2016). The ability 

to monitor portfolio risk continuously and to intervene 

proactively in emerging problem cases enhances 

managerial control and supports more granular risk 

based pricing strategies. In fintech environments, where 

margins can be thin and competition intense, these 

capabilities are particularly valuable (Belanche et al., 

2019). However, the results also indicate that this 

perceived usefulness is contingent on the system’s 

integration with existing workflows and information 

systems. Where artificial intelligence driven scoring 

tools are poorly aligned with organizational processes or 

require extensive manual overrides, their benefits are 

attenuated, echoing findings from studies of enterprise 

system adoption (Baskerville et al., 2010; Dabbous et al., 

2022). 

Another major result concerns the impact of alternative 

data on borrower inclusion and segmentation. Policy 

oriented studies have emphasized that incorporating 

nontraditional data sources, such as utility payments, 

mobile phone usage, and digital transaction histories, 

can significantly expand access to credit for individuals 

and small enterprises that lack formal credit histories 

(ICCR, 2018; World Bank, 2016). The present analysis 

supports this view, showing that real time artificial 

intelligence systems are particularly well suited to 

leveraging such data because they can process large, 

heterogeneous datasets and update risk assessments as 

new behaviors are observed (Modadugu et al., 2025; 

Oliver Wyman, 2017). As a result, digital loan platforms 

are able to serve segments of the population that were 

previously excluded from formal credit markets, 

contributing to broader goals of financial inclusion 

(Findex, 2021; World Economic Forum, 2022). 

At the same time, the results highlight important trade 

offs associated with the use of alternative data. While 

these data sources can provide valuable signals about 

financial reliability, they also introduce new forms of 

noise, bias, and potential discrimination. For example, 

patterns of mobile phone usage or online behavior may 

correlate with socioeconomic status, gender, or 

geographic location in ways that are not directly related 

to creditworthiness (NCLC, 2022). Machine learning 

models trained on such data may inadvertently 

reproduce or even amplify existing inequalities, a risk 

that is compounded by the opacity of many artificial 

intelligence algorithms (CFPB, 2019). The real time 

nature of these systems further complicates matters, as 

biased or erroneous signals can propagate quickly 

through automated decision processes, affecting large 

numbers of borrowers before they are detected and 

corrected (Modadugu et al., 2025). 

User perceptions of these systems, both among 

borrowers and organizational actors, emerge as another 

critical set of results. Consistent with studies of mobile 

banking and fintech adoption, perceived ease of use and 

trust play a central role in shaping acceptance (Chan, 

2004; Adjei et al., 2020). Borrowers are more likely to 

engage with digital loan platforms when the application 

process is simple, transparent, and responsive, and when 

credit decisions are perceived as fair and predictable 

(Curran and Meuter, 2007; Al Somali et al., 2009). Real 

time artificial intelligence driven scoring can enhance 

these perceptions by providing rapid feedback and 

reducing the need for cumbersome documentation, but it 

can also undermine them if decisions appear arbitrary or 

if users do not understand how their data are being used 

(Belanche et al., 2019; CFPB, 2019). 

Finally, the results indicate that regulatory and 

institutional frameworks play a decisive role in shaping 

the outcomes of real time credit scoring. In jurisdictions 

with clear guidelines on data protection, fair lending, and 

model governance, digital loan platforms are more likely 

to deploy artificial intelligence in ways that balance 

innovation with consumer protection (ICCR, 2018; 

CFPB, 2019). Conversely, in environments with weak or 

ambiguous regulation, there is a greater risk of abusive 

practices, such as excessive data harvesting, opaque 

pricing, and discriminatory targeting, which can 

undermine trust in digital finance as a whole (BIS, 2018; 
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NCLC, 2022). These findings underscore the importance 

of aligning technological innovation with robust 

institutional oversight. 

DISCUSSION 

The results of this study invite a deep and multifaceted 

discussion of what real time artificial intelligence driven 

credit scoring means for the future of finance, for the 

theory of credit risk, and for the broader social contract 

between lenders and borrowers. At a theoretical level, 

the move toward continuous, data intensive risk 

assessment challenges the very notion of 

creditworthiness as a stable attribute. Traditional credit 

scoring systems, whether based on expert judgment or 

statistical models, have treated risk as something that can 

be estimated at discrete points in time based on relatively 

slow moving variables such as income, employment, and 

past repayment behavior (Crook et al., 2007). Real time 

systems, by contrast, conceptualize risk as a dynamic 

process, constantly updated as new data are generated, a 

shift that is vividly illustrated in the work of Modadugu 

et al. (2025). This reconceptualization has far reaching 

implications for how credit relationships are structured 

and experienced. 

From the perspective of financial theory, continuous risk 

assessment blurs the boundary between underwriting 

and monitoring. In traditional lending, underwriting is a 

front loaded process that determines whether a loan is 

granted and on what terms, while monitoring occurs 

after disbursement to ensure compliance and detect 

problems. Real time artificial intelligence driven 

systems collapse this distinction by embedding 

monitoring into the very fabric of the credit contract. 

Borrowers are effectively being underwritten anew with 

every transaction, every payment, and every change in 

digital behavior (Modadugu et al., 2025). This can lead 

to more efficient risk management, as lenders can 

intervene early when problems arise, but it also creates a 

more intrusive and potentially precarious form of credit, 

in which access and terms are constantly subject to 

revision. 

The integration of alternative data into this real time 

framework further complicates the picture. On the one 

hand, alternative data represent a powerful tool for 

overcoming the informational barriers that have 

historically excluded millions of people from formal 

credit markets (ICCR, 2018; Oliver Wyman, 2017). By 

drawing on digital footprints that reflect everyday 

economic activity, lenders can infer reliability and 

capacity to repay even in the absence of formal 

documentation. This aligns with the broader agenda of 

digital financial inclusion promoted by international 

organizations and development agencies (World Bank, 

2016; Findex, 2021). On the other hand, the same data 

can be used to create highly granular and potentially 

discriminatory profiles of borrowers, raising questions 

about privacy, autonomy, and social justice (NCLC, 

2022; CFPB, 2019). 

The technology acceptance literature provides a useful 

lens for understanding how these tensions play out at the 

level of individual and organizational behavior. 

According to Davis (1989), users are more likely to 

adopt new technologies when they perceive them as 

useful and easy to use. In the context of real time credit 

scoring, usefulness is often evident in the form of faster 

decisions, more flexible credit products, and improved 

risk management (Belanche et al., 2019; Modadugu et 

al., 2025). Ease of use is reflected in streamlined 

application processes and automated approvals, which 

reduce friction for both borrowers and lenders (Chan, 

2004; Alalwan et al., 2016). However, perceived risk and 

trust are equally important, particularly in financial 

contexts where the stakes are high and the consequences 

of error or abuse can be severe (Adjei et al., 2020; Al 

Somali et al., 2009). 

Trust, in turn, is closely linked to transparency and 

accountability. Many artificial intelligence models, 

especially those based on deep learning, are notoriously 

difficult to interpret, making it hard for users to 

understand why a particular decision was made 

(Belanche et al., 2019; CFPB, 2019). In real time 

systems, where decisions are updated continuously and 

automatically, this opacity can be even more troubling, 

as borrowers may experience sudden changes in credit 

limits or pricing without clear explanation. 

Organizational users, too, may struggle to reconcile 

algorithmic outputs with their own professional 

judgment, leading to tension and resistance (Dabbous et 

al., 2022). These challenges highlight the need for 

explainable artificial intelligence and for governance 

frameworks that ensure human oversight and 

accountability. 

Organizational and institutional factors further shape 

how real time credit scoring systems are deployed and 

experienced. The literature on enterprise systems and 

service oriented architectures emphasizes that 

technology does not operate in a vacuum but must be 

integrated with existing processes, cultures, and power 

structures (Baskerville et al., 2010). In banking and 

fintech organizations, this integration involves aligning 

artificial intelligence driven analytics with regulatory 

reporting, customer relationship management, and 

strategic objectives. Where such alignment is achieved, 

real time systems can become a source of competitive 

advantage and operational excellence (Consultants M, 

2022). Where it is not, they can generate confusion, 

conflict, and risk. 

Regulation plays a particularly critical role in mediating 

these dynamics. The use of alternative data and 

automated decision making raises complex legal and 

ethical questions about discrimination, data protection, 
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and consumer rights (CFPB, 2019; ICCR, 2018). 

Regulators face the challenge of fostering innovation 

while ensuring that new technologies do not undermine 

fundamental principles of fairness and stability. The 

experience of fintech credit markets around the world 

suggests that regulatory clarity and capacity are essential 

for achieving this balance (BIS, 2018; Korovkin, 2019). 

In jurisdictions where regulators have issued clear 

guidance on the use of alternative data and artificial 

intelligence, digital loan platforms are more likely to 

invest in compliance and governance, building trust 

among users and investors alike (ICCR, 2018; World 

Economic Forum, 2022). 

The findings of this study also have important 

implications for the debate about the social 

consequences of digital finance. Proponents of artificial 

intelligence driven credit scoring argue that it 

democratizes access to credit and reduces reliance on 

subjective or discriminatory human judgment (Blanco et 

al., 2013; Awotunde et al., 2022). Critics counter that it 

replaces one set of biases with another, often less visible 

and harder to challenge (NCLC, 2022). The reality, as 

the present analysis suggests, is more nuanced. Real time 

artificial intelligence systems have the potential to both 

include and exclude, to both empower and constrain, 

depending on how they are designed, governed, and used 

(Modadugu et al., 2025; CFPB, 2019). 

Future research should build on this integrative 

framework by conducting empirical studies that examine 

how real time credit scoring systems operate in specific 

institutional and cultural contexts. Comparative analyses 

across countries and regulatory regimes would be 

particularly valuable, given the diversity of digital 

finance ecosystems documented in the literature (World 

Bank, 2016; Korovkin, 2019). Longitudinal studies 

could shed light on how continuous risk assessment 

affects borrower behavior and financial well being over 

time, an area that remains largely unexplored (Findex, 

2021; Modadugu et al., 2025). Finally, interdisciplinary 

collaboration between data scientists, social scientists, 

and legal scholars will be essential for developing 

technologies and policies that harness the benefits of 

artificial intelligence while safeguarding the rights and 

interests of all stakeholders. 

CONCLUSION 

Real time artificial intelligence driven credit scoring 

represents one of the most significant innovations in the 

history of lending. By integrating continuous data 

processing, machine learning, and alternative data 

sources, digital loan platforms are redefining how 

creditworthiness is assessed, how risk is managed, and 

how financial inclusion is pursued (Modadugu et al., 

2025; ICCR, 2018). This study has shown that these 

changes are not merely technical but deeply institutional 

and social, reshaping relationships between lenders, 

borrowers, and regulators. While the promise of greater 

efficiency and inclusion is real, so too are the risks of 

opacity, bias, and instability. A nuanced, theoretically 

informed, and empirically grounded understanding of 

these dynamics is therefore essential for guiding the 

future of digital finance. 
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