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Highlights 

Please indicate how your work links to systems science via your contributions to sys-

tems practice, theory, and or methodology 

• The study conceptualizes digital payment ecosystems as socio-technical and complex 

adaptive financial systems in which fintech diffusion, regulatory quality, and private-

sector credit exposure co-evolve through feedback mechanisms. 

• Methodologically, the study treats cross-sectional dependence, slope heterogeneity, 

and distributional variation not as statistical nuisances but as empirical signatures of 

systemic interconnectedness across OECD financial ecosystems. 

What are the main findings and/or the implications of the main findings? 

• Fintech diffusion is positively associated with private-sector credit exposure across 

OECD economies, with the strongest effects appearing at the lower and upper tails 

of the credit distribution. 

• Contrary to the negative-feedback expectation, regulatory quality strengthens rather 

than weakens the fintech–credit relationship, suggesting that high-capacity institu-

tions may enable the safe scaling of digital payment ecosystems while also expanding 

credit channels. 

Abstract 

This study examines whether the diffusion of financial technology expands or constrains 

private-sector credit across OECD economies, and whether regulatory quality conditions 

that relationship. Fintech diffusion is operationalized through a composite index of gen-

eral digital-infrastructure indicators (internet use, mobile subscriptions, and ICT-service 

exports); this index proxies the broader digitalization environment rather than measuring 

payment-platform use, embedded credit, or digital lending directly. It conceptualizes dig-

ital payment ecosystems as complex financial systems in which technological diffusion, 

regulatory capacity, and credit dynamics co-evolve through feedback mechanisms. The 
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policy discourse often assumes that digital financial inclusion automatically enhances re-

silience, yet evidence on credit expansion and systemic exposure remains contested. Us-

ing an unbalanced panel of 37 OECD economies from 2015 to 2024, comprising 356 obser-

vations, the analysis employs Driscoll–Kraay standard errors to address cross-sectional 

dependence within a common-slope two-way fixed-effects framework, along with panel 

quantile regression at the 10th, 50th, and 90th percentiles and Dumitrescu–Hurlin causal-

ity testing. Fintech diffusion is positively and statistically significantly associated with pri-

vate-sector credit exposure, and this association is robust to a two-way fixed-effects spec-

ification. The quantile estimates show that the association is present at these selected 

points of the conditional distribution and strongest at its lower and upper tails, a pattern 

consistent with complex-adaptive-system dynamics in which effects vary across system 

states. Contrary to the negative-feedback expectation, the interaction between fintech dif-

fusion and regulatory quality is positive, consistent with high-quality institutions ena-

bling rather than restraining the translation of fintech into credit, though the observational 

design identifies this interaction rather than the mechanism producing it. The findings 

therefore shift the discussion from fintech as a stand-alone inclusion tool to fintech as a 

system-shaping force with implications for institutional resilience, macroprudential su-

pervision, and systemic credit exposure. Because domestic credit to the private sector ag-

gregates household and corporate lending, the policy implication below is framed at this 

aggregate level: digital payment infrastructure should be governed jointly with consumer 

protection, credit reporting, and financial-resilience mechanisms rather than promoted as 

a neutral technological upgrade. 

Keywords: fintech diffusion; digital payment ecosystems; complex financial systems;  

private-sector credit; regulatory quality; institutional resilience; panel quantile regression; 

OECD economies 

 

1. Introduction 

Something fundamental shifted in the architecture of credit during the 2010s. It was 

not merely that more people began tapping phones instead of swiping cards. It was that 

the entire pipeline through which credit reaches borrowers—assessment, approval, dis-

bursement, collection—became embedded in digital infrastructures whose design choices 

are increasingly, though not exclusively, shaped by platforms; banks remain important 

providers, underwriters, partners, and infrastructure operators in many digital-credit eco-

systems. Between 2014 and 2021, the share of adults in developing economies who made 

or received a digital payment rose from 44 percent to 71 percent; in advanced economies, 

the figure approached universality [1]. Mobile wallets, instant-payment rails, and buy-

now-pay-later interfaces moved from marginal experiments to default infrastructure 

within a single decade. However, the policy conversation has treated this shift as an effi-

ciency upgrade: faster transactions, lower friction, broader inclusion. What has rarely 

been asked is whether the system itself is being reconfigured in ways that make credit 

easier to accumulate and harder to govern. 

This question is directly related to the stability of modern financial systems. Digital 

financial innovation may simultaneously promote inclusion and increase systemic com-

plexity: digital payments can expand formal access, generate transaction histories, and 

support credit assessment, but digitally mediated credit can also increase vulnerability 

when affordability checks, disclosure standards, and financial literacy lag behind adop-

tion [2–4]. The resulting policy challenge is therefore not whether fintech should be pro-

moted or restrained in isolation, but how digital payment subsystems should be governed 
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so that credit expansion remains compatible with financial stability, institutional resili-

ence, and supervisory capacity. 

That policy challenge sits at the intersection of technology and institutions. From a 

socio-technical systems perspective, fintech is not a discrete set of tools but a configuration 

in which digital infrastructures, legal frameworks, market norms, platform incentives, 

and everyday financial practices co-evolve [5,6]. No single component determines the out-

comes of this co-evolution. A mobile-payment platform in one country may expand finan-

cial inclusion; in another, with weaker consumer safeguards, the same platform may em-

bed high-cost or poorly disclosed credit into routine consumption. The effect is emergent, 

shaped by how the technological and institutional components of the system fit together. 

This study enters that space by asking two questions. First, does the diffusion of fi-

nancial technology expand or constrain private-sector credit across OECD economies? 

Second, does regulatory quality condition that relationship—and if so, how? These are not 

abstract concerns. Fintech diffusion could strengthen balance sheets, amplify credit expo-

sure, or do both simultaneously depending on credit composition, borrower quality, ma-

turity, interest rates, non-performing loans, and debt-service capacity; these are compet-

ing possibilities rather than an exhaustive binary. If digital payment ecosystems amplify 

credit exposure—particularly among financially vulnerable borrowers—then a transition 

pursued without institutional safeguards may advance technological efficiency while 

deepening systemic fragility. The two readings imply opposite regulatory priorities: in-

novation promotion versus anticipatory consumer protection. 

The empirical literature offers no settled answer. One strand documents the drivers 

of digital payment adoption—convenience, trust, network effects—and treats diffusion as 

a welfare gain [7,8]. A related strand links fintech to financial inclusion through the reduc-

tion in transaction costs [9,10]. But a growing body of evidence points in a darker direc-

tion. Buy-now-pay-later adoption thrives where banking systems are less efficient, and 

regulation is looser; its users are younger, less educated, and more indebted than tradi-

tional credit users [11,12]. Digital inclusive finance raises private-sector debt in China, 

with effects concentrated among lower-income and asset-poor economic agents [13,14]. 

Mobile-payment adoption is associated with greater household over-indebtedness risk 

through both objective and subjective channels, partly by encouraging consumption and 

easing credit constraints [15]. The pattern is not uniform. It is contingent. 

That contingency is what makes the OECD setting valuable. The 37 member states 

from 2015 to 2024 constitute a system with a recognizable boundary: shared financial in-

frastructure, harmonized statistics, and wide variation in fintech penetration and regula-

tory approach. The decade captures both the pre-pandemic baseline and the post-2020 

acceleration in digital finance, offering variation that earlier samples could not provide. 

Within this boundary, the study asks not only whether fintech diffusion correlates with 

credit exposure on average, but also whether the association is concentrated at particular 

points of the credit distribution and how it interacts with institutional quality. Regulation 

is treated not as an external constraint on the system but as a constitutive element of it. 

The speed of the transition has widened a gap that socio-technical systems theory 

identifies as a structural risk. When technological diffusion outpaces institutional adapta-

tion—a “pace-lag” that has become familiar to regulators across domains [16]—the space 

between adoption and protection becomes a zone of ungoverned credit expansion. In-

stant-payment systems and embedded credit instruments scale through network effects 

and regulatory alignment, in which supervision lags innovation, and borrowers accumu-

late obligations through channels that oversight has not yet mapped. This is not a transient 

friction. It is a systems failure produced by the asynchronous co-evolution of technology, 

regulation, and practice. 
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The study contributes to this debate in three connected ways. Empirically, it assem-

bles an unbalanced panel of 37 OECD economies from 2015 to 2024 and applies second-

generation estimators that accommodate cross-sectional dependence and slope heteroge-

neity—features that characterize integrated global financial markets but that first-genera-

tion methods ignore. Methodologically, it moves beyond the conditional mean to estimate 

the relationship across the full distribution of credit exposure, using panel quantile regres-

sion to capture effects that average estimates conceal. Substantively, it draws on socio-

technical systems theory to argue that fintech diffusion does not have a uniform effect on 

credit but is conditioned by regulatory quality in ways that reflect the systemic coupling 

of technological and institutional subsystems. The prevailing expectation is that strong 

regulation attenuates the fintech–credit link by imposing safeguards. The analysis tests an 

alternative: that in high-capacity institutional contexts, regulatory quality enables the safe 

scaling of digital payment ecosystems, producing a positive rather than negative interac-

tion. This enabling-coupling interpretation treats regulation as a design variable within 

the system, not merely a brake upon it. 

2. Literature Review, Theoretical Framework, and  

Hypothesis Development 

2.1. Literature Review 

Digital payment ecosystem research has matured from a concern with technological 

adoption into a field with its own indicators, datasets, and policy machinery. The phe-

nomenon is now understood as the interplay between technological infrastructure, insti-

tutional governance, and user behavior that determines how payment systems function 

as socio-technical arrangements [6,10,17]. Systematic reviews in the field confirm this tra-

jectory, documenting a conceptual transition from technology-centric, efficiency-oriented 

accounts to integrative analyses that emphasize the co-evolution of digital infrastructures, 

institutions, and social practices [18]. Ref. [7] examine determinants of digital payment 

adoption among younger cohorts and find that perceived convenience, security, and so-

cial influence drive uptake, while Ref. [8] identify trust and perceived usefulness as critical 

for continued use of mobile money in emerging markets. Ref. [17] further show that ac-

ceptance of mobile payment systems is shaped by technology-use factors together with 

security and privacy concerns, confirming that adoption is not a purely technical matter 

but depends on institutional trust and perceived safeguards. Reviews of the adoption lit-

erature therefore suggest that perceived ease of use, perceived usefulness, social influence, 

security, and trust constitute the dominant antecedents of digital payment acceptance. 

The consequences of digital payment diffusion reach well beyond transaction effi-

ciency. A body of evidence links fintech adoption to altered consumer spending patterns, 

including increased impulse buying and reduced pain of payment [19]. Other work con-

nects it to private-sector debt accumulation, as digital credit instruments lower the psy-

chological and procedural barriers to borrowing [11,12]. These downstream effects raise 

the stakes of getting the diagnosis right, since a policy that misidentifies the drivers of 

financial vulnerability will misallocate the resources meant to relieve it. 

A substantial study identifies three channels through which digital payments affect 

private-sector credit: reduced transaction friction, embedded credit provision, and behav-

ioral nudging toward consumption. Ref. [11] find that buy-now-pay-later adoption across 

25 countries thrives where banking systems are less efficient, private-sector debt is already 

elevated, and regulation is looser, and that such users are typically younger, less educated, 

and more indebted than traditional credit users [12]. Ref. [19] demonstrate a liquidity ef-

fect whereby embedded credit increases overall spending, since consumers treat available 

credit as part of their liquid resources. Qualitative and behavioral accounts reinforce this 
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interpretation, as the buy-now-pay-later ecosystem reshapes the timing of spending and 

the framing of repayment obligations [20], while transient negative emotions can increase 

demand for conveniently accessible online credit [21]. Evidence from these instruments 

shows that their users are disproportionately financially vulnerable, thereby raising the 

distributional stakes [12]. These findings place institutional context and household finan-

cial sophistication at the center of the explanation; because the dependent variable in this 

study aggregates household and non-financial corporate credit, these household-specific 

mechanisms are treated as one plausible contributor to the aggregate association tested 

empirically below, rather than as a directly identified channel. 

The relationship between fintech diffusion and private-sector credit exposure is far 

less settled. Several contributions argue that digital financial inclusion can ease credit con-

straints and smooth consumption [9,10]. Ref. [9] show that fintech lenders that use digital 

footprints expand credit access to underserved populations, but do not examine the sub-

sequent debt trajectory. The broader literature confirms that digital lenders reach borrow-

ers underserved by banks, expanding access but also exposure [22], while financial liter-

acy is a strong positive correlate of fintech growth across many countries, linking digital 

credit supply to the human capacity that governs its safe use [23]. Recent micro-level evi-

dence from China finds that digital inclusive finance increases long-term private-sector 

debt, with the effect stronger among lower-income and asset-poor economic agents 

[13,14]. Mobile payment adoption is associated with greater household over-indebtedness 

risk through both objective and subjective channels, with the effect operating partly 

through higher consumption and relaxed credit constraints [15], while digital payments 

in particular raise the financial vulnerability of rural economic agents [24]. Ref. [25] docu-

ments a broad shift toward household lending during the fintech era, conditioned by fi-

nancial literacy and credit-information sharing, while Ref. [26] show that fintech reshapes 

household portfolio composition, including loan shares, across advanced economies. 

Cross-country work likewise links fintech to the interaction between private-sector debt 

and financial crises [27], and fintech credit displays a nonlinear, inverted-U relationship 

with financial stability [28]. Cross-country evidence indicates that fintech credit can serve 

as a direct substitute for traditional bank credit, especially in less stable and more concen-

trated banking sectors, implying it can expand total credit supply rather than merely re-

allocate it [29]. The literature therefore offers no consensus that fintech diffusion lowers 

household leverage in the aggregate, and some evidence points to a resilience-enhancing 

role only under specific conditions [30]. The inclusion-risk duality is also emphasized in 

recent international evidence: digital financial inclusion may broaden access to formal fi-

nancial services while simultaneously increasing vulnerability among consumers who 

face low literacy, weak disclosure, or limited regulatory protection [3,31]. Cross-country 

evidence on digital finance and financial stability similarly suggests that digital financial 

development should be evaluated not only through access indicators but also through its 

implications for system-wide stability [32]. 

A parallel body of work establishes the empirical centrality of financial literacy, reg-

ulatory quality, and institutional resilience. The OECD [4] reports that a significant share 

of adults who bought goods online did not reach the minimum target digital financial 

literacy score, and that low literacy exacerbates the risks of overspending. Ref. [33] show 

that digital finance interacts with household financial literacy in shaping outcomes, and 

Ref. [34] link digital skills to financial inclusion among low-income consumers. Ref. [11] 

show that embedded credit is more widespread in jurisdictions with looser financial and 

consumer protection regulations. Ref. [35] demonstrate that information and communica-

tion technologies shape how financial literacy translates into household financial deci-

sions, while financial literacy itself strengthens household financial resilience to shocks 

[36]. Recent evidence further indicates that institutions can moderate the effects of digital 
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financial inclusion and financial development, suggesting that institutional quality may 

act as a catalyst for resilient inclusion rather than merely as an external constraint [37,38]. 

Regulatory design also matters in comparative fintech settings because collaboration be-

tween regulators, fintech firms, and other stakeholders shapes the conditions under which 

innovation scales safely [39]. The financial resilience of banks similarly depends on how 

institutions convert risk exposure into governed responsibility [40,41]. At the household 

level, digital inclusive finance can cut both ways, raising debt risks for rural economic 

agents even as it widens access, and systematic reviews confirm that both country-level 

and household-level factors jointly determine indebtedness [42]. The contention that in-

come inequality is tightly coupled with household debt accumulation [43] further situates 

the institutional and structural context as a moderator rather than a mere background 

condition. From a systems-engineering perspective, the digital payment ecosystem exhib-

its the hallmarks of a complex adaptive system: heterogeneous agents, nonlinear interac-

tions, feedback loops, and emergent outcomes that are not reducible to individual behav-

ior [44,45]. This view justifies the use of panel estimators that treat cross-sectional depend-

ence not as a nuisance but as an empirical signature of systemic interconnectedness. 

2.2. Theoretical Framework 

The study is organized around socio-technical systems theory, which reconceives 

digital payment ecosystems as the outcome of co-evolution between technological infra-

structure, institutional governance, and social practices [5,46]. The system boundary is 

defined as the OECD financial system from 2015 to 2024, comprising 37 national subsys-

tems that share integrated payment infrastructures and regulatory frameworks but retain 

heterogeneity in fintech penetration and institutional capacity. The framework treats tech-

nological change not as an exogenous shock but as a process embedded in social systems 

where user practices, regulations, industrial networks, and meanings interact. Two impli-

cations follow. First, the determinants of private-sector credit exposure operate through 

the interplay of technological affordances and institutional mediation, so fintech diffusion 

and regulatory quality occupy the foreground. At the same time, income and financial 

structure operate in the background as conditions shaping how economic agents interact 

with digital credit. 

Second, the framework anticipates heterogeneity. Because socio-technical systems 

differ across countries in their regulatory regimes, competitive structures, and norms, the 

same fintech innovation can translate into different household outcomes depending on 

context. A transition that enhances inclusion in one system may raise predatory lending 

risks in another, so the household-level effect of fintech diffusion need not share a com-

mon sign or magnitude across the OECD. This expectation has a direct econometric con-

sequence. In socio-technical terms, estimating a single pooled slope across heterogeneous 

systems is analogous to assuming that a technological intervention produces identical ef-

fects across different regime configurations—a fallacy that the multi-level perspective 

identifies as “landscape” variation being mistaken for “regime” uniformity [5]. The heter-

ogeneous-panel literature treats this as central [47,48]. 

The complex adaptive systems perspective complements this reading by emphasiz-

ing that financial markets comprise heterogeneous agents whose interactions produce 

emergent properties [49,50]. In this view, the fintech–credit relationship is not a simple 

input-output function but a property of the system itself: platform algorithms, merchant 

incentives, regulatory constraints, and household decisions interact in feedback loops that 

can amplify or dampen credit expansion. A feedback loop of particular relevance runs 

through trust. As regulatory quality raises confidence in digital instruments, adoption 

deepens, and the credit channel widens, so that institutional strength and credit expansion 

reinforce one another. In this setting, institutional resilience refers to the capacity of 
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regulatory and supervisory systems to absorb the disruptive effects of digital financial 

innovation while maintaining transparency, consumer protection, and credit-system sta-

bility. Regulatory quality is therefore interpreted not only as a governance indicator but 

also as an institutional-resilience mechanism within the digital payment ecosystem. This 

dynamic, which conventional moderation logic does not anticipate, becomes central to 

interpreting the results below. This perspective justifies panel estimators that account for 

cross-sectional dependence and slope heterogeneity, since the assumption of independent 

and homogeneous units is inconsistent with the phenomenon’s systemic nature. The 

transnational scaling of payment platforms through the productization of application pro-

gramming interfaces illustrates how socio-technical systems propagate across borders and 

generate the interdependence these estimators are designed to capture [51]. This interde-

pendence is not a statistical inconvenience; it is the empirical signature that the OECD 

payment ecosystem functions as a coupled system rather than a set of independent cases. 

2.3. Hypothesis Development 

The socio-technical framework places institutional mediation at the center of techno-

logical effects and treats fintech diffusion as a context-dependent influence on household 

behavior. Combined with the conditional evidence that fintech diffusion raises leverage 

where consumer protection is weak, this reasoning leads to the expectation that fintech 

diffusion is positively associated with private-sector credit exposure across the OECD, 

since the digital payment ecosystem lowers the procedural and psychological barriers to 

borrowing. 

H1. Fintech diffusion has a positive and statistically significant association with private-sector 

credit exposure across OECD countries, as the expansion of the technological subsystem alters the 

state of the credit ecosystem and lowers barriers to borrowing across the system. 

The same framework treats institutional quality as a potential counterweight to tech-

nology-driven credit expansion. The dominant reading in the cross-country literature is 

that strong regulatory frameworks restrain the credit-expanding effect of fintech, since 

well-regulated systems impose lending standards, disclosure requirements, and con-

sumer safeguards that limit household over-borrowing [11]. In socio-technical terms, this 

casts institutional quality as a negative-feedback mechanism that counteracts technology-

driven credit expansion. A competing systems possibility, which the analysis explores in-

ductively rather than assuming, is that strong regulatory quality instead enables the safe 

scaling of digital payment systems, providing the legal certainty and trust that let fintech 

credit reach economic agents, in which case the coupling between regulation and the 

fintech–credit link would be positive rather than negative. This ambiguity is consistent 

with recent evidence that institutional quality can moderate the economic consequences 

of digital financial inclusion, and that fintech regulation often operates through enabling 

infrastructures, supervisory coordination, and market trust rather than through prohibi-

tion alone [38,39]. 

H2a. Under the negative-feedback view, higher regulatory quality attenuates the positive associa-

tion between fintech diffusion and private-sector credit exposure. 

H2b. Under the enabling-coupling view, higher regulatory quality amplifies the positive associa-

tion between fintech diffusion and private-sector credit exposure, as strong institutions provide the 

legal certainty and trust that allow the technological subsystem to scale safely. 

These two hypotheses move the explanatory weight from the composition of techno-

logical supply to the institutional features that govern how economic agents interact with 
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digital credit. The empirical strategy that follows is designed to test each one against esti-

mators that account for cross-sectional dependence and slope heterogeneity in the OECD 

panel, so that the conclusions rest on agreement across methods rather than on any single 

specification. The analysis treats the moderating role of digital financial literacy, which 

the available cross-national data do not allow us to measure in an annual panel, as an open 

question addressed in the limitations. 

3. Materials and Methods 

3.1. Data and Sample 

The analysis uses an unbalanced panel of 37 OECD member states observed annually 

from 2015 to 2024: Australia, Austria, Belgium, Canada, Chile, Colombia, Czechia, Den-

mark, Estonia, Finland, France, Germany, Greece, Hungary, Iceland, Ireland, Israel, Italy, 

Japan, South Korea, Latvia, Lithuania, Luxembourg, Mexico, the Netherlands, New Zea-

land, Norway, Poland, Portugal, Slovakia, Slovenia, Spain, Sweden, Switzerland, Turkiye, 

the United Kingdom, and the United States. Costa Rica, the sole remaining current OECD 

member, is excluded because it joined the OECD in 2021, which would introduce a struc-

tural break in coverage over the 2015–2024 window rather than a genuine missing-data 

gap. The period is the widest window in which the core series are jointly available at an 

annual frequency. The full grid of 37 economies over ten years would yield 370 observa-

tions, but missing values in one or more core series reduce the estimation sample to 356 

country-year observations. Thirty-one economies are observed across all ten years, while 

the remainder are observed for fewer years because of gaps in the underlying series. Miss-

ing cells were left missing rather than imputed, so the panel is unbalanced by construc-

tion. 

All data are derived from open and replicable sources, consulted at the level of the 

individual country-year. Private-sector credit exposure is proxied by domestic credit to 

the private sector as a share of gross domestic product, drawn from the World Bank de-

velopment indicators. The indicator captures credit extended to both households and non-

financial firms; it is used here as the most widely available cross-national measure of credit 

depth, with the household-firm composition acknowledged as a measurement limitation. 

Fintech diffusion is constructed from three digital-infrastructure series, namely individu-

als using the internet, mobile cellular subscriptions, and information and communication 

technology service exports. Regulatory quality is taken from the World Bank Worldwide 

Governance Indicators. Real income per capita and the consumer price inflation rate are 

included as controls from the same set of development indicators. Each series was re-

trieved by indicator code, filtered to the 2015 to 2024 window, and merged on the country-

year identifier, so that every observation reflects a published value rather than an imputed 

quantity. The system boundary—37 OECD economies over ten years—was determined 

by data availability and theoretical relevance: these economies share integrated financial 

infrastructures that constitute a recognizable socio-technical regime, while retaining suf-

ficient heterogeneity in fintech penetration and regulatory quality to identify the parame-

ters of interest. 

The baseline specification evaluates the association between the digital-infrastruc-

ture-based fintech index and private-sector credit exposure, while the interaction specifi-

cation evaluates the conditioning role of regulatory quality. This alignment makes the 

purpose of the empirical strategy explicit and connects the research questions, hypothe-

ses, and estimators more clearly. 
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3.2. Variable Operationalization 

The dependent variable is private-sector credit exposure, proxied by the ratio of do-

mestic credit to the private sector to gross domestic product, expressed as a percentage. 

This indicator is the most widely available cross-national measure of credit depth and is 

used here as a proxy for borrowers’ credit conditions. The measure includes credit to both 

households and non-financial firms, so it captures the broader credit environment rather 

than household debt alone. This limitation is made explicit in the interpretation of the 

results. 

The focal explanatory variable is fintech diffusion, operationalized as the first princi-

pal component of three standardized digital-infrastructure indicators: individuals using 

the internet as a share of population, mobile cellular subscriptions per hundred people, 

and information and communication technology service exports as a share of total ex-

ports. These series capture the connective and transactional infrastructure on which digi-

tal payment ecosystems depend, and they are combined through principal component 

analysis into a single unit-free index. The composite measures the infrastructural capacity 

that underlies fintech rather than the adoption of any specific instrument, a distinction 

maintained throughout. Because the index proxies rather than directly measures fintech 

adoption, a sensitivity analysis is reported in the robustness section using alternative op-

erationalizations. 

Three further covariates capture the institutional and structural context. Regulatory 

quality is a World Bank Worldwide Governance Indicators measure that reflects the 

state’s capacity to formulate and implement sound policies and regulations that enable 

and promote private-sector development. In the interpretation developed here, this vari-

able also serves as a proxy for the institutional resilience of the digital payment ecosystem, 

as it captures the governance environment in which digital credit instruments are author-

ized, supervised, and trusted. Real income is gross domestic product per capita in con-

stant prices, entered in natural logarithm. Inflation is the annual change in the consumer 

price index, which is included to capture macroeconomic stability. 

3.3. Empirical Strategy 

The estimation strategy is dictated by two features of macro panels of this kind, both 

of which are tested rather than assumed. The first is cross-sectional dependence, since 

member states share integrated financial markets, common regulatory frameworks, and 

synchronized monetary shocks, making a disturbance in one country likely to be corre-

lated with those in others. Its presence is examined with the Pesaran cross-sectional de-

pendence test [52]. The second is slope heterogeneity, since the effect of fintech diffusion 

may differ across countries with different regulatory regimes and financial cultures [48]. 

When both are present, first-generation estimators that assume independence and homo-

geneity yield biased inference. From a systems perspective, this is not merely a statistical 

nuisance: cross-sectional dependence is the empirical signature that OECD payment eco-

systems form an interdependent whole, and slope heterogeneity reflects the reality that 

the same technological intervention produces different effects across different regime con-

figurations [47]. 

The order of integration is examined using a cross-sectionally augmented panel unit 

root framework [53], and the baseline relationship is estimated via a fixed-effects regres-

sion with Driscoll and Kraay [54] standard errors, which correct inference for cross-sec-

tional dependence and serial correlation while retaining within-country identification. 

The baseline model is written as: 

PrivateCreditᵢ,ₜ = αᵢ + β1FINTECHᵢ,ₜ + β2REGᵢ,ₜ + β3lnGDPpcᵢ,ₜ + β4INFᵢ,ₜ + εᵢ,ₜ  
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where i indexes countries, t indexes years, PrivateCredit denotes private-sector credit expo-

sure, FINTECH the fintech diffusion index, REG regulatory quality, lnGDPpc log real income 

per capita, INF inflation, αᵢ country fixed effects, and εᵢ,ₜ the error term. A second specification 

adds the interaction between fintech diffusion and regulatory quality to test the moderation 

in H2. To test robustness to common shocks, the model is re-estimated with two-way fixed 

effects. The combination of Driscoll–Kraay standard errors with time fixed effects addresses 

two distinct sources of dependence: spatial correlation across countries and synchronized tem-

poral shocks. While Driscoll–Kraay corrects for the former, time fixed effects absorb the latter; 

their joint use is conservative and reported for transparency. Because an association that ap-

pears modest at the mean may differ across the credit distribution, the relationship is also es-

timated using panel quantile regression on the within-transformed data at the lower, median, 

and upper quantiles. This distributional approach follows recent OECD panel work that uses 

panel quantile regression to uncover asymmetric effects of digital infrastructure that condi-

tional-mean estimators conceal [41]. The quantile specification is estimated on within-trans-

formed data to absorb country fixed effects; this follows the approach of Canay [55] and Gal-

vao [56], who show that fixed-effects quantile regression can be consistently estimated by de-

meaning the data under appropriate conditions. The method is suited to the heterogeneous-

slope setting that the diagnostic tests confirm [47,48]. To address persistence and joint deter-

mination, a dynamic specification with a lagged dependent variable is estimated. The Dumi-

trescu and Hurlin [57] panel non-causality test is applied with an optimal lag of 1, selected 

using information criteria, to the 36 cross-sections with complete series. The test requires bal-

anced panels; the full sample’s unbalanced structure means that the causality results apply 

only to the subset of countries with sufficient temporal depth, a limitation acknowledged in 

the interpretation. 

3.4. Robustness Strategy 

To assess the robustness of the fintech diffusion measure, the baseline model is re-

estimated using each component of the principal component index separately: (i) internet 

use only, (ii) mobile cellular subscriptions only, and (iii) ICT service exports only. If a 

single component drives the association between fintech diffusion and credit exposure, 

the coefficient should be unstable across these specifications. Stability across all three 

would support the interpretation that the composite captures a general infrastructural ca-

pacity rather than a spurious correlation with any single indicator. 

4. Results 

4.1. Descriptive Statistics 

The estimation sample comprises 356 country-year observations across 37 OECD econo-

mies from 2015 to 2024, of which 31 economies are observed for the full ten years. Private-

sector credit exposure averages 89.7 percent of gross domestic product with substantial dis-

persion, ranging from 23.8 to 223.8 percent, which reflects the wide variation in credit depth 

across the OECD. The fintech diffusion and regulatory quality indices show the expected scale, 

and inflation displays the widest relative spread, reflecting the price instability several econo-

mies experienced toward the end of the period. The principal component analysis supports 

the fintech composite, as the first component summarizes the shared variation among the 

three digital-infrastructure indicators, with balanced loadings. 

Table 1 reports the descriptive statistics for all model variables. 
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Table 1. Descriptive statistics. 

Variable Mean Std. Dev. Min Max 

PrivateCredit 89.666 44.474 23.785 223.842 

FINTECH 0.007 1.128 −3.379 4.922 

REG 1.151 0.569 −0.229 2.080 

lnGDPpc 10.300 0.654 8.681 11.616 

INF 3.650 6.494 −1.736 72.309 

Note: N = 356 observations across 37 OECD countries, 2015–2024. FINTECH is the first principal 

component of internet use, mobile subscriptions, and ICT service exports. REG is the Worldwide 

Governance Indicators indicator for regulatory quality. PrivateCredit is domestic credit to the pri-

vate sector as a percentage of GDP, serving as a proxy for private-sector credit conditions. 

4.2. Correlation and Multicollinearity 

The pairwise correlations show that private-sector credit exposure is most strongly 

associated with regulatory quality and income, and only weakly with fintech diffusion at 

the bivariate level, which already signals that the fintech relationship is not visible without 

conditioning on other factors. Fintech diffusion correlates moderately with regulatory 

quality and income, consistent with the clustering of digital infrastructure in higher-in-

come, better-governed economies. The variance inflation factors are all below five, with 

the largest value of 3.45 for regulatory quality, so multicollinearity does not threaten the 

estimates. 

Table 2 reports the correlation matrix and the variance inflation factors. 

Table 2. Correlation matrix and variance inflation factors. 

Variable PrivateCredit FINTECH REG lnGDPpc INF VIF 

PrivateCredit       

FINTECH 0.049     1.31 

REG 0.542 0.480    3.45 

lnGDPpc 0.561 0.410 0.814   2.99 

INF −0.190 −0.088 −0.310 −0.201  1.12 

Note: Pairwise Pearson correlations. Variance inflation factors computed from the linear specifica-

tion. N = 356. 

4.3. Cross-Sectional Dependence 

The Pesaran cross-sectional dependence test rejects the null of independence for 

every variable at the one percent level, with statistics ranging from 5.16 for regulatory 

quality to 60.05 for inflation. This pattern confirms that OECD economies are linked 

through integrated financial markets and shared shocks, so first-generation estimators 

that assume independence would yield biased inference. The result justifies using estima-

tors that are robust to cross-sectional dependence in subsequent steps. From a systems 

perspective, the rejection of independence is not merely a statistical inconvenience but 

evidence that OECD payment ecosystems function as an interdependent whole, consistent 

with the study’s socio-technical framing. 

Table 3 reports the cross-sectional dependence test results. 

Table 3. Pesaran cross-sectional dependence tests. 

Variable CD Statistic p-Value 

PrivateCredit 21.457 0.000 

FINTECH 51.989 0.000 

REG 5.156 0.000 
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lnGDPpc 54.421 0.000 

INF 60.047 0.000 

Note: The null hypothesis is cross-sectional independence. Rejection at the one percent level for all 

variables. N = 356. 

4.4. Baseline Estimates: Driscoll–Kraay Fixed Effects 

The baseline fixed-effects estimates with Driscoll–Kraay standard errors provide the 

primary test of H1. In the baseline specification, fintech diffusion is associated with higher 

private-sector credit exposure once country fixed effects and controls are included. Regu-

latory quality is positive but not statistically significant; income is strongly negative 

within countries; and inflation is negative and significant. The within R-squared of 0.205 

is moderate for a within-country credit model, as expected, because country fixed effects 

absorb the large and persistent cross-national differences in credit depth, leaving the 

within-country variation that fintech diffusion helps explain. In terms of economic mag-

nitude, a one-standard-deviation increase in the fintech diffusion index is associated with 

roughly a 4.7 percentage-point increase in private credit relative to GDP, evaluated at the 

index standard deviation of 1.13, which is economically meaningful given a sample mean 

near 90 percent. These estimates support H1: fintech diffusion is positively and signifi-

cantly associated with private-sector credit exposure. 

The second specification adds the interaction between fintech diffusion and regula-

tory quality to test H2a (negative feedback, attenuating) against H2b (enabling coupling, 

amplifying). The interaction term is positive and significant at the one percent level, while 

the constitutive fintech term becomes statistically insignificant. This pattern supports the 

enabling-coupling direction of H2 rather than the negative-feedback direction, since the 

association between fintech diffusion and private-sector credit is stronger, not weaker, in 

jurisdictions with higher regulatory quality. The negative-feedback reading drawn from 

the prevailing literature is not supported. In contrast, the alternative systems reading, 

which suggests that capable institutions enable rather than restrain the translation of 

fintech into credit, is consistent with the data. The discussion develops this interpretation 

and its boundaries, noting that the enabling-coupling result is consistent with socio-tech-

nical systems theory but inconsistent with the prevailing negative-feedback view in the 

household-credit literature. Table 4 reports the baseline and interaction estimates. 

Table 4. Driscoll–Kraay fixed-effects estimates. 

Variable Model A p-Value Model B p-Value 

FINTECH 4.185 0.001 −0.013 0.989 

REG 3.046 0.516 0.915 0.821 

FINTECH × REG   4.740 0.000 

lnGDPpc −74.868 0.000 −80.201 0.000 

INF −0.170 0.036 −0.116 0.142 

Constant 857.872 0.000 913.591 0.000 

R-squared within 0.205    

Note: Entity fixed effects included. Driscoll–Kraay standard errors are robust to cross-sectional de-

pendence, heteroskedasticity, and autocorrelation. Dependent variable: PrivateCredit. N = 356. 

To convey the magnitude of the interaction, the marginal association of fintech diffu-

sion with private-sector credit is evaluated at three points of the regulatory quality distri-

bution, computed from Model B as the constitutive coefficient plus the interaction coeffi-

cient times regulatory quality. The marginal association rises from roughly 2.0 at the tenth 

percentile of regulatory quality to roughly 5.4 at the median and roughly 8.9 at the nine-

tieth percentile. The fintech–credit association is therefore about four times larger in the 
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most strongly regulated economies than in the least strongly regulated ones, which quan-

tifies the enabling-coupling pattern. 

Table 5 reports the marginal association between fintech diffusion and regulatory 

quality across the distribution of regulatory quality. 

Table 5. Marginal association of fintech diffusion at percentiles of regulatory quality. 

Regulatory Quality 

Percentile 

Regulatory Quality 

Value 
Marginal Association 95% CI 

10th 0.42 1.98 [0.45, 3.51] 

50th 1.15 5.44 [3.89, 6.99] 

90th 1.88 8.90 [6.12, 11.68] 

Note: Marginal association computed from Model B as the fintech coefficient plus the interaction 

coefficient multiplied by regulatory quality. Dependent variable: PrivateCredit. N = 356. 

4.5. Robustness: Two-Way Fixed Effects 

Adding time fixed effects to absorb common annual shocks leaves the central result 

intact. Fintech diffusion retains a positive coefficient of 4.82, which is significant at the 1% 

level. The stability of the coefficient across the entity-only and two-way specifications in-

dicates that the H1 association is not an artifact of synchronized global trends such as the 

low-interest-rate environment of the late 2010s. The combination of Driscoll–Kraay stand-

ard errors with time fixed effects is conservative: the former corrects for spatial correla-

tion, the latter for temporal shocks, and their joint use addresses both sources of depend-

ence without assuming they are identical. The stability of the fintech coefficient across the 

entity and the two-way specifications indicates that the H1 association is not an artifact of 

common time trends such as the synchronized expansion of credit during the low-inter-

est-rate period. This robustness strengthens confidence in the positive association be-

tween fintech and credit. 

Figure 1 compares the fintech diffusion coefficient across the baseline, two-way, and 

dynamic specifications. 

 

Figure 1. Fintech diffusion coefficient on private-sector credit exposure across estimation specifica-

tions, with 95 percent confidence intervals. 
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4.6. Distributional Estimates: Panel Quantile Regression 

The panel quantile estimates reveal that the fintech–credit association is present across 

the distribution of private-sector credit and is strongest at its tails. At the tenth percentile, the 

fintech coefficient is 6.66 and significant; at the median, it falls to 1.85 and remains significant; 

and at the ninetieth percentile, it rises again to 7.08 and is significant at the one percent level. 

The association is therefore not confined to the conditional mean, and it is most pronounced 

among the least and most credit-exposed observations. This distributional pattern matters be-

cause a mean-only reading would understate the relevance of fintech diffusion to the most-

leveraged economies, where the marginal association is largest. The non-uniform pattern is 

consistent with complex-adaptive-systems behavior, in which a common input produces dif-

ferent effects across system states. At the lower tail, fintech diffusion appears to unlock con-

strained access to credit; at the upper tail, it amplifies existing exposure. The median effect is 

smaller because the system is in a different regime—neither credit-constrained nor highly lev-

eraged—where the marginal impact of additional digital infrastructure is attenuated. 

Figure 2 displays the fintech diffusion coefficient across the private-sector credit distribu-

tion. 

 

Figure 2. Fintech diffusion coefficient on private-sector credit exposure across the conditional credit 

distribution, with 95 percent confidence intervals. 

Table 6 reports the panel quantile estimates. 

Table 6. Panel quantile regression estimates. 

Variable Q10 Q50 Q90 

FINTECH 6.660 1.853 7.083 

(p-value) 0.007 0.049 0.000 

REG 25.270 3.368 4.030 

(p-value) 0.024 0.391 0.571 

Note: Panel quantile regression on within-transformed data. Controls for income and inflation are 

included. Dependent variable: PrivateCredit. N = 356. 

4.7. Dynamic Estimation and Causality 

The dynamic specification indicates that private-sector credit is highly persistent, as 

the lagged dependent variable has a coefficient of 1.001, which exceeds unity rather than 

merely approaching it. Once this persistence is modeled, the contemporaneous fintech 

coefficient becomes statistically insignificant, which indicates that the fintech–credit 
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association operates through the slow-moving level of credit rather than through imme-

diate year-on-year changes. A coefficient above one is not compatible with a stable, mean-

reverting process and instead signals either genuine explosive dynamics, residual non-

stationarity, or specification bias from including a lagged dependent variable in a fixed-

effects model with a short time dimension (Nickell bias); this estimate is read as indicative 

of strong persistence rather than a precisely estimated decay rate, and the dynamic speci-

fication would benefit from re-estimation with a bias-corrected or GMM-based estimator 

in future work. The panel unit root tests [53] do not reject stationarity for most cross-sec-

tions, but this does not resolve the coefficient-above-unity concern raised above; the per-

sistence pattern is consistent with path dependence—a feature consistent with the socio-

technical view that payment ecosystems reconfigure financial behavior gradually. This 

persistence is a substantive feature of private-sector credit rather than a weakness of the 

design, and it cautions against interpreting the association as a rapid causal response. The 

Dumitrescu–Hurlin test rejects the null of no Granger predictability in both directions be-

tween fintech diffusion and private-sector credit (fintech to credit: W-bar = 3.755, p < 0.001; 

credit to fintech: W-bar = 1.527, p = 0.025), indicating bidirectional Granger predictability 

rather than a predominantly one-way relationship; the larger W-bar statistic in the fintech-

to-credit direction indicates a stronger, not exclusive, association. Regulatory quality and 

credit are linked bidirectionally as well. The test is applied to the 36 cross-sections with a 

complete series (optimal lag = 1). Hence, the causality results apply to the subset of coun-

tries with sufficient temporal depth rather than the full unbalanced panel. 

Table 7 reports the dynamic estimates, and Table 8 reports the panel causality results. 

Table 7. Dynamic panel estimates. 

Variable Coef. p-Value 

PrivateCredit (t−1) 1.001 0.000 

FINTECH 0.094 0.700 

REG 0.322 0.759 

lnGDPpc −0.584 0.492 

INF −0.217 0.000 

Note: Lagged dependent variable specification with robust standard errors. Dependent variable: Pri-

vateCredit. N = 319. 

Table 8. Dumitrescu–Hurlin panel causality tests. 

Null Hypothesis W-Bar p-Value 

FINTECH does not cause PrivateCredit 3.755 0.000 

PrivateCredit does not cause FINTECH 1.527 0.025 

REG does not cause PrivateCredit 3.425 0.000 

PrivateCredit does not cause REG 3.860 0.000 

Note: Optimal lag of one selected. N = 36 cross-sections with sufficient series length. Rejection indi-

cates Granger causality in the heterogeneous panel. 

4.8. Sensitivity Analysis 

Table 9 reports the baseline model re-estimated using each component of the fintech dif-

fusion index separately. The coefficient is positive and statistically significant for internet use 

and ICT service exports, while mobile subscriptions show no statistically significant associa-

tion. This pattern indicates that the composite fintech index is not driven by a single compo-

nent, but also suggests that mobile penetration has reached saturation in most OECD econo-

mies and therefore provides limited within-country explanatory variation. 
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Table 9. Sensitivity Analysis: Alternative Fintech Proxies. 

Variable Coefficient Std. Error t-Stat p-Value 

Internet use 0.416 0.108 3.868 0.000 *** 

Mobile subscriptions −0.031 0.091 −0.346 0.730 

ICT service exports 0.625 0.164 3.815 0.000 *** 

Note: Each row reports the coefficient on the respective fintech proxy from a separate fixed-effects 

regression with Driscoll–Kraay standard errors. Controls for regulatory quality, log GDP per capita, 

and inflation are included in all specifications. N = 356. *** p < 0.01. 

The sensitivity analysis supports the validity of the composite fintech index. The co-

efficient remains positive and statistically significant for internet use and ICT service ex-

ports, while mobile subscriptions show no significant association. The stability of the sign 

across alternative operationalizations indicates that the composite captures a general in-

frastructural capacity rather than a spurious correlation with any single indicator. The 

insignificance of mobile subscriptions is consistent with the PCA loadings, which assign 

the smallest weight to this component, and with the interpretation that mobile penetration 

has reached saturation in most OECD economies, leaving little within-country variation 

to explain credit dynamics. 

5. Discussion 

The results converge on two findings that are directly relevant to the dynamics of 

modern financial systems. First, fintech diffusion is positively associated with private-sec-

tor credit exposure across the OECD, holding in the baseline, surviving time fixed effects, 

and present across the credit distribution. Second, contrary to the negative-feedback ex-

pectation, the association is stronger where regulatory quality is higher. These findings 

imply that digital payment ecosystems operate as complex financial systems in which in-

clusion, credit expansion, and institutional capacity co-evolve rather than moving inde-

pendently. The central issue is therefore not whether fintech is beneficial or harmful in the 

abstract, but how its credit consequences are governed within payment subsystems that 

are increasingly embedded in everyday transactions. 

The positive fintech–credit association aligns with the strand of the literature that 

views digital payment ecosystems as credit-expanding rather than purely inclusion-en-

hancing. The finding is consistent with evidence that digital inclusive finance raises pri-

vate-sector debt, with effects concentrated among more vulnerable economic agents 

[13,14], and with the cross-country link between fintech and the private-sector debt cycle 

[27]. The quantile results add precision to this account, since the association is strongest 

at the tails of the credit distribution. The strong coefficient at the upper quantile indicates 

that fintech diffusion is most tightly linked to credit in areas where exposure is already 

high, where the financial-stability stakes are greatest. This distributional concentration 

echoes micro-level findings that mobile payments and digital finance increase over-in-

debtedness and financial vulnerability, especially among already-vulnerable economic 

agents, including low-income, low-wealth, low-education, and rural households [15,24], 

and it is consistent with the nonlinear, inverted-U link between fintech credit and stability 

reported by Ref. [28], in which expansion is benign up to a point and destabilizing beyond 

it. The portfolio evidence from Ref. [26] similarly shows that fintech increases household 

loan shares across several advanced economies, corroborating the credit-expanding read-

ing at the household level. From an inclusion perspective, this result qualifies the common 

policy assumption that wider digital access is unambiguously welfare-enhancing. Digital 

payment infrastructures may broaden formal participation and generate credit histories 

[2], but their integration with embedded credit can also increase systemic credit exposure 

when consumers face low financial literacy or weak product transparency [3,4]. The 
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evidence from Spain on digital financial inclusion and financial vulnerability reinforces 

this interpretation in a developed-economy context, showing that digital access and finan-

cial resilience do not automatically move together [31]. 

The unexpected interaction finding is the more striking contribution. The prevailing 

reading, exemplified by Ref. [11], is that embedded credit and its risks are concentrated in 

jurisdictions with looser regulation, which would imply that strong regulatory quality 

should dampen the fintech–credit link. The OECD evidence points the other way. One 

interpretation reconciles this with the socio-technical framework rather than against it. In 

advanced economies with strong regulatory institutions, high regulatory quality may en-

able the safe scaling of digital payment ecosystems rather than suppress them by provid-

ing the legal certainty, interoperability standards, and consumer trust that allow fintech 

credit to reach economic agents at scale. On this reading, strong institutions are a condi-

tion for fintech to translate into credit, not a brake upon it, which is why the interaction is 

positive in a sample of high-capacity states. In socio-technical terms, this is an instance of 

enabling coupling, in which regulatory quality and fintech infrastructure operate as cou-

pled subsystems rather than opposing forces. High regulatory quality provides the legal 

certainty, interoperability standards, and consumer trust that allow the payment subsys-

tem to scale, and that scaling, in turn, widens the credit channel. The positive interaction 

is therefore not a contradiction of the negative-feedback view but a different regime of 

system behavior, one that prevails in high-capacity institutional contexts where the bind-

ing constraint is the management of expansion rather than the absence of institutional 

capacity. Cross-country evidence on banks is consistent with this enabling role, as the ef-

fect of fintech credit on bank performance and risk-taking is moderated by the regulatory 

environment rather than uniformly suppressed [58,59]. In the language of institutional 

resilience, the positive interaction suggests that stronger regulatory systems may increase 

the capacity of the financial system to absorb digital innovation while also allowing the 

credit channel to expand. This does not imply that regulation is risk-free; rather, it indi-

cates that high-quality institutions shape the form and visibility of credit expansion, mak-

ing the macroprudential monitoring of digital payment subsystems more important ra-

ther than less important. 

Where regulation is strong, fintech credit tends to coexist with improved risk-related 

performance, which suggests that capable institutions channel digital credit into more du-

rable forms rather than blocking its expansion. Incumbent banks also respond to the rise 

of fintech credit by adjusting their lending terms, thereby propagating the effects of digital 

credit through the wider credit system rather than containing it [60]. The direction of these 

system effects is contingent on the institutional environment, since fintech lending affects 

incumbent bank market power and stability in ways that depend on the legal and regula-

tory context [61], consistent with the present finding that regulation shapes how fintech 

translates into private-sector credit rather than uniformly damping it. This enabling-cou-

pling interpretation has a corollary: the sign of the interaction is not fixed but regime-

dependent. In high-capacity institutional contexts (the OECD range), the enabling effect 

dominates; in lower-capacity settings, the negative-feedback or even predatory effects 

may dominate. This regime-dependence is itself a systems prediction—a non-linear rela-

tionship that linear moderation models cannot capture. 

This interpretation is offered as a proposition for future testing rather than as a con-

firmed mechanism, since the present design identifies the conditional association but not 

the channel that produces it. The distinction matters because the OECD sample consists 

almost entirely of high-regulatory-quality economies, so the positive interaction may de-

scribe the upper range of the institutional spectrum, where the enabling role of institutions 

dominates. In contrast, the restraining role documented in broader samples operates at a 

lower level. The two readings are not necessarily in conflict, since they may apply to 
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different segments of the global distribution of regulatory quality. This reconciliation is 

consistent with evidence that financial literacy and credit-information sharing shape the 

lending shift of the fintech era [25,35], and with the observation that institutional capacity 

governs whether digital finance strengthens or erodes household resilience [30]. The 

structural coupling of private-sector debt with income inequality [43] suggests a further 

reason why high-capacity economies may exhibit a stronger fintech–credit link, since 

these economies combine deep credit markets with the digital infrastructure that channels 

them. 

The persistence revealed by the dynamic specification and the predominant direction 

of causality from fintech to credit together suggest that the relationship is structural and 

slow-moving rather than an immediate response. Private-sector credit exposure carries 

forward strongly from year to year, and fintech diffusion is associated with its level rather 

than with abrupt changes. This is consistent with the socio-technical view that payment 

ecosystems reconfigure household financial behavior gradually as infrastructure, regula-

tion, and practice co-evolve. It also implies that the credit consequences of fintech diffu-

sion accumulate over time, which raises the stakes of getting the institutional design right 

early. The near-unit persistence coefficient indicates that shocks to private-sector credit 

decay slowly, so a fintech-associated increase in exposure tends to be locked in rather than 

reversed. This path dependence strengthens the case for anticipatory rather than reactive 

regulation, since correcting an accumulated stock of private-sector debt is far costlier than 

shaping its flow at origination. 

The theoretical contribution is to extend socio-technical systems thinking to the cross-

national analysis of private-sector credit, treating the household-level effect of fintech as 

mediated by institutional context rather than as a uniform technological force. The unex-

pected positive interaction enriches this view by suggesting that institutional quality is 

not only a safeguard but also an enabler, a duality that the framework can accommodate 

but that the household-credit literature has not fully drawn out. The socio-technical lens 

makes this duality intelligible, since it treats regulation not as an external brake but as a 

constitutive element of the system that shapes which transactions are possible, trusted, 

and scalable. On this reading, the regulatory regime and the payment technology co-pro-

duce the credit outcome, so that stronger institutions and deeper credit channels emerge 

together. This reframing positions institutional quality as a design variable rather than a 

constraint, a meaningful shift for how the literature models the household consequences 

of financial technology. 

5.1. Systems Contributions 

Beyond the substantive findings, the study contributes to systems-oriented research 

on digital finance in three ways. First, it treats cross-sectional dependence and slope het-

erogeneity not as econometric nuisances but as empirical signatures of systemic intercon-

nectedness, so that the diagnostic tests serve as evidence that OECD payment ecosystems 

form an interdependent whole rather than a set of independent cases. Second, the distri-

butional analysis shows that the fintech–credit association is not uniform across the credit 

distribution, which is consistent with the complex-adaptive-system expectation that ef-

fects vary across system states rather than holding constant at the mean. Third, the ena-

bling-coupling result identifies a system-level dynamic, the positive coupling of the regu-

latory and technological subsystems, that only becomes visible once institutions and tech-

nology are treated as co-evolving components. This directly connects the empirical find-

ings to the special-issue themes of inclusion, complexity, and institutional resilience: 

fintech may expand access and credit simultaneously, complexity emerges through feed-

back between infrastructure and borrowing, and regulatory quality becomes a resilience 

mechanism that shapes how this expansion is governed. 

https://doi.org/10.3390/systems14080960


Systems 2026, 14, 960 19 of 24 
 

https://doi.org/10.3390/systems14080960 

5.2. Policy Recommendations 

The findings carry concrete implications for the institutions that govern digital fi-

nance. The central message is that fintech diffusion is associated with rising private-sector 

credit exposure, so promoting digital payment ecosystems cannot be treated as a costless 

inclusion policy. Digital financial innovation should be paired with consumer protection, 

credit reporting, affordability assessment, and macroprudential monitoring from the out-

set. This policy framing is consistent with the OECD emphasis on informed and safe use 

of short-term online credit and buy-now-pay-later products through digital financial lit-

eracy [4]. 

First, financial regulators and central banks in OECD economies should treat the ex-

pansion of digital payment infrastructure as a credit-relevant event rather than a purely 

technological one. Because the association is strongest among the most credit-exposed 

economies, supervisory attention should concentrate where private-sector credit is al-

ready high and the marginal fintech–credit link is largest. Macroprudential tools such as 

debt-service-to-income limits, affordability checks, and real-time monitoring of embed-

ded-credit products warrant particular attention. 

Second, the unexpected finding that strong regulatory quality accompanies a 

stronger fintech–credit association implies that good regulation should be understood as 

shaping the form of credit expansion rather than preventing it. Regulators in high-capac-

ity systems should therefore focus less on whether fintech expands credit and more on 

whether that expansion is transparent, affordable, and visible to supervisory systems. This 

calls for the integration of buy-now-pay-later and similar products into credit-reporting 

systems, the harmonization of disclosure standards across digital credit interfaces, and 

stronger coordination between financial regulators, payment-system authorities, and con-

sumer-protection agencies [39]. 

Third, because the credit consequences of fintech diffusion are persistent and slow-

moving, intervention is most effective when it precedes rather than follows the build-up 

of private-sector exposure. International bodies such as the OECD can support this by 

embedding credit monitoring into digital finance frameworks, so that institutional safe-

guards are designed alongside the infrastructure rather than retrofitted after credit has 

already accumulated. Concretely, the sequencing implies three priorities: first, real-time 

disclosure and affordability standards for embedded-credit products at the point of sale; 

second, the integration of short-term digital credit into credit-reporting and macropru-

dential surveillance systems; and third, targeted digital financial literacy programs for 

groups most exposed to digital credit risks. The systems-level implication is that con-

sumer protection should be designed as a feature of the digital payment ecosystem rather 

than as an external add-on. 

5.3. Limitations and Suggestions for Future Research 

This study has limitations of data, measurement, and identification that bound its 

conclusions. The most important measurement limitation concerns the dependent varia-

ble. Domestic credit to the private sector proxies private-sector credit conditions but in-

cludes credit to non-financial firms, so it captures the broad credit environment rather 

than private-sector debt alone. The fintech diffusion index likewise proxies the digital in-

frastructure that underlies payment ecosystems rather than the adoption of specific in-

struments such as buy-now-pay-later, for which consistent cross-national panel data do 

not exist over this window. These proxies are transparent and replicable, but they under-

state the precision with which the household-level mechanism can be observed. 

A second limitation concerns the moderating role of digital financial literacy. The 

theory and the broader literature suggest that financial literacy shapes how economic 

agents respond to digital credit [33,34], but consistent annual cross-national measures of 
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digital financial literacy are not available for the full OECD panel, so this channel could 

not be tested directly. This is the clearest open question left by the analysis. As harmonized 

digital financial literacy panels become available, future work should test whether literacy 

attenuates the fintech–credit association, particularly among the most exposed economic 

agents. Comparative evidence already suggests that digital and traditional financial in-

clusion affect household financial resilience differently, which makes the literacy channel 

a priority for cross-national designs [62]. Both financial and digital literacy have been 

shown to build household financial resilience, suggesting that a measure combining the 

two would be an appropriate moderator to test once panel data permit [63]. Recent evi-

dence on fintech risks and digital financial vulnerability reinforces this limitation, since 

digital access can produce different outcomes depending on the joint presence of literacy, 

disclosure, regulatory protection, and consumer capacity [3,31]. 

A third limitation concerns identification. The dynamic specification documents 

strong persistence, and the causality test indicates a predominant direction from fintech 

to credit, but the design estimates conditional associations rather than strictly causal ef-

fects. A specific endogeneity concern attaches to the enabling-coupling result, since econ-

omies with high regulatory quality also tend to have deeper and more developed financial 

markets. The positive interaction could therefore partly reflect financial depth rather than 

regulation as such, and the present design cannot fully separate these channels, which is 

why the enabling-coupling reading is offered as a proposition rather than a settled causal 

claim. Future research should pursue exogenous variation, for instance, through the stag-

gered introduction of instant-payment systems or regulatory reforms, to sharpen identi-

fication, since the cross-country rollout of such systems has been shown to depend heavily 

on regulatory support and institutional collaboration [64]. Extending the analysis beyond 

the OECD would also test whether the positive interaction between regulatory quality 

and fintech diffusion reverses in lower-regulatory-quality settings, thereby directly eval-

uating the enabling-coupling proposition advanced here. A further systems-oriented di-

rection is to move from cross-sectional association to longitudinal system dynamics. 

Agent-based or system-dynamics models could simulate how fintech–credit feedback 

loops evolve under different regulatory regimes, representing heterogeneous household 

behavior, platform incentives, and institutional constraints, and thereby illuminate the co-

evolutionary process that a panel design can only observe in reduced form. 

6. Conclusions 

This study asked whether the diffusion of financial technology expands private-sec-

tor credit exposure across the OECD and whether institutional quality conditions that re-

lationship. Using an unbalanced panel of 37 economies from 2015 to 2024 and a sequence 

of second-generation estimators, it finds that fintech diffusion is positively associated with 

private-sector credit exposure in the static two-way fixed-effects and panel quantile spec-

ifications, an association strongest at the tails of the credit distribution; this association is 

not statistically significant once a lagged dependent variable is introduced in the dynamic 

specification, indicating the relationship is robust across static estimation methods but 

conditional on model dynamics rather than universally robust. Private-sector credit is 

highly persistent. Against the prevailing expectation, strong regulatory quality is associ-

ated with a stronger rather than a weaker fintech–credit link. 

The take-home message is that digital payment ecosystems are complex financial sys-

tems, not neutral conveniences, and that institutional quality shapes how they translate 

into private-sector credit rather than simply restraining them. Promoting fintech without 

parallel attention to credit dynamics risks accumulating exposure that is difficult to re-

verse, given its persistence. The unexpected role of regulatory quality, whose interaction 

results are consistent with interpreting as an institutional-resilience mechanism and a 
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facilitator of safe scaling pending further causal and mechanism-based testing, marks the 

clearest avenue for future work, especially in samples that extend below the OECD range 

of institutional capacity. The study contributes a cross-national, distribution-sensitive ac-

count of how fintech diffusion and institutions jointly shape private-sector credit, and it 

reframes the policy question around coordinated design, macroprudential supervision, 

and institutional resilience rather than the promotion of technology alone. 
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