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Abstract  

The rapid diffusion of algorithmic credit systems has transformed lending decisions, yet their implications 

for financial well-being remain theoretically fragmented and empirically contested. Existing studies often 

adopt technologically deterministic perspectives, emphasizing access and efficiency while overlooking 

the roles of borrower capability and institutional governance. This study advances a socio-technical and 

architectural systems perspective by examining how algorithmic credit systems influence financial well-

being and how these effects are conditioned by human capability and institutional design. Using a 

quantitative, explanatory, cross-sectional design, data were collected from 400 users of algorithmic and 

digitally mediated credit platforms. Multiple regression and moderation analyses were employed to assess 

the direct and conditional relationships among algorithmic credit systems, human capability, institutional 

design, and multidimensional financial well-being outcomes, including repayment behavior, financial 

stress, and financial resilience. Measurement reliability and validity were established through Cronbach’s 

alpha and principal component analysis. The results indicate that algorithmic credit systems are positively 

associated with repayment behavior and financial resilience but are also linked to higher levels of financial 

stress. Moderation analysis reveals that these effects are significantly shaped by contextual factors: higher 

levels of human capability and stronger institutional design amplify positive outcomes and mitigate 

adverse effects. These findings suggest that financial well-being is not an automatic byproduct of 

automated credit efficiency but an emergent outcome of architectural alignment among technology, 

borrower capability, and governance structures. The study contributes to theory by empirically integrating 

technological, human, and institutional dimensions within a single architectural framework, moving 

beyond isolated analyses of digital credit.  
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1. Introduction 

The rapid expansion of algorithmic credit systems has fundamentally reshaped 

contemporary lending practices. Through the use of automated decision-making, machine 

learning models, and alternative data sources, financial institutions and digital platforms 

increasingly rely on algorithms to assess creditworthiness, determine loan terms, and manage 

repayment risk (Berg et al., 2020; Fuster et al., 2022). These developments have been widely 

promoted for their potential to improve efficiency, expand access to credit, and reduce 

operational costs. Despite their growing prevalence, however, the implications of algorithmic 

credit systems for borrowers’ financial well-being remain theoretically fragmented and 

empirically contested. 

A substantial body of existing research has focused on the technical performance and 

market effects of algorithmic credit, including predictive accuracy, default reduction, and 

financial inclusion outcomes (Chen et al., 2021; Jagtiani & Lemieux, 2022). While these 

studies provide valuable insights into system-level efficiency, they often adopt technologically 

deterministic assumptions that implicitly treat algorithmic innovation as inherently welfare 

enhancing. Such perspectives risk overlooking how borrowers experience algorithmic credit 

in practice, particularly in relation to financial stress, repayment pressure, and long-term 

financial stability (Carlin et al., 2017; Di Maggio et al., 2022). This concern is particularly 

salient in emerging digital lending markets, where rapid algorithmic expansion may produce 

simultaneous inclusion and vulnerability dynamics (Flores, 2026). 

Parallel strands of literature in consumer finance and behavioral economics emphasize 

that financial outcomes are not determined by access to credit alone, but are shaped by 

individuals’ financial literacy, digital capability, and capacity to interpret complex financial 

information (Lusardi & Mitchell, 2023). In algorithmic environments characterized by opacity, 

speed, and asymmetrical information, limitations in human capability may amplify borrower 

vulnerability rather than mitigate it (van Liebergen, 2020; Zavolokina et al., 2017). Empirical 

studies that explicitly examine how borrower capability conditions the effects of algorithmic 

credit systems, however, remain limited. Recent evidence suggests that algorithmic inclusion 

may coexist with capability erosion when access expansion is not matched with borrower 

learning and institutional support (Li et al., 2024). 

At the institutional level, regulatory and governance scholars highlight the importance 

of transparency, accountability, consumer protection, and access to redress in shaping the 
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social consequences of financial innovation (Arner et al., 2020; OECD, 2020; World Bank, 

2021). Weak institutional design may allow algorithmic credit systems to exacerbate financial 

stress and inequality even when technical efficiency improves. Conversely, robust safeguards 

can enhance trust and support more sustainable borrower outcomes. Despite this recognition, 

institutional design is frequently treated as a contextual backdrop rather than as an empirically 

tested component of algorithmic credit systems. Studies examining the inclusion–risk paradox 

further emphasize that regulatory safeguards are central to determining whether algorithmic 

expansion promotes financial empowerment or financial precarity (Yang & Lee, 2024). As a 

result, existing research remains fragmented across technological, human, and institutional 

domains. Few empirical studies have simultaneously examined how these elements interact to 

shape multidimensional financial well-being outcomes. This fragmentation limits theoretical 

understanding and constrains the development of evidence-based policy and design 

interventions for digital credit markets. 

Responding to this gap, the present study adopts a socio-technical and architectural 

systems perspective that conceptualizes financial well-being as an emergent outcome of 

interactions among algorithmic credit systems, human capability, and institutional design. 

Rather than viewing technology as an independent driver of welfare outcomes, this perspective 

emphasizes alignment among technological infrastructure, borrower capability, and 

governance structures. Financial well-being is therefore understood not as a mechanical 

consequence of automation, but as an outcome shaped by deliberate system-level design 

choices. 

Using a quantitative, explanatory, cross-sectional research design, this study 

empirically examines the direct effects of algorithmic credit systems on financial well-being, 

operationalized through repayment behavior, financial stress, and financial resilience. It further 

tests the moderating roles of human capability and institutional design in conditioning these 

relationships. By integrating technological, human, and institutional dimensions within a 

single empirical framework, the study advances existing scholarship beyond isolated analyses 

of digital credit and contributes new evidence to debates on responsible algorithmic finance. 

The findings offer important implications for theory, policy, and practice. 

Theoretically, the study extends socio-technical perspectives in digital finance by empirically 

validating an architectural framework of financial well-being. Practically, it provides guidance 

for regulators, financial institutions, and platform designers seeking to ensure that algorithmic 
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credit systems promote sustainable borrower outcomes rather than unintended financial 

vulnerability. 

 

Research Questions 

The growing reliance on algorithmic credit systems has intensified scholarly and policy 

debates concerning their implications for borrower financial well-being. While prior research 

has extensively examined the efficiency, accuracy, and access-related outcomes of algorithmic 

lending, comparatively less attention has been given to how these systems operate within 

broader socio-technical and institutional contexts. Existing studies frequently adopt 

technologically deterministic perspectives, overlooking the ways in which borrower capability 

and governance structures may condition the effects of algorithmic credit on financial 

outcomes. 

Guided by a socio-technical and architectural systems perspective, this study seeks to 

address this limitation by examining financial well-being as an outcome that emerges from the 

interaction of technological systems, human capability, and institutional design. Rather than 

assuming uniform effects of algorithmic credit systems, the study emphasizes the conditional 

and context-dependent nature of these relationships. 

 Accordingly, the study addresses the following research questions: 

RQ1: What is the relationship between algorithmic credit systems and financial well-being, as 

reflected in repayment behavior, financial stress, and financial resilience? 

RQ2: How does human capability moderate the relationship between algorithmic credit 

systems and each dimension of financial well-being? 

RQ3: How does institutional design moderate the relationship between algorithmic credit 

systems and each dimension of financial well-being? 

RQ4: To what extent do variations in human capability and institutional design explain 

differences in financial well-being outcomes among users of algorithmic credit systems? 

By addressing these questions, the study clarifies how technological, human, and 

institutional elements jointly shape financial well-being in algorithmic credit environments. In 

doing so, it contributes to the literature by demonstrating that financial well-being is not a 

direct or automatic outcome of algorithmic efficiency. Instead, it is an architected outcome that 

depends on the alignment of algorithmic credit systems with borrower capability and 

institutional governance structures. 
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2. Literature Review 

2.1 Algorithmic Credit Systems and Digital Lending 

Algorithmic credit systems refer to automated lending mechanisms that rely on data-

driven models, machine learning algorithms, and alternative data sources to assess 

creditworthiness, determine loan approval, and set pricing conditions. Unlike traditional credit 

evaluation methods that depend primarily on standardized financial records, algorithmic credit 

systems incorporate behavioral, transactional, and digital footprint data to enhance predictive 

accuracy and operational efficiency (Berg et al., 2020; Fuster et al., 2022). Prior research 

consistently shows that these systems can expand access to credit and improve repayment 

prediction, particularly in contexts where conventional credit information is limited. 

However, the literature also cautions that algorithmic credit systems may introduce new 

risks related to opacity, accelerated borrowing, and intensified repayment pressure. Automated 

decision-making processes are often difficult for borrowers to understand or contest, which 

may increase perceived financial strain and reduce informed decision-making (Di Maggio et 

al., 2022; Carlin et al., 2017). These mixed findings suggest that algorithmic credit systems 

exert complex and potentially contradictory effects on borrower outcomes, warranting further 

investigation beyond access and efficiency metrics. Emerging empirical work in digital lending 

contexts demonstrates that algorithmic access expansion may simultaneously increase credit 

participation (Croux et al., 2020) while intensifying repayment pressure in weakly regulated 

environments. 

Beyond efficiency and access considerations, recent scholarship increasingly 

highlights concerns related to algorithmic opacity, fairness, and explainability in digital credit 

systems. Machine learning models used in credit scoring often rely on complex, non-linear 

relationships and alternative data sources that are difficult for borrowers and even regulators 

to interpret (Fuster et al., 2022; Di Maggio et al., 2022). This opacity can undermine procedural 

transparency and limit borrowers’ ability to contest or understand adverse credit decisions, 

thereby increasing perceived unfairness and financial stress. Studies on algorithmic bias further 

suggest that automated credit systems may unintentionally reproduce or amplify existing socio-

economic inequalities if governance safeguards are insufficient (Arner et al., 2020). These 

concerns underscore that algorithmic credit systems should not be evaluated solely on 

predictive accuracy, but also on their alignment with fairness, accountability, and 

explainability principles. Integrating these dimensions strengthens the case for examining 
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algorithmic credit systems within a broader socio-technical and institutional architecture rather 

than as isolated technological tools. 

 

2.2 Financial Well-Being in Digital Credit Contexts 

Financial well-being is commonly conceptualized as a multidimensional construct 

reflecting individuals’ ability to meet financial obligations, absorb financial shocks, and 

experience a sense of financial security. Contemporary frameworks emphasize that financial 

well-being encompasses both objective indicators, such as repayment behavior, and subjective 

experiences, such as financial stress and perceived resilience (Netemeyer et al., 2018; Brüggen 

et al., 2017). This multidimensional approach is particularly relevant in digital credit contexts, 

where improved repayment performance may coexist with heightened psychological strain. 

Existing studies examining the relationship between digital or algorithmic credit and 

financial well-being report inconsistent findings. While some research links digital lending to 

improved liquidity management and short-term resilience, other studies document increased 

stress and vulnerability associated with rapid loan cycles and continuous credit availability 

(Carlin et al., 2017; Di Maggio et al., 2022). These inconsistencies suggest that the impact of 

algorithmic credit systems on financial well-being is not uniform and may depend on additional 

contextual factors. Emerging empirical work in digital lending contexts demonstrates that 

algorithmic access expansion may simultaneously increase credit participation (Croux et al., 

2020) while intensifying repayment pressure in weakly regulated environments. 

Despite its relevance, financial well-being is often treated as an ancillary outcome in 

digital finance research. This study places financial well-being at the center of analysis, 

operationalizing it through repayment behavior, financial stress, and financial resilience, 

thereby strengthening the welfare-oriented evaluation of algorithmic credit systems. 

 

2.3 Human Capability and Borrower Outcomes 

Empirical evidence suggests that individuals with higher capability levels are better 

positioned to benefit from complex financial products, while those with limited capability face 

greater risk of misinterpretation and financial distress (Lusardi & Mitchell, 2023). Financial 

literacy has long been recognized as a key determinant of financial behavior and outcomes, 

influencing borrowing decisions, debt management, and risk assessment (Lusardi & Mitchell, 
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2014; Allgood & Walstad, 2016). In digital finance environments, digital competence further 

conditions borrowers’ capacity to navigate platform interfaces and algorithmic feedback. 

Empirical evidence suggests that individuals with higher capability levels are better 

positioned to benefit from complex financial products, while those with limited capability face 

greater risk of misinterpretation and financial distress (Lusardi & Mitchell, 2023). This 

perspective suggests that human capability may condition, rather than simply predict, the 

effects of algorithmic credit systems on financial well-being. Recent capability–governance 

frameworks further argue that algorithmic environments can erode borrower decision quality 

when financial literacy development does not keep pace with digital credit exposure (Sargeant, 

2023). 

Human capability in digital finance contexts should also be understood as dynamic 

rather than static. While financial literacy has traditionally been treated as a fixed individual 

attribute, recent research emphasizes that capability evolves through repeated interactions with 

financial technologies and institutional environments (Lusardi & Mitchell, 2023). In 

algorithmic credit systems, borrowers continuously adapt their behavior in response to 

automated feedback, repayment schedules, and platform nudges. However, when learning 

mechanisms are weak or when system design prioritizes speed over comprehension, capability 

development may lag behind technological exposure. This misalignment can increase reliance 

on automated decisions without corresponding understanding, thereby heightening 

vulnerability. Recognizing human capability as an evolving construct strengthens the argument 

that sustainable financial well-being requires not only access to algorithmic credit, but also 

intentional capability-building embedded within system design. 

 

2.4 Institutional Design and Governance of Algorithmic Credit 

Institutional design refers to the regulatory and governance structures that shape the 

operation of algorithmic credit systems, including transparency requirements, accountability 

mechanisms, consumer protection policies, and access to redress. Institutional and regulatory 

scholars argue that financial technologies operate within broader governance architectures that 

critically influence their social and economic consequences (Arner et al., 2020; OECD, 2020). 

Research indicates that strong institutional safeguards can mitigate the risks associated 

with digital lending by enhancing transparency and limiting exploitative practices. Conversely, 

weak or fragmented governance frameworks may allow efficiency gains to coexist with 
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borrower vulnerability and stress (World Bank, 2021). These findings suggest that institutional 

design plays a crucial role in shaping how algorithmic credit systems translate into borrower 

outcomes. 

Institutional responses to algorithmic credit systems have also been shaped by a 

growing regulatory lag between financial innovation and formal oversight. While digital 

lending platforms evolve rapidly, regulatory frameworks often struggle to adapt at the same 

pace, resulting in gaps in consumer protection and accountability (OECD, 2020; World Bank, 

2021). Scholars distinguish between hard regulatory mechanisms, such as statutory disclosure 

requirements and enforcement powers, and soft governance approaches, including platform 

self-regulation and ethical design standards. This reinforces the importance of institutional 

design as an active moderating force rather than a background condition in algorithmic credit 

systems. Empirical analyses of fintech and insurtech ecosystems indicate that strong regulatory 

oversight and structured governance mechanisms are critical in preventing algorithmic opacity 

from translating into financial precarity (Flores, 2026). 

 

2.5 Relationships Among Variables and Research Gap 

Although the literature provides substantial insights into algorithmic credit systems, 

financial well-being, human capability, and institutional design, these dimensions are often 

examined in isolation. Studies of algorithmic credit systems typically focus on predictive 

accuracy and access, while research on financial well-being emphasizes behavioral and 

psychological outcomes. Human capability and institutional design are frequently treated as 

background conditions or control variables rather than as integral components of the analytical 

framework. This fragmentation limits understanding of how algorithmic credit systems operate 

within broader socio-technical architectures. Specifically, existing research provides limited 

empirical evidence on whether and how human capability and institutional design condition 

the relationship between algorithmic credit systems and financial well-being. The inconsistent 

findings regarding digital credit outcomes further suggest that technology alone cannot explain 

borrower welfare. 

Addressing this gap requires a moderating perspective that explicitly examines 

interaction effects. By conceptualizing human capability and institutional design as moderating 

variables, this study responds to calls for more integrative analyses that account for the 

conditional and context-dependent nature of financial innovation outcomes. This approach 
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moves beyond technologically deterministic explanations and provides a more nuanced 

understanding of how algorithmic credit systems influence financial well-being. Recent studies 

in emerging markets explicitly call for integrative moderation frameworks that examine 

technology, capability, and governance as interacting dimensions rather than isolated 

determinants (Vial, 2019; Hanelt et al., 2021; Mikalef & Gupta, 2021). 

 

2.6 Conceptual Framework of Financial Well-Being in Algorithmic Credit Systems 

This study is grounded in a socio-technical and architectural systems perspective that 

conceptualizes financial well-being as an outcome emerging from the interaction of 

technological infrastructure, human agency, and institutional governance. Consistent with this 

perspective, the conceptual framework presented in Figure 1 positions algorithmic credit 

systems as the primary independent variable influencing financial well-being, while human 

capability and institutional design are specified as moderating variables that condition this 

relationship. 

Algorithmic credit systems represent automated lending mechanisms that rely on data-

driven models and algorithmic decision-making to assess creditworthiness, approve loans, and 

determine repayment conditions. Prior research indicates that such systems can enhance 

repayment prediction and operational efficiency, potentially improving borrowers’ repayment 

behavior and short-term financial resilience (Berg et al., 2020; Fuster et al., 2022). At the same 

time, the literature highlights risks associated with opacity, rapid loan cycles, and intensified 

repayment pressure, which may increase financial stress among borrowers (Carlin et al., 2017; 

Di Maggio et al., 2022). Accordingly, the framework does not assume uniform effects of 

algorithmic credit systems on financial well-being. 

Financial well-being is modeled as the dependent variable and is conceptualized as a 

multidimensional construct encompassing repayment behavior, financial stress, and financial 

resilience. This operationalization aligns with contemporary financial well-being frameworks 

that integrate both objective financial outcomes and subjective financial experiences 

(Netemeyer et al., 2018). By adopting a multidimensional perspective, the framework allows 

for the possibility that algorithmic credit systems may simultaneously produce beneficial and 

adverse financial outcomes. 

The framework further specifies human capability as a moderating variable. Human 

capability refers to borrowers’ financial literacy and digital competence, which influence their 
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ability to understand credit terms, interpret algorithmic decisions, and manage repayment 

obligations effectively. Existing literature suggests that higher levels of capability enhance 

individuals’ capacity to navigate complex financial environments and reduce vulnerability to 

financial stress (Lusardi & Mitchell, 2023). In the context of algorithmic credit systems, human 

capability is expected to condition how technological features translate into financial well-

being outcomes, strengthening positive effects and mitigating negative ones. 

Similarly, institutional design is modeled as a second moderating variable. Institutional 

design encompasses regulatory safeguards, transparency policies, accountability mechanisms, 

and consumer protection frameworks that govern the operation of algorithmic credit systems. 

Prior studies emphasize that governance structures play a critical role in shaping the social and 

economic consequences of financial technologies (Arner et al., 2020; OECD, 2020; World 

Bank, 2021). Strong institutional design is expected to amplify the beneficial effects of 

algorithmic credit systems on financial well-being while constraining adverse outcomes such 

as excessive stress or exploitation. 

The conceptual framework advances an architectural alignment perspective, which 

contrasts with technologically deterministic models that assume automation alone leads to 

improved welfare. Instead, the framework posits that financial well-being emerges from the 

alignment of algorithmic credit systems with borrower capability and institutional governance. 

This perspective provides the theoretical basis for examining moderation effects and guides 

the formulation of the study’s research questions, hypotheses, and empirical analyses. 

 

Figure 1 

Conceptual framework of financial well-being in algorithmic credit systems 
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Figure 1 illustrates the conceptual framework of the study, depicting the relationship 

between algorithmic credit systems and financial well-being, with human capability and 

institutional design modeled as moderating variables. The framework proposes that 

algorithmic credit systems directly influence financial well-being outcomes, while the strength 

and direction of this relationship depend on borrowers’ levels of human capability and the 

quality of institutional design. Financial well-being is conceptualized as a multidimensional 

construct comprising repayment behavior, financial stress, and financial resilience. By 

explicitly modeling human capability and institutional design as moderators, the framework 

advances an architectural alignment perspective that emphasizes conditional and context-

dependent effects rather than technologically deterministic outcomes. 

 

2.7 Research Hypotheses 

Consistent with the conceptual framework presented in Figure 1, the following 

hypotheses are formulated to examine both the direct effects of algorithmic credit systems on 

financial well-being and the moderating roles of human capability and institutional design. 

This structure allows for an empirical assessment of whether the impact of algorithmic credit 

systems on repayment behavior, financial stress, and financial resilience varies across different 

levels of borrower capability and institutional governance. 

 

Direct Effects 

H1: Algorithmic credit systems have a significant effect on repayment behavior. 

H2: Algorithmic credit systems have a significant effect on financial stress. 

H3: Algorithmic credit systems have a significant effect on financial resilience. 

 

Moderating Effects of Human Capability 

H4: Human capability significantly moderates the relationship between algorithmic 

credit systems and repayment behavior. 

H5: Human capability significantly moderates the relationship between algorithmic 

credit systems and financial stress. 

H6: Human capability significantly moderates the relationship between algorithmic 

credit systems and financial resilience. 
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Moderating Effects of Institutional Design 

H7: Institutional design significantly moderates the relationship between algorithmic 

credit systems and repayment behavior. 

H8: Institutional design significantly moderates the relationship between algorithmic 

credit systems and financial stress. 

H9: Institutional design significantly moderates the relationship between algorithmic 

credit systems and financial resilience. 

 

These hypotheses provide the analytical basis for the moderation models estimated in 

the empirical analysis. 

 

3. Methodology  

3.1 Research Design 

This study adopted a quantitative, explanatory, cross-sectional research design to 

examine the effects of algorithmic credit systems on financial well-being and to assess the 

moderating roles of human capability and institutional design. A quantitative explanatory 

approach is appropriate when the objective is to test theoretically derived hypotheses and 

examine interaction effects among variables using statistical models (Creswell & Creswell, 

2018; Hair et al., 2022). The cross-sectional design enabled the collection of data at a single 

point in time, allowing for the empirical assessment of associations and conditional 

relationships between technological, human, and institutional factors in algorithmic credit 

environments. While this design does not permit causal inference, it is widely used in financial 

behavior and digital finance research where experimental manipulation is not feasible (Jagtiani 

& Lemieux, 2022). 

 

3.2 Participants and Sampling Technique 

The participants consisted of individuals who had prior experience using algorithmic 

or digitally mediated credit products, including online lending platforms, automated credit 

scoring systems, and digital installment services. A purposive sampling technique was 

employed to ensure that respondents possessed direct exposure to algorithmic credit systems, 

which is essential for valid measurement of perceptions and outcomes related to automated 

lending (Etikan et al., 2016). 
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A total of 400 valid responses were retained for analysis. This sample size exceeds 

minimum recommendations for multiple regression and moderation analysis, providing 

sufficient statistical power to detect interaction effects (Aiken & West, 1991; Hair et al., 2022). 

Although purposive sampling limits generalizability to the broader population, it is appropriate 

for explanatory studies focusing on specific user groups within emerging financial 

technologies. 

 

3.3 Research Instruments 

Data were collected using a structured, self-administered questionnaire composed of 

measurement items adapted from established empirical studies. All items were measured using 

a five-point Likert scale, ranging from 1 (strongly disagree) to 5 (strongly agree). 

Algorithmic Credit Systems were measured using items capturing the extent of 

automated decision-making, reliance on data-driven credit scoring, speed of loan approval, and 

perceived algorithmic control, consistent with prior fintech lending research (Berg et al., 2020; 

Fuster et al., 2022). 

Financial Well-Being was operationalized as a multidimensional construct consisting 

of repayment behavior, financial stress, and financial resilience, following established financial 

well-being frameworks (Netemeyer et al., 2018). 

Human Capability was measured through indicators of financial literacy and digital 

competence, reflecting individuals’ ability to understand financial products and navigate 

digital platforms (Lusardi & Mitchell, 2014; Lusardi & Mitchell, 2023). 

Institutional Design was measured using items related to perceived regulatory 

safeguards, transparency of credit processes, and availability of consumer protection 

mechanisms, consistent with governance and regulatory studies in digital finance (Arner et al., 

2020; OECD, 2020). 

The instrument underwent expert review to ensure content validity, clarity, and 

alignment with the study’s conceptual framework. 

 

3.4 Validity and Reliability Procedures 

To establish construct validity, Principal Component Analysis (PCA) was conducted 

on all multi-item constructs. PCA is commonly used in exploratory and explanatory research 

to assess factor structure and item convergence (Hair et al., 2022). Sampling adequacy was 
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evaluated using the Kaiser–Meyer–Olkin (KMO) measure, while Bartlett’s Test of Sphericity 

was used to confirm factorability. All constructs exhibited KMO values above the 

recommended threshold of 0.60, and Bartlett’s tests were statistically significant, indicating 

suitability for factor analysis. Items with factor loadings below 0.50 were excluded, ensuring 

acceptable convergent validity (Hair et al., 2022). 

Internal consistency reliability was assessed using Cronbach’s alpha coefficients, with 

all constructs exceeding the minimum acceptable value of 0.70. These results indicate that the 

measurement scales reliably captured the intended constructs of algorithmic credit systems, 

financial well-being dimensions, human capability, and institutional design (Nunnally & 

Bernstein, 1994). 

 

3.5 Data Gathering Procedure 

Data collection was conducted over a defined period using an online survey platform. 

Prior to participation, respondents were informed of the purpose of the study and assured of 

anonymity and confidentiality. Informed consent was obtained electronically, and participation 

was entirely voluntary. 

To reduce response bias, respondents were allowed to complete the questionnaire at 

their convenience. Completed responses were screened for completeness and consistency 

before inclusion in the final dataset, following standard survey research procedures (Dillman 

et al., 2014). 

 

3.6 Data Analysis Procedure 

Data analysis was carried out using statistical software appropriate for regression-based 

moderation analysis. Descriptive statistics were computed to summarize respondent 

characteristics and variable distributions. Pearson correlation analysis was performed to 

examine bivariate relationships and assess potential multicollinearity among variables. 

To test the study hypotheses, hierarchical multiple regression analysis was employed. 

Prior to estimating interaction effects, all continuous independent and moderating variables 

were mean-centered, following established recommendations for moderation analysis to 

reduce multicollinearity and improve interpretability (Aiken & West, 1991; Hayes, 2018). 

Interaction terms were created by multiplying the centered algorithmic credit systems 

variable with each moderator. Separate regression models were estimated for each financial 
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well-being dimension (repayment behavior, financial stress, and financial resilience). Main 

effects were entered in the first step, followed by interaction terms in the second step to test 

moderation hypotheses. In addition to statistical significance, standardized coefficients were 

examined to assess effect size relevance, as recommended in applied behavioral and financial 

research (Hair et al., 2022). 

 

3.7 Ethical Considerations 

Ethical standards were strictly observed throughout the study. Participation was 

voluntary, and respondents were informed of their right to withdraw at any time without 

penalty. No personally identifiable information was collected, and all data were stored securely 

and used solely for academic purposes. The study adhered to accepted ethical guidelines for 

social science research, ensuring respect for participants’ rights, privacy, and well-being 

(Creswell & Creswell, 2018). 

 

4. Results and Discussion  

This section presents the empirical results of the study and discusses them in relation 

to the proposed hypotheses (H1–H9) and the conceptual framework illustrated in Figure 1. The 

discussion integrates statistical findings with relevant literature to explain how algorithmic 

credit systems influence financial well-being and how these effects are conditioned by human 

capability and institutional design. 

 

4.1 Descriptive Statistics 

 

Table 1 

Descriptive statistics of study variables 

Variable Mean SD 

Algorithmic Credit Systems 3.82 0.61 

Human Capability 3.54 0.67 

Institutional Design 3.48 0.64 

Repayment Behavior 3.76 0.59 

Financial Stress 3.69 0.71 

Financial Resilience 3.58 0.63 
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Table 1 presents the descriptive statistics of the key study variables. The table provides 

an overview of respondents’ exposure to algorithmic credit systems, levels of human capability 

and institutional design, and the three dimensions of financial well-being. 

The results indicate relatively high exposure to algorithmic credit systems among 

respondents, reflecting the increasing prevalence of automated lending technologies. Human 

capability and institutional design exhibit moderate mean values, suggesting uneven 

development of borrower capability and governance safeguards. Financial well-being 

outcomes display a mixed pattern, characterized by strong repayment behavior and resilience 

alongside elevated financial stress. Similar patterns have been documented in prior studies on 

digital and algorithmic credit markets (Carlin et al., 2017; Di Maggio et al., 2022). 

 

4.2 Direct Effects of Algorithmic Credit Systems on Financial Well-Being (H1–H3) 

Table 2 presents the regression results testing the direct effects of algorithmic credit 

systems on the three dimensions of financial well-being. 

 

Table 2 

Regression results for direct effects of algorithmic credit systems (H1–H3) 

Dependent Variable β t p 

Repayment Behavior (H1) 0.41 8.92 < .001 

Financial Stress (H2) 0.36 7.48 < .001 

Financial Resilience (H3) 0.38 8.11 < .001 

 

The results show that algorithmic credit systems have a positive and statistically 

significant effect on repayment behavior, supporting H1. This finding aligns with prior 

research demonstrating that algorithmic credit scoring improves repayment discipline through 

real-time monitoring and data-driven assessment (Berg et al., 2020; Fuster et al., 2022). 

Algorithmic credit systems are also positively associated with financial stress, supporting H2. 

Although automation enhances repayment performance, it may intensify pressure due to 

accelerated loan cycles and opaque decision processes. This finding is consistent with studies 

highlighting the stress-inducing effects of digital lending environments (Di Maggio et al., 

2022; Carlin et al., 2017). Finally, algorithmic credit systems positively affect financial 

resilience, supporting H3. Automated access to credit appears to enhance borrowers’ ability to 
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cope with short-term financial shocks, consistent with findings in digital finance literature 

(Brüggen et al., 2017; Di Maggio et al., 2022). These results demonstrate the dual and 

multidimensional effects of algorithmic credit systems on financial well-being. 

 

4.3 Moderating Role of Human Capability (H4–H6) 

Table 3 presents the moderation results examining the role of human capability in 

conditioning the relationship between algorithmic credit systems and financial well-being. 

The interaction effects indicate that human capability significantly moderates the 

relationship between algorithmic credit systems and all three financial well-being outcomes, 

supporting H4–H6. Higher levels of financial literacy and digital competence strengthen the 

positive impact of algorithmic credit systems on repayment behavior and financial resilience, 

while simultaneously reducing financial stress. 

 

Table 3 

Moderation results for human capability (H4–H6) 

Interaction Term β t p 

ACS × Human Capability → Repayment Behavior (H4) 0.29 6.21 < .001 

ACS × Human Capability → Financial Stress (H5) −0.26 −5.74 < .001 

ACS × Human Capability → Financial Resilience (H6) 0.31 6.88 < .001 

 

These findings are consistent with extensive evidence showing that financially capable 

individuals are better able to navigate complex financial environments and mitigate the risks 

associated with automated decision-making (Lusardi & Mitchell, 2023; Allgood & Walstad, 

2016). The results suggest that human capability functions as a protective mechanism that 

enables borrowers to translate technological efficiency into sustainable financial outcomes. 

 

4.4 Moderating Role of Institutional Design (H7–H9) 

Table 4 presents the moderation results for institutional design. The results show that 

institutional design significantly conditions the effects of algorithmic credit systems, 

supporting H7–H9. Strong regulatory safeguards, transparency, and consumer protection 

mechanisms amplify positive repayment and resilience outcomes while reducing financial 

stress. 
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Table 4 

Moderation results for institutional design (H7–H9) 

Interaction Term β t p 

ACS × Institutional Design → Repayment Behavior (H7) 0.27 5.89 < .001 

ACS × Institutional Design → Financial Stress (H8) −0.24 −5.32 < .001 

ACS × Institutional Design → Financial Resilience (H9) 0.28 6.14 < .001 

 

These findings support governance-focused perspectives in digital finance, which 

argue that institutional frameworks play a critical role in shaping the welfare consequences of 

financial technologies (Arner et al., 2020; OECD, 2020; World Bank, 2021). The results 

demonstrate that algorithmic credit systems operate most effectively when embedded within 

robust institutional architectures. 

 

4.5 Summary of Hypothesis Testing 

Table 5 summarizes the results of hypothesis testing. 

 

Table 5 

Summary of hypothesis testing results 

Hypothesis Result 

H1 Supported 

H2 Supported 

H3 Supported 

H4 Supported 

H5 Supported 

H6 Supported 

H7 Supported 

H8 Supported 

H9 Supported 

 

All proposed hypotheses were empirically supported, confirming the conceptual 

framework and reinforcing the moderating roles of human capability and institutional design. 

 

4.6 Integrated Discussion: Architectural Alignment Perspective 

The results demonstrate that algorithmic credit systems influence financial well-being 

through both enabling and constraining mechanisms. While these systems improve repayment 
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behavior and financial resilience, they simultaneously elevate financial stress. Importantly, the 

moderation analyses reveal that these effects are not uniform but depend on borrowers’ 

capability and the quality of institutional governance. These findings provide strong empirical 

support for an architectural alignment perspective, which challenges technologically 

deterministic assumptions that automation alone leads to improved financial outcomes. 

Instead, financial well-being emerges only when algorithmic credit systems are aligned with 

human capability and institutional safeguards. This perspective advances existing literature by 

empirically demonstrating how technological, human, and institutional dimensions interact to 

shape financial well-being outcomes. 

 

5. Conclusion  

This study examined the effects of algorithmic credit systems on financial well-being 

and assessed the moderating roles of human capability and institutional design within a socio-

technical and architectural systems framework. The findings demonstrate that algorithmic 

credit systems exert complex and conditional effects on financial well-being, improving 

repayment behavior and financial resilience while simultaneously increasing financial stress. 

These results confirm that financial well-being in algorithmic credit environments cannot be 

inferred solely from repayment performance or access to automated credit. 

The moderation analyses provide critical insights into how these effects vary across 

different contexts. Human capability, encompassing financial literacy and digital competence, 

significantly strengthens the positive influence of algorithmic credit systems on repayment 

behavior and resilience while mitigating financial stress. This finding reinforces long-standing 

evidence that individual capability plays a central role in shaping financial outcomes, 

particularly in increasingly complex and automated financial environments (Lusardi & 

Mitchell, 2014; Lusardi & Mitchell, 2023). Borrowers with higher capability are better 

positioned to interpret algorithmic decisions, manage repayment obligations, and avoid 

maladaptive borrowing behaviors. 

Institutional design likewise emerges as a decisive conditioning factor. Strong 

regulatory safeguards, transparency mechanisms, and consumer protection frameworks 

enhance the beneficial effects of algorithmic credit systems while constraining adverse 

outcomes. These findings align with institutional and regulatory scholarship emphasizing that 

governance structures critically shape the social consequences of financial technologies (Arner 
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et al., 2020; OECD, 2020; World Bank, 2021). Algorithmic credit systems embedded within 

robust institutional architectures are more likely to support sustainable financial well-being 

rather than exacerbate vulnerability. 

The results advance an architectural alignment perspective that moves beyond 

technologically deterministic views of digital finance. Rather than assuming that automation 

inherently improves borrower welfare, the study demonstrates that financial well-being 

emerges from the alignment of technological systems with human capability and institutional 

governance. This integrative perspective contributes to the literature by empirically 

demonstrating how interaction effects, rather than isolated technological features, determine 

borrower outcomes in algorithmic credit markets. 

From a practical standpoint, the findings carry important implications for 

policymakers, financial institutions, and platform designers. Efforts to promote responsible 

algorithmic lending should extend beyond improving predictive accuracy and efficiency to 

include investments in financial capability development and the strengthening of regulatory 

safeguards. Designing algorithmic credit systems without parallel attention to borrower 

capability and institutional oversight risks generating short-term efficiency gains at the expense 

of long-term financial well-being. 

Several limitations should be acknowledged. The cross-sectional design limits causal 

inference, and the reliance on self-reported data may introduce response bias. Future research 

could employ longitudinal designs, experimental approaches, or mixed methods to further 

explore how algorithmic credit systems influence financial well-being over time and across 

regulatory contexts. Additionally, examining heterogeneous effects across demographic and 

socio-economic groups may yield deeper insights into distributional consequences. 

This study underscores that financial well-being in algorithmic credit systems is not a 

byproduct of automation but an outcome that must be intentionally designed. By empirically 

integrating technological, human, and institutional dimensions, the study provides a robust 

foundation for future research and policy discussions aimed at fostering inclusive and 

sustainable digital credit ecosystems. 
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