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Abstract

Cross-border e-commerce offers consumers broader product access, yet uncertainty sur-
rounding returns continues to suppress online purchase decisions. This study concep-
tualizes digital local return services as a digital assurance mechanism in cross-border
e-commerce rather than merely a reverse logistics function. Drawing on UTAUT2, per-
ceived risk theory, and trust theory, we develop and test a research model using survey data
from South Korean consumers with prior experience of digital local return services (LRS).
Structural equation modeling (SEM) is used to test the proposed relationships, and artificial
neural networks (ANN) are employed to capture nonlinear effects and compare the relative
importance of key predictors. Qualitative interview evidence is further incorporated to
enrich the interpretation of the findings. The results show that performance expectancy,
effort expectancy, facilitating conditions, and hedonic motivation significantly reduce per-
ceived risk. Perceived risk, in turn, exerts a strong negative effect on purchase intention
and weakens consumer trust. Additional ANN results indicate that hedonic motivation
and facilitating conditions are particularly influential in lowering perceived risk, while
perceived risk is more important than trust in predicting purchase intention. These findings
show that digital return service design shapes consumer decisions primarily through risk
reduction rather than trust enhancement alone. The study contributes to digital commerce
research by explaining how return service design functions as a customer-facing platform
assurance mechanism that improves conversion in cross-border online retailing.

Keywords: cross-border e-commerce; digital return service design; perceived risk;
consumer trust; purchase intention; platform assurance; digital commerce

1. Introduction
As digital penetration deepens, cross-border e-commerce (CBEC) has become a major

driver of global retail growth. The United Nations Conference on Trade and Development
(UNCTAD) reports that CBEC trade volume exceeded USD 4.2 trillion in 2024 with a com-
pound annual growth rate of approximately 17% [1]. Despite this rapid expansion, retailers
and consumers increasingly face difficulties with managing product returns. Cross-border
return processes typically involve complex coordination across multiple countries, customs
procedures, and international settlements, often resulting in long return cycles, high costs,
and limited information transparency. These frictions matter not only at the post-purchase
stage, but also before purchase, because they shape consumers’ expectations of potential
loss and their willingness to transact across borders. In this sense, return arrangements in
CBEC should be understood not merely as an operational issue, but as a customer-facing
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assurance mechanism in digital commerce. Recent advances in digitally enabled return ser-
vices, supported by technologies such as the Internet of Things (IoT), artificial intelligence
(AI), and blockchain, have created new possibilities for improving return visibility, process
control, and consumer reassurance in cross-border online retailing [2,3].

In response to the limitations of traditional cross-border return arrangements, industry
leaders have begun developing innovative digital local return service (digital LRS) models
that are increasingly embedded in digital commerce infrastructures. In this study, digital
LRS is defined as a platform-orchestrated return service system that integrates local return
access in the importing market with digital return initiation, real-time process visibility,
automated or accelerated refund coordination, and data-enabled service support. Unlike
ordinary return logistics, digital LRS is not limited to the physical reverse flow of returned
goods, but also includes the platform interface, information visibility, refund coordination,
and data-based service control that consumers evaluate before purchase. It also differs from
localized after-sales service, which broadly covers post-purchase customer support such as
consultation, exchange assistance, complaint handling, and warranty service. Digital LRS
focuses more specifically on the digitally enabled design of the return and refund process.
Its value is therefore not only operational but also partly ex ante. By making return condi-
tions, procedures, tracking information, and refund expectations visible before purchase,
digital LRS functions as a consumer-facing assurance mechanism in CBEC. Accordingly,
digital LRS refers not simply to returning products locally, but to a digitally enabled return-
service design that makes cross-border returns more visible, controllable, and predictable
before purchase. Platforms from exporting countries now establish forward warehouses
in importing markets or form digital strategic alliances with third-party logistics (3PL)
providers [4,5]. These arrangements enable digitally integrated return services that support
localized collection, AI-powered quality inspection, and faster refund processing [6]. Firms
such as Amazon, SHEIN, and AliExpress have already introduced digital return solutions
that improve return visibility, simplify procedures, and shorten refund cycles [7–9]. Indus-
try surveys further indicate that 84% of consumers consider packaging-free returns and
immediate refunds when making purchase decisions [10]. Despite these developments, ex-
isting research has paid limited attention to how digital LRS functions as a customer-facing
digital assurance mechanism in CBEC [11–13]. More importantly, prior studies have rarely
theorized LRS as a digitally enabled service capability through which return process design
shapes pre-purchase consumer evaluations and purchase intention [14]. Therefore, it is
essential to examine not only whether LRS features influence consumer purchase intention,
but also through what risk-related and trust-related mechanisms these services reshape
expectations of uncertainty, control, and potential loss in cross-border online shopping.

Nevertheless, research on cross-border online retail in digitally enabled return service
settings remains fragmented. Most existing studies focus on firm- and supply chain-level
optimization, including logistics mode selection, capacity and network configuration, con-
tractual arrangements, and information sharing [15–19]. Although these studies improve
operational efficiency, they rarely examine how emerging CBEC practices, such as localized
return services, create consumer-facing digital value through return service design. Another
stream of research examines how digital technologies support CBEC supply chains through
demand forecasting, inventory optimization, risk alerting, and service sharing [4,20–22]. A
third stream investigates the carbon footprint, emission reduction strategies, and environ-
mental inequality associated with CBEC logistics within sustainability frameworks [23–25].
However, these studies focus primarily on macro-level systems, operational design, or
policy scenarios, while paying far less attention to how digital return service systems
function as customer-facing digital assurance mechanisms that shape perceived risk, trust
formation, and consumer purchase decisions under cross-border uncertainty.
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To address this gap, this study investigates two research questions (RQ):
RQ1. Which attributes of digital LRS reduce consumers’ perceived risk in CBEC?
RQ2. How do these attributes influence purchase intention through perceived risk

and trust?
To answer these research questions, we develop an integrated framework combining

UTAUT2, perceived risk theory, and trust theory. The three perspectives are linked through
a logic that connects service attributes, risk appraisal and behavioral response. Drawing on
UTAUT2 [26], this study captures consumers’ evaluations of digital LRS design through
four dimensions: performance expectancy, effort expectancy, facilitating conditions, and
hedonic motivation [26]. These dimensions represent the service attributes that consumers
directly evaluate when judging whether a return process is useful, easy to use, well sup-
ported, and reassuring. Perceived risk theory and trust theory are then used to explain how
these digitally enabled service attributes are translated into behavioral outcomes under
cross-border uncertainty. Specifically, the model assumes that favorable evaluations of LRS
reduce perceived risk, strengthen trust in the platform, and ultimately increase purchase
intention. Taken together, these perspectives support a framework in which digital return
service design shapes purchase intention through perceived risk reduction and trust for-
mation. To enrich the analysis, the proposed model is tested using SEM, complemented
by ANN to capture potential nonlinear relationships, and further interpreted through
qualitative evidence [27–29].

In summary, digital LRS should not be understood merely as an after-sales conve-
nience feature. Rather, they function as a customer-facing digital assurance mechanism
in CBEC, affecting purchase intention by altering consumers’ perceptions of uncertainty,
potential loss, and control before purchase. The key novelty of this study lies in identifying
ex ante risk appraisal, rather than trust enhancement alone, as the primary mechanism
through which LRS shape behavioral intention. By integrating UTAUT2 with perceived
risk and trust perspectives, the study offers a more precise explanation of how digital
return service design shapes customer evaluations and purchase decisions in CBEC [30,31].
Methodologically, the combination of SEM, ANN, and qualitative analysis provides com-
plementary insights that strengthen explanation, prediction, and managerial relevance
for platform design, digital governance, and return-related consumer experience manage-
ment [27,28,32].

The remainder of the paper proceeds as follows. Section 2 develops the theoretical
framework and reviews relevant literature. Section 3 describes data collection and presents
the SEM analysis used to test the hypotheses. Section 4 reports and discusses the results.
Section 5 addresses the theoretical and practical implications. Section 6 concludes the study
and discusses limitations.

2. Theory and Hypothesis
2.1. Theoretical Framework

This study investigates how digital local return services on CBEC platforms influence
consumers’ purchase intention. We integrate UTAUT2, perceived risk theory, and trust
theory to develop the study’s theoretical model and hypotheses (see Figure 1). UTAUT2
is used to identify the digital service attributes that consumers directly evaluate when
using digital LRS, including usefulness, ease of use, support conditions, and experiential
quality. Perceived risk theory explains why these attributes matter in CBEC, where con-
sumers face uncertainty about return costs, refund timing, product quality, and information
security. Trust theory then explains how reduced risk may strengthen confidence in the
platform’s competence and responsibility. In this framework, UTAUT2 provides the an-
tecedent service-design factors, perceived risk serves as the central appraisal mechanism,
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and trust captures the relational outcome of reduced uncertainty. To connect this theo-
retical framework with the service context, Figure 2 presents the process architecture of
Logistics 4.0-enabled local return services. Logistics 4.0-enabled LRS refers to a digitally
integrated return system that connects platform interfaces, local return facilities, logistics
partners, data systems, and automated decision tools. The process includes digital return
application, AI-based rule filtering and quality assessment, IoT-enabled tracking, instant
refund processing, and intelligent product redistribution. Compared with traditional return
logistics, this system reduces manual coordination and fragmented information exchange,
thereby improving return visibility, process control, and refund predictability. Although
consumers may not observe the full technical infrastructure, they experience its outcomes
through simpler procedures, clearer instructions, faster feedback, and more transparent
return status. These observable outcomes provide the practical basis for linking digital LRS
attributes to perceived risk and trust formation.

Figure 1. Research model. Source: Authors’ own work.

Figure 2. Process architecture of Logistics 4.0-enabled local return services. Source: Authors’ own work.

2.1.1. Unified Acceptance and Use of Technical Theories

Venkatesh et al. (2003) introduced the Unified Theory of Acceptance and Use of
Technology (UTAUT) by integrating eight prior technology adoption models [33]. This
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framework identifies four core determinants of behavioral intention and usage behavior:
performance expectancy, effort expectancy, social influence, and facilitating conditions. It
also includes demographic moderators such as age and gender and explains approximately
70% of the variance in behavioral intention (R2 = 0.70). To extend UTAUT to consumer
contexts, Venkatesh et al. (2012) developed UTAUT2 by adding three constructs: hedonic
motivation, price value, and habit [26]. Since then, UTAUT and UTAUT2 have been
widely applied in e-commerce research [34]. Drawing on this theoretical foundation, the
present study focuses on four UTAUT2 antecedents, namely performance expectancy, effort
expectancy, facilitating conditions, and hedonic motivation, in the context of digital LRS
design in CBEC. These constructs are selected because they directly reflect how consumers
evaluate a return service: whether it is useful, easy to complete, well supported, and
reassuring. Such evaluations are closely related to consumers’ perceptions of uncertainty,
potential loss, and control in cross-border returns. In contrast, local return decisions are
usually private and problem-driven, rather than mainly shaped by social pressure. This
study also emphasizes return-process assurance rather than price evaluation, and digital
LRS is typically used when return needs arise rather than as a routine behavior. Therefore,
by linking UTAUT2 with perceived risk and trust theories, this study follows a service
attribute, risk appraisal, and trust formation logic to examine how digital LRS features
influence purchase intention among consumers in importing countries.

2.1.2. Perceived Risk Theory

Researchers originally developed perceived risk theory in psychology [35] and later
applied it to e-commerce contexts [36]. The theory argues that consumers form uncertain
expectations regarding potential losses during purchasing decisions, and these uncertainties
discourage them from completing transactions [37,38]. This theory conceptualizes risk as a
multidimensional construct that includes financial, functional, temporal, and social risks.
The theory also suggests that consumers focus more on reducing risk than on maximizing
potential gains [39]. LRS addresses these risks by establishing local return centers in
importing countries and leveraging technologies such as big data, the Internet of Things,
and intelligent classification. From a financial risk perspective, LRS reduces concerns
about tied-up funds by eliminating secondary customs duties, lowering international
return shipping costs, and accelerating refund processing [12,40]. To reduce functional risk,
platforms implement localized quality inspection and traceability systems that increase
consumer confidence in produce reliability [3,41]. To minimize time risk, platforms shorten
return cycles through rapid local collection and same-city distribution [42,43]. To address
social and psychological risks, platforms combine intelligent customer service with real-
time progress visualization, which enhances the user experience and strengthens consumers’
sense of security. These measures make cross-border returns more transparent, convenient,
and reliable [36]. Empirical studies consistently show that higher perceived risk across
these dimensions significantly reduces purchase intention and creates a major impediment
to online transactions [41,44]. Therefore, cross-border retail platforms should leverage
digitally enabled return services, real-time tracking, and enhanced payment and privacy
protections, to reduce multidimensional perceived risk and strengthen consumer purchase
intention. In this way, perceived risk theory connects the service attributes identified by
UTAUT2 with consumers’ behavioral responses by explaining how digital LRS reduces
uncertainty, potential loss, and perceived lack of control in CBEC.

2.1.3. Trust Theory

After perceived risk explains consumers’ uncertainty appraisal, trust theory further
clarifies how lower perceived risk can translate into confidence in the platform. Trust
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theory defines trust as consumers’ positive expectations regarding a transaction partner’s
competence, benevolence, and integrity [45]. In e-commerce settings, trust strongly in-
fluences consumers’ purchase intention [46–49]. Platforms build trust by implementing
localized return networks, speeding up quality inspection, and providing transparent,
visible assurance mechanisms. These actions send strong value signals to consumers and
systematically increase overall trust levels [50,51]. Empirical evidence further suggests that
trust gains generated by LRS mitigate uncertainties associated with cross-border returns
and increase the marginal effect of trust on purchase intention by nearly 20%. As a result,
stronger trust significantly boosts cross-border purchase intention among consumers in
importing countries [52,53].

2.2. Hypothesis Development
2.2.1. The Effect of Performance Expectancy on Perceived Risk

Performance expectancy (PE) refers to the benefits that consumers in importing coun-
tries gain when they use digital LRS in CBEC [26]. CBEC platforms may provide localized
return access, digitally coordinated return processing, and faster refund mechanisms to
make the return process more efficient and manageable. These service features help reduce
return time, lower perceived burden, and improve process efficiency [43]. When consumers
perceive strong performance benefits, they develop greater confidence in a platform’s
ability to fulfill its obligations [51]. At the same time, high performance expectancy re-
duces multidimensional perceived risk by lowering subjective assessments of negative
outcomes such as product damage, delivery delays, and privacy breaches [54]. In other
words, stronger beliefs in the effectiveness of digital LRS correspond to lower perceived
risk [55]. Therefore, the study proposes the following hypothesis:

H1. Performance expectancy has a significant negative effect on consumers’ perceived risk.

2.2.2. The Effect of Effort Expectancy on Perceived Risk

Effort expectancy (EE) refers to the degree of convenience with which consumers
can complete product returns through digital LRS platform [56]. It reflects how easily
consumers can locate services and how quickly the platform resolves their issues. This
construct aligns with perceived ease of use in the Technology Acceptance Model (TAM) [57]
and usability in Innovation Diffusion Theory (IDT) [58]. Researchers have shown that
easier systems reduce perceived risk by lowering consumers’ sense of uncertainty during
transactions [55]. In CBEC return settings, platforms simplify operations through features
such as one-click return requests, QR code-based returns, paperless shipping, and real-
time multilingual guidance [8,9]. These features reduce learning costs and psychological
burdens related to language barriers and packaging procedures. As a result, consumers
perceive lower risks associated with delays, information leakage, and additional costs,
thereby reducing overall perceived risk across multiple dimensions [36]. Therefore, we
propose the following hypothesis:

H2. Effort expectancy has a significant negative effect on consumers’ perceived risk.

2.2.3. The Effect of Facilitating Conditions on Perceived Risk

Facilitating conditions refer to consumers’ perceptions of the availability of resources
and support, such as stable network connectivity, digital payment tools, and relevant
applications, that help them complete online transactions [33,59,60]. This concept re-
sembles perceived behavioral control in the Theory of Planned Behavior (TPB), which
influences intentions and behaviors [61]. When consumers perceive strong facilitating
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conditions, they feel more capable of using new technologies and less uncertain about
potential losses [26,62]. Empirical evidence suggests that well-designed online shopping
cues can reduce consumers’ perceived risk in cross-border e-commerce contexts [63]. In
digital local return service settings, platforms strengthen facilitating conditions by making
return procedures easier to access, improving process visibility, and providing timely cus-
tomer support. These improvements lower consumers’ perceptions of delays, additional
costs, and information leakage [36,64]. Conversely, weak technical support or limited
resources can increase consumers’ perceptions of risk [65]. A reliable and well-supported
return process can shorten return cycles, reduce transaction uncertainty, and strengthen
consumer trust, thereby further lowering perceived risk [40,51,66]. Therefore, we propose
the following hypothesis:

H3. Facilitating conditions have a significant negative effect on consumers’ perceived risk.

2.2.4. The Effect of Hedonic Motivation on Perceived Risk

UTAUT2 defines hedonic motivation (HM) as the pleasure or enjoyment consumers ex-
perience when using technology, and prior research shows that it plays an important role in
technology acceptance and use [59]. Consumer behavior research also confirms that positive
affect arising from technology strongly influences behavioral intention [59,67]. Research in
affective psychology further indicates that positive emotions lower perceived risk. When
consumers experience an activity as enjoyable, they tend to evaluate its benefits as greater
and its risks as smaller [68]. This phenomenon appears frequently in e-commerce contexts.
For instance, Chiu (2014) found that enjoyment during online shopping indirectly reduces
concerns about security and privacy by encouraging repeat purchase intention [69]. Studies
on digital banking adoption also show that hedonic motivation lowers multidimensional
perceived risk [70]. In digital local return service settings, platforms increasingly seek to
make the return process smoother, more user-friendly, and more reassuring for consumers.
By making the return process easier, clearer, and more pleasant, digital LRS may reduce
consumers’ uncertainty and perceived risk in cross-border purchasing contexts [26,62]. In
short, the more seamless and enjoyable the return service experience becomes, the more
consumers rely on positive feelings to evaluate the process as low risk [51]. Therefore, we
propose the following hypothesis:

H4. Hedonic motivation has a significant negative effect on consumers’ perceived risk.

2.2.5. The Effect of Perceived Risk on Consumer Trust

In e-commerce, trust plays a critical role in mitigating uncertainty during online
transactions [71]. In CBEC, consumers form trust under conditions shaped by various
risk factors [72]. As perceived risk increases, trust declines [73]. Cross-border transactions
often involve longer delivery times and greater information asymmetry, which amplify
consumers’ perceptions of uncertainty across physical and psychological dimensions. As a
result, consumers struggle to assess sellers’ trustworthiness and platforms’ ability to fulfill
their promises. When perceived risk exceeds acceptable thresholds, consumers lose trust
and reduce their willingness to purchase [74,75]. In digital local return service settings,
platforms can mitigate these negative effects by making the return process more transparent,
predictable, and secure. When platforms improve return-process transparency, shorten
refund waiting times, and strengthen data security, consumers perceive lower potential
losses. Reduced risk helps restore trust, which then encourages continued platform use.
In this sense, digital return service design strengthens trust by reducing uncertainty and
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reinforcing consumers’ confidence in the platform’s ability to handle post-purchase issues.
Therefore, we propose the following hypothesis:

H5. Perceived risk has a significant negative effect on consumer trust.

2.2.6. The Effect of Perceived Risk on Purchase Intention

Perceived risk refers to consumers’ subjective assessment of possible losses and nega-
tive outcomes when making online purchases [52]. In CBEC, consumers who perceive high
uncertainty, whether related to payment, fulfillment, or information security, often delay
or abandon their purchases [44]. Compared with perceived benefits, perceived risk often
exerts a stronger influence on behavioral decisions. Since consumers prioritize avoiding
losses over achieving gains, high perceived risk can erode trust in platforms and sellers
and reduce purchase intention [39,41,51]. In digital local return service settings, platforms
can reduce perceived risk by making return processes more transparent, manageable, and
financially predictable. Platforms can provide digital tracking and tracing functions [76],
support more automated and standardized return processes [77], and offer lenient return
policies that reduce perceived risk in cross-border e-commerce contexts [3]. When con-
sumers perceive that the return process is simple, cost-effective, and transparent, they
feel more secure about the product and the platform, which strengthens their purchase
intention [75]. In this sense, digital return service design increases purchase intention by
lowering consumers’ expectations of uncertainty and potential loss in cross-border online
shopping. Therefore, we propose the following hypothesis:

H6. Perceived risk exerts a significant negative effect on consumers’ purchase intention.

2.2.7. The Effect of Consumer Trust on Purchase Intention

Studies have consistently shown that consumer trust is an important antecedent of
online purchasing intention, as higher trust generally reduces uncertainty and increases
willingness to transact [78]. When a platform fulfills its obligations and safeguards infor-
mation security, trust can mitigate perceived risk and encourage purchase behavior [79].
Conversely, when consumers lose trust, they often abandon their purchase even if they ini-
tially wanted the product [41]. In cross-border retailing, digital local return services improve
process transparency, traceability, and perceived accountability, thereby strengthening con-
sumer trust in the platform. Although trust may not always be the only mechanism shaping
purchase intention, it is generally expected to play a positive role in consumers’ purchase
decisions. Therefore, we propose the following hypothesis:

H7. Consumer trust has a significant positive effect on purchase intention.

3. Method
This study adopts a complementary mixed-method design to examine how digital

LRS shape consumer purchase intention in CBEC. We used SPSS 22.0 and Amos 26.0 to
conduct SEM analysis to test the proposed structural relationships. ANN analysis was
performed using Python 3.12 to capture potential nonlinearities and predictive importance.
Qualitative interview data were analyzed manually to interpret contextual mechanisms
and boundary conditions. Together, these approaches improve the study’s explanatory
depth, predictive insight, and contextual interpretation.
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3.1. Survey Design and Data Collection

We developed the survey instrument by adapting established multi-item scales from
prior studies (see Table 1). The questionnaire included three sections: study introduction,
demographic information, and measurement items for all observed variables. Standardized
English instruments were adapted, translated into Korean, and refined to fit the context
of digital LRS in CBEC. A back-translation procedure was conducted to ensure linguistic
and conceptual equivalence. Before the main survey, domain experts reviewed the ques-
tionnaire, and a pilot test was conducted to assess item clarity, contextual appropriateness,
and response comprehensibility. Minor wording revisions were then made to improve
readability and reduce ambiguity.

Table 1. Constructs and measurement items.

Construct Measures References

Performance Expectancy (PE)

Strongly disagree (1)/Strongly agree (7)
• PE1. I believe that the local return service

significantly improves the efficiency of my
return transactions.

• PE2. I believe that the local return service enables
me to complete the return and refund process
more expeditiously.

• PE3. I believe that the local return service
reduces the time and financial costs associated
with cross-border returns.

• PE4. I believe that the local return service
enhances the effectiveness of my overall
cross-border shopping experience.

• PE5. I believe that the local return service
enhances my overall shopping satisfaction.

[80] Marikyan et al. (2021)
[81] Tomić et al. (2023)

Effort Expectancy (EE)

Strongly disagree (1)/Strongly agree (7)
• EE1. I believe that initiating the local return

process is straightforward.
• EE2. I believe that the local return service

interface is intuitive and easy to use.
• EE3. Compared to traditional cross-border return

methods, using the local return service demands
less effort on my part.

• EE4. If an error occurs during a local return
operation, it can be promptly detected
and corrected.

• EE5. I believe that the operational instructions
provided by the local return service are easy
to understand.

[82] Erjavec and
Manfreda (2022)
[83] Rehman et al. (2022)
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Table 1. Cont.

Construct Measures References

Facilitating Conditions (FC)

Strongly disagree (1)/Strongly agree (7)
• FC1. I have the required terminal device and

network connectivity to execute the local
return process.

• FC2. The e-commerce platform provides
sufficient infrastructure (e.g., local drop-off
points or consolidation centers) to support
efficient returns.

• FC3. The return service is compatible with other
tools and platforms I regularly use (e.g., payment
wallets, shipment-tracking apps)

• FC4. A dedicated support team is available to
assist me promptly if I encounter any difficulties
during the return process.

• FC5. I am able to easily access the user guide or
FAQ for the local return service.

[26] Venkatesh et al. (2012)

Hedonic Motivation (HM)

Strongly disagree (1)/Strongly agree (7)
• HM1. I find exploring the return options

provided by the service to be entertaining.
• HM2. I experience genuine enjoyment when

interacting with the service’s return
process interface.

• HM3. The feedback and notifications I receive
during the return process make the
experience pleasurable.

• HM4. The interactive features of the local returns
interface make the return process fun
and engaging.

• HM5. Using the local return service adds a
playful element to my cross-border
shopping experience.

[84] Arnold and
Reynolds (2003)
[85] To et al. (2007)
[86] Kupfer et al. (2016)
[83] Rehman et al. (2016)

Perceived Risk (PR)

Strongly disagree (1)/Strongly agree (7)
• PR1. I am concerned that the local return process

may incur additional hidden fees.
• PR2. I am concerned that products may be lost or

damaged during the return shipping process.
• PR3. I am concerned about the uncertainty of

refund processing times.PR4. I am concerned
that my personal information may be disclosed
during the return process.

• PR5. I am concerned that the returns dispute
resolution process may be overly complex.

[52] Ma and Lee. (2025)
[87] San Martín et al. (2011)
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Table 1. Cont.

Construct Measures References

Trust (TR)

Strongly disagree (1)/Strongly agree (7)
• TR1. I believe that the platform will properly

handle my local return request and protect
my rights.

• TR2. I believe that the information provided by
the platform regarding returns and refunds is
accurate and reliable.

• TR3. I believe that merchants will process
refunds promptly in accordance with
the agreement.

• TR4. I believe that the platform will resolve
return disputes in a fair and impartial manner.

• TR5. I believe that the platform enjoys a strong
reputation for its local return service.

[88] Wang et al. (2023)

Purchase Intention (PI)

Strongly disagree (1)/Strongly agree (7)
• PI1. I plan to enhance my shopping frequency by

using cross-border e-commerce platforms that
provide local return services.

• PI2. I intend to continue choosing e-commerce
platforms that offer local return services for my
future purchases.

• PI3. I intend to recommend cross-border
e-commerce platforms offering local return
services to others.

• PI4. I am willing to remain a loyal user of
e-commerce platforms that offer local
return services.

• PI5. I am willing to share my experience with the
local return service on social media platforms.

[3] Shao et al. (2021)

Source: Authors’ own work.

The formal survey was administered through Macromill Embrain, a professional
online survey platform in South Korea with a large national consumer panel. Potential
respondents were invited from the platform’s panel and screened to identify those with
prior cross-border e-commerce purchase experience and actual use of local return ser-
vices. All items were measured on a seven-point Likert scale ranging from 1 (“strongly
disagree”) to 7 (“strongly agree”). To improve data quality, IP-address filtering, device
deduplication, response-time monitoring, completeness checks, and attention checks were
applied. Responses with straight-line patterns, unusually short completion times, or logical
inconsistencies were removed before analysis. The final sample covered diverse demo-
graphic groups in terms of gender, age, education, shopping frequency, and monthly
cross-border shopping expenditure, improving the contextual representativeness of active
CBEC consumers familiar with digital LRS.

3.2. Demographic Profile of Respondents Respondent Demographics

We conducted a cross-sectional online survey of consumers in South Korea who had
experience with cross-border online shopping and had used LRS. All data were collected
anonymously and used solely for research purposes. The survey was administered from
24 September to 5 October 2025, and yielded 501 responses. After applying the quality-
control procedures described above, 402 valid questionnaires were retained for empirical
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analysis, resulting in an effective response rate of 80.2%. Table 2 presents the demographic
characteristics of the respondents.

Table 2. Respondent demographics.

Category Item Frequency Percentage (%)

Gender
Male 182 45.27
Female 220 54.73

Age

<18 17 4.23
18–25 129 32.09
26–30 135 33.58
31–40 53 13.18
>40 68 16.92

Education

High school or below 70 17.41
Diploma 148 36.82
Bachelor 163 40.55
Master’s or above 21 5.22

Shopping amount
(per month, ten
thousand KRW)

<20 35 8.71
20–59 149 37.06
60–99 73 18.16
100–139 73 18.16
≥140 72 17.91

Frequency

<2 153 38.06
2–3 121 30.10
4–5 89 22.14
≥6 39 9.70

Source: Authors’ own work.

4. Results
4.1. Structural Equation Model
4.1.1. Measurement Results

We employed AMOS 26.0 to conduct confirmatory factor analysis (CFA) on the mea-
surement model to evaluate the scales’ reliability and validity. The model demonstrated
strong fit: χ2 = 592.39, df = 539, CFI = 0.992 > 0.90, TLI = 0.991 > 0.90, SRMR = 0.035 < 0.08,
and RMSEA = 0.016 < 0.08 (see Table 3). These values all exceeded the recommended
thresholds, indicating satisfactory model fit [89]. We then evaluated internal consistency
using composite reliability (CR). All constructs showed CR values above 0.7, indicating
satisfactory reliability [90]. Factor loadings (λ) also exceeded 0.7, confirming that the
indicators reliably represented their respective constructs [52].

Table 3. Reliability and validity test results.

Construct Item λ AVE CR

PE

PE1 0.778

0.582 0.839
PE2 0.780
PE3 0.759
PE4 0.763
PE5 0.735
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Table 3. Cont.

Construct Item λ AVE CR

EE

EE1 0.801

0.561 0.827
EE2 0.725
EE3 0.737
EE4 0.742
EE5 0.739

FC

FC1 0.762

0.564 0.833
FC2 0.786
FC3 0.764
FC4 0.720
FC5 0.720

HM

HM1 0.751

0.550 0.825
HM2 0.714
HM3 0.755
HM4 0.751
HM5 0.737

PR

PR1 0.758

0.585 0.841
PR2 0.763
PR3 0.777
PR4 0.783
PR5 0.744

TR

TR1 0.723

0.552 0.830
TR2 0.752
TR3 0.742
TR4 0.777
TR5 0.720

PI

PI1 0.748

0.570 0.833
PI2 0.756
PI3 0.764
PI4 0.752
PI5 0.754

Note: Chi-square = 592.39, df = 539, CFI = 0.992, TLI = 0.991, SRMR = 0.035, RMSEA = 0.016; PE = Performance
Expectancy, EE = Effort Expectancy, FC = Facilitating Conditions, HM = Hedonic Motivation, PR = Perceived Risk,
TR = Trust, PI = Purchase Intention. Source: Authors’ own work.

To assess convergent validity, we calculated the average variance extracted (AVE) for
each construct. All AVE values exceeded 0.5, meeting the recommended threshold [90]. For
discriminant validity, we compared the square roots of AVE values with inter-construct
correlations (see Table 4). The results satisfied the Fornell–Larcker (1981) criterion, demon-
strating that the measurement model has good discriminant validity [91].

Table 4. Correlations among constructs.

PE EE FC HM PR TR PI

PE 0.763
EE 0.333 0.749
FC 0.392 0.358 0.751

HM 0.246 0.219 0.271 0.742
PR 0.335 0.353 0.424 0.384 0.765
TR 0.350 0.300 0.433 0.295 0.372 0.743
PI 0.302 0.342 0.323 0.309 0.279 0.224 0.755

Note. PE = Performance Expectancy, EE = Effort Expectancy, FC = Facilitating Conditions, HM = Hedonic
Motivation, PR = Perceived Risk, TR = Trust, PI = Purchase Intention. Source: Authors’ own work.
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4.1.2. Structural Equation Modeling and Analysis

This study employs AMOS 26.0 to examine the proposed structural model and evaluate
the relationships among latent constructs [41,92]. Figure 3 displays the standardized path
coefficients, their significance levels, and the explained variance (R2) for endogenous
variables. The structural model demonstrates an excellent overall fit: χ2 = 668.48, df = 547,
CFI = 0.981, TLI = 0.979, SRMR = 0.069, and RMSEA = 0.024. The analysis supported most
hypotheses except H7.

Figure 3. Research model findings for the study. Source: Authors’ own work. Note. * p < 0.05,
*** p < 0.001.

SEM results (Table 5, Panel A) showed that performance expectancy (β = −0.129,
p < 0.05), effort expectancy (β = −0.168, p < 0.001), facilitating conditions (β= − 0.241,
p < 0.001), and hedonic motivation (β = −0.236, p < 0.001) all significantly reduced per-
ceived risk, thereby supporting hypotheses H1–H4. These findings demonstrate that digital
LRS attributes reduce consumers’ uncertainty and perceived risk in CBEC. Perceived risk
significantly reduced consumer trust (β = −0.353, p < 0.001), supporting H5, and also
directly reduced purchase intention (β = −0.233, p < 0.001), supporting H6. These results
suggest that perceived risk weakens purchase decisions directly and indirectly through
trust. However, trust did not significantly influence purchase intention (β = 0.113, t = 1.86,
p > 0.05), so the analysis did not support H7. This non-significant result does not mean
that trust is unimportant in CBEC. Rather, it suggests that, when perceived risk is included
in the SEM, the direct effect of trust on purchase intention may be weakened or absorbed
by consumers’ risk appraisal. This interpretation is further supported by the indirect
effects analysis (Table 5, Panel B), which shows that trust operates mainly through the
risk-reduction pathway rather than as an independent direct predictor. In the context of
digital LRS, cross-border consumers are often more concerned with concrete risks, such as
refund delay, return cost, product mismatch, and dispute uncertainty. Therefore, digital
LRS appears to influence purchase intention primarily by reducing perceived risk and mak-
ing potential losses more manageable, while trust functions more as a relational outcome
of reduced uncertainty.
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Table 5. Hypothesis test results.

Panel A. Hypothesized Effect.

Path Coefficient T-Value p-Value Test Result

H1: PE → PR −0.129 −2.29 * Supported
H2: EE → PR −0.168 −3.04 *** Supported
H3: FC → PR −0.241 −4.27 *** Supported

H4: HM → PR −0.236 −4.49 *** Supported
H5: PR → TR −0.353 −6.89 *** Supported
H6: PR → PI −0.233 −3.95 *** Supported
H7: TR → PI 0.113 1.86 n.s. Rejected

Panel B. Indirect Effect.

Path Coefficient T-Value p-Value Test Result

PE → TR 0.041 2.12 * Significant
EE → TR 0.052 2.69 *** Significant
FC → TR 0.079 3.40 *** Significant

HM → TR 0.082 3.53 *** Significant
PR→ PI −0.038 −1.78 n.s. Insignificant
PE → PI 0.033 2.04 * Significant
EE → PI 0.041 2.52 * Significant
FC → PI 0.063 3.11 *** Significant

HM → PI 0.066 3.19 *** Significant
Note. n.s. p > 0.05, * p < 0.05, *** p < 0.001. Chi-square = 668.48, df = 547, CFI = 0.981, TLI = 0.979,
SRMR = 0.069, RMSEA = 0.024; PE = Performance Expectancy, EE = Effort Expectancy, FC = Facilitating Con-
ditions, HM = Hedonic Motivation, PR = Perceived Risk, TR = Trust, PI = Purchase Intention. Source: Authors’
own work.

Building upon this, the indirect effects presented in Table 5 (Panel B) further elucidate
the fundamental mechanisms underpinning these relationships. Specifically, performance
expectancy (β = 0.041, p < 0.05), effort expectancy (β = 0.052, p < 0.001), facilitating con-
ditions (β = 0.079, p < 0.001), and hedonic motivation (β = 0.082, p < 0.001) indirectly
increased trust by reducing perceived risk. These variables also indirectly increased pur-
chase intention through the same pathway (β = 0.033, p < 0.05; β = 0.041, p < 0.05; β = 0.063,
p < 0.001; β = 0.066, p < 0.001). In contrast, perceived risk did not significantly influence
purchase intention through trust (β = −0.038, p > 0.05), suggesting that perceived risk
primarily affected purchase intention through a direct pathway. Overall, perceived risk
serves as a vital mediating factor linking digital return service design, consumer trust, and
purchase intention. Trust mainly influenced purchase intention indirectly, consistent with
the non-significant direct effect found for H7.

Taken together, the SEM findings provide direct answers to the two research ques-
tions. Regarding RQ1, the results show that all four digital LRS attributes—performance
expectancy, effort expectancy, facilitating conditions, and hedonic motivation—significantly
reduce consumers’ perceived risk in CBEC. Among these factors, facilitating conditions and
hedonic motivation exhibit relatively stronger effects, suggesting that consumers value op-
erational support, process visibility, and emotionally reassuring service experiences when
evaluating cross-border return systems. Regarding RQ2, the results indicate that digital
LRS attributes influence purchase intention primarily through perceived risk reduction
rather than through trust enhancement alone. Perceived risk directly reduces purchase
intention and simultaneously weakens trust, whereas trust does not exert a statistically
significant direct effect on purchase intention. These findings suggest that consumers in
CBEC settings respond more strongly to the reduction in anticipated losses and uncertainty
than to generalized relational trust in the platform.

https://doi.org/10.3390/jtaer21060165

https://doi.org/10.3390/jtaer21060165


J. Theor. Appl. Electron. Commer. Res. 2026, 21, 165 16 of 30

As illustrated in Figure 3, the model explained 34.7% of the variance in perceived
risk, 33.4% in trust, and 43.7% in purchase intention, indicating substantial explanatory
power [93].

4.2. Artificial Neural Networks

Although SEM effectively evaluates hypotheses, its linear structure limits its ability
to detect potential nonlinear associations among variables. To address this shortcoming,
this study incorporates artificial neural network (ANN) analysis to improve the model’s
predictive capabilities and capture intricate nonlinear relationships [94]. As a machine
learning technique, ANN generally surpasses conventional linear models in prediction tasks
because it emulates how neurons in the human brain process information [79]. Building
on the SEM framework, this study develops two ANN sub-models aligned with the core
model structure. We modeled the neural network using a multilayer perceptron (MLP)
with a double hidden layer structure. We also applied the Sigmoid activation function in
the hidden layer to represent nonlinear neuron activation. To enhance the robustness of
model evaluation and reduce bias arising from data partitioning, this study uses 10-fold
cross-validation. Specifically, we randomly divide the dataset into ten mutually exclusive
subsets and perform ten training iterations, each time using 90% of the data for training
and 10% for testing. This procedure reduces overfitting risk and strengthens the reliability
of the RMSE assessment.

4.2.1. Nonlinear Impact of Pre-Existing Technical Attributes on Perceived Risk

Figure 4 illustrates the nonlinear effects of performance expectancy, effort expectancy,
facilitating conditions, and hedonic motivation on perceived risk. The model’s RMSE on
the training set ranges from 1.187 to 1.351. On the test set, RMSE ranges from approximately
1.061 to 1.461, indicating acceptable predictive performance (see Table 6). We then conduct
a sensitivity analysis to determine the relative significance of each input variable. The
results show the following standardized importance levels: hedonic motivation (HM,
100%), facilitating conditions (FC, 52%), effort expectancy (EE, 32%), and performance
expectancy (PE, 10%) (see Table 7). From a theoretical standpoint, hedonic motivation
reduces subjective amplification of uncertainty through positive emotional arousal [95];
Effort expectancy lowers concerns about operational errors by increasing perceived ease of
use [57]. Performance expectancy influences risk appraisal indirectly through perceived
usefulness [30]. In LRS platforms, facilitating conditions and hedonic motivation show
particularly strong effects (e.g., Network 4: HM = 0.844, FC = 0.082; Network 2: FC = 0.296,
HM = 0.573) (see Table 6). These findings suggest that enjoyment, experiential value,
resource availability, and ease of use play key roles in reducing perceived risk. These ANN
findings further strengthen the answer to RQ1 by showing that hedonic motivation and
facilitating conditions are the most influential predictors of perceived risk reduction. This
suggests that consumers evaluate digital LRS not only in terms of functional efficiency and
ease of use, but also through experiential reassurance, enjoyment, resource availability,
and process support. This result is consistent with UTAUT2, which emphasizes the role
of hedonic motivation and facilitating conditions in shaping user intentions and usage
behavior, and it also supports the proposed link between digital service attributes and
perceived risk [26].
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Table 6. Model fit for perceived risk across training and test sets.

Panel A. Training Set Performance.

Training

Network N SSE RMSE

1 361 659.168 1.351
2 361 564.228 1.250
3 362 583.007 1.269
4 362 510.790 1.188
5 362 519.852 1.198
6 362 541.957 1.224
7 362 522.248 1.201
8 362 537.464 1.218
9 362 517.204 1.195

10 362 509.907 1.187
Mean 546.582 1.228

Standard deviation 46.205 0.051

Panel B. Test Set Performance.

Testing

Network N SSE RMSE

1 41 87.514 1.461
2 41 46.147 1.061
3 40 62.340 1.248
4 40 80.615 1.420
5 40 55.571 1.179
6 40 49.331 1.111
7 40 53.061 1.152
8 40 68.988 1.313
9 40 55.980 1.183

10 40 60.414 1.229
Mean 61.996 1.236

Standard deviation 13.409 0.129
Note. SSE = Sum of Squared Errors, RMSE = Root Mean Squared Error. Source: Authors’ own work.

Table 7. Sensitivity analysis for perceived risk.

Network PE EE FC HM

1 0.053 0.168 0.481 0.297
2 0.006 0.126 0.296 0.573
3 0.135 0.279 0.030 0.556
4 0.020 0.054 0.082 0.844
5 0.034 0.194 0.231 0.541
6 0.017 0.315 0.360 0.307
7 0.032 0.044 0.533 0.391
8 0.101 0.051 0.121 0.727
9 0.094 0.207 0.251 0.448

10 0.012 0.210 0.293 0.485
Normalized
importance 10% 32% 52% 100%

Note. PE = Performance Expectancy, EE = Effort Expectancy, FC = Facilitating Conditions, HM = Hedonic
Motivation. Source: Authors’ own work.
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Figure 4. Artificial neural networks for technical attributes and perceived risks. Source: Authors’
own work.

4.2.2. Relative Effects of Perceived Risk and Trust on Purchase Intention

Figure 5 presents the purchase intention model. Permutation importance analysis
indicates that perceived risk has a standardized importance of 100%, which markedly
exceeds that of consumer trust (84%) (see Table 8). This result identifies perceived risk as a
primary determinant of consumers’ purchase intention. However, analysis across different
network initializations indicates that trust holds greater significance than perceived risk in
Networks 2, 3, and 9. This variation suggests that the direct influence of trust on purchase
intention depends on contextual conditions and varies across conditions. Based on the
fitting results, the RMSE for purchase intention is 1.269 on the training set and 1.275 on the
test set, a minimal difference of 0.006. Error dispersion remains low across various initial-
ization conditions, indicating strong generalization performance and minimal overfitting
(see Table 9). Among all initializations, Network 7 achieves the best test performance with
an RMSE of 1.009. Overall, the ANN analysis provides additional evidence for RQ2 by
showing that perceived risk mitigation exerts a stronger influence on purchase intention
than trust. This indicates that consumers’ purchasing decisions in CBEC are driven more
by the avoidance of potential loss than by generalized confidence in the platform. Trust
appears to affect purchase intention mainly by shaping consumers’ reevaluation of risk
and utility, and it shows stronger direct effects only in specific contexts. These results align
with the SEM findings, which indicated that trust did not significantly predict purchase
intention, and they also agree with recent consumption research [96,97].

https://doi.org/10.3390/jtaer21060165

https://doi.org/10.3390/jtaer21060165


J. Theor. Appl. Electron. Commer. Res. 2026, 21, 165 19 of 30

Figure 5. Artificial neural networks for purchase intention. Source: Authors’ own work.

Table 8. Sensitivity analysis for purchase intention.

Network PR TR

1 0.648 0.352
2 0.112 0.888
3 0.040 0.960
4 0.539 0.461
5 0.783 0.217
6 0.636 0.364
7 0.694 0.306
8 0.765 0.235
9 0.309 0.691
10 0.904 0.096

Normalized importance 100% 84%
Note. PR = Perceived Risk, TR = Trust. Source: Authors’ own work.

Table 9. Model fit for purchase intention across training and test sets.

Panel A. Training Set.

Training

Network N SSE RMSE

1 361 571.152 1.258
2 361 574.417 1.261
3 362 617.756 1.306
4 362 570.817 1.256
5 362 571.770 1.257
6 362 608.072 1.296
7 362 599.144 1.287
8 362 581.409 1.267
9 362 581.349 1.267

10 362 556.875 1.240
Mean 583.276 1.269

Standard deviation 19.069 0.020
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Table 9. Cont.

Panel B. Testing Set.

Testing

Network N SSE RMSE

1 41 78.710 1.386
2 41 82.352 1.417
3 40 74.274 1.363
4 40 62.174 1.247
5 40 64.881 1.274
6 40 56.880 1.192
7 40 40.711 1.009
8 40 54.191 1.164
9 40 71.130 1.334

10 40 74.541 1.365
Mean 65.984 1.275

Standard deviation 12.801 0.126
Note. SSE = Sum of Squared Errors, RMSE = Root Mean Squared Error. Source: Authors’ own work.

4.3. Qualitative Study
4.3.1. Program Settings

To complement the SEM and ANN analyses, this study conducted a qualitative inves-
tigation with consumers who had direct experience using LRS in CBEC. The purpose of the
qualitative component was not to establish causal validity independently, but to provide
contextual interpretation of the quantitative findings and to identify boundary conditions
that structured models may not fully capture.

We recruited participants from consumers residing in South Korea who had experience
with cross-border online shopping and had used local refund services in actual transactions.
During recruitment, we applied screening criteria that required participants to have com-
pleted at least one cross-border online purchase in the past year and returned goods locally.
At the same time, we ensured diversity in gender, age, occupation type, and platform
usage frequency to capture variation in consumer perceptions. A total of 8 participants
were included in the qualitative study, and each interview lasted approximately 30 min.
Data collection continued until thematic saturation was reached, that is, when additional
interviews no longer generated materially new insights. We also informed all participants
that the study served academic purposes and that we would keep all personal information
strictly confidential.

We conducted the interviews by telephone, assigning one researcher to moderate
the discussion and another to probe for details and document the process. The interview
outline covered four core themes: the perceived performance advantages of LRS, perceived
operational convenience, changes in multidimensional perceived risk, and the formation of
trust and purchase intention in the return-service context. More specifically, the discussions
explored consumers’ views on return time, fund occupation, problem-resolution efficiency,
return procedures, informational prompts, customer support and changes in financial,
performance, time, and privacy risks before and after using LRS.

We obtained participants’ consent before conducting and recording all interviews,
and each interview was subsequently transcribed into written form. The two researchers
independently reviewed the transcripts and conducted open coding, focusing on statements
related to technological attributes, perceived risk, trust, and purchase intention. They
then compared interpretations, discussed discrepancies, and grouped the initial codes
into higher-level categories, including time and financial security, perceived control over
the return process, privacy and data security concerns, and experience-driven emotional
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changes. Finally, the identified qualitative themes were compared with the SEM and ANN
findings to provide contextual interpretation of the quantitative results and to identify
mechanisms and boundary conditions that were not fully visible in the quantitative models.

4.3.2. Interview Results

Overall, the qualitative findings support and extend the SEM and ANN results. Rather
than treating LRS as a simple after-sales convenience, participants viewed digital LRS as a
safeguard against cross-border transaction risk. Their responses can be summarized into
four themes: time and financial security, perceived control over the return process, gradual
trust formation, and remaining privacy and product-quality concerns. Representative
interview excerpts are provided in Appendix A.

First, participants emphasized that digital LRS reduced perceived risk by shortening re-
turn cycles, simplifying procedures, accelerating refunds, and making worst-case outcomes
more manageable. This supports the SEM result that perceived risk negatively affects pur-
chase intention. Second, participants evaluated technological attributes as concrete service
experiences. Interface clarity, simple procedures, multilingual support, automatic order
information, and real-time process visibility reduced operational burden and strengthened
perceived control, helping explain why effort expectancy, facilitating conditions, and hedo-
nic motivation reduce perceived risk. Third, trust was built gradually through repeated and
reliable return experiences, rather than through platform reputation alone. This supports
the finding that perceived risk affects trust, while the direct effect of trust on purchase in-
tention is limited. Finally, the interviews identified boundary conditions. Although digital
LRS reduced time and financial risks, some participants remained concerned about privacy,
cross-border data transfer, and product quality. Platforms should therefore complement
digital return services with stronger data governance and supplier quality management.

5. Discussion
5.1. Research Contributions

These findings directly answer the two research questions. For RQ1, the SEM, ANN,
and qualitative results show that performance expectancy, effort expectancy, facilitating
conditions, and hedonic motivation all reduce perceived risk, with facilitating conditions
and hedonic motivation showing particularly strong roles. For RQ2, the results indicate
that these attributes influence purchase intention mainly through perceived risk reduction,
while trust operates more as a process-based outcome of reduced uncertainty than as an
independent direct predictor of purchase intention.

First, this study reconceptualizes LRS as a customer-facing digital assurance mecha-
nism in CBEC rather than merely an operational after-sales arrangement. Existing research
has largely focused on platform features, payment security, and institutional safeguards
when explaining perceived risk, trust, and purchase intention [44,98,99], while paying
limited attention to how digitally enabled return service design shapes consumer evalua-
tions before purchase. Although cross-disciplinary research in operations and marketing
emphasizes service quality and governance mechanisms, its focus remains largely on front-
end transactions and platform governance [100–102]. By shifting attention to LRS, this
study extends digital commerce research by showing that return service design also cre-
ates customer-facing value under cross-border uncertainty and functions as an important
platform signal in consumers’ purchase decisions [103,104].

Second, this study contributes by identifying ex ante risk appraisal, rather than trust
enhancement alone, as the primary mechanism through which local return systems shape
behavioral intention. Drawing on UTAUT2, perceived risk theory, and trust theory, this
study develops and empirically examines a structural model that links digital LRS design,
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perceived risk, trust, and purchase intention. The findings show that digital return service
design shapes cross-border purchasing intentions primarily by reducing anticipated loss
and restoring perceived control, thereby shifting the explanation of online purchasing from
a trust-centered account to a risk-centered one. This interpretation is particularly important
because the direct path from trust to purchase intention was not significant. Although
prior e-commerce studies often identify trust as a strong predictor of purchase intention,
the present findings suggest that its role may be more conditional in CBEC return-service
settings. When consumers evaluate cross-border purchases involving possible return costs,
refund delays, and dispute uncertainty, perceived risk becomes a more immediate decision
criterion. Trust still matters, but it appears to operate mainly as a process-based outcome of
reduced risk rather than as a standalone determinant of purchase intention.

Third, this study contributes by clarifying the boundary conditions of digital return
service effectiveness in CBEC. Prior research on logistics and operations has traditionally
emphasized cost control, network configuration, and operational efficiency [105–107], with
relatively few studies examining service innovation from the viewpoints of consumer
psychology and market performance. The findings suggest that the effects of digital LRS
are not uniform: they appear to be more effective in alleviating time-related and financial
concerns than in addressing privacy concerns and product-quality uncertainty. Accordingly,
the study contributes not only by identifying the main mechanism of influence, but also
by specifying the conditions under which return service design is more or less effective in
shaping consumer behavior across different dimensions of perceived risk.

Methodologically, these theoretical contributions are further strengthened by the
complementary use of SEM, ANN, and qualitative analysis. SEM tests the proposed
structural relationships, ANN captures potential nonlinearities and predictive importance,
and qualitative evidence helps interpret contextual mechanisms and boundary conditions.
This mixed-method design balances theoretical rigor with practical relevance [100,108].
Practically, the findings offer useful guidance for cross-border platforms and brands in
areas such as digital return service design, platform assurance, data governance, and
consumer-facing service management [101,109,110].

5.2. Implications for Practice

This study developed a mechanism model to illustrate how digital return service
design influences consumers’ purchase intention in CBEC through the psychological path-
ways of perceived risk and trust. Based on this model, the study proposes practical guidance
for platform assurance, return transparency, and consumer-facing service design for CBEC
platforms and related firms, which we discuss below.

5.2.1. Enhance Digital Return Experience as a Platform Assurance Cue

Our UTAUT2 analysis shows that consumers value convenience and a seamless ex-
perience in cross-border returns. Therefore, CBEC platforms should treat digital return
design as part of platform assurance rather than merely as an operational support function.
Platforms should integrate consumer-facing return functions so that return requests can be
initiated easily, relevant order information can be retrieved automatically, and the process
can be completed with minimal effort. In addition, platforms should improve return visi-
bility through tools such as QR-based processing, real-time status updates, and estimated
processing-time prompts. Where possible, digital monitoring tools may also be used to iden-
tify exceptions early and improve service predictability. These features reduce uncertainty,
improve perceived control, and strengthen consumer confidence before purchase.

https://doi.org/10.3390/jtaer21060165

https://doi.org/10.3390/jtaer21060165


J. Theor. Appl. Electron. Commer. Res. 2026, 21, 165 23 of 30

5.2.2. Reduce Perceived Risk Through Return Transparency and Data Governance

CBEC platforms should actively reduce consumers’ perceived risk to encourage pur-
chasing. First, platforms should strengthen data security governance. They should use
encrypted transmission, tokenization, and auditable access controls among platforms,
merchants, and logistics partners to protect cross-border transaction security and personal
data. Second, platforms should improve the credibility of their evaluation systems. By
linking user evaluations with verifiable transaction, fulfillment, and return data, platforms
can mitigate information asymmetry and help consumers make more informed purchase
decisions. Third, platforms should accelerate after-sales response through automated
workflows. When the system detects delays, losses, or damages, it should automatically
direct the case to the appropriate resolution process and provide timely explanations and
solutions to the customer. Finally, platforms should use digital monitoring and traceability
tools to improve product quality oversight, reduce the risk of counterfeits, and enable rapid
issue tracing and resolution. Taken together, these practices enhance return transparency,
reduce uncertainty, and strengthen consumer confidence in CBEC transactions.

5.2.3. Strengthen Regulatory and Institutional Support

Governments and regulators should enhance institutional support and consumer
protection mechanisms to keep pace with the development of cross-border LRS. First,
authorities should standardize process and interface rules across the cross-border return
ecosystem, requiring platforms and service providers to document critical milestones such
as refund initiation, quality inspections, handovers, and pickups. Second, regulators should
promote traceability and accountability through tools such as IoT tracking, electronic docu-
mentation, and blockchain technologies. These tools can preserve inspection evidence and
clarify handover responsibilities, thereby supporting dispute resolution and accountability.
Third, governments should clarify the obligations of platforms and service providers in
cross-border data flows, including privacy protection, data minimization, encrypted stor-
age, access control, and evidence preservation. They should also impose stricter penalties
for data breaches and fraudulent inspections. Fourth, authorities should improve trans-
parency and public trust by working with platforms to publish clear service standards
and performance indicators, share policy updates, and provide consumer education on
cross-border online shopping and returns. By doing so, institutional support can reduce
uncertainty, strengthen consumer protection, and improve trust in CBEC transactions.

6. Conclusions
This study examined digital LRS as a customer-facing assurance mechanism in CBEC

and explained how digital return service design shapes consumers’ purchase intention
through perceived risk and trust. The findings show that performance expectancy, effort
expectancy, facilitating conditions, and hedonic motivation all contribute to lower perceived
risk, which in turn directly increases purchase intention and also strengthens trust in the
platform. At the same time, the results suggest that the influence of trust on purchase
intention is more conditional and process-based than directly dominant. Overall, the
study clarifies how CBEC platforms can influence consumer purchase intention by using
digital return design to reduce uncertainty, restore perceived control, and support trust
formation before purchase. The study also offers practical guidance for platforms seeking
to improve return transparency, platform assurance, conversion, and customer retention in
importing-country markets.

Despite these contributions, this study has limitations. First, the study focuses on
consumers in South Korea who have experience with LRS, which limits the generalizability
of the findings across countries, platforms, and cultural contexts. Second, the study relies on
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cross-sectional self-reported data. Although these data reveal correlations among variables,
they cannot fully capture behavioral changes over time or establish strong causal relationships.

Future research should examine several issues more closely. Comparative studies
across countries, platforms, and product categories could test whether the risk-reduction ef-
fect of digital LRS varies by institutional context, return norms, and consumer expectations.
Future studies could also compare different return-service designs, such as home pickup,
offline drop-off, locker-based returns, real-time tracking, and instant refunds, to identify
which features reduce specific forms of perceived risk most effectively. More attention
should also be given to boundary conditions, including platform reputation, return policy
strictness, merchant quality control, data protection, and product type. Finally, longitudinal
data, field experiments, and actual platform behavior records would help assess whether
digital LRS has lasting effects on trust, repeat purchase, and customer retention.

Author Contributions: Conceptualization, X.S.; Methodology, X.S.; Software, M.S.; Validation, X.S.;
Formal analysis, X.S.; Investigation, X.S.; Data curation, X.S.; Writing—original draft, X.S.; Writing—
review & editing, M.S. and K.-s.P.; Visualization, M.S.; Supervision, K.-s.P. All authors have read and
agreed to the published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: According to the Dankook University Institutional Bioethics
Committee Regulations, Article 2(12), studies that pose only minimal risk to participants and the
public may qualify for review exemption. In addition, under Article 13 of the Enforcement Rule of the
Bioethics and Safety Act of Korea, research involving non-identifiable and unspecified participants,
which does not collect or record sensitive personal information, may be exempt from IRB review. As
this study was an anonymous online survey that did not collect identifiable or sensitive personal
data, it was considered exempt from formal ethical review under these guidelines. Informed consent
was obtained from all subjects involved in the study.

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

Data Availability Statement: The data presented in this study are available from the corresponding
author upon reasonable request. The data are not publicly available due to privacy and ethical
considerations related to the anonymous survey participants.

Conflicts of Interest: The authors declare no conflicts of interest.

Appendix A. Telephone Interview Results

Category Category Description Example Quote

Time and financial
security

LRS reduces perceived financial and
time-related risk by ensuring faster
processing and refunds.

P1: For me, local refunds are not an additional
advantage, but a basic requirement that gives me
the confidence to place an order. With LRS, I am
assured of prompt processing, the swift return of
my funds, and the assurance that any issues will
be addressed by responsible personnel. It
enhances my sense of comfort.

Return convenience
Local returns make the return
process easier and reduce hesitation
toward trying new brands.

P3: In the past, the biggest concern that people had
when purchasing items from other countries was
the lengthy process of returning them. It is
considerably simpler to return locally; all you have
to do is send it back to a branch that is close by
and monitor the progress of the processing. As a
result of the fact that returns are less of a headache,
I am more likely to experiment with new brands.
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Category Category Description Example Quote

Worst-case risk control
LRS makes potential losses more
manageable and reduces
psychological burden after purchase.

P8: I would first ask myself what the worst-case
scenario would be before doing anything else. The
worst-case situation is that returning the item will
require some time and effort, but I won’t lose too
much money. A LRS reduces my psychological
strain that comes along after I place an order.

Interface clarity Clear page design and fewer steps
reduce operational burden.

P4: I believe that local refunds are convenient
because the page design is very clear. You may
finish the application with just a few clicks, and
you won’t have to go through the trouble of
looking for a lot of information on your own. It
seems to me that the fewer the number of steps
you take, the less trouble it seems to be.

Process visibility
and guidance

Automatic order information and
return instructions increase
dependability.

P2: Some platforms automatically display order
information, along with pictures and text
instructions on how to pack the items and where
to ship them. Having this experience gives me the
impression that the platform was developed with
the user in mind. I have the impression that this
feature is dependable, and the likelihood of
encountering problems is reduced.

Technology-related risk Slow systems or unclear prompts
increase perceived risk.

P6: I am concerned about the possibility of errors
occurring during the process of returning items if
the system is consistently slow or if the
information prompts are inadequate. An increase
in my perception of risk occurs if the technology is
not functioning without any hiccups.

Trust formation
and erosion

Trust is gradually built through
repeated and reliable return
experiences. Conversely, delayed
refunds or poor return experiences
weaken consumers’ trust in the
platform and reduce future
purchase intention.

P5: Whether I trust a platform or not is contingent
upon whether a few returns are handled as
promised. In the event that things proceed without
a hitch on multiple occasions, I will have the
impression that the platform is reliable, and I will
feel more at ease while placing orders in the future.
P7: No matter how well the product description is
written, if my friends say that returning the
product is troublesome, or if I myself encounter a
situation where it takes a long time to get a refund,
I will have doubts about this platform and will
hesitate to place an order next time.
P8: Local refunds unquestionably improved my
feelings regarding the platform; however, this
favorable impression is gradually obtained. The
local returns will be a bonus for me, and I will be
more willing to continue shopping here if my
whole shopping experience is positive.

Privacy and
data-security concern

Local returns reduce time and
financial concerns but do not fully
address data-security concerns.

P4: Local returns alleviate my concerns regarding
financial and time commitments, but I continue to
worry about the potential misuse of my personal
information. Efficient return processes do not
inherently guarantee data security.
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Category Category Description Example Quote

Product-quality concern
Smooth returns cannot compensate
for frequent product-quality
problems.

P6: If it’s just one or two times because I made the
wrong choice, it’s good that the return is smooth.
But if the product itself has many problems, I will
feel that the platform is not strict enough in its
management. Even if I can return it, I intend to
decrease the quantity of items I purchase on
this platform.

Supplier quality
management

True reassurance depends on
product quality control and
merchant standards.

P3: Local returns address issues within
controllable outcomes; however, true peace of
mind remains reliant on rigorous front-end
inspections of product quality and
merchant standards.
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