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Abstract


Stablecoins are increasingly viewed as interoperable settlement layers within electronic commerce, yet the mechanisms through which they become activated as payment instruments remain underexplored. Extending the Unified Theory of Acceptance and Use of Technology (UTAUT) with platform interoperability and regulatory perception, this study develops a sequential adoption-to-activation framework in which technological evaluation, ecosystem compatibility, and institutional legitimacy jointly shape adoption intention and behavioral activation likelihood (BAL). Survey data from 400 digitally experienced Korean consumers with prior experience in digital payments and/or crypto-asset–related transaction environments were analyzed using hierarchical regression with HC3 robust standard errors and bias-corrected bootstrapped mediation testing. The findings show that platform interoperability exerts the strongest influence on adoption intention and also has a significant direct effect on BAL, while social influence exhibits both direct and indirect effects. By contrast, facilitating conditions and regulatory perception operate primarily through adoption intention, and performance expectancy and effort expectancy show no significant direct or mediated effects once ecosystem-level and institutional determinants are incorporated. These results identify a boundary condition of UTAUT in ecosystem-integrated payment environments: in digitally mature multi-sided commerce ecosystems, ecosystem compatibility and institutional legitimacy can operate as structurally prior conditions of activation, suggesting that stablecoin payment activation is better understood as a sequential process shaped by platform-level coordination than as a conventional intention-to-use decision centered on marginal functional gains.
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1. Introduction


1.1. The Expansion of Digital Commerce and the Evolution of Payment Infrastructures


The expansion of electronic commerce has intensified demand for payment infrastructures that are fast, scalable, and interoperable across platform-based transaction environments [1,2]. In multi-sided digital platforms, payment systems do more than execute transactions: they also coordinate interactions among consumers, merchants, and service providers [3]. Although conventional payment systems—such as card networks, bank transfers, and mobile wallets—have enabled the growth of digital commerce, they still face friction in terms of cross-border settlement, currency conversion, and platform-level compatibility [4]. These constraints have increased interest in blockchain-based payment technologies that support programmable and potentially cross-platform settlement. Among these technologies, stablecoins have emerged as candidate payment instruments because they combine blockchain transferability with relative price stability [5,6]. Recent research on crypto payment adoption by online retailers and on stablecoins in retail operations further suggests that the commercial relevance of blockchain-based payment instruments depends not only on their technical design, but also on their fit with transaction environments and platform-level operations [7,8].




1.2. Stablecoins as Emerging Payment Instruments in Electronic Commerce


Stablecoins have mainly been studied from macro-financial and regulatory perspectives, including reserve design, systemic risk, and monetary implications [5,9]. By contrast, their role as payment infrastructures within electronic commerce ecosystems remains underexplored. In platform-based commerce, payment adoption depends not only on usability, but also on interoperability, ecosystem integration, and network effects [3,10]. Payment instruments must function across merchants, platforms, and transaction settings while maintaining sufficient institutional legitimacy to reduce perceived risk [11]. This makes stablecoin adoption in e-commerce analytically different from general crypto-asset adoption. Recent research has also begun to examine stablecoins in transaction-oriented contexts, including cross-border remittances and retail operations, but these studies still provide limited evidence on how stablecoin payments become activated within platform-mediated commerce systems [8,12,13,14]. Accordingly, this study treats stablecoins not merely as financial instruments, but as payment infrastructures whose activation depends on ecosystem compatibility and institutional assurance.




1.3. The Korean Digital Commerce Ecosystem


South Korea provides an empirically appropriate setting for examining stablecoin-based payment activation, because it combines advanced digital payment adoption, strong platform ecosystems, and broad consumer participation in online marketplaces. In such an environment, stablecoins may plausibly operate as programmable settlement layers embedded in platform-based commerce systems. However, technological feasibility alone does not ensure activation. Users must also perceive sufficient trust, regulatory legitimacy, and interoperability across transaction environments. For this reason, Korea is used in this study as a digitally mature but context-specific empirical setting. The proposed framework may be conceptually relevant to other platform-based commerce environments, but the present empirical results should be interpreted within the Korean context rather than assumed to generalize automatically across countries.



Against this background, this study conceptualizes stablecoin payment adoption in electronic commerce as an activation process embedded in platform-based transactions rather than as a standalone technological choice. Extending UTAUT, it incorporates platform interoperability and regulatory perception as ecosystem-level and institutional determinants of payment activation. Using survey data from digitally experienced consumers and hierarchical regression with HC3 robust standard errors and bootstrapped mediation analysis, the study examines how these determinants shape adoption intention and behavioral activation likelihood. In doing so, it explains how stablecoin payments may become operational in digitally mature commerce ecosystems and clarifies the boundary conditions of technology adoption models in such settings.




1.4. Research Objectives


This study investigates the determinants of adoption intention (AI) and behavioral activation likelihood (BAL) for stablecoin payments in electronic commerce environments. Drawing on UTAUT [15,16], it extends the framework by incorporating platform interoperability and regulatory perception as determinants that reflect ecosystem compatibility and institutional assurance in digital payment settings. Specifically, the study examines (1) how the antecedent variables influence AI, (2) whether AI mediates their relationship with BAL, and (3) how much incremental explanatory power AI adds to the prediction of transaction-oriented behavioral propensity within platform ecosystems.



Importantly, the analysis is based on digitally experienced Korean consumers with prior experience in digital payments and/or crypto-asset–related transaction environments, allowing the proposed activation framework to be evaluated by respondents with relevant transactional familiarity rather than by individuals relying solely on hypothetical expectations. This enables a clearer distinction between adoption intention, which reflects motivational readiness to use stablecoin payments, and behavioral activation likelihood, which reflects a context-bound propensity to enact payment behavior in electronic commerce under defined institutional conditions. In this sense, AI captures intention formation, whereas BAL captures transaction-proximate behavioral readiness grounded in prior digital payment experience.




1.5. Limitations of Existing Research


Existing stablecoin research has focused primarily on USD-pegged tokens and has largely emphasized reserve composition, stabilization mechanisms, and financial stability implications [5,6,9]. Although this literature provides important macro-financial insights, it says relatively little about how stablecoins may function as payment instruments within electronic commerce ecosystems. At the same time, the broader digital payment literature has mainly examined mobile payments, online banking, and platform-based wallets through technology acceptance frameworks [1,17]. These studies help explain consumer adoption in e-commerce settings, but they do not fully capture blockchain-native payment infrastructures that combine transferability, programmability, and platform-level interoperability. Recent stablecoin studies have begun to address adoption, continuance, and retail-use contexts, yet empirical work remains limited on how ecosystem compatibility and institutional assurance jointly shape stablecoin payment activation in digital marketplaces [8,12,13,18]. This gap motivates an extended behavioral framework that situates stablecoin adoption within electronic commerce ecosystems rather than treating it solely as a financial or technological phenomenon.




1.6. Research Questions


To address these gaps, this study is guided by the following research questions:



RQ1: What technological, social, and institutional factors influence adoption intention toward stablecoin payments in platform-based electronic commerce?



RQ2: How does adoption intention mediate the relationship between these determinants and behavioral activation likelihood in electronic commerce environments?



RQ3: What technological, social, and institutional determinants directly influence the behavioral activation likelihood of stablecoin payments in platform-based electronic commerce?



RQ4: Do the structural relationships among determinants, adoption intention, and behavioral activation likelihood remain robust when demographic characteristics are incorporated as control variables in the empirical analysis?



This study conceptualizes stablecoin adoption as a digital commerce activation process in which technological perceptions, ecosystem signals, and institutional legitimacy jointly shape transaction-oriented readiness. Rather than treating adoption as an isolated individual choice, the framework assumes that this process unfolds within multi-sided platform environments characterized by compatibility conditions and network effects. For analytical clarity, the research questions are translated into three hypothesis blocks. RQ1 is addressed through H1–H6 on the determinants of adoption intention, RQ3 through H7–H12 on direct effects on behavioral activation likelihood, and RQ2 through H13–H18 on the mediating role of adoption intention. RQ4 is examined through robustness analysis using demographic controls and group-difference tests rather than separate hypothesis statements. This mapping links the conceptual inquiry directly to the empirical testing strategy.




1.7. Academic and Policy Contributions


This study makes three contributions to the literature on digital payments and electronic commerce. Its central contribution is to reframe stablecoin adoption as an activation problem rather than as a conventional intention-only adoption decision. This reframing shifts analytical attention from isolated user evaluation to the coordination of ecosystem compatibility, institutional legitimacy, and transaction-proximate readiness. It also extends conventional intention–behavior models by introducing an intermediate readiness stage and by showing that payment activation may arise through both intention-mediated and structurally direct pathways.



First, it conceptualizes stablecoins as commerce-embedded settlement layers rather than merely as crypto-assets or standalone technologies, thereby extending e-commerce payment research beyond conventional wallet- and card-based systems [1,17]. Second, by distinguishing adoption intention from behavioral activation likelihood, it proposes a sequential view of payment activation in which motivational commitment and activation-proximate readiness are analytically separated. In doing so, the study identifies a boundary condition of UTAUT in ecosystem-integrated payment contexts by theorizing platform interoperability and regulatory perception as structurally prior conditions rather than merely as parallel predictors [3,10]. Third, it empirically demonstrates that adoption intention mediates part of the relationship between structural determinants and behavioral activation likelihood, while ecosystem-level factors—especially platform interoperability—retain a prominent role in explaining payment activation.



Practically, the findings offer implications for platform operators, payment service providers, and regulators seeking to design interoperable, trusted, and transaction-ready digital payment infrastructures. Together, these contributions help explain how stablecoin payments may become operational within electronic commerce ecosystems rather than remaining confined to speculative or exchange-based usage contexts [12,13,19].





2. Theoretical Background


2.1. Stablecoins as Digital Payment Infrastructure in Electronic Commerce


Electronic commerce ecosystems rely on payment infrastructures that support secure, scalable, and interoperable transactions across digital marketplaces [2,17]. In multi-sided platform environments, payment systems function not merely as transactional tools, but as coordination mechanisms linking consumers, merchants, and service providers [1,3]. The continued digitalization of commerce has increased demand for settlement arrangements that are faster, more programmable, and more adaptable across transaction settings [1,2]. Although conventional payment networks remain effective, they still involve cross-border frictions, intermediated clearing structures, and platform-level compatibility constraints that may limit efficiency in digitally integrated commerce environments [4,20]. Against this background, blockchain-based payment technologies have attracted attention as possible alternatives capable of supporting automated and potentially cross-platform settlement [21,22].



Stablecoins represent a subset of blockchain-based digital assets designed to maintain value stability through fiat-linked or reserve-backed mechanisms [5]. Compared with highly volatile crypto-assets, they are more plausibly positioned for transaction-oriented use [5,6]. Their architecture can support conditional payments, automated settlement, and integration across multiple digital services, which makes them relevant to electronic commerce environments. Recent work in retail operations also suggests that the commercial usefulness of stablecoin-based arrangements depends not only on technical design, but also on how they fit with platform-level transaction processes and merchant-side operations [8].



However, programmability and blockchain-based design alone do not make stablecoins viable e-commerce payment infrastructures. Their practical activation depends on whether they can operate within interconnected digital systems spanning platforms, gateways, wallets, and governance arrangements. Interoperability therefore functions as a structural activation condition, whereas institutional legitimacy provides the risk-reduction mechanism necessary for merchant and consumer acceptance [11]. Accordingly, stablecoins are best conceptualized here as platform-embedded digital payment infrastructures within multi-sided commerce ecosystems rather than as isolated financial instruments.




2.2. Stablecoins and Platform Interoperability


The stablecoin market has historically been dominated by USD-denominated tokens that have been used mainly within cryptocurrency trading and related digital-asset environments [6]. Their integration into mainstream electronic commerce, however, remains limited. For payment activation in platform-based commerce, broad merchant acceptance and cross-platform usability matter at least as much as the underlying digital asset design. In this respect, stablecoins denominated in domestic currencies may plausibly offer localized settlement advantages, particularly in marketplace environments shaped by regional payment conditions.



Platform economics highlights the importance of compatibility, network effects, and interoperability in multi-sided markets [3,10,23]. In electronic commerce environments, payment instruments generate greater value when they can be used consistently across platforms, merchants, and service contexts. Adoption is therefore linked not only to perceived usefulness, but also to perceived ecosystem breadth and transaction continuity [24]. In this study, platform interoperability refers to the perceived extent to which a payment instrument can function across multiple online marketplaces and digital service environments. Recent work on distributed system interoperability and retail digital payments further supports the view that interoperability is not merely a technical property, but also an adoption-relevant condition shaping user and merchant acceptance [19,25,26,27,28,29].



This perspective is especially relevant to stablecoin payments. If users perceive stablecoins as interoperable settlement layers rather than isolated instruments confined to exchanges, their activation in electronic commerce becomes more plausible. At the same time, interoperability alone is insufficient. Because payment instruments involve asset transfer and transactional risk, users also require institutional safeguards, legal clarity, and consumer protection. Accordingly, stablecoin activation in electronic commerce is expected to depend on the joint presence of ecosystem compatibility and institutional legitimacy rather than on technical capability alone.




2.3. Technology Acceptance and Payment Activation in Digital Commerce


Technology acceptance research provides a useful foundation for explaining digital payment adoption in electronic commerce. TAM and UTAUT identify core behavioral determinants such as perceived usefulness or performance expectancy, perceived ease of use or effort expectancy, social influence, and facilitating conditions [15,16]. In online transaction environments, these constructs help explain how users evaluate payment systems in terms of efficiency, usability, and surrounding support conditions [1,17].



At the same time, stablecoin-based payment infrastructures differ from conventional digital payment systems. They involve asset transfer, wallet-based interaction, regulatory exposure, and settlement processes that may extend across platforms and digital service environments [22,30]. For this reason, standard technology acceptance variables alone may not fully capture the conditions under which stablecoin payments become activated in electronic commerce. In platform-based transaction settings, users may also respond to broader ecosystem signals, including interoperability across services and confidence in institutional safeguards.



Accordingly, this study extends UTAUT by incorporating platform interoperability and regulatory perception as ecosystem-level and institutional conditions that shape when technological evaluations become behaviorally consequential. This extension links technological evaluation to adoption intention and activation-proximate readiness, consistent with prior work distinguishing initial acceptance, use, and continuance in digital payment contexts [12,31,32,33,34]. Section 2.7 develops the implications of this extension for UTAUT’s boundary conditions.




2.4. Performance and Effort Expectancy in Digital Commerce Payments


Performance expectancy refers to the extent to which users believe that a payment technology improves transaction-related outcomes [15,16]. In electronic commerce environments, these outcomes typically include settlement speed, cost efficiency, cross-border usability, and smoother integration with marketplace transactions [1,17]. Prior digital payment research generally shows that perceived usefulness supports adoption intention when users expect a payment system to reduce friction and improve transaction reliability [35,36].



Effort expectancy refers to the perceived ease associated with learning and using a payment technology [15]. In principle, payment systems that are easier to understand and operate should be more readily accepted. However, in digitally mature commerce environments—where users are already familiar with mobile wallets, online banking, and platform-based payment routines—the marginal influence of ease-of-use perceptions may weaken. Under such conditions, users may place greater weight on broader ecosystem compatibility and transaction security than on operational simplicity alone. In this study, performance expectancy and effort expectancy are therefore treated as core cognitive evaluations, while recognizing that their relative salience may decline when ecosystem-level and institutional conditions become more consequential.




2.5. Social Influence and Network Effects in Platform Ecosystems


Social influence refers to the extent to which individuals perceive that important others encourage or expect them to use a technology [15]. In digital payment research, this construct traditionally captures normative pressure arising from family, peers, or other socially relevant actors. In electronic commerce environments, however, social influence extends beyond interpersonal recommendation. It also includes visible adoption signals from merchants, platforms, industry actors, and widely used service environments [3,24].



Platform theory suggests that payment diffusion in multi-sided markets is shaped by indirect network externalities [3,10]. As more users and merchants adopt a payment method, its perceived value and practical usefulness can increase [37]. In this setting, social influence operates not only through direct persuasion, but also through ecosystem visibility. Signals such as merchant acceptance, platform endorsement, and widespread user familiarity may reduce uncertainty and strengthen behavioral readiness in online transaction environments [17,38].



This logic is especially relevant to blockchain-based payment systems. Because stablecoin payments may initially appear unfamiliar or institutionally uncertain, visible endorsement by recognized platforms, merchants, or trusted actors can help reduce perceived ambiguity. Social influence is therefore conceptualized in this study as both a normative mechanism and a network-based diffusion signal within platform-based electronic commerce.




2.6. Facilitating Conditions and Institutional Legitimacy


Facilitating conditions refer to users’ perceptions of the technical and organizational support available for using a technology [15]. In digital commerce environments, this includes infrastructure readiness, wallet availability, merchant compatibility, transaction security, and customer support arrangements [1,35]. These factors shape whether users perceive a payment method as practically usable within real transaction settings rather than merely attractive in principle.



For stablecoin-based payments, however, technical readiness alone is not sufficient. Because such payments involve asset transfer, custody-related concerns, and exposure to regulatory conditions, users may also require assurance that the payment environment is institutionally protected. In this study, regulatory perception captures that institutional dimension. It refers to users’ perceptions of legal clarity, supervisory oversight, and consumer protection mechanisms relevant to stablecoin-based payments [11]. In this sense, regulatory perception functions less as a purely legal awareness variable and more as an institutional assurance mechanism that reduces perceived transaction risk.



Accordingly, facilitating conditions and regulatory perception are treated here as complementary infrastructural determinants within the digital commerce activation framework. Facilitating conditions reflect whether the payment system appears operationally usable, whereas regulatory perception reflects whether it appears institutionally legitimate and sufficiently protected for transaction-oriented use.




2.7. Theoretical Integration: Boundary Conditions of UTAUT in Platform-Embedded Payment Contexts


UTAUT was originally formulated to explain individual-level acceptance of a standalone information system within an organizational context, under the assumption that the technology functions as a discrete object of evaluation [15,16]. In such settings, performance expectancy and effort expectancy naturally dominate because the user’s decision is bounded by the functional properties of a single system.



Such payment instruments do not fully conform to this standalone-object assumption because their value depends not only on intrinsic features but also on the density and reach of the platform network in which they operate [3,10]. A payment instrument with broader merchant and platform acceptance may provide greater practical value than a technically stronger but operationally confined alternative, while its usability also depends on institutional legitimacy in ways that conventional enterprise software does not [9,11].



Two explanatory mechanisms help clarify why UTAUT’s predictive hierarchy may reorder in this context. One plausible mechanism is a ceiling-effect dynamic: in digitally mature payment environments such as South Korea, users already experience near-instantaneous settlement, low cognitive cost, and broad interface familiarity across incumbent payment systems. Under these conditions, variance in perceived performance and effort across new payment instruments may compress, reducing the discriminatory power of PE and EE. This does not invalidate UTAUT; rather, it suggests a boundary condition in which these constructs remain theoretically relevant but lose empirical salience when the baseline utility of the surrounding payment infrastructure is already high.



A second explanatory mechanism involves a structural shift in the locus of evaluative uncertainty from the individual–technology interface to the platform–institution layer. Users no longer ask primarily whether the technology is useful and easy, but whether the payment layer integrates with the ecosystem they already use and whether it is institutionally credible. This shift helps explain why platform interoperability and regulatory perception should be understood not as mere additions to UTAUT, but as structurally prior conditions that determine when individual-level cognitive evaluations become behaviorally consequential.



Accordingly, this study identifies a boundary condition of UTAUT in digitally mature, multi-sided, and institutionally evolving payment environments. In such settings, ecosystem-level and institutional constructs may operate as prior conditions rather than merely as parallel predictors. This does not reconceptualize UTAUT wholesale; it specifies a conditional shift in explanatory emphasis from standalone functional evaluation toward ecosystem coordination and institutional credibility.





3. Research Model and Hypotheses


3.1. Research Model: An E-Commerce Activation Framework


To explain the adoption intention (AI) and behavioral activation likelihood (BAL) of stablecoin payments in electronic commerce, this study proposes an e-commerce activation framework grounded in the Unified Theory of Acceptance and Use of Technology (UTAUT) [15,16] and informed by platform ecosystem theory [3,10]. In digital marketplace environments, payment instruments function not only as transactional tools, but also as embedded coordination mechanisms within multi-sided platforms [3]. Accordingly, stablecoin payment activation is modeled here as a sequential, multi-determinant process shaped by cognitive evaluation, ecosystem conditions, and institutional assurance.



The proposed framework integrates three analytical domains. The Transactional Efficiency Domain includes performance expectancy (PE) and effort expectancy (EE), which capture users’ evaluations of efficiency gains and operational ease in payment use [15,35]. The Platform Ecosystem Domain includes social influence (SI) and platform interoperability (PI), reflecting network visibility, merchant- and platform-level signals, and cross-platform usability in electronic commerce environments [3,10,37]. The Institutional Infrastructure Domain includes facilitating conditions (FC) and regulatory perception (RP), which represent operational readiness and institutional assurance relevant to stablecoin-based payments [15,35].



In this study, domains denote higher-level theoretical categories, whereas determinants refer to the specific constructs included within each domain.



Within this framework, adoption intention (AI) serves as the intention-formation construct linking antecedents to downstream activation, while behavioral activation likelihood (BAL) captures context-conditioned behavioral readiness under defined institutional conditions. By modeling both direct and intention-mediated pathways, the framework distinguishes whether stablecoin payment activation follows a purely intention-driven process or a dual-path structure in which ecosystem-level and institutional determinants exert direct structural effects alongside the intention pathway. In this way, the model treats stablecoins as ecosystem-coordinated payment instruments rather than as standalone technological options. Figure 1 presents the proposed research model.




3.2. Operational Definitions of Constructs


All constructs were operationalized using multi-item scales measured on a five-point Likert scale (1 = strongly disagree; 5 = strongly agree). The measurement items were adapted from prior technology acceptance and digital payment studies [15,16,35] and contextualized to reflect stablecoin payments as multi-platform digital payment instruments operating within electronic commerce ecosystems.



Core Cognitive Determinants in Digital Commerce



Performance expectancy (PE) refers to the extent to which users perceive that stablecoin-based payments improve transaction efficiency in electronic commerce environments [15,16]. In this study, PE captures perceived gains in settlement speed, cost reduction, cross-border usability, and checkout-related efficiency within online marketplaces [1,17]. PE is therefore treated as a cognitive evaluation of transaction-related usefulness in digital commerce settings.



Effort expectancy (EE) refers to the perceived ease associated with learning and using stablecoin-based payments in online transaction routines [15]. In this study, EE captures operational simplicity, clarity of wallet-related use, and ease of integration into electronic commerce payment processes. Consistent with the preceding theoretical discussion, EE is treated as a core cognitive evaluation whose relative salience may decline in digitally mature payment environments.



Platform Ecosystem Determinants



Social influence (SI) represents perceived normative and informational signals encouraging payment activation in platform-based commerce environments [15]. In this study, SI includes peer usage, merchant acceptance, platform endorsement, and broader ecosystem diffusion signals relevant to electronic commerce transactions [3,24]. SI is therefore treated as both a social and network-based activation signal in platform-mediated payment settings.



Platform interoperability (PI) refers to the perceived ability of stablecoin payments to function seamlessly across multiple electronic commerce platforms and related service environments [10,24]. In this study, PI captures perceived cross-platform usability, merchant acceptance breadth, and integration across digital commerce services [37]. PI is therefore conceptualized as an ecosystem-level structural compatibility condition rather than as a purely individual cognitive evaluation.



Institutional Infrastructure Determinants



Facilitating conditions (FC) reflect users’ perceptions of the technical and organizational support available for stablecoin payment integration within electronic commerce platforms [15,35]. In this study, FC refers to wallet infrastructure readiness, merchant compatibility, transaction security arrangements, and customer support availability. FC is therefore treated as an indicator of perceived operational usability in platform-based payment settings.



Regulatory perception (RP) is conceptualized in this study as perceived institutional legitimacy, capturing users’ evaluations of legal clarity, supervisory oversight, and consumer protection mechanisms governing stablecoin-based payments [9,11]. Rather than reflecting simple awareness of regulation, RP is treated as an institutional assurance mechanism that reduces perceived transaction risk and signals governance alignment within the marketplace environment.



Mediator and Outcome Constructs



Adoption intention (AI) captures users’ motivational readiness to use stablecoin-based payments and serves as the immediate intention-formation construct in the proposed activation framework [15,16]. In this study, AI functions as the transitional mechanism linking technological evaluations, ecosystem conditions, and institutional assurance to downstream activation.



Behavioral activation likelihood (BAL) refers to a context-bound and transaction-proximate readiness to enact stablecoin payment behavior within electronic commerce under defined institutional conditions. The distinction between adoption intention (AI) and BAL in this study is grounded in prior intention–behavior research, which differentiates motivational intention from more proximal forms of behavioral expectation, readiness, and enactment [39,40,41]. BAL does not denote observed payment behavior. Because KRW-pegged stablecoins have not yet been deployed as a mainstream domestic payment regime, the present study cannot observe realized use directly. Instead, BAL is modeled as a pre-behavioral enactment readiness construct positioned between general intention and realized behavior. Unlike AI, which captures willingness or planned adoption of stablecoin payments as a future option, BAL captures respondents’ conditional readiness to operationalize that option across concrete transaction situations on the basis of prior stablecoin-related experience and a standardized institutional scenario [39,41,42]. In this sense, AI reflects intention formation, whereas BAL reflects activation-proximate readiness under specified commerce and governance conditions. BAL therefore occupies an intermediate conceptual position between abstract intention and observed behavior, corresponding to the point at which intention–behavior gap research has identified slippage, delay, or adoption failure [40,41].



Conceptually, the distinction is therefore not merely one of wording but of analytical level. AI captures a relatively general and forward-looking motivational commitment to adopt, whereas BAL captures a more situationally specified, transaction-proximate readiness to enact that commitment under concrete institutional and transactional conditions. Taken together, the two constructs represent distinct stages within the proposed activation framework, with BAL clarifying the intermediate readiness point at which slippage or delay may occur between abstract intention and realized behavior.




3.3. Hypotheses


The following hypotheses are structured to directly operationalize the research questions outlined in Section 1.6, thereby ensuring alignment between conceptual inquiry and empirical testing. Consistent with the sequential adoption-to-activation framework, the hypotheses are organized into three analytical blocks: (1) determinants of adoption intention (RQ1), (2) direct effects on behavioral activation likelihood (RQ3), and (3) mediation effects capturing the intention–activation transition mechanism (RQ2).



3.3.1. Determinants of Adoption Intention in Electronic Commerce


In electronic commerce environments, adoption intention is shaped by cognitive evaluations of usefulness, ease of use, ecosystem signals, and enabling conditions [15,16,35].



H1. 

Performance expectancy positively influences adoption intention toward stablecoin-based payments in electronic commerce platforms. Performance expectancy reflects perceived improvements in transaction efficiency, settlement speed, and cost reduction in online marketplaces [1,17].





H2. 

Effort expectancy positively influences adoption intention in digital marketplace environments. Effort expectancy captures the perceived ease of integrating stablecoin payments into existing checkout and wallet systems [15].





H3. 

Social influence positively influences adoption intention in platform-based commerce ecosystems. Merchant participation, peer usage, and platform endorsement reduce uncertainty and strengthen behavioral readiness in digital marketplaces.





H4. 

Facilitating conditions positively influence adoption intention in electronic commerce environments. Facilitating conditions reflect perceived technical readiness and ecosystem support for stablecoin integration [15,35].





H5. 

Regulatory perception positively influences adoption intention by enhancing institutional legitimacy in digital marketplaces. Institutional trust and regulatory clarity reduce financial risk perceptions associated with blockchain-based payments [9,11].





H6. 

Platform interoperability positively influences adoption intention in electronic commerce ecosystems. Interoperability expands perceived ecosystem value by enabling cross-platform compatibility and reducing switching costs [24,37].






3.3.2. Direct Effects on Behavioral Activation Likelihood


While intention mediates technology adoption in traditional UTAUT frameworks [15,16], platform-based commerce systems may also exhibit partial direct effects on behavioral activation likelihood after adoption intention is accounted for, because network visibility, ecosystem compatibility, and related structural conditions may influence activation beyond intention formation [3,37].



H7. 

Performance expectancy positively influences behavioral activation likelihood for stablecoin-based payments in electronic commerce.





H8. 

Effort expectancy positively influences behavioral activation likelihood in platform-based digital marketplace transactions.





H9. 

Social influence positively influences behavioral activation likelihood in platform-based commerce ecosystems.





H10. 

Facilitating conditions positively influence behavioral activation likelihood in electronic commerce payment environments.





H11. 

Regulatory perception positively influences behavioral activation likelihood by strengthening confidence in institutional safeguards.





H12. 

Platform interoperability positively influences behavioral activation likelihood across digital commerce platforms.






3.3.3. Mediation: The Intention–Activation Mechanism


Consistent with technology acceptance theory, adoption intention mediates the relationship between perception-based determinants and behavioral activation likelihood [15,16]. In the context of electronic commerce payments, adoption intention functions as an intention-to-enactment bridge that translates technological evaluations, ecosystem conditions, and institutional assurance into transaction-proximate behavioral readiness:



H13–H18. 

Adoption intention mediates the relationships between the antecedent constructs and behavioral activation likelihood in electronic commerce environments, with separate mediation hypotheses specified for performance expectancy (H13), effort expectancy (H14), social influence (H15), facilitating conditions (H16), platform interoperability (H17), and regulatory perception (H18).





This mediation structure enables examination of whether stablecoin payment activation in electronic commerce follows a purely intention-driven pathway or a dual-path activation model shaped by platform compatibility and institutional legitimacy.






4. Methodology


4.1. Research Design


A quantitative research design was employed to identify the determinants of adoption intention (AI) and behavioral activation likelihood (BAL) for stablecoin payments within the proposed adoption-to-activation framework. The model is grounded in the Unified Theory of Acceptance and Use of Technology (UTAUT) and extends it by incorporating regulatory perception (RP) and platform interoperability (PI) to reflect the ecosystem-embedded and infrastructure-level characteristics of stablecoin payments [3,10]. By explicitly modeling the transition from adoption intention to behavioral activation likelihood, the design extends prior technology acceptance research that often treated intention as the terminal outcome variable [36].



The empirical specification examines three types of relationships: (1) the paths from antecedent constructs (PE, EE, SI, FC, RP, PI) to AI, (2) the path from AI to BAL, and (3) the direct and indirect effects of antecedents on BAL. In this study, stablecoin payment activation is modeled within the sequential adoption-to-activation framework linking structural determinants to behavioral activation likelihood. In the first stage, adoption intention is estimated as a function of technological, ecosystem-level, and institutional determinants. In the second stage, behavioral activation likelihood is estimated as a function of adoption intention and the same set of antecedents. This sequential specification allows direct examination of how structural conditions shape both intention formation and downstream behavioral activation.



The empirical analysis adopts a regression-based approach using ordinary least squares (OLS). OLS was selected because it allows transparent estimation of direct, indirect, and incremental explanatory effects within a hierarchical model structure. It also supports comparison of intention formation and behavioral activation across multiple model specifications. The nested specification enables evaluation of explanatory power across model stages: Model 1 estimates determinants of AI; Model 2 estimates direct determinants of BAL; Model 3 introduces AI to assess mediation and incremental explanatory contribution (ΔR2); and Model 4 incorporates demographic controls (gender, age, income, education, and investment experience) to test structural robustness. Incremental explanatory contribution was evaluated using changes in R2 (ΔR2), and effect sizes were calculated using Cohen’s f2. Multicollinearity diagnostics (VIF < 5) indicated acceptable collinearity levels.



Mediation effects were assessed using bias-corrected bootstrapping with 5000 resamples to estimate indirect effects and 95% confidence intervals, with Sobel tests reported for directional consistency. Bootstrapping improves inferential reliability by relaxing normality assumptions for indirect effects. Although OLS cannot fully eliminate potential endogeneity between AI and BAL, robust diagnostics and nested model comparisons increase confidence in the stability of the proposed activation mechanism.




4.2. Measurement and Survey Design


All constructs were operationalized using multi-item scales adapted from validated technology acceptance and digital payment studies [15,16], with contextual refinement to reflect stablecoins as interoperable settlement instruments within electronic commerce ecosystems. All items were measured on five-point Likert scales (1 = strongly disagree; 5 = strongly agree). Composite scores were computed as construct means for subsequent regression analysis. Detailed variable coding is provided in Appendix C.



Items q10–q17 were included as background or contextual measures of stablecoin understanding but were not incorporated into the focal regression models.



Core UTAUT Constructs: Performance expectancy (PE) captures the perceived instrumental value of stablecoin-based payments, including improvements in transaction efficiency, cost reduction, settlement speed, and usability within digital marketplaces [15,16,17]. In this context, PE reflects outcome-oriented evaluations of transactional efficiency. Effort expectancy (EE) measures perceived cognitive and operational burden associated with learning and integrating stablecoins into existing payment routines [15,16]. Given the maturity of digital financial ecosystems, EE primarily reflects learning complexity rather than interface usability alone. Social influence (SI) assesses perceived normative and informational pressures arising from peers, merchants, media narratives, and platform signaling within multi-sided commerce environments. SI captures diffusion-based adoption cues embedded in platform ecosystems. Facilitating conditions (FC) represent perceived structural enablers of activation, including wallet availability, platform compatibility, technical reliability, and ecosystem readiness [15]. FC reflects the perceived feasibility of integrating stablecoins into existing commerce infrastructures.



Extended Institutional and Ecosystem Constructs: To capture the commerce-ecosystem characteristics of stablecoin payments, two theoretically grounded extensions were incorporated. Regulatory perception (RP) captures perceived institutional legitimacy derived from legal clarity, supervisory oversight, reserve transparency, and consumer protection mechanisms [9,11]. Conceptualized as governance-based assurance rather than interpersonal trust, RP primarily functions as an intention-forming mechanism that reduces perceived transactional risk within the proposed adoption model. Platform interoperability (PI) measures perceived cross-platform compatibility and ecosystem breadth across marketplaces and digital financial services [10,19,25,37]. Unlike PE, which reflects functional efficiency, PI represents structural scalability and ecosystem-level integration, capturing perceptions that stablecoins operate seamlessly across electronic commerce environments.



Mediator and Outcome Variables: Adoption intention (AI) was measured using multi-item scales assessing willingness and planned use of stablecoin-based payments in future electronic commerce transactions [15,16]. Behavioral activation likelihood (BAL) was measured using multi-item scales capturing context-specific enactment likelihood toward stablecoin-based payments across electronic-commerce–centered and closely adjacent transaction settings, including online purchases, platform-mediated transfers, cross-border payment situations, and repeated use under defined redemption conditions. Although both constructs were measured through self-reported items, their item referents were designed to reduce conceptual overlap. AI items refer to generalized willingness and planned adoption of stablecoin payments as a future payment option, whereas BAL items refer to conditional enactment likelihood across defined transaction scenarios; this difference in item referents was designed to reduce conceptual overlap and preserve the distinction between distal intention and proximal readiness. For example, a respondent may express adoption intention by agreeing that stablecoin payments would be a useful future option for online purchases, whereas BAL refers to whether that respondent would actually be ready to select a stablecoin at checkout, use it for a platform-mediated transfer, or repeat such use under stable redemption conditions. In this sense, AI captures general motivational commitment, whereas BAL captures transaction-proximate enactment readiness under defined commerce conditions. A conceptual comparison of AI and BAL item framing is provided in Table A1. The standardized survey scenario used to anchor respondents’ evaluations is provided in Appendix B.



Although several BAL items refer to transaction contexts adjacent to online purchasing, these scenarios were retained not to broaden the study beyond electronic commerce, but to reflect the operational reality that payment activation in platform economies often unfolds across closely linked purchasing, transfer, and settlement situations within a common digital commerce environment.



Procedural Controls for Common Method Bias: Because data were collected via self-reported surveys, procedural remedies were implemented to mitigate common method bias. Respondent anonymity was assured to reduce social desirability bias. Independent and dependent variables were presented in separate questionnaire sections to create psychological separation. Measurement items were randomized to reduce consistency motifs, and neutral wording with clarity checks minimized acquiescence and ambiguity effects. These procedures strengthen internal validity and reduce the likelihood that the observed relationships are artifacts of shared measurement sources.




4.3. Reliability and Validity


The robustness of the measurement model was evaluated through internal consistency, convergent validity, overall model fit, and discriminant validity diagnostics. Internal consistency and convergent validity were assessed using Cronbach’s alpha (α), composite reliability (CR), and average variance extracted (AVE). As shown in Table 1, all constructs exceeded recommended thresholds (α = 0.866–0.930; CR = 0.868–0.931; AVE = 0.570–0.732), indicating satisfactory reliability and convergent validity across constructs.



In addition, a confirmatory factor analysis (CFA) was conducted to assess the overall fit of the eight-factor measurement model. The model demonstrated an acceptable fit to the data: χ2(712) = 1542.90, CFI = 0.937, TLI = 0.931, RMSEA = 0.054, and SRMR = 0.038. Standardized factor loadings ranged from 0.672 to 0.902, further supporting convergent validity.



Discriminant validity was evaluated using the Fornell–Larcker criterion and the heterotrait–monotrait (HTMT) ratio. Although adoption intention (AI) and behavioral activation likelihood (BAL) exhibited a relatively high correlation (r = 0.875), multiple diagnostics support their empirical distinctiveness. Although the AI–BAL pair did not strictly satisfy the Fornell–Larcker criterion (square roots of AVE: 0.850 and 0.856 vs. r = 0.875)—a common outcome when constructs are theoretically proximate—discriminant validity was supported by the more diagnostic HTMT criterion. As shown in Table 2, the AI–BAL HTMT ratio was 0.942, below the 0.95 threshold recommended for conceptually related constructs. Discriminant validity was further supported by the significantly better fit of the two-factor CFA model (see Table A2). Specifically, the one-factor model showed χ2 = 161.32 (df = 35), CFI = 0.966, TLI = 0.957, RMSEA = 0.095, and SRMR = 0.026, whereas the two-factor model showed χ2 = 73.92 (df = 34), CFI = 0.989, TLI = 0.986, RMSEA = 0.054, and SRMR = 0.018. The χ2 difference test further indicated that the two-factor model fit the data significantly better than the one-factor model (Δχ2(1) = 87.40, p < 0.001). The detailed fit comparison is reported in Table A2 in Appendix A. These results provide further evidence that AI and BAL are empirically distinguishable despite their strong conceptual proximity.



Taken together, these diagnostics indicate that AI and BAL are theoretically proximate yet empirically distinguishable: AI captures intention formation, whereas BAL captures activation-proximate readiness, so their strong correlation is interpreted as sequential linkage rather than construct redundancy. Given the strong conceptual proximity between certain constructs within the proposed intention–readiness model—particularly adoption intention (AI) and behavioral activation likelihood (BAL)—additional diagnostic procedures were also conducted to assess the potential influence of common method bias. The interpretive limitations associated with the high AI–BAL correlation are further discussed in Section 6.4.




4.4. Common Method Bias Assessment


Because the data were collected using self-reported survey instruments from a single source and given the conceptual relatedness of certain constructs within the proposed adoption model, potential common method bias (CMB) was assessed using both statistical and procedural approaches. Harman’s single-factor test was conducted using an exploratory factor analysis including all measurement items without rotation, following common procedures for assessing common method bias [43]. Multiple factors with eigenvalues greater than 1 emerged, and the first unrotated factor accounted for 38.7% of total variance, below the commonly referenced 50% threshold. This suggests that the variance structure is not dominated by a single latent factor. In addition, full collinearity variance inflation factor (VIF) diagnostics were performed to evaluate both multicollinearity and potential common method variance. All constructs exhibited VIF values below the recommended threshold of 3.3, with the highest value equal to 2.46. Construct-level VIF values ranged from 1.42 to 2.46, remaining well below the conservative threshold of 3.3, indicating that neither multicollinearity nor common method variance substantially inflates the regression estimates. These statistical results are consistent with procedural remedies implemented during survey design, including anonymity assurance, psychological separation of constructs, and randomized item ordering. Although adoption intention (AI) and behavioral activation likelihood (BAL) are strongly associated as sequential constructs within the model, the combined evidence from discriminant validity diagnostics and CMB assessments indicates that the observed relationships are unlikely to be artifacts of same-source measurement or common method variance. Accordingly, the subsequent structural analysis proceeds with acceptable methodological rigor.




4.5. Data Collection and Sample


Data for this study were collected through a structured online survey administered to digitally experienced Korean consumers with prior experience in digital payments and/or crypto-asset–related transaction environments. The full survey questionnaire is provided in the Supplementary Materials. To ensure a common evaluation context, the survey introduction presented respondents with a standardized institutional scenario for KRW-pegged stablecoin payments in Korea, including regulatory supervision, one-to-one redemption, and consumer protection mechanisms. This scenario was used to anchor respondents’ evaluations in a regulated commerce setting rather than to imply that a fully implemented domestic framework already exists.



In addition, many respondents reported prior exposure to stablecoin-related use contexts, such as transactions involving USDT or USDC through cryptocurrency exchanges or digital wallet platforms. This prior exposure helped anchor respondents’ evaluations in recognizable transaction settings, even though the empirical design does not require all participants to have directly used stablecoins as payment instruments in domestic commerce. The sampling strategy was adopted because stablecoin payment activation presupposes a minimum level of digital financial familiarity.



Accordingly, participation was limited to respondents with prior experience in digital payments and/or crypto-asset–related transaction environments so that the survey responses would reflect informed evaluations of potential stablecoin payment activation in electronic commerce environments. While the empirical setting is specific to Korea, the sample composition is appropriate for examining stablecoin payment activation in a digitally mature and institutionally specified commerce context.




4.6. Analytical Strategy


This study employs a hierarchical ordinary least squares (OLS) regression framework with heteroskedasticity-robust (HC3) standard errors to examine the sequential payment activation mechanism linking antecedent perceptions, adoption intention (AI), and behavioral activation likelihood (BAL) within electronic commerce environments. This approach is consistent with recent electronic commerce research where regression-based modeling is applied to examine adoption-to-activation mechanisms and mediation pathways in digital payment contexts. The hierarchical structure allows direct evaluation of incremental explanatory power, which represents a central analytical objective of the present study.



4.6.1. Rationale for Hierarchical OLS


This study adopted hierarchical OLS regression with HC3 robust standard errors and bootstrapped mediation analysis, rather than SEM, because the primary inferential objective is stepwise explanatory decomposition rather than holistic latent model fit. Specifically, the analysis is designed to determine whether adoption intention adds incremental explanatory power beyond baseline determinants, whether selected antecedents retain direct effects after AI is introduced, and how much explanatory gain is attributable to this transition (ΔR2; Cohen’s f2). These questions are most directly examined through nested-model comparison. In addition, the empirical analysis relies on construct composites derived from measures that already demonstrated satisfactory reliability, convergent validity, and discriminant validity. Under these conditions, hierarchical OLS permits parsimonious comparison of direct, indirect, and incremental effects across model stages, while HC3 robust standard errors address heteroskedasticity and bias-corrected bootstrapping evaluates indirect effects without imposing normality assumptions.



The central inferential question is therefore not whether a full latent covariance structure achieves the best global fit, but whether adoption intention contributes interpretable incremental variance and whether antecedent effects change systematically once that transition is modeled. For this purpose, hierarchical OLS provides the more directly interpretable inferential framework. This does not imply that SEM is inappropriate for latent-variable research in general. Rather, after measurement adequacy has been established, SEM is treated here as a potentially complementary robustness strategy, whereas the present study follows the stronger-justification route because its central claim concerns comparative explanation across nested models rather than covariance-based optimization of a full latent structure.




4.6.2. Model Specification


Four hierarchical models were estimated.



Model 1 (Intention Model): Adoption intention regressed on six antecedents (PE, EE, SI, FC, PI, and RP).



Model 2 (Baseline Activation Model): Behavioral activation likelihood regressed on the six antecedents.



Model 3 (Mediation Model): Behavioral activation likelihood regressed on the six antecedents plus adoption intention.



Model 4 (Robustness Model): Model 3 extended with demographic control variables (gender, age, income, education, and investment experience).



Incremental explanatory power was assessed using changes in R2 (ΔR2), and effect size was calculated using Cohen’s f2 to evaluate the substantive magnitude of mediation effects. The increase in R2 from Model 2 to Model 3 was interpreted as the incremental explanatory contribution of adoption intention to behavioral activation likelihood.




4.6.3. Mediation Testing Procedure


Mediation was assessed using a dual-validation approach.



	
Bootstrapping (Primary Inference): Indirect effects were estimated using 5000 bias-corrected bootstrap resamples. An indirect effect was considered statistically significant when the 95% confidence interval did not include zero. Bootstrapping was selected because it does not assume normality of indirect effect distributions and provides more reliable inference than traditional parametric tests.



	
Sobel Test (Secondary Confirmation): For comparability with classical mediation frameworks, Sobel Z-statistics were additionally computed. A Z-value exceeding |1.96| was considered statistically significant at the 5% level. However, consistent with contemporary mediation standards, bootstrapped confidence intervals served as the primary inference criterion.







4.6.4. Mediation Classification Criteria


Mediation types were determined based on the statistical significance of both indirect and direct effects within the hierarchical regression framework. Indirect effects were evaluated using bias-corrected bootstrapped confidence intervals (5000 resamples), which served as the primary inference criterion in accordance with contemporary mediation analysis standards.



A mediation relationship was classified according to the following rules:




	
Full mediation was established when the indirect effect was statistically significant and the direct effect became non-significant after inclusion of the mediator (adoption intention).



	
Partial mediation was identified when both the indirect effect and the direct effect remained statistically significant in the full model.



	
No mediation was concluded when the bootstrapped confidence interval for the indirect effect included zero.








Importantly, a non-significant direct effect alone does not imply full mediation. Full mediation requires a statistically significant indirect pathway confirmed through bootstrapping. This clarification prevents misclassification in cases where both direct and indirect effects are non-significant. This classification scheme allows differentiation between purely intention-driven activation pathways and dual-path effects in which antecedent variables exert both direct and intention-mediated influences on behavioral activation likelihood. Within the electronic commerce payment activation framework, such distinctions clarify whether ecosystem-level determinants operate primarily through intention formation or also exert direct structural influence on behavioral activation. By combining hierarchical regression with bootstrapped indirect effect estimation, the study provides a transparent and robust evaluation of mediation patterns consistent with contemporary standards in behavioral and digital commerce research.




4.6.5. Robustness Checks and Model Diagnostics


To ensure the reliability and structural stability of the empirical findings, several robustness and diagnostic procedures were conducted.



First, multicollinearity was assessed using variance inflation factors (VIF). All VIF values were below the conservative threshold of 5.0, indicating that multicollinearity is unlikely to bias coefficient estimates or inflate standard errors.



Second, heteroskedasticity-robust (HC3) standard errors were applied across all regression models to address potential heteroskedasticity and to enhance the accuracy and consistency of statistical inference.



Third, demographic control variables—including gender, age, income, education, and investment experience—were incorporated into Model 4 to examine whether the observed activation pathways were sensitive to respondent characteristics.



The inclusion of these controls did not materially alter the magnitude or statistical significance of key predictors, especially adoption intention, social influence, and platform interoperability. This stability indicates that the core activation mechanism is not driven by demographic heterogeneity.



Finally, coefficient consistency across hierarchical models was examined to assess structural robustness. The direction, relative magnitude, and statistical significance patterns of primary predictors remained stable as additional variables were introduced. The substantial incremental explanatory contribution of adoption intention further reinforces the credibility of the proposed payment activation mechanism.




4.6.6. Analytical Interpretation of the Adoption-to-Activation Model


The hierarchical regression design enables examination of layered causal integration within the electronic commerce payment activation framework.



Model 2 establishes baseline technological, ecosystem, and institutional effects.



Model 3 quantifies the integrative role of adoption intention.



The magnitude of ΔR2 and large f2 values indicates the centrality of intention formation in translating platform compatibility and institutional legitimacy into behavioral activation likelihood.



Mediation classification differentiates intention-based pathways from direct ecosystem-driven activation effects.



Thus, the analytical strategy is consistent with the study’s platform-based activation framework and provides empirical support for a layered electronic commerce payment activation structure.






5. Empirical Results


5.1. Sample Characteristics


The general characteristics of the sample are summarized in Table 3. The final sample consisted of 400 respondents (100%). Gender was evenly distributed (male = 200, 50.0%; female = 200, 50.0%), ensuring demographic balance and minimizing gender-related sampling bias. Age was equally stratified across five cohorts (20s, 30s, 40s, 50s, and ≥60), each representing 20.0% (n = 80), which enables meaningful cohort-level comparisons while avoiding age concentration effects.



Educational attainment was relatively high. A majority of respondents held a bachelor’s degree (60.5%, n = 242), followed by high school or below (14.3%, n = 57), graduate degree or above (13.0%, n = 52), and associate degree (12.3%, n = 49). This distribution indicates a digitally literate population suitable for evaluating perceptions of emerging financial technologies.



With respect to cryptocurrency investment experience, 45.5% (n = 182) reported no prior investment exposure, while 23.8% (n = 95) had invested less than KRW 1 million. Moderate exposure (KRW 1–5 million) accounted for 14.0% (n = 56), and higher-exposure groups combined (KRW 5–20 million and ≥KRW 20 million) comprised 16.8% (n = 67). This heterogeneity in digital asset familiarity allows the analysis to capture variance in technological experience and risk exposure. Monthly income distribution was broad (<KRW 3 million: 40.8%, n = 163; KRW 3–5 million: 34.0%, n = 136; ≥KRW 5 million: 25.3%, n = 101), providing adequate socioeconomic dispersion for examining adoption intention and behavioral activation likelihood.



Overall, the dataset demonstrates demographic balance and substantial heterogeneity across education, income, and digital financial exposure. Such structural diversity supports robust multivariate regression estimation and strengthens the internal adequacy of the empirical analysis within the present sample.




5.2. Descriptive Statistics of the Main Variables


Descriptive statistics and preliminary distributional diagnostics were examined to assess the suitability of the main variables for hierarchical OLS regression analysis. Table 4 presents the means and standard deviations of all constructs. Behavioral activation likelihood exhibited a mean of 3.22, indicating a moderate level of payment activation propensity among respondents. Among the antecedent variables, platform interoperability (PI) recorded the highest mean (M = 3.45, SD = 0.74), followed by facilitating conditions (FC: M = 3.33, SD = 0.70), social influence (SI: M = 3.27, SD = 0.76), and performance expectancy (PE: M = 3.26, SD = 0.83). Regulatory perception (RP) averaged 3.06 (SD = 0.87), while effort expectancy (EE) showed the lowest mean (M = 3.01, SD = 0.75). This ordering indicates that platform interoperability and facilitating conditions recorded higher mean values than effort expectancy in the present sample.



Preliminary distributional checks indicated sufficient dispersion and no severe departures from normality for OLS estimation. Overall, the descriptive results support the adequacy of the dataset for subsequent multivariate analysis.




5.3. Differences in Behavioral Activation Likelihood by Demographic Characteristics


Independent-samples t-tests and one-way ANOVA were conducted to examine whether behavioral activation likelihood (BAL) differed across demographic groups (Table 5). A statistically significant gender difference was observed, with male respondents reporting higher BAL (M = 3.33, SD = 0.89) than female respondents (M = 3.11, SD = 0.87; t = −2.48, p < 0.05). Age differences were not statistically significant (F = 1.28), despite minor variations across cohorts (highest mean in the 40s group and lowest in the 30s group).



Educational attainment significantly influenced BAL (F = 5.34, p < 0.01). Respondents with postgraduate education exhibited the highest mean BAL (M = 3.41), followed by bachelor’s degree holders (M = 3.29), whereas associate degree holders reported the lowest level (M = 2.80). This result indicates that BAL differed across education groups in the present sample.



Crypto-asset investment experience demonstrated the strongest group differences (F = 9.11, p < 0.001). Behavioral activation likelihood increased monotonically with investment exposure, with the KRW 5–20 million group reporting the highest mean (M = 3.78), while respondents with no investment experience reported the lowest (M = 3.03). This pattern indicates that BAL varied systematically by prior digital-asset investment exposure in the present sample. Monthly income also showed significant variation (F = 4.86, p < 0.01), with higher-income respondents exhibiting greater behavioral activation likelihood.



Overall, gender, education, crypto-asset investment exposure, and income showed statistically significant group differences in behavioral activation likelihood, whereas age did not. Accordingly, these demographic variables were incorporated as control variables in the hierarchical regression robustness models to isolate structural effects of the theoretical constructs.




5.4. Correlation Analysis and Multicollinearity Diagnostics


Beyond the descriptive statistics reported in Table 4, Pearson correlation coefficients and multicollinearity diagnostics were examined to assess the coherence of the inter-construct relationships and the suitability of the variables for hierarchical regression analysis. As reported in Table 6, the strongest bivariate association was observed between adoption intention (AI) and behavioral activation likelihood (BAL) (r = 0.875, p < 0.001), indicating a strong linkage between intention formation and downstream behavioral activation, consistent with the proposed sequential model. Among the antecedent variables, platform interoperability (r = 0.741, p < 0.001) exhibited the highest correlation with BAL, followed by social influence (r = 0.707, p < 0.001) and facilitating conditions (r = 0.666, p < 0.001). Performance expectancy (r = 0.613, p < 0.001), effort expectancy (r = 0.573, p < 0.001), and regulatory perception (r = 0.518, p < 0.001) also showed statistically significant positive associations with behavioral activation likelihood. These correlations are directionally consistent with the hypothesized relationships derived from the extended UTAUT framework.



Importantly, none of the inter-construct correlations exceeded the conventional threshold of 0.90, suggesting the absence of severe multicollinearity at the bivariate level. To further assess multicollinearity in the multivariate context, variance inflation factors (VIFs) were examined in the regression models. All VIF values remained below 5.0, indicating acceptable tolerance levels and confirming that multicollinearity does not threaten the stability or interpretability of the regression estimates. Taken together, the correlation structure indicates statistically coherent associations among constructs while satisfying the assumptions required for hierarchical regression and mediation analysis.




5.5. Hierarchical OLS Regression Results


Hierarchical OLS regression models with HC3 heteroskedasticity-robust standard errors were estimated to examine the proposed payment activation mechanism. Unstandardized coefficients (B) and robust standard errors (SE) are reported in Table 7.



Model 1: Determinants of Adoption Intention (AI)



Adoption intention was regressed on performance expectancy (PE), effort expectancy (EE), social influence (SI), facilitating conditions (FC), platform interoperability (PI), and regulatory perception (RP). Platform interoperability exhibited the strongest positive association with AI (B = 0.359, SE = 0.061, p < 0.001), followed by social influence (B = 0.303, SE = 0.069, p < 0.001). Facilitating conditions also showed a statistically significant effect (B = 0.164, SE = 0.071, p < 0.05). Regulatory perception exerted a weaker but statistically significant effect (B = 0.092, SE = 0.040, p < 0.05), whereas performance expectancy was positive but not statistically significant (B = 0.097, SE = 0.057). Effort expectancy was not statistically significant. Model 1 explained 66.3% of the variance in adoption intention (R2 = 0.663, Adjusted R2 = 0.658, F = 128.0, p < 0.001), indicating substantial explanatory power.



Model 2: Determinants of Behavioral Activation Likelihood (BAL)



Behavioral activation likelihood was first regressed on the six antecedent variables. This baseline model explained 63.7% of the variance in behavioral activation likelihood (R2 = 0.637, Adjusted R2 = 0.632, F = 130.3, p < 0.001), indicating statistically significant direct effects prior to inclusion of adoption intention.



Model 3: Mediation Test (AI Included)



When adoption intention was added to the behavioral activation likelihood equation, model fit substantially improved (R2 = 0.789; ΔR2 = 0.152; Adjusted R2 = 0.785). Adoption intention showed a strong positive association with behavioral activation likelihood (B = 0.695, SE = 0.051, p < 0.001).



Among antecedents, platform interoperability (B = 0.179, SE = 0.059, p < 0.001) and social influence (B = 0.116, SE = 0.054, p < 0.05) retained statistically significant direct effects. In contrast, performance expectancy, facilitating conditions, and regulatory perception became statistically non-significant after inclusion of adoption intention. Effort expectancy remained non-significant across models.



The incremental explanatory contribution of adoption intention was evaluated using Cohen’s f2, calculated as follows:


   f 2    =   (  R 2  M o d e l 3   −    R 2  M o d e l 2 ) / ( 1   −    R 2  M o d e l 3 )   =   ( 0.789   −   0.637 ) / ( 1   −   0.789 )   =   0.152 / 0.211   =   0.720  











The resulting effect size (f2 = 0.720) indicates a very large substantive contribution. This result indicates that adoption intention provides substantial incremental explanatory power in predicting behavioral activation likelihood beyond technological, ecosystem-level, and institutional determinants. The magnitude of this effect supports the central structural role of intention as a readiness-forming mediator in the proposed model.



Model 4: Robustness with Control Variables



Including demographic control variables (gender, age, income, education, and investment experience) did not materially alter the magnitude or statistical significance of adoption intention, social influence, or platform interoperability. Control variables were statistically non-significant, and R2 increased only marginally (R2 = 0.793; ΔR2 = 0.004), supporting the structural stability of the intention–behavior activation mechanism.



Mediation classification based on the combined evaluation of direct effects in Model 3 and bootstrapped indirect effects is reported in Section 5.6.




5.6. Mediation Analysis (Bootstrapping and Sobel Confirmation)


To rigorously examine the mediating role of Adoption Intention (AI), indirect effects were tested using bias-corrected bootstrapping (5000 resamples) and further confirmed using the Sobel test. Consistent with contemporary mediation standards in behavioral and electronic commerce research, bootstrapped confidence intervals serve as the primary inferential criterion, while Sobel statistics are reported solely for robustness confirmation.



Bootstrapping is preferred because it does not assume normality of the sampling distribution of indirect effects and provides more reliable inference in medium-sized samples. Indirect effects are considered statistically significant when the 95% bias-corrected confidence interval does not include zero.



Bootstrapped Indirect Effects



Table 8 presents the estimated indirect effects, bias-corrected confidence intervals, and Sobel statistics.



Interpretation of Mediation Effects



The bootstrapping results indicate statistically significant indirect effects for social influence (SI), facilitating conditions (FC), regulatory perception (RP), and platform interoperability (PI), as their bias-corrected confidence intervals do not include zero. The estimated indirect effects are 0.2103 for SI, 0.1137 for FC, 0.2494 for PI, and 0.0642 for RP, and their corresponding bias-corrected confidence intervals do not include zero. These findings indicate that adoption intention significantly mediates the relationships between these constructs and behavioral activation likelihood.



In contrast, performance expectancy (PE) and effort expectancy (EE) do not demonstrate statistically significant mediation effects. Their bootstrapped confidence intervals include zero (PE: −0.0059 to 0.1575; EE: −0.0224 to 0.1055), indicating that the mediation pathway through adoption intention is not supported for these variables.



Although the Sobel test also reports statistical significance for performance expectancy (PE), the corresponding bootstrapped confidence interval includes zero. Because bootstrapping does not rely on the normality assumption and is widely regarded as more robust for mediation inference, mediation classification is primarily based on the bootstrapped confidence intervals.



Mediation Classification



Based on the joint consideration of indirect effects (bootstrapping) and direct effects in the full regression model (Model 3), mediation patterns are classified as follows:




	
Full Mediation: facilitating conditions (FC), regulatory perception (RP)








(indirect effect significant; direct effect non-significant);



	
Partial Mediation: social influence (SI), platform interoperability (PI)






(both indirect and direct effects significant);



	
No mediation: performance expectancy (PE), effort expectancy (EE)






(indirect effect non-significant).



These mediation patterns indicate that facilitating conditions and regulatory perception are linked to behavioral activation likelihood primarily through adoption intention, whereas social influence and platform interoperability exhibit both direct and intention-mediated effects on behavioral activation likelihood. Substantive interpretation of these mediation patterns is provided in Section 6.




5.7. Summary of Empirical Findings


Table 9 summarizes the empirical support for the proposed hypotheses based on the hierarchical regression and bootstrapped mediation analyses reported in Section 5.5 and Section 5.6.



As shown in the table, platform interoperability and social influence exhibited both direct and indirect effects on behavioral activation likelihood (BAL), whereas facilitating conditions and regulatory perception demonstrated significant indirect effects through adoption intention only. Performance expectancy and effort expectancy did not demonstrate statistically significant mediation effects.



The classification of mediation types is derived strictly from the statistical significance of direct and indirect effects as defined in Section 4.6.4. No additional theoretical interpretation is provided in this section, as substantive implications are discussed in Section 6.



Figure 2 visualizes the empirically supported sequential activation structure derived from the hierarchical regression and mediation analyses. Platform interoperability and social influence exhibit both direct and intention-mediated associations with behavioral activation likelihood, whereas facilitating conditions and regulatory perception operate primarily through adoption intention. Performance expectancy and effort expectancy do not demonstrate significant structural effects once ecosystem and institutional determinants are incorporated. The resulting configuration indicates a dual-path activation mechanism in which ecosystem compatibility and institutional legitimacy jointly shape electronic commerce payment activation.





6. Discussion


6.1. Empirical Interpretation


The findings reveal a layered, intention-mediated activation pattern governing KRW-pegged stablecoin payment adoption in platform-based electronic commerce environments. Platform interoperability exerts the strongest influence on adoption intention and retains a significant direct effect on behavioral activation likelihood (BAL), indicating that ecosystem compatibility functions as a structural activation condition in multi-sided markets. Adoption intention contributes substantial incremental explanatory power (ΔR2 = 0.152; f2 = 0.720), confirming its integrative role as the central mediating pathway in the adoption model. Although adoption intention and BAL are strongly correlated, the discriminant-validity and common-method-bias diagnostics reported earlier support their empirical distinctiveness; accordingly, the incremental contribution of intention is interpreted as structural staging rather than measurement redundancy.



Mediation analysis further reveals differentiated activation pathways. Institutional determinants—facilitating conditions and regulatory perception—operate primarily through intention formation, suggesting that governance mechanisms function mainly as legitimacy-based prerequisites rather than direct behavioral catalysts. By contrast, network-embedded determinants—especially platform interoperability, and to a lesser extent social influence—exert both direct and intention-mediated effects, indicating that ecosystem compatibility shapes activation through both commitment formation and more immediate enactment conditions. These empirical patterns are consistent with the mediation results reported in Section 5.6, where facilitating conditions and regulatory perception show full mediation, whereas social influence and platform interoperability show partial mediation.



These findings are consistent with the hypothesis tests reported in Table 9. Hypotheses H6 and H12, which predicted the effects of platform interoperability on adoption intention and behavioral activation likelihood, were both supported, indicating that platform interoperability operates through both intention formation and direct activation. By contrast, H7 and H8, which predicted direct effects of performance expectancy and effort expectancy on BAL, were not supported, consistent with the boundary-condition argument that conventional functional evaluations may lose salience in digitally mature payment environments.



One of the most notable findings is the non-significance of performance expectancy (PE) and effort expectancy (EE) once platform interoperability (PI) and regulatory perception (RP) are incorporated into the model. This pattern should not be interpreted as evidence that functional usefulness has become irrelevant. Rather, it suggests that in digitally mature payment ecosystems, utilitarian evaluations may operate as baseline expectations that no longer strongly discriminate among candidate payment instruments once higher-order ecosystem and governance conditions become salient. Part of what might otherwise be interpreted as usefulness may also be absorbed by ecosystem-level constructs—especially PI—because the operational value of a payment instrument in platform commerce depends not simply on isolated functionality but on whether it can operate across merchants, wallets, and service environments [3,10,19,24,37]. This helps explain why PE and EE become non-significant once ecosystem-level and institutional determinants are introduced.



By contrast, PI exerts both direct and indirect effects because it operates at two analytical levels simultaneously. Interoperability matters not only because it expands expected ecosystem value, but also because it reduces immediate enactment frictions at the point where payment choice becomes operational. Its direct effect on BAL is consistent with the logic of network externalities: when interoperability is perceived to be high, the payment instrument appears immediately usable across currently available merchants, platforms, and gateways, thereby reducing situational frictions in enactment [10]. Its indirect effect through adoption intention is consistent with two-sided market logic: users form stronger intentions when they expect interoperability to expand ecosystem reach and future transaction value as participation broadens across counterparties [3]. In this sense, interoperability affects activation both as an immediate affordance and as an expectation-based signal of ecosystem scalability.



A related pattern appears in the case of social influence, which also retains both direct and indirect effects. This suggests that, in platform-based payment environments, visible diffusion signals affect activation not only through deliberate intention formation but also through more immediate perceptions of platform acceptance, ecosystem visibility, and expected usability [3,17,24,37,38]. Taken together, these empirical patterns indicate that, in digitally mature electronic commerce environments, ecosystem compatibility and institutional legitimacy reshape how payment activation unfolds, reducing the relative salience of marginal functional convenience in the movement from intention to transaction-ready use.




6.2. Theoretical Contributions


Building on the activation perspective introduced earlier, the present findings clarify its construct-level, theoretical, and empirical implications by showing that stablecoin payment activation is better understood as an intention-mediated, ecosystem-conditioned coordination process rather than as a conventional intention-only decision.



At the construct level, the study refines behavioral activation likelihood (BAL) as a readiness-stage construct that occupies a theoretical position distinct from adjacent concepts in the intention–behavior literature. Unlike behavioral intention, which captures relatively general motivational commitment, and unlike observed use, BAL reflects a pre-behavioral, context-conditioned readiness to enact payment behavior under concrete transactional and institutional conditions. This positioning clarifies where slippage may occur between abstract commitment and situationally conditioned readiness.



At the theoretical level, this readiness-based extension of UTAUT identifies a boundary condition of the theory. In digitally mature, multi-sided, and institutionally evolving contexts, the predictive hierarchy of traditional cognitive determinants may reorder, such that ecosystem-level and institutional determinants function as structurally prior conditions rather than merely as parallel predictors. The contribution is therefore not a wholesale replacement of UTAUT, but a clarification of the conditions under which its explanatory emphasis shifts from standalone functional evaluation toward ecosystem coordination and institutional credibility.



At the empirical level, the differentiated mediation structure demonstrates that payment activation follows a dual-path mechanism rather than a single intention-driven pathway. Institutional legitimacy operates primarily through intention formation as a governance-based assurance mechanism, whereas platform interoperability operates through both direct and indirect pathways, shaping both expected ecosystem value and activation-proximate readiness. Taken together, these findings show that legitimacy-based and compatibility-driven mechanisms play distinct but complementary roles in making digital payment adoption behaviorally actionable.




6.3. Policy and Managerial Implications


Ecosystem interoperability represents the primary structural activation lever. Because it exerts both direct and indirect effects, policies promoting cross-platform compatibility, standardized integration, and merchant acceptance breadth are likely to accelerate activation more effectively than incremental usability refinements alone [3,10].



Institutional legitimacy operates differently. Regulatory clarity, supervisory oversight, and consumer protection mechanisms primarily enhance activation through intention formation [9,11]. Governance does not directly stimulate behavioral activation; it stabilizes expectations and reduces perceived transactional risk. Predictable and transparent regulatory frameworks thus constitute necessary foundations for sustainable ecosystem activation.



Effective activation strategies require dual alignment: compatibility-driven ecosystem integration and governance-based institutional assurance. Structural coordination between these dimensions determines the scalability of blockchain-native payment infrastructures in electronic commerce.



The findings suggest that stablecoin payment activation requires more than issuer-level reserve regulation. Regulators may also need to consider platform-level interoperability, redemption assurance, consumer protection disclosure, and merchant-side integration standards. For platform operators and payment service providers, activation is likely to depend on whether stablecoin payments can be embedded into familiar checkout, wallet, and settlement routines, rather than being offered as a standalone crypto-asset function.




6.4. Limitations and Future Research


Several boundary conditions qualify these findings.



Because KRW-pegged stablecoins have not yet been implemented in mainstream commerce, a standardized institutional introduction scenario was employed. BAL therefore reflects structured activation propensity rather than realized transaction frequency. Longitudinal or transaction-level data following institutional rollout would enable more precise examination of whether governance-based legitimacy continues to operate primarily through intention once network integration matures.



Although respondents possess prior stablecoin transaction experience, the analysis relies on self-reported measures. A specific measurement limitation concerns the operationalization of behavioral activation likelihood (BAL). Although BAL is theoretically conceptualized as a transaction-proximate behavioral readiness grounded in prior experience and evaluated under a defined institutional scenario, in the present study it is still measured through self-reported Likert items rather than observed transaction behavior. The high correlation between AI and BAL (r = 0.875) reflects theoretical proximity within the proposed intention–readiness model, but it also suggests the need for interpretive caution when inferring an intention–readiness–enactment sequence from cross-sectional self-reports. Future research should incorporate behavioral trace data—such as actual transaction logs, click-through behavior at checkout, or time-to-completion in experimental payment flows—to triangulate more directly the boundary between intention, readiness, and enacted behavior. Diagnostic tests indicate no critical common method bias; nevertheless, integration of behavioral trace data would strengthen causal inference and clarify how interoperability translates into sustained payment activation over time.



Furthermore, the sample was constructed using a quota design for gender and age and was limited to consumers with prior digital-payment or crypto-asset–related experience. While this design supports balanced within-sample comparisons and enables informed evaluations of stablecoin payment activation, it does not represent the broader Korean population. Future research should employ probability-based sampling and include consumers without prior crypto-asset exposure to test the external validity and generalizability of the proposed framework.



Finally, the study is situated in a digitally mature Korean commerce context characterized by high platform penetration and relatively strong institutional trust. Although the conceptual framework focuses on structural conditions—such as ecosystem interoperability and institutional legitimacy—that may also be relevant in other platform-based commerce settings, the present empirical findings should not be generalized automatically beyond the Korean context. Cross-national comparative studies are needed to assess whether the relative salience of these determinants varies under different governance regimes, payment infrastructures, and ecosystem structures.



Future research should examine how platform governance moderates the interplay between interoperability conditions and institutional assurance mechanisms.





7. Conclusions


This study conceptualizes stablecoin payment activation in electronic commerce as an ecosystem-integrated coordination process rather than as a standalone technological decision [3,10]. The findings suggest that payment activation is better understood as a coordinated, multi-determinant process in which ecosystem alignment, regulatory assurance, and adoption intention jointly shape whether stablecoin-based payments become operational in platform-based commerce environments. Empirically, platform interoperability emerged as the most influential structural determinant, while institutional legitimacy operated primarily through intention formation, indicating that compatibility-driven and governance-based mechanisms play distinct but complementary roles in activation. Taken together, the results indicate a boundary condition of UTAUT [15,16] in digitally mature, multi-sided commerce contexts, where ecosystem-level and institutional conditions may become more salient than marginal functional convenience in explaining payment activation. The theoretical implication is therefore not that UTAUT is displaced, but that its explanatory hierarchy may reorder under digitally mature, multi-sided commerce conditions in which ecosystem compatibility and institutional legitimacy operate as prior filters of behavioral activation.



Practically, these findings suggest that the future scalability of stablecoin payments is likely to depend less on incremental improvements in functional convenience than on the coordinated development of interoperable, trusted, and transaction-ready digital payment infrastructures. Platform operators, payment service providers, and regulators should therefore prioritize cross-platform integration, institutional transparency, and governance arrangements that reduce perceived transaction risk while expanding ecosystem usability. Because the empirical analysis was conducted in a digitally mature Korean commerce context under a defined institutional scenario, the findings should be interpreted as context-sensitive rather than automatically generalizable across national settings. Future research should examine whether the same sequential adoption-to-readiness logic holds under different governance regimes, payment infrastructures, and levels of ecosystem maturity.








Supplementary Materials


The following supporting information can be downloaded at: https://www.mdpi.com/article/10.3390/jtaer21050143/s1. The supplementary materials associated with this study include the survey questionnaire used in the empirical analysis. The questionnaire is provided to support transparency and reproducibility of the research design.





Author Contributions


This study was conducted through close collaboration among the authors, each of whom made substantial contributions to the reported work. Conceptualization of the study and the overall research framework was jointly undertaken by K.J. and S.K. Methodology development and model design were also collaboratively performed by both authors. K.J. was primarily responsible for data collection, formal data analysis, and preparation of the original draft of the manuscript. S.K. contributed to review and editing of the manuscript, with particular emphasis on refining the analytical structure and ensuring conceptual coherence. All authors have read and agreed to the published version of the manuscript.




Funding


This research did not receive any external funding. No funding body was involved in the design of the study, data collection, analysis, interpretation of results, manuscript preparation, or the decision to publish.




Data Availability Statement


The survey questionnaire is provided as Supplementary Material accompanying the manuscript. The datasets generated and analyzed during the current study are available from the corresponding author upon reasonable request. Due to confidentiality and privacy considerations, the dataset is not publicly available. An anonymized version of the dataset may be shared for academic verification purposes, subject to the corresponding author’s review and applicable confidentiality safeguards.




Conflicts of Interest


The authors declare no conflicts of interest. The authors further confirm that no funders were involved in the design of the study; in the collection, analysis, or interpretation of data; in the writing of the manuscript; or in the decision to publish the results.





Appendix A. Measurement Items


All constructs were measured using five-point Likert scales (1 = strongly disagree, 5 = strongly agree). The items below reproduce the administered questionnaire wording used in the survey instrument.



Performance Expectancy (PE)



PE1 Stablecoin payments improve transaction speed in payment and remittance activities.



PE2 Stablecoin payments help reduce transaction costs such as fees and currency conversion.



PE3 Stablecoin payments simplify settlement and transaction processes.



PE4 Stablecoin payments provide better performance than existing payment methods.



PE5 Stablecoin payments reduce waiting time across transaction stages.



Effort Expectancy (EE)



EE1 Learning how to use stablecoin payment services is easy.



EE2 Stablecoin payment interfaces are intuitive and easy to understand.



EE3 I can solve problems related to stablecoin usage on my own.



EE4 Stablecoin payments require little additional learning.



EE5 Stablecoin payment procedures are simple and straightforward.



Social Influence (SI)



SI1 Recommendations from people important to me influence my stablecoin usage.



SI2 Encouragement from governments, financial institutions, merchants, or platforms influences my stablecoin usage.



SI3 People who influence me positively evaluate stablecoin usage.



SI4 Social environments such as workplaces or communities influence stablecoin usage.



SI5 Increasing social and industry adoption influences my stablecoin usage.



Facilitating Conditions (FC)



FC1 The technical environment for stablecoin payment services is adequately prepared.



FC2 Stablecoin payments are integrated with banking systems, mobile payments, and merchant platforms.



FC3 Customer support and problem resolution channels are available for stablecoin payments.



FC4 Stablecoin systems operate reliably without technical disruptions.



FC5 Stablecoin wallets provide secure asset management functions.



Platform Interoperability (PI)



PI1 Stablecoin payments can be used across multiple online platforms.



PI2 Stablecoins are compatible with various digital marketplaces.



PI3 Stablecoin payments can be used in different digital services.



PI4 Stablecoins can function consistently across multiple transaction environments.



PI5 Stablecoins support cross-platform digital commerce transactions.



Regulatory Perception (RP)



RP1 Stablecoin activities are appropriately governed by regulatory principles such as redemption and reserve requirements.



RP2 Core regulatory requirements are important for user protection.



RP3 Institutional safeguards exist to protect stablecoin users in case of incidents.



RP4 Regulatory supervision contributes to user protection.



RP5 Future regulatory developments will improve the stability of stablecoin usage.



Adoption Intention (AI)



AI1 I intend to use stablecoin payments in electronic commerce.



AI2 Stablecoins represent a valuable payment option compared to existing payment methods.



AI3 I am willing to prepare for using stablecoin payments.



AI4 Stablecoins are likely to become part of my long-term financial activities.



AI5 Stablecoins are likely to become a meaningful payment instrument in my financial life.



Behavioral Activation Likelihood (BAL)



BAL1 I am likely to use stablecoins for everyday payments such as online shopping.



BAL2 I am likely to use stablecoins regularly for payments or remittances.



BAL3 I am likely to consider stablecoins for cross-border transactions.



BAL4 I am likely to select stablecoins across various payment situations.



BAL5 I am likely to use stablecoins repeatedly if redemption procedures are stable.





 





Table A1. Conceptual Comparison of AI and BAL Measurement Items.
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	Dimension
	AI (Adoption Intention)
	BAL (Behavioral Activation Likelihood)
	Distinguishing Feature





	Abstractness
	AI1: “I intend to use stablecoin payments in electronic commerce.”
	BAL1: “I am likely to use stablecoins for everyday payments such as online shopping.”
	BAL specifies transaction contexts



	Temporal framing
	AI4: “Stablecoins are likely to become part of my long-term financial activities.”
	BAL2: “I am likely to use stablecoins regularly for payments or remittances.”
	BAL anchors in concrete transaction occasions



	Conditional framing
	AI3: “I am willing to prepare for using stablecoin payments.”
	BAL5: “I am likely to use stablecoins repeatedly if redemption procedures are stable.”
	BAL is explicitly condition-bound







Notes: In the questionnaire, some BAL items refer to transaction situations that are closely connected to electronic commerce, including platform-mediated transfers and cross-border payment use. These items were retained to capture activation-proximate readiness in adjacent digital transaction environments that may accompany or extend platform-based commerce.













 





Table A2. Confirmatory factor analysis comparison of one-factor and two-factor models for AI and BAL.
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	Model
	χ2
	df
	CFI
	TLI
	RMSEA
	SRMR
	Interpretation





	One-factor model
	161.32
	35
	0.966
	0.957
	0.095
	0.026
	Less adequate fit



	Two-factor model
	73.92
	34
	0.989
	0.986
	0.054
	0.018
	Preferred model







Notes: The one-factor model loads the five AI items and five BAL items onto a single latent construct, whereas the two-factor model specifies AI and BAL as separate but correlated latent constructs. The two-factor model showed better overall fit and a significant chi-square difference relative to the one-factor model (Δχ2(1) = 87.40, p < 0.001), supporting the empirical distinctiveness of AI and BAL.












Appendix B. Translated and Adapted Survey Introduction for Manuscript Presentation


Respondents were provided with the following survey introduction and institutional description before answering the questionnaire. The text below is presented as a translated and adapted version of the survey introduction for manuscript presentation. It is intended to convey the institutional scenario communicated to respondents rather than reproduce a legally operative policy text.



	
Dear Participant,






Thank you very much for taking the time to participate in this survey.



This survey aims to investigate how domestic financial consumers perceive and evaluate the potential use of stablecoins (e.g., KRW Stablecoin, USDT, USDC, etc.) in digital payment contexts. Please respond to the questions based on your experiences and perceptions regarding digital payments such as electronic commerce payments and money transfers. This survey is part of a doctoral dissertation research project. All responses will be treated anonymously, and the information you provide will be used solely for academic statistical analysis in accordance with Article 33 (Confidentiality Protection) of the Statistics Act. Stablecoins are digital currencies whose value is pegged 1:1 to real-world fiat currencies (e.g., US Dollar, Korean Won). They can be used as stable payment instruments for various financial activities such as online payments in electronic commerce, money transfers, and asset transfers. Relevant legislation concerning stablecoins has been proposed and publicly discussed; when responding to this survey, please consider a standardized institutional scenario in which regulatory supervision, one-to-one redemption, reserve asset backing, and disclosure requirements are ensured.



	
Statistics Act



	
Chapter 5: Obligations and Protection of Statistical Respondents



	
Article 33 (Confidentiality Protection)



	
Information obtained during the statistical compilation process that relates to the confidential matters of individuals, corporations, or organizations shall be protected.



	
Confidential data collected for statistical purposes shall not be used for any purpose other than statistical compilation.



	
Thank you again for your participation in this survey.



	
December 2025



	
Supervisor: Prof. Sunmi Kim



	
Researcher: Kiyoung Jung



	
Ph.D. Candidate, Department of Fintech & Blockchain



	
Dongguk University. E-mail: kyjung@shinkim.com



	
Note: The Appendix B scenario should be interpreted as reflecting electronic-commerce-centered payment activation that extends to closely adjacent digital transaction settings, rather than as a measure of all possible stablecoin use contexts. This clarification is intended to preserve the electronic-commerce focus of the study while acknowledging that platform-based payment activation may extend across closely related transfer and settlement contexts.







Appendix C. Measurement Items and Variable Coding


	
Demographic Variables: q1, q2_1, q3, q4, q5_1, q5_2, q5_3, q5_4, q5_5, q6, q7, q8, q8_7, q9



	
Gender: q1 (1 = Male, 2 = Female)



	
Age: q2_1



	
Income: q9



	
(1 = Less than KRW 3 million,



	
2 = KRW 3–5 million,



	
3 = KRW 5–7 million,



	
4 = KRW 7–10 million,



	
5 = KRW 10 million or more)



	
Education: q6



	
(1 = High school graduate,



	
2 = Junior college enrolled/graduated,



	
3 = University enrolled/graduated,



	
4 = Graduate school or higher)



	
Cryptocurrency Investment Amount (exp_level): q7



	
(1 = No experience,



	
2 = Less than KRW 1 million,



	
3 = KRW 1–5 million,



	
4 = KRW 5–20 million,



	
5 = KRW 20 million or more)



	
Stablecoin Understanding Measurement:



	
q10, q11, q12, q13, q14, q15, q16, q17



	
Performance Expectancy (PE):



	
q18, q19, q20, q21, q22



	
Effort Expectancy (EE):



	
q23, q24, q25, q26, q27



	
Social Influence (SI):



	
q28, q29, q30, q31, q32



	
Facilitating Conditions (FC):



	
q33, q34, q35, q36, q37



	
Platform Interoperability (PI):



	
q43, q44, q45, q46, q47



	
Regulatory Perception (RP):



	
q58, q59, q60, q61, q62



	
Adoption Intention (AI):



	
q48, q49, q50, q51, q52



	
Behavioral Activation Likelihood (BAL):



	
q53, q54, q55, q56, q57
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Figure 1. Proposed research model of stablecoin payment activation in electronic commerce. Note: The model specifies three analytical domains—transactional efficiency, platform ecosystem, and institutional infrastructure—each comprising determinant constructs. Adoption intention (AI) and behavioral activation likelihood (BAL) represent sequential activation phases. Both direct and intention-mediated pathways are hypothesized. 






Figure 1. Proposed research model of stablecoin payment activation in electronic commerce. Note: The model specifies three analytical domains—transactional efficiency, platform ecosystem, and institutional infrastructure—each comprising determinant constructs. Adoption intention (AI) and behavioral activation likelihood (BAL) represent sequential activation phases. Both direct and intention-mediated pathways are hypothesized.



[image: Jtaer 21 00143 g001]







[image: Jtaer 21 00143 g002] 





Figure 2. Empirical results of the sequential adoption-to-activation model. Notes: Unstandardized coefficients (B) are reported with HC3-robust standard errors in parentheses. The model presents the estimated paths across the three analytical domains and the sequential adoption-to-activation structure. Solid lines indicate statistically significant paths; dashed lines indicate non-significant paths. *** p < 0.001; * p < 0.05. Phase 1 (Adoption Intention) corresponds to Model 1, and Phase 2 (Behavioral Activation Likelihood) corresponds to Model 3 in Table 7. 
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Table 1. Internal consistency and convergent validity statistics.






Table 1. Internal consistency and convergent validity statistics.





	Construct
	Cronbach’s α
	CR
	AVE





	PE
	0.923
	0.924
	0.708



	EE
	0.866
	0.868
	0.570



	SI
	0.878
	0.878
	0.591



	FC
	0.880
	0.880
	0.595



	PI
	0.915
	0.915
	0.682



	AI
	0.928
	0.928
	0.722



	BAL
	0.930
	0.931
	0.732



	RP
	0.905
	0.906
	0.659







Notes: α = Cronbach’s alpha; CR = composite reliability; AVE = average variance extracted. All constructs exceed recommended thresholds (α > 0.70; CR > 0.70; AVE > 0.50).













 





Table 2. Heterotrait–monotrait (HTMT) ratios.
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	Construct Pair
	HTMT





	PE-EE
	0.696



	PE-SI
	0.676



	PE-FC
	0.721



	PE-RP
	0.545



	PE-PI
	0.733



	PE-AI
	0.688



	SI-PI
	0.786



	FC-RP
	0.601



	PI-BAL
	0.803



	AI-BAL
	0.942







Notes: HTMT values below 0.85 generally indicate adequate discriminant validity. The AI–BAL ratio (0.942) remains below the 0.95 threshold and reflects theoretical proximity within the proposed intention–readiness model rather than construct redundancy. Selected theoretically relevant HTMT pairs are reported. All unreported HTMT values were below the recommended threshold and did not alter the discriminant validity assessment.













 





Table 3. Sociodemographic characteristics of the respondents (n = 400).
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Variable

	
n

	
%






	
Total

	
400

	
100.0




	
Gender

	
Male

	
200

	
50.0




	
Female

	
200

	
50.0




	
Age (years)

	
20–29

	
80

	
20.0




	
30–39

	
80

	
20.0




	
40–49

	
80

	
20.0




	
50–59

	
80

	
20.0




	
≥60

	
80

	
20.0




	
Education level

	
High school or below

	
57

	
14.3




	
Associate degree

	
49

	
12.3




	
Bachelor’s degree

	
242

	
60.5




	
Graduate degree or above

	
52

	
13.0




	
Cryptocurrency investment amount

	
None

	
182

	
45.5




	
<KRW 1 million

	
95

	
23.8




	
KRW 1–5 million

	
56

	
14.0




	
KRW 5–20 million

	
33

	
8.3




	
≥KRW 20 million

	
34

	
8.5




	
Monthly income level

	
<KRW 3 million

	
163

	
40.8




	
KRW 3–5 million

	
136

	
34.0




	
≥KRW 5 million

	
101

	
25.3








Notes: USD equivalents are approximate and based on an exchange rate of KRW 1330 = USD 1 (average 2023 rate). Percentages may not sum to 100% due to rounding.













 





Table 4. Descriptive statistics of the study variables (n = 400).
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	Variable
	n
	Mean
	SD
	Min
	Max





	Behavioral Activation Likelihood (BAL)
	400
	3.22
	0.89
	1.00
	5.00



	Adoption Intention (AI)
	400
	3.15
	0.86
	1.00
	5.00



	Performance Expectancy (PE)
	400
	3.26
	0.83
	1.00
	5.00



	Effort Expectancy (EE)
	400
	3.01
	0.75
	1.00
	4.80



	Social Influence (SI)
	400
	3.27
	0.76
	1.00
	5.00



	Facilitating Conditions (FC)
	400
	3.33
	0.70
	1.00
	5.00



	Platform Interoperability (PI)
	400
	3.45
	0.74
	1.00
	5.00



	Regulatory Perception (RP)
	400
	3.06
	0.87
	1.00
	5.00










 





Table 5. Differences in behavioral activation likelihood according to sociodemographic characteristics.
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Variable

	
Sub-Category

	
n

	
Mean

	
SD

	
t/F






	
Gender

	
Male

	
200

	
3.33

	
0.89

	
−2.48 *




	
Female

	
200

	
3.11

	
0.87




	
Age (years)

	
20–29

	
80

	
3.24

	
0.77

	
1.28




	
30–39

	
80

	
3.03

	
0.97




	
40–49

	
80

	
3.31

	
0.84




	
50–59

	
80

	
3.24

	
0.98




	
≥60

	
80

	
3.30

	
0.84




	
Education level

	
High school or below

	
57

	
3.12

	
0.84

	
5.34 **




	
Associate degree

	
49

	
2.80

	
1.05




	
Bachelor’s degree

	
242

	
3.29

	
0.84




	
Graduate degree or above

	
52

	
3.41

	
0.89




	
Cryptocurrency investment amount

	
None

	
182

	
3.03

	
0.88

	
9.11 ***




	
<KRW 1 million

	
95

	
3.12

	
0.85




	
KRW 1–5 million

	
56

	
3.41

	
0.78




	
KRW 5–20 million

	
33

	
3.78

	
0.81




	
≥KRW 20 million

	
34

	
3.65

	
0.85




	
Monthly income level

	
<KRW 3 million

	
163

	
3.06

	
0.85

	
4.86 **




	
KRW 3–5 million

	
136

	
3.32

	
0.90




	
≥KRW 5 million

	
101

	
3.35

	
0.90








Notes: ***p < 0.001, ** p < 0.01, * p < 0.05.













 





Table 6. Correlation analysis among the study variables.
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	Variable
	1
	2
	3
	4
	5
	6
	7
	8





	BAL
	1.000
	
	
	
	
	
	
	



	AI
	0.875 ***
	1.000
	
	
	
	
	
	



	PE
	0.613 ***
	0.637 ***
	1.000
	
	
	
	
	



	EE
	0.573 ***
	0.610 ***
	0.621 ***
	1.000
	
	
	
	



	SI
	0.707 ***
	0.721 ***
	0.610 ***
	0.637 ***
	1.000
	
	
	



	FC
	0.666 ***
	0.690 ***
	0.648 ***
	0.645 ***
	0.690 ***
	1.000
	
	



	PI
	0.741 ***
	0.745 ***
	0.674 ***
	0.620 ***
	0.704 ***
	0.712 ***
	1.000
	



	RP
	0.518 ***
	0.537 ***
	0.498 ***
	0.469 ***
	0.500 ***
	0.537 ***
	0.526 ***
	1.000







Notes: Pearson correlation coefficients are reported. *** p < 0.001.













 





Table 7. Hierarchical OLS regression results (HC3 robust standard errors).
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	Variable
	Model 1 (AI)
	Model 2 (BAL)
	Model 3 (BAL + AI)
	Model 4 (Full Model)





	Performance Expectancy (PE)
	0.097 (0.057)
	0.084 (0.056)
	0.016 (0.042)
	0.004 (0.044)



	Effort Expectancy (EE)
	0.065 (0.048)
	0.012 (0.051)
	−0.032 (0.048)
	−0.043 (0.049)



	Social Influence (SI)
	0.303 *** (0.069)
	0.326 *** (0.069)
	0.116 * (0.054)
	0.111 * (0.055)



	Facilitating Conditions (FC)
	0.164 * (0.071)
	0.145 * (0.069)
	0.032 (0.058)
	0.046 (0.060)



	Platform Interoperability (PI)
	0.359 *** (0.061)
	0.428 *** (0.067)
	0.179 *** (0.059)
	0.185 *** (0.061)



	Regulatory Perception (RP)
	0.092 * (0.040)
	0.086 (0.052)
	0.022 (0.039)
	0.006 (0.041)



	Adoption Intention (AI)
	—
	—
	0.695 *** (0.051)
	0.690 *** (0.053)



	Gender
	—
	—
	—
	−0.035 (0.044)



	Age
	—
	—
	—
	0.001 (0.002)



	Income
	—
	—
	—
	0.026 (0.023)



	Education
	—
	—
	—
	0.001 (0.026)



	Investment Experience
	—
	—
	—
	0.029 (0.018)



	R2
	0.663
	0.637
	0.789
	0.793



	Adjusted R2
	0.658
	0.632
	0.785
	0.786



	ΔR2
	—
	—
	0.152
	0.004



	Effect size (f2)
	—
	—
	0.720
	0.019



	F-statistic
	128.0 ***
	130.3 ***
	239.9 ***
	140.6 ***







Notes: Unstandardized coefficients (B) are reported with HC3 robust standard errors in parentheses. *** p < 0.001, * p < 0.05. ΔR2 in Model 3 represents the incremental explanatory power of Adoption Intention relative to Model 2. ΔR2 in Model 4 represents the incremental explanatory contribution of demographic control variables. Effect sizes (f2) were calculated as follows: f2 = (R2included − R2excluded)/(1 − R2included); for Model 3, f2 = (0.789 − 0.637)/(1 − 0.789) = 0.720. Robust (HC3) standard errors were used to account for potential heteroskedasticity in cross-sectional survey data.













 





Table 8. Bootstrapped indirect effects and Sobel test results (n = 400).






Table 8. Bootstrapped indirect effects and Sobel test results (n = 400).





	Effect
	Indirect
	BootLLCI
	BootULCI
	Boot Sig.
	Sobel z
	Sobel p





	PE→AI→BAL
	0.0675
	−0.0059
	0.1575
	No
	2.131
	0.033



	EE→AI→BAL
	0.0448
	−0.0224
	0.1055
	No
	1.309
	0.19



	SI→AI→BAL
	0.2103
	0.1211
	0.3139
	Yes
	5.457
	<0.001



	FC→AI→BAL
	0.1137
	0.0236
	0.2187
	Yes
	2.752
	0.006



	PI→AI→BAL
	0.2494
	0.1611
	0.3384
	Yes
	5.958
	<0.001



	RP→AI→BAL
	0.0642
	0.0117
	0.1162
	Yes
	2.536
	0.011







Note: Bias-corrected 95% confidence intervals are reported. Indirect effects are significant when the confidence interval does not include zero.













 





Table 9. Hypothesis support summary.
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	Hypothesis
	Path
	Result (Evidence)
	Support





	H1
	PE → AI
	Not Significant (Model 1: 0.097, SE 0.057)
	Not Supported



	H2
	EE → AI
	Not Significant (Model 1: 0.065, SE 0.048)
	Not Supported



	H3
	SI → AI
	Significant (Model 1: 0.303 ***, SE 0.069)
	Supported



	H4
	FC → AI
	Significant (Model 1: 0.164 *, SE 0.071)
	Supported



	H5
	RP → AI
	Significant (Model 1: 0.092 *, SE 0.040)
	Supported



	H6
	PI → AI
	Significant (Model 1: 0.359 ***, SE 0.061)
	Supported



	H7
	PE → BAL
	Not Significant (Model 3: 0.016, SE 0.042)
	Not Supported



	H8
	EE → BAL
	Not Significant (Model 3: −0.032, SE 0.048)
	Not Supported



	H9
	SI → BAL
	Significant (Model 3: 0.116 *, SE 0.054)
	Supported



	H10
	FC → BAL
	Not Significant (Model 3: 0.032, SE 0.058)
	Not Supported



	H11
	RP → BAL
	Not Significant (Model 3: 0.022, SE 0.039)
	Not Supported



	H12
	PI → BAL
	Significant (Model 3: 0.179 ***, SE 0.059)
	Supported



	H13
	PE → AI → BAL
	Not Significant (Boot CI includes 0: −0.0059 to 0.1575)
	Not Supported



	H14
	EE → AI → BAL
	Not Significant (Boot CI includes 0: −0.0224 to 0.1055)
	Not Supported



	H15
	SI → AI → BAL
	Significant (Boot CI excludes 0: 0.1211 to 0.3139)
	Supported



	H16
	FC → AI → BAL
	Significant (Boot CI excludes 0: 0.0236 to 0.2187)
	Supported



	H17
	PI → AI → BAL
	Significant (Boot CI excludes 0: 0.1611 to 0.3384)
	Supported



	H18
	RP → AI → BAL
	Significant (Boot CI excludes 0: 0.0117 to 0.1162)
	Supported







Notes: *** p < 0.001; * p < 0.05. Mediation classification: full mediation: FC, RP; partial mediation: SI, PI; no mediation: PE, EE.
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