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Abstract

With the increasing prominence of sustainable consumption and the rising influence of Gen-
eration Z in the fashion market, secondhand fashion e-commerce platforms have become
essential carriers of green fashion. Although AI-assisted recommendation mechanisms
are widely embedded in these platforms, their psychological and behavioral effects on
users’ continuous use and social engagement remain insufficiently examined. To address
this gap, this study incorporates the Stimulus–Organism–Response (SOR) framework to
investigate the psychological reaction pathways and behavioral intentions of Generation Z
users within Human-AI Collaboration-enabled green e-commerce environments. Three
AI-driven service stimuli—Human-AI Collaborative Recommendation Perception, AI In-
teraction Transparency, and Perceived Personalization—were conceptualized as stimulus
variables; Psychological Immersion, Emotional Triggering, Cognitive Engagement, and
Platform Trust were modeled as organism variables; and Continuous Use Intention and So-
cial Sharing Intention served as behavioral response variables. Based on 498 valid samples
analyzed using Partial Least Squares Structural Equation Modeling (PLS-SEM), the results
demonstrate strong empirical support for all proposed hypotheses. Specifically, AI-driven
stimuli significantly and positively influence psychological responses, which subsequently
strengthen users’ continuous usage and social sharing intentions. This research provides
theoretical insights for developing Human-AI Collaboration-enabled service systems that
balance efficiency and emotional resonance on green e-commerce platforms, and offers
practical implications for promoting sustainable fashion values among younger consumers.

Keywords: human-AI collaboration; secondhand fashion e-commerce platforms; SOR
model; generation Z users; continuous use intention

1. Introduction
In the context of escalating global resource consumption and worsening environ-

mental pollution, promoting sustainable consumption has become a critical pathway for
achieving green transition and low-carbon development. The United Nations’ Sustainable
Development Goal (SDG) 12 explicitly highlights the importance of resource reuse and the
circular economy [1]. As one of the most resource-intensive and environmentally impactful
industries, the fashion sector generates approximately 92 million tons of textile waste
annually, much of which is landfilled or incinerated, resulting in severe water and soil
contamination and substantial greenhouse gas emissions [2,3]. Accordingly, extending the
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life cycle of garments and promoting recirculation of apparel have become crucial levers
for advancing sustainable fashion and environmental governance.

According to the ThredUp 2025 Resale Report, the global secondhand fashion market
is projected to reach USD 367 billion by 2029, growing significantly faster than traditional
retail [4], indicating that apparel recirculation is shifting from a marginal eco-conscious
behavior toward a mainstream sustainable lifestyle. A similar trend is observed in China,
where C2C resale platforms have rapidly expanded alongside mobile consumption and
sustainability awareness. Industry analytics from QuestMobile show that Xianyu, Alibaba
Group’s C2C secondhand marketplace, has over 170 million monthly active users, with
individuals under the age of 30 accounting for nearly half of its active user base, high-
lighting the central role of Generation Z in China’s secondhand fashion ecosystem [5].
With their resource-circulation attributes and strong network effects, secondhand fashion
e-commerce platforms are emerging as key nodes that enable consumer transitions toward
sustainable practices.

At the same time, the widespread integration of artificial intelligence (AI) is reshap-
ing service models in the secondhand e-commerce sector. AI-enabled features—such as
personalized recommendations, image recognition, intelligent customer service, and au-
tomated operational processes—significantly improve service efficiency and user journey
optimization, transforming platforms from transactional tools into “intelligent service
ecosystems” [6–8]. However, the dominance of algorithmic logic can also introduce is-
sues such as recommendation bias, limited emotional responsiveness, and cold or im-
personal interaction experiences, ultimately undermining user trust and continuous use
intention [9–11]. In sustainable consumption contexts that emphasize emotional resonance
and relational interaction, efficiency-driven service pathways alone cannot satisfy users’
deeper needs for understanding, empathy, and social connection—hindering the formation
of continuous usage behaviors [12].

Generation Z—the primary driving force behind the rise in sustainable fashion
consumption—is characterized by strong digital literacy, heightened environmental aware-
ness, and a strong preference for personalized and meaningful interaction [13]. Typically
referring to individuals born between 1995 and 2010, this digital-native cohort demon-
strates high adaptability to AI-enabled services while simultaneously exhibiting elevated
expectations regarding transparency, emotional resonance, and relational quality in dig-
ital interactions [13,14]. Prior studies have shown that Generation Z users tend to favor
platforms capable of offering human-centered experiences and value co-creation rather
than purely efficiency-oriented automation [15–17]. However, despite notable efficiency
gains, AI-driven service systems often struggle to fully address users’ emotional and re-
lational needs, particularly in sustainable consumption contexts [18,19]. This structural
limitation underscores the necessity of incorporating human–AI collaborative mechanisms
that combine algorithmic efficiency with human judgment and socio-emotional support.

Against this backdrop, Human-AI Collaboration has emerged as a promising mecha-
nism to bridge the gap between algorithmic coldness and users’ emotional needs. Human-
AI Collaboration refers to the process by which users and AI systems collaboratively
complete service tasks, supported by human staff or platform-level mechanisms [20]. It
highlights complementarities between AI’s computational strengths and humans’ judg-
ment and emotional support, thereby enhancing service explainability, relational trust, and
interaction adaptability [21,22]—attributes highly aligned with Generation Z’s preference
for personalization and emotional resonance [23].

Despite increasing research attention to AI, user preferences, and platform perfor-
mance, several gaps remain regarding Human–AI Collaboration in sustainable e-commerce:
(1) most existing studies focus primarily on initial adoption rather than continuous use
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mechanisms [24,25]. (2) although prior research has examined Human–AI Collaboration-
related service features and post-adoption trust-related evaluations, such investigations
are often fragmented and lack a systematic, process-oriented modeling approach that ex-
plains how these effects emerge through users’ internal psychological mechanisms [26,27].
(3) prior research frequently adopts a functional or technology-centered perspective and
overlooks the integrated cognition–emotion–behavior chain, resulting in limited under-
standing of users’ psychological processing in AI-enabled service environments [28–30].
These gaps call for theoretically grounded frameworks that examine sustained behavioral
intentions within specific service contexts and user cohorts.

To address these issues, this study proposes the concept of Human-AI Collaboration
in Secondhand Fashion E-commerce Platforms (HAIc-SFEP)—defined as an AI-dominated
service architecture augmented with human collaborative mechanisms to achieve a bal-
ance between computational efficiency and emotional warmth, ultimately enhancing user
experience and platform sustainability [23]. Its core components include: (1) AI systems
performing high-efficiency tasks such as recommendation, recognition, and matching.
(2) human agents providing judgment, explanation, and emotional support [31]. (3) dy-
namic human–AI coordination enabling adaptive interactions and real-time feedback,
together creating a more empathetic and trustworthy user journey [20].

Theoretically, this study adopts the Stimulus–Organism–Response (SOR) model as
the analytical framework. It focuses on three AI-related service stimuli—Human-AI Col-
laborative Recommendation Perception (HAC), which captures users’ perceived quality
and collaborative logic of recommendation outcomes under human–AI collaboration, AI
Interaction Transparency (AIT), and Perceived Personalization (PP)—and examines how
these factors influence continuous use intention (CUI) and social sharing intention (SSI)
through a set of organism variables comprising Psychological Immersion (PI), Emotional
Triggering (ET), and Cognitive Engagement (CE), along with Platform Trust (PT). This path-
way model expands the SOR framework within the intersection of sustainable e-commerce
and AI-enabled service environments, offering both theoretical and practical insights for
optimizing intelligent platforms targeting Generation Z.

In summary, this study seeks to address three core questions: (1) Which Human–AI
Collaboration-related intelligent service factors enhance Generation Z users’ continuous
use intention in green e-commerce? (2) Which psychological mechanisms serve as key medi-
ators in this process? (3) How can SOR-based models achieve a balance between AI service
efficiency and emotional warmth? The findings of this research aim to inform the develop-
ment of service systems that combine efficiency and human-centric design while offering
empirical support for promoting circular fashion values among younger consumers.

The remainder of this paper is structured as follows: Section 2 reviews the relevant
literature on Generation Z user behavior, secondhand fashion e-commerce development,
and applications of Human-AI Collaboration, and introduces the SOR model as the analyti-
cal foundation. Section 3 presents the research model and hypotheses. Section 4 outlines
the research design. Section 5 reports the empirical results. Section 6 discusses theoretical
and practical implications. Section 7 identifies research limitations and future directions.
Section 8 concludes this paper by summarizing key contributions.

2. Literature Review and Theoretical Background
2.1. Evolution of Intelligent Services in Secondhand Fashion E-Commerce Platforms and
Behavioral Characteristics of Generation Z Users

Against the backdrop of deepening global sustainable development agendas, the
fashion industry has been widely criticized for its structural problems of “high pollution
and high energy consumption.” The Circular Economy has therefore emerged as a key
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pathway for green transformation, emphasizing resource reuse and life-cycle extension to
reduce environmental burdens [32]. Secondhand fashion e-commerce platforms serve as
critical digital infrastructures facilitating CE implementation. In recent years, international
platforms such as Depop, ThredUp, and Vestiaire Collective, as well as Chinese platforms
such as Xianyu and Plum, have integrated C2C, B2C, and social commerce mechanisms to
extend garment lifecycles and stimulate sustainable consumption [33,34].

From a transactional perspective, C2C remains the most representative model in sec-
ondhand e-commerce, characterized by diverse user identities and fragmented transaction
chains. Such platforms rely heavily on AI-driven recommendation, intelligent customer
service, behavioral analytics, and interactive feedback mechanisms to enhance matching
efficiency and strengthen user stickiness. Prior studies suggest that amid increasing eco-
nomic pressure and shifting consumption patterns, consumers show growing acceptance
of cost-effective secondhand apparel, accelerating the development of C2C models [35].
However, unlike B2C transactions—which benefit from standardized supply chains and
quality control—C2C platforms face challenges related to product authenticity, description
accuracy, and transaction safety, all of which may undermine user trust and reduce plat-
form engagement [36]. Intelligent service technologies therefore play an essential role in
enhancing transparency and safeguarding transaction reliability.

Moreover, secondhand e-commerce platforms have undergone significant evolution
in intelligent service systems. Early-stage systems relied on keyword search and static
recommendations, which later advanced into personalized algorithmic recommendations
based on historical behavior data. Current systems increasingly integrate multimodal
technologies—including image recognition and voice-based interaction—to provide im-
mersive and context-aware services. Some platforms have progressed to Human-AI Collab-
oration (HAC) mechanisms, where AI agents and human agents jointly deliver services
(e.g., Xianyu’s hybrid “AI + human” customer service). This shift enhances service explain-
ability, human-likeness, and responsiveness, positioning intelligent service evolution as a
core driver of trust-building, user retention, and transaction success.

Existing research shows that intelligent recommendation, interface design, and per-
sonalization significantly improve user experience and continuous use intention, while
highly immersive technologies such as virtual reality may actually deter adoption due to
low user familiarity [37]. These findings suggest that aligning intelligent service modules
with users’ familiarity, interaction preferences, and perceived value—particularly among
Generation Z—plays a critical role in shaping the “technology → experience → behavior”
pathway. From a theoretical perspective, this insight highlights the importance of incor-
porating human–AI collaborative processes into behavioral models of C2C secondhand
e-commerce platforms.

Generation Z users display strong technological adaptability, autonomous information
management capabilities, and seamless cross-platform migration behaviors [38,39]. They
attach high importance to diverse values, personal expression, and community identity,
often treating secondhand consumption as a way to combine “environmental values” with
“aesthetic uniqueness” [40]. At the same time, Generation Z users are generally familiar
with AI-enabled services—such as algorithmic recommendation, image recognition, and
intelligent customer service—yet remain highly sensitive to issues such as privacy leakage
and recommendation bias. They expect platforms to strike a balance between efficiency
and trustworthiness [41].

Furthermore, the motivations driving Generation Z’s sustainable fashion consumption
extend beyond economic considerations. While price advantage remains a key driver,
factors such as environmental consciousness, product uniqueness, and perceived quality
assurance also exert significant influence [42]. Prior research shows that Generation Z
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demonstrates heightened sensitivity to environmental issues, regarding green consumption
as an important form of moral identity and self-expression [43,44].

Despite the alignment between platform ecosystems and user values, long-term en-
gagement and continuous use intention among Generation Z remain uncertain. Existing
studies highlight service process design, trust mechanisms, and social interaction expe-
rience as important determinants of continuous use [33,37]. However, under the lens of
Human-AI Collaboration, the underlying mechanisms governing continuous use remain
theoretically underdeveloped. To date, research lacks an integrated framework capturing
the full mechanism chain of “intelligent services → psychological responses → behavioral
intentions.” This gap calls for a systematic model that reveals dynamic pathways among
intelligent service factors and provides empirical support for enhancing continuous use
intentions in secondhand e-commerce platforms.

2.2. Research Progress on User Psychological Responses and Continuous Usage Intention in
Human-AI Collaboration

Continuous Usage Intention (CUI) is a critical indicator of a platform’s long-term
influence and user stickiness. Unlike initial usage intention, CUI reflects users’ psy-
chological commitment to sustained engagement, repeated visits, and loyalty behaviors.
Existing studies—mostly grounded in classical frameworks such as the Technology Ac-
ceptance Model (TAM) and the Unified Theory of Acceptance and Use of Technology
(UTAUT)—highlight the importance of rational evaluation variables such as perceived
usefulness, perceived ease of use, social influence, and performance expectancy in predict-
ing usage intentions [45–47]. However, these models were developed in the early stages
of information system adoption and predominantly emphasize rational decision-making,
offering limited discussion on the roles of affective experience, psychological immersion,
and interactive processes [48–50].

With the rapid proliferation of AI-driven services and the rising popularity of sustain-
able consumption, user behavior is increasingly shaped by more complex psychological
mechanisms [51,52]. Intelligent recommendation, explainable feedback, and interaction
transparency not only influence users’ cognitive evaluations of platforms but also trigger
affective reactions, immersive experiences, and psychological engagement—factors that
transcend purely rational processing [53–55]. Prior studies increasingly suggest that ratio-
nal evaluation alone is insufficient to explain continuous usage behaviors in AI-enabled
services, highlighting the importance of integrating cognitive, emotional, and trust-related
mechanisms [56].

Recent studies in green e-commerce, AI platforms, and intelligent recommendation
systems have begun to emphasize the mediating roles of affective–cognitive–trust mecha-
nisms in shaping continued usage. Variables such as platform satisfaction, psychological
immersion, emotional arousal, cognitive engagement, and trust in explainability have been
found to significantly predict CUI [54,57]. Platform Trust (PT), in particular, has emerged
as one of the most crucial psychological mechanisms driving user stickiness in the AI
era [58]. While these studies shed light on psychological processing in intelligent service
environments, many adopt a single-perspective approach—such as focusing solely on satis-
faction, trust, or acceptance—thus falling short of constructing an integrated framework
that explains the full pathway from technological interaction → psychological processing
→ behavioral outcomes.

Moreover, existing research pays insufficient attention to Generation Z, despite this
group being the most proficient in AI usage and the most environmentally conscious
among digital-native cohorts [59–61]. Generation Z exhibits distinct characteristics in inter-
active experience, emotional resonance, personalization needs, and trust sensitivity [62,63].
Their platform usage behaviors are strongly influenced by AI interaction transparency,
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the interpretability of recommendation logic, and the availability of emotional feedback
mechanisms [55,64]. Nevertheless, systematic empirical research focusing specifically on
Generation Z remains limited, particularly in integrating intelligent service stimuli, psycho-
logical immersion, emotional triggering, and trust formation to explain their continuous
usage behavior.

Therefore, it is necessary to adopt a theoretical model capable of integrating external
stimuli, psychological mechanisms, and behavioral responses to systematically reveal the
continuous usage mechanisms of Generation Z in Human-AI Collaboration environments.
The Stimulus–Organism–Response (SOR) framework offers natural advantages in this
context, providing a robust foundation for understanding how technological stimuli shape
psychological processes that ultimately drive continuous usage in HAIc-SFEP settings.

2.3. Application and Implications of the SOR Theory in Intelligent Service and User
Behavior Research

When explaining user behavior mechanisms in intelligent service platforms, tra-
ditional models such as the Technology Acceptance Model (TAM), developed by Fred
Davis [47], and the Unified Theory of Acceptance and Use of Technology (UTAUT), pro-
posed by Venkatesh et al. [65], primarily emphasize rational evaluation factors, including
perceived usefulness, ease of use, and social influence. Although these models offer strong
explanatory power in early-stage technology adoption, their analytical scope is relatively
limited when artificial intelligence is deeply embedded in ongoing consumption scenarios
and Human-AI Collaboration increasingly shapes user experiences. In particular, these
models provide insufficient explanatory capacity for capturing the complex psychological
processes—such as experiential involvement, affective responses, cognitive engagement,
and trust formation—that emerge during sustained human–AI interactions [66].

Against this backdrop, the Stimulus–Organism–Response (SOR) framework offers a
more comprehensive and psychologically grounded analytical lens for studying user be-
havior in intelligent service environments. Proposed by Mehrabian and Russell (1974) [67],
the SOR model posits that external stimuli (S) influence individuals’ internal psychological
states (O), which in turn generate behavioral responses (R). As a decomposable psychologi-
cal process model, SOR is well suited for uncovering how technological stimuli activate
multiple internal mechanisms—including psychological immersion, emotional responses,
cognitive engagement, and trust—that jointly shape user behavior over time [68].

In research on e-commerce platforms and intelligent recommendation systems, the
SOR framework has been widely adopted to explain user preferences, experiential evalu-
ations, and continuous usage behaviors [69,70]. Within this framework, stimuli (S) often
encompass interface design, interaction quality, AI functional attributes, and transparency.
Organism (O) reflects internal psychological reactions such as immersion, emotional arousal,
cognitive processing, and trust, while response (R) includes behavioral intentions, contin-
uous usage, repurchase behavior, or social sharing behavior [67,71,72]. Compared with
rational-centric models such as TAM and UTAUT, SOR provides a more integrative repre-
sentation of the dynamic pathway from external service stimuli to internal psychological
processing and subsequent behavioral decision-making [47,65,73].

In the context of this study, Human-AI Collaboration services in secondhand fashion
e-commerce platforms provide a set of AI-driven stimuli—algorithmic recommendations,
interaction transparency, and personalized feedback—that shape not only users’ functional
evaluations but also their internal psychological responses [74]. Accordingly, this research
adopts the SOR model as the theoretical foundation to construct an integrated frame-
work describing the pathway from AI-driven HAC stimuli to psychological mechanisms
and, ultimately, to continuous usage behavior among Generation Z users in Human-AI
Collaboration in Secondhand Fashion E-commerce Platforms (HAIc-SFEP).
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Specifically, the model incorporates Psychological Immersion (PI), Emotional Trigger-
ing (ET), and Cognitive Engagement (CE), together with Platform Trust (PT), as organism
variables, while Continuous Use Intention (CUI) and Social Sharing Intention (SSI) serve
as behavioral responses. This SOR-based framework enables a structured and theoreti-
cally coherent understanding of how multiple psychological mechanisms jointly mediate
the relationship between intelligent service stimuli and sustained user engagement while
also providing a suitable foundation for examining sustainable consumption behaviors in
HAIc-SFEP contexts.

3. Hypothesis Development
Drawing upon the Stimulus–Organism–Response (SOR) framework, this study devel-

ops an integrated mechanism model to explain how Generation Z users form behavioral
intentions within Human-AI Collaboration in Secondhand Fashion E-commerce Platforms
(HAIc-SFEP). According to SOR theory, external service stimuli primarily influence user
behavior by shaping internal psychological states, which subsequently drive behavioral
responses [75–77].

In line with this logic, this study explicitly theorizes a set of direct-effect pathways
linking intelligent service perceptions (stimulus), user psychological mechanisms (organ-
ism), and behavioral intentions (response), which are subsequently evaluated through
empirical analysis. Each hypothesized path is grounded in prior research on intelligent
services, digital consumption, and relationship-based platform use, and is derived to re-
flect the specific characteristics of C2C secondhand fashion platforms, including product
heterogeneity, information asymmetry, and trust uncertainty.

At the stimulus (S) level, this study focuses on three AI-driven service perception
constructs—Human–AI Collaborative Recommendation Perception (HAC), AI Interaction
Transparency (AIT), and Perceived Personalization (PP)—as key intelligent service stimuli
in Human–AI collaborative secondhand fashion e-commerce.

At the organism (O) level, the model incorporates four user psychological
states—Psychological Immersion (PI), Emotional Triggering (ET), Cognitive Engage-
ment (CE), and Platform Trust (PT)—capturing experiential, affective, cognitive, and
relational mechanisms activated during platform interaction.

At the response (R) level, two behavioral outcomes are examined: Continuous Use
Intention (CUI) and Social Sharing Intention (SSI).

Guided by the SOR conceptual framework, this study develops seventeen direct-effect
hypotheses across the “Stimulus → Organism,” “Organism → Response,” and “Response
→ Response” pathways. No mediation hypotheses are specified at this stage. Instead,
indirect effects are examined and reported in later sections. While direct paths from
stimulus to outcome are common in some models, this study adopts a mechanism-oriented
approach that emphasizes the indirect effects of intelligent service perceptions through
psychological mechanisms. The focus is on how external stimuli (service perceptions)
influence user behavior via psychological processes (organismic responses), aligning with
the S-O-R framework’s emphasis on cognitive, emotional, and relational responses. This
approach ensures that the psychological mechanisms are the core drivers in shaping user
behavior, rather than focusing on direct stimulus-to-outcome paths.

To remain consistent with the mechanism-oriented logic of the S–O–R framework,
the core model emphasizes the transmission of intelligent service stimuli to behavioral
outcomes primarily through organismic psychological processes. Accordingly, the hypoth-
esized paths focus on Stimulus → Organism and Organism → Response relationships,
rather than specifying direct Stimulus → Response hypotheses at this stage.
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Nevertheless, we acknowledge that mediation analyses are often conducted under
model specifications that allow for direct paths from predictors to outcomes, particularly
when bootstrapping-based indirect effect estimation is adopted. To address this method-
ological consideration, an additional robustness analysis was performed by estimating
an alternative structural model that includes direct paths from HAC, AIT, and PP to CUI.
The results of this robustness analysis are presented in the Results section, specifically
in Section 5.2.5.

This hypothesis development provides a theoretically grounded structure for examining
how intelligent service perceptions shape psychological mechanisms and behavioral responses
among Generation Z users in AI-supported secondhand fashion e-commerce environments.

3.1. Influence of Stimuli on Organism: Mechanisms Linking Intelligent Service Perceptions to User
Psychological Responses

Human–AI Collaboration in Secondhand Fashion E-commerce Platforms (HAIc-SFEP)
operates in a service environment characterized by high product heterogeneity, pronounced
information asymmetry, and repeated human–AI interactions. In such contexts, users’
perceptions of intelligent service quality—particularly collaborative recommendations,
interaction transparency, and personalized recognition—are unlikely to translate directly
into behavioral intentions. Instead, these service stimuli are first internalized through
multiple psychological mechanisms, which shape users’ subsequent responses to the
platform [72,78].

Specifically, intelligent service perceptions may influence users’ experiential involve-
ment (Psychological Immersion, PI), affective reactions (Emotional Triggering, ET), depth
of information processing (Cognitive Engagement, CE), and relational evaluation of the
platform (Platform Trust, PT). Accordingly, this study theorizes a set of stimulus–organism
relationships, in which each AI-related service perception activates distinct yet complemen-
tary psychological responses [79].

Within C2C secondhand fashion e-commerce, users face a consumption environ-
ment that differs fundamentally from standardized new-product platforms [80]. The
non-uniformity of products, variability in seller credibility, and lack of objective quality
guarantees require users to continuously evaluate product authenticity, platform reliability,
and decision risk under conditions of incomplete and uneven information. For Generation
Z users—who demonstrate heightened sensitivity to experiential quality, emotional reso-
nance, and system transparency—these structural characteristics make intelligent service
design particularly consequential for post-adoption psychological responses and sustained
engagement [81,82].

Against this backdrop, this study identifies Human–AI Collaborative Recommenda-
tion Perception (HAC), AI Interaction Transparency (AIT), and Perceived Personalization
(PP) as theoretically salient intelligent service stimuli for examining Generation Z users’
post-adoption psychological responses and subsequent continuous use intention in this con-
text. Specifically, HAC addresses quality uncertainty by integrating algorithmic efficiency
with human judgment, thereby enhancing perceived recommendation credibility and
providing emotional reassurance during decision-making [54]. AIT directly targets trust-
related concerns by reducing algorithmic opacity and improving users’ understanding of
how recommendations are generated, which is particularly critical in environments where
trust transfer is fragile [83]. PP, in turn, strengthens perceived relevance and emotional
alignment by tailoring platform responses to users’ individual preferences and aesthetic
identities, fostering a sense of recognition and engagement that resonates strongly with
Generation Z users [84].

Collectively, these three stimuli capture complementary mechanisms through which
intelligent services mitigate uncertainty, reinforce trust, and enhance experiential and emo-

https://doi.org/10.3390/su18020964

https://doi.org/10.3390/su18020964


Sustainability 2026, 18, 964 9 of 36

tional value in secondhand fashion platforms [79,85]. Their combined influence provides a
contextually grounded explanation for why HAC, AIT, and PP constitute the most critical
antecedents of users’ psychological responses and sustained engagement in Human–AI
collaborative C2C secondhand fashion e-commerce [86].

3.1.1. Human-AI Collaborative Recommendation Perception (HAC)

HAC reflects users’ subjective evaluation of recommendations generated through
‘AI + human’ collaboration, including perceived match quality, interpretability, and the
coherence of the collaborative logic [87]. In secondhand fashion platforms, where prod-
uct quality and seller credibility vary substantially, collaborative recommendations help
users reduce uncertainty and enhance decision confidence. Prior studies indicate that
interpretable and human-in-the-loop recommendation processes enhance perceived service
quality, cognitive involvement, and trust formation [54,88].

From an experiential perspective, coherent and well-matched recommendations can
increase users’ focused involvement in browsing and evaluation activities, thereby strength-
ening psychological immersion [54,89]. At the same time, feeling supported by a collab-
orative system may elicit positive emotional responses and motivate deeper cognitive
engagement with platform content. Moreover, transparent collaboration between AI and
human agents signals platform responsibility and competence, reinforcing overall platform
trust [90]. Accordingly, the following hypotheses are proposed:

H1a. HAC positively influences PI.

H1b. HAC positively influences ET.

H1c. HAC positively influences CE.

H1d. HAC positively influences PT.

3.1.2. AI Interaction Transparency (AIT)

AIT concerns users’ perceived clarity and explainability of how the AI system gen-
erates recommendations and provides feedback during the service process [74]. In C2C
secondhand fashion e-commerce—where product quality signals are heterogeneous and
information asymmetry is salient—greater transparency helps reduce algorithmic uncer-
tainty and improves users’ perceived controllability and predictability of the interaction,
thereby facilitating deeper experiential involvement and cognitive engagement [91,92].
Moreover, when users can understand the logic behind recommendations, they are more
likely to experience positive affective responses (e.g., reassurance rather than suspicion)
and to transfer trust to the platform, because the system is perceived as more accountable
and reliable [93,94].

From a psychological process perspective, transparent AI interactions allow users to
remain cognitively oriented during recommendation encounters, which supports sustained
attention and mental effort (i.e., cognitive engagement). At the experiential level, perceived
transparency reduces anxiety and confusion, enabling users to immerse themselves more
fully in browsing and interaction. At the relational level, explainable and traceable rec-
ommendations signal system benevolence and integrity, thereby fostering platform trust.
Finally, reduced uncertainty and enhanced understanding may also elicit mild positive
emotional responses, such as comfort or reassurance, during the interaction process. Based
on this, the following hypotheses are formulated:

H2a. AIT positively influences PI.
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H2b. AIT positively influences ET.

H2c. AIT positively influences CE.

H2d. AIT positively influences PT.

3.1.3. Perceived Personalization (PP)

PP represents the extent to which the platform tailors its services to users’ preferences,
historical behaviors, and stylistic characteristics [95]. In recommendation-based consump-
tion, personalization enhances perceived relevance and self-congruence, which strengthens
users’ sense of being understood and supported during the interaction [96]. Such perceived
relevance can increase users’ immersion in browsing and exploration while motivating
more effortful information processing, because users are encouraged to compare, evaluate,
and reflect on AI-provided suggestions that appear “fit for me.” At the same time, when
recommendations consistently align with users’ needs and style expectations, personaliza-
tion may also reduce perceived risk and enhance relational confidence toward the platform,
thereby facilitating trust formation [97].

More specifically, personalization enhances psychological immersion by sustaining
users’ attention and involvement in recommendation-driven exploration. It stimulates
emotional responses by evoking feelings of recognition, resonance, and satisfaction when
recommendations match personal identity or aesthetic preferences. Personalization also
promotes cognitive engagement, as users are more willing to invest mental effort in evalu-
ating content perceived as highly relevant. Finally, consistent and accurate personalization
signals system competence and user-oriented intent, which strengthens platform trust over
repeated interactions.

Therefore, the following hypotheses are proposed:

H3a. PP positively influences PI.

H3b. PP positively influences ET.

H3c. PP positively influences CE.

H3d. PP positively influences PT.

3.2. Influence of Organism on Response: How Psychological Mechanisms Drive
Behavioral Outcomes

While intelligent service perceptions initiate users’ psychological reactions, behavioral
intentions in AI-supported secondhand fashion e-commerce are ultimately shaped by how
these internal states translate into sustained platform commitment. In the post-adoption
stage, continuous use intention is not driven by a single psychological factor but emerges
from multiple complementary mechanisms, including experiential involvement, affective
responses, cognitive investment, and relational evaluation.

In this study, Psychological Immersion (PI) captures users’ experiential absorption
during interaction, Emotional Triggering (ET) reflects affective reinforcement, Cognitive
Engagement (CE) represents deliberate information processing and evaluative effort, and
Platform Trust (PT) embodies users’ relational confidence toward the platform. Each mecha-
nism contributes to continuous use intention through a distinct pathway, jointly explaining
why Generation Z users remain engaged with Human–AI collaborative secondhand fashion
platforms over time. Although these psychological mechanisms may unfold dynamically
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during actual platform use, this study models them in parallel to capture their distinct and
complementary roles in shaping continuous use intention at the post-adoption stage [56].

3.2.1. Psychological Immersion (PI)

Drawing on Flow Theory proposed by Csikszentmihalyi (1990) [98], immersive states
are typically associated with higher levels of engagement, loyalty, and continuous usage
intention [98–101]. In digital and AI-mediated consumption contexts, such immersive
experiences enhance perceived enjoyment and temporal continuity, making users more
inclined to prolong their interaction with the platform.

For Generation Z users, who value engaging and seamless digital experiences, im-
mersion primarily functions as an experiential driver of continued usage rather than a
rational or relational mechanism. When users become immersed in browsing, exploring,
and interacting with AI-supported recommendations, they are more likely to develop
habitual usage patterns and sustained engagement. Therefore, the following hypothesis
is proposed:

H4. PI positively influences CUI.

3.2.2. Emotional Triggering (ET)

ET refers to the positive affective responses elicited during platform interaction, such
as enjoyment, satisfaction, and emotional resonance [67]. Prior studies in social com-
merce and mobile application usage consistently demonstrate that positive emotions re-
inforce user–platform bonds and enhance post-adoption behaviors, including continued
usage [102–105].

In AI-supported secondhand fashion contexts, emotional responses are often activated
when users feel understood, reassured, or emotionally aligned with platform recommenda-
tions. Such affective reinforcement strengthens users’ emotional attachment and reduces
resistance to repeated engagement. As a result, emotional triggering serves as an affective
pathway that complements experiential immersion and cognitive evaluation in driving
continuous use intention. Accordingly, we propose:

H5. ET positively influences CUI.

3.2.3. Cognitive Engagement (CE)

CE represents the extent to which users invest attention, mental effort, and systematic
information processing during platform interaction [106]. According to the Elaboration
Likelihood Model (ELM) proposed by Petty and Cacioppo (1986), high cognitive engage-
ment facilitates the formation of stable attitudes and reduces users’ likelihood of switching
platforms [107,108].

In the context of AI-driven recommendations, cognitively engaged users are more
likely to evaluate recommendation logic, compare alternatives, and reflect on decision out-
comes [109]. This deliberate processing enhances perceived decision quality and reinforces
users’ confidence in their choices, thereby strengthening their intention to continue using
the platform [110]. In this sense, cognitive engagement functions as a rational and evalu-
ative mechanism that supports sustained usage beyond initial experiential appeal [111].
Therefore, the following hypothesis is formulated:

H6. CE positively influences CUI.
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3.2.4. Platform Trust (PT)

PT reflects users’ overall confidence in the platform’s competence, reliability, and
benevolence [112]. In secondhand fashion platforms characterized by uncertainty and infor-
mation asymmetry, trust serves as a foundational determinant of user behavior. According
to the Commitment–Trust Theory proposed by Morgan and Hunt, trust plays a central role
in sustaining long-term relational exchanges and user commitment [112–114].

Unlike experiential or affective responses, platform trust functions as a relational
commitment mechanism that stabilizes long-term platform use [115]. When users trust
the platform, they are more willing to rely on AI-supported recommendations, tolerate
occasional mismatches, and maintain usage over time [116]. Therefore, trust serves as a key
psychological anchor that consolidates experiential, emotional, and cognitive mechanisms
into continuous use intention [117]. Therefore, we posit:

H7. PT positively influences CUI.

Furthermore, according to the commitment–trust theory in relationship marketing,
sustained commitment manifests not only as continued usage but also as outward-facing be-
haviors such as recommending or sharing platform experiences [113]. Importantly, continu-
ous use intention also represents a proximal motivational state that translates internal psy-
chological responses into subsequent behavioral expressions within digital platforms [56].
Electronic word-of-mouth (eWOM) studies further indicate that users with higher con-
tinuous use intention are more likely to engage in positive sharing behaviors [56,118,119].
Thus, the final hypothesis is proposed:

H8. CUI positively influences SSI.

3.3. Model Development and Analytical Framework

To ensure conceptual focus and enhance the testability of the proposed hypotheses, this
section presents the research model and overall analytical framework without introducing
additional mediation hypotheses. Following the logic of the Stimulus–Organism–Response
(SOR) theory, the proposed model conceptualizes intelligent service perceptions as stim-
uli (HAC, AIT, and PP), user psychological states as organism-level mechanisms (PI,
ET, CE, and PT), and behavioral outcomes as responses (CUI and SSI). These compo-
nents are structurally linked in accordance with the seventeen hypotheses developed in
Sections 3.1 and 3.2 (see Figure 1).

Figure 1. Proposed conceptual model.

This section provides a concise overview of the conceptual and structural alignment
between the hypothesized relationships and the proposed research model. Detailed proce-
dures related to data collection, measurement development, estimation techniques, and
statistical testing are presented in the Methodology section.
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4. Research Methodology
4.1. Research Design and Experimental Platform

This study aims to examine the psychological mechanisms and continuous usage
intention of Generation Z users in the context of Human-AI Collaboration in Secondhand
Fashion E-commerce Platforms (HAIc-SFEP). Guided by the Stimulus–Organism–Response
(SOR) framework, the research model incorporates stimulus variables, organism variables,
and response variables. Empirical data were collected through a structured question-
naire survey, and the proposed theoretical model was tested using Partial Least Squares
Structural Equation Modeling (PLS-SEM). PLS-SEM was selected over covariance-based
SEM because this study examines a relatively complex model with multiple parallel psy-
chological mechanisms and adopts a prediction-oriented focus rather than strict theory
confirmation. In addition, PLS-SEM is well suited for exploratory research contexts and
does not impose strict assumptions regarding data normality, making it appropriate for the
present research design.

For the experimental platform, “Xianyu”—one of China’s largest C2C secondhand
trading platforms—was selected as the research setting for the following reasons:

First, its user demographics align strongly with the target population. Xianyu hosts
one of the most concentrated Generation Z user bases among Chinese digital marketplaces.
According to industry reports, users born after 1995 represent around 43% of active users,
while those born after 2000 account for 22%, bringing the combined proportion of Genera-
tion Z users to over 50% [120]. This demographic structure aligns closely with the focus of
this study.

Second, Xianyu exhibits prominent characteristics of Human-AI Collaborative ser-
vice delivery. The platform integrates a wide range of AI-assisted functions—including
deep-learning–based image search, personalized recommendation algorithms, and the
intelligent customer service agent “Xianyu Xiaomi”—while simultaneously incorporating
human elements such as manual review and human customer support. This “AI + human”
hybrid service architecture provides a representative and ecologically valid environment
for examining HAIc-SFEP dynamics.

Third, the platform supports native social sharing mechanisms. Xianyu enables users
to engage in dynamic posting, community interactions, private messaging, and cross-
platform content sharing. These built-in social features offer an authentic behavioral
context for evaluating Social Sharing Intention (SSI) as a key outcome variable in the
SOR framework.

In addition to Xianyu, we considered other widely used secondhand fashion plat-
forms such as Plum, Dewu, Zhuanzhuan, Duozhuayu, Xiaohongshu (Secondhand Trading
Section), WeChat/QQ Group Secondhand Markets, and others. These platforms represent
diverse characteristics and user behavior patterns that are also relevant to the focus of this
study. For instance, Plum and Dewu focus on a younger, more fashion-forward demo-
graphic, and their recommendation systems emphasize style discovery and brand-oriented
purchases. On the other hand, platforms like Zhuanzhuan and Duozhuayu cater to a
more general secondhand market, with a broad range of product categories, and focus
less on fashion-specific items. Xiaohongshu and WeChat/QQ Group markets offer social
sharing and community-driven consumption experiences, which complement the social
engagement aspect of this study.

The inclusion of these platforms ensures that our research results are applicable
across different user segments and platform features. However, despite users potentially
having experience with multiple secondhand fashion platforms, all experimental tasks and
questionnaire items in this study were explicitly anchored to users’ actual usage experience
on the Xianyu platform.
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4.2. Variables and Measurements

All constructs and measurement items in this study were adapted from well-
established scales in prior research to ensure content validity and measurement reliability.

For the stimulus variables (S), measurement items for Human-AI Collaborative Rec-
ommendation Perception (HAC) were adapted from Yin et al. and Wang et al. [54,88];
Items for AI Interaction Transparency (AIT) were derived from Wang et al., Yu and Li, and
Zhao et al. [88,91,92]; Items for Perceived Personalization (PP) were adapted from Yin et al.
and Teepapal et al. [54,96].

For the organism variables (O), measurement items for Psychological Immersion
(PI) were adapted from Yin et al., Xia et al., and Tcha-Tokey et al. [54,121,122]; Items
for Emotional Triggering (ET) were based on Lee et al. and Zheng et al. [123,124];
Items for Cognitive Engagement (CE) were adapted from Yin et al., Teepapal et al., and
Ho & Lim [54,96,125]; Items for Platform Trust (PT) were adapted from Wang et al., Yu & Li,
and Höddinghaus et al. [88,92,126].

For the response variables (R), measurement items for Continuous Use Intention
(CUI) were adapted from Zhou & Ma, Song et al., and Lee et al. [114,127,128]; Items for
Social Sharing Intention (SSI) were adopted from Hameed et al., Jo, and Do et al. [129–131].
All constructs were measured using a five-point Likert scale ranging from 1 = “strongly
disagree” to 5 = “strongly agree.”

To ensure semantic clarity, structural coherence, and contextual relevance to secondhand
fashion e-commerce, all measurement items were refined through contextual adaptation
following the initial literature-based modifications. Subsequently, six experts—including
scholars in e-commerce, psychology, and human–computer interaction—were invited to
review the questionnaire. Their evaluation focused on linguistic accuracy, content represen-
tativeness, and contextual suitability. All experts affirmed the appropriateness of the scale
structure and provided several suggestions to improve item clarity, which were incorporated
into the revised version.

4.3. Data Collection and Analytical Procedures

Data were collected through an online survey platform. Although respondents were
required to have prior experience using the Xianyu platform, a brief real-use task was
designed to activate recent and concrete Human–AI interaction experiences and to ensure
a consistent contextual reference across participants. Specifically, the task guided respon-
dents to briefly engage with key AI-supported functions on Xianyu, including browsing
secondhand fashion items, using image search or algorithmic recommendation features,
interacting with the AI assistant “Xianyu Xiaomi” or with sellers, and trying the plat-form’s
social sharing function. Immediately after completing these interactions, respondents
proceeded to complete the questionnaire, which helped reduce recall bias and enhance the
validity of perceptual and psychological measurements related to Human–AI collaboration.
It should be noted that requiring respondents to complete a brief real-use task prior to the
survey may have temporarily heightened certain experiential and affective states, particu-
larly psychological immersion and emotional engagement. While this task-based design
was intentionally adopted to activate concrete and recent Human–AI interaction experi-
ences and reduce retrospective recall bias, it may also introduce a short-term priming effect.

Importantly, this does not undermine the internal validity of the hypothesized relation-
ships, as all respondents followed the same procedure, and the analysis focuses on relative
structural relationships rather than absolute state levels. Nevertheless, future research may
further explore the temporal dynamics of experiential and emotional mechanisms—such as
by employing longitudinal or delayed-measurement designs—to distinguish more clearly
between stable post-adoption perceptions and transient interaction-induced states.
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A snowball sampling strategy was employed to recruit participants. Initial respon-
dents and members of the research team shared the questionnaire link within their social
networks to gradually expand the sample pool. This method ensured that participants
were experienced users of secondhand fashion e-commerce platforms and belonged to the
target Generation Z population. Although snowball sampling lacks full randomness, it
enables precise targeting of specific user segments and enhances ecological validity within
the study context. Therefore, its application in this research is appropriate for the present
study context. To further ensure response quality, the questionnaire included an experience-
verification item requiring respondents to confirm their completion of the assigned tasks,
which was used as one of the criteria for determining questionnaire validity.

A total of 512 responses were received. After applying quality control criteria, 14 in-
valid responses were removed, resulting in 498 valid samples, with a validity rate of 97.3%.
Criteria for exclusion included patterned or straight-lining responses (e.g., selecting the
same option across all items), logically inconsistent answers to experience-verification
items, and completion times significantly shorter than reasonable expectations. These
procedures ensured the robustness and reliability of the subsequent analyses.

Data analysis was conducted using SmartPLS 4.0, following a three-step approach con-
sistent with the partial least squares structural equation modeling (PLS-SEM) framework.
First, reliability and validity were assessed through Cronbach’s α, Composite Reliabil-
ity (CR), Average Variance Extracted (AVE), and the Fornell–Larcker criterion. Indicator
loadings and the Heterotrait–Monotrait Ratio (HTMT) were further examined to ensure
discriminant validity. Second, the structural model’s fit was evaluated by examining path
significance, explanatory power (R2), predictive relevance (Q2), and the Standardized Root
Mean Square Residual (SRMR). Third, Bootstrapping with 5000 resamples was used to
assess the significance of all path coefficients and test the proposed hypotheses. PLS-SEM is
well-suited for exploratory research, complex model structures, and medium-sized samples,
providing a robust statistical foundation for this study.

To mitigate potential Common Method Bias (CMB), this study adopted a combina-
tion of procedural and statistical remedies during the data collection and analysis stages.
Procedural remedies included ensuring respondent anonymity, randomizing item order,
incorporating attention-check questions to reduce evaluation apprehension and response
pattern biases. At the analytical stage, Harman’s single-factor test was conducted to exam-
ine whether a single factor accounted for the majority of the variance. The results of the
test showed that no single factor accounted for the majority of the variance (i.e., the highest
factor loading was below 50%), indicating that common method bias was unlikely to pose
a serious threat to the validity of the findings. In addition, a full collinearity assessment
(VIF) was performed to further examine potential method bias.

4.4. Sample Characteristics

A total of 498 valid responses were obtained for this study. In terms of gender com-
position, 45.58% of the respondents identified as male and 54.42% as female, forming a
relatively balanced distribution and avoiding biases associated with single-gender dom-
inance. Regarding age structure, the largest group consisted of participants aged 23–26
(47.79%), followed by those aged 18–22 (32.33%). Together, these groups account for more
than 80% of the sample, indicating that the dataset is highly concentrated within the typical
Generation Z population. This concentration supports the relevance of the findings for un-
derstanding generational characteristics in green consumption and human–AI interaction
contexts. In terms of educational background, 48.8% had a junior college degree or below,
35.54% held an undergraduate degree, and 15.66% possessed a master’s degree or higher,
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creating a broad and stratified distribution that enhances the interpretive flexibility and
generalizability of this study.

The sample also demonstrates a strong interdisciplinary profile, covering business
and management (32.33%), social sciences (20.08%), art and design (17.47%), computer
science/information technology (15.46%), and environmental and sustainability fields
(14.66%). This disciplinary diversity not only enriches Generation Z perspectives on
secondhand fashion e-commerce but also allows this study to more comprehensively reveal
cross-disciplinary differences in the acceptance of AI-enabled services and sustainable
consumption—an angle that has received limited systematic attention in prior research.

Geographically, respondents from prefecture-level cities (43.17%) and county-level
towns/rural areas (30.12%) jointly account for more than 70% of the sample, while those
from first-tier cities represent only 8.43%. This distribution reflects a clear market penetra-
tion into lower-tier regions, suggesting that secondhand fashion consumption has expanded
well beyond traditional metropolitan users. Such evidence highlights the diffusion of green
fashion into broader social strata and provides meaningful insights into structural shifts
in sustainable consumption. Regarding usage behavior, 67.07% of respondents reported
using secondhand platforms at least once per week, indicating strong platform engagement
and relatively mature consumption habits. Multi-platform usage is also prevalent: while
Xianyu recorded the highest usage rate (88.96%), a large proportion simultaneously used
Zhuanzhuan (62.05%), Dewu (53.41%), and Plum (43.37%), confirming multi-scenario and
cross-platform patterns typical of Generation Z consumption. Importantly, these platform
usage statistics reflect respondents’ general secondhand fashion consumption background
rather than the reference context for questionnaire responses, which were all based on their
experience with Xianyu.

In terms of consumption motivations, price advantage (89.76%) and environmen-
tal awareness (65.06%) emerged as the primary drivers, followed by nostalgia/vintage
preferences (48.8%), low-threshold access to branded fashion (43.37%), and the pleasure
of discovering unique items (23.29%). In this study, “Low Price” refers to the general
economic advantage of secondhand fashion compared with new products, whereas “Low-
Cost Access” emphasizes the opportunity to obtain branded or higher-value fashion items
at a substantially lower entry cost. This distinction reflects different dimensions of eco-
nomic motivation among Generation Z consumers. These results suggest that Generation
Z secondhand fashion consumption is shaped by both rational motives (e.g., economic
value) and emotional motives (e.g., identity expression, aesthetic preference). Additionally,
33.33% of respondents reported spending more than RMB 500 on secondhand fashion in
the past six months, indicating that secondhand consumption has evolved from occasional
experimentation to a routine practice for many young users.

Taken together, the sample demonstrates three notable strengths. First, its generational
focus is clear and well-aligned with Generation Z users, who constitute the core consumer
base of green fashion. Second, the diverse disciplinary backgrounds offer a rich foundation
for analyzing differentiated perceptions of Human–AI Collaboration across knowledge
domains. Third, the pronounced diffusion into lower-tier urban and rural regions captures
the ongoing structural expansion of sustainable consumption beyond major metropolitan
areas. With these advantages, this study not only sheds light on how Human–AI Collabo-
rative services influence Continuous Use Intention (CUI) and Social Sharing Intention (SSI),
but also reflects broader behavioral transitions within Generation Z sustainable fashion
consumption. Compared with prior studies that tend to focus on single technical features
or simplistic motivational factors, this research integrates multidimensional user profiles,
consumption motives, and real-world usage contexts, offering a more comprehensive
and practically relevant framework for understanding how sustainable fashion spreads
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among younger consumers. The variables reported in Table 1 are presented to describe the
sample characteristics and usage context; the structural model estimation focuses on the
hypothesized SOR paths.

Table 1. Demographic and Behavioral Characteristics of the Respondents (n = 498).

Measure Items Frequency Percentage

Gender
Male 227 45.58%

Female 271 54.42%

Age

18~22 161 32.33%

23~26 238 47.79%

27~30 99 19.88%

Education

Junior college or below (completed or currently enrolled) 243 48.8%

Bachelor’s degree (completed or currently enrolled) 177 35.54%

Master’s degree or above (completed or currently enrolled) 78 15.66%

Academic
Background

(Equivalent or similar
majors grouped under

broader categories)

Art and Design (e.g., Design, Visual
Communication, Animation) 87 17.47%

Business and Management (e.g., Marketing,
E-commerce, Management) 161 32.33%

Computer Science/Information Technology (e.g., Software
Engineering, AI, Data Science) 77 15.46%

Social Sciences (e.g., Psychology, Communication, Education) 100 20.08%

Environment & Sustainability (e.g., Environmental Science,
Green Engineering) 73 14.66%

Type of Residence

Tier-1 Cities (e.g., Beijing, Shanghai, Guangzhou, Shenzhen) 42 8.43%

New Tier-1/Provincial Capitals (e.g., Hangzhou, Chengdu,
Zhengzhou, Changsha) 91 18.27%

Prefecture-level Cities 215 43.17%

County-level Cities/Towns/Rural Areas 150 30.12%

Secondhand Fashion
Platform Usage

Frequency

Several times per week 86 17.27%

Once per week 248 49.8%

1–2 times per month 136 27.31%

Rarely used 28 5.62%

Commonly Used
Platforms

(Multiple-choice)

Xianyu (Version 7.17.90 and above) 443 88.96%

Plum (Version 5.4.0 and above) 216 43.37%

Dewu (Version 5.63.0 and above) 266 53.41%

Zhuanzhuan (Version 11.10.0 and above) 309 62.05%

Duozhuayu (Version 2.28.0 and above) 121 24.3%

Xiaohongshu (Secondhand Trading Section)
(Version 8.81.0 and above) 189 37.95%

WeChat/QQ Group Secondhand Markets (WeChat Version
8.0.46 and above) (QQ Version 9.9.15 and above) 150 30.12%

Others 32 6.43%

https://doi.org/10.3390/su18020964

https://doi.org/10.3390/su18020964


Sustainability 2026, 18, 964 18 of 36

Table 1. Cont.

Measure Items Frequency Percentage

Main Reasons
for Purchasing

Secondhand Fashion
(Multiple-choice)

Low price/cost-effectiveness 447 89.76%

Environmental protection/waste reduction 324 65.06%

Unique or personalized fashion style 132 26.51%

Low-cost access to branded items 216 43.37%

Enjoyment in searching and discovering products 116 23.29%

Nostalgia/vintage preference 243 48.8%

Social influence/recommendations from friends 191 38.35%

Trying new styles with limited budget 205 41.16%

Others 22 4.42%

Secondhand Fashion
Spending in the Past

Six Months

None 22 4.42%

1–100 RMB 65 13.05%

101–300 RMB 112 22.49%

301–500 RMB 133 26.71%

Above 500 RMB 166 33.33%

Online Purchase
Frequency of New

Fashion Items (Past
Six Months)

Several times per week 89 17.87%

Once per week 175 35.14%

1–2 times per month 206 41.37%

Rarely 28 5.62%
Note: The consumption motivation items were measured using predefined categories derived from prior studies;
therefore, no open-ended responses were collected or analyzed for this item.

5. Results
5.1. Measurement Model Assessment
5.1.1. Convergent Reliability and Validity

As shown in Table 2, all standardized loadings exceeded 0.70 (0.761–0.865), and the
constructs demonstrated adequate internal consistency (Cronbach’s α, ρA, and CR) and
convergent validity (AVE).

Table 2. Measurement Model Assessment: Factor Loadings, Reliability, and Convergent Validity.

Variables Items Ref. Factor Loads CA rho_A CR AVE

HAC

1. I believe the AI system improves my efficiency
and accuracy in finding target products.
2. I feel that the AI recommendations continuously
adjust according to my interests and preferences.
3. I believe the AI recommendation system can
recognize and adapt to my spending capacity.

[54,88]
0.844
0.828
0.855

0.795 0.797 0.880 0.709

AIT

1. I can clearly understand how the AI system
makes its recommendations.
2. The AI system explains the logic or rationale
behind the recommended content.
3. I feel that the AI recommendation process is
transparent and understandable.

[88,91,92]
0.828
0.862
0.814

0.783 0.788 0.873 0.697
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Table 2. Cont.

Variables Items Ref. Factor Loads CA rho_A CR AVE

PP

1. I feel that the recommended content is tailored
specifically to me.
2. The system provides recommendations based
on my previous browsing or purchasing behavior.
3. I perceived a clear sense of personalization
during this recommendation experience.

[54,96]
0.776
0.865
0.853

0.780 0.800 0.871 0.693

PI

1. AI-based personalized recommendations
immerse me in continuously browsing the
recommended content.
2. I find myself staying focused on the page due to
AI personalization, becoming fully immersed.
3. The recommendation process immerses me so
deeply that I momentarily forget my initial
shopping purpose.

[54,121,122]
0.819
0.815
0.832

0.760 0.762 0.862 0.676

ET

1. Interacting with the AI triggers positive
emotions, such as surprise or enjoyment.
2. Each time the AI responds, I experience
noticeable emotional reactions.
3. The AI system enhances my emotional
engagement during the interaction.

[123,124]
0.859
0.852
0.838

0.808 0.811 0.886 0.722

CE

1. I actively evaluate and reflect on the suggestions
provided by the AI.
2. The system encourages me to think more deeply
about my consumption preferences.
3. I need to invest cognitive effort to understand
the AI-generated recommendations.

[54,96,125]
0.849
0.862
0.830

0.803 0.805 0.884 0.718

PT

1. I am willing to rely on the AI system during my
shopping process.
2. I have strong trust in the platform’s AI
recommendation system.
3. The AI system makes me feel secure and
confident when using it.

[88,92,126]
0.774
0.846
0.815

0.743 0.751 0.853 0.660

CUI

1. I plan to continue using the AI recommendation
service regularly in the future.
2. I am willing to rely on the platform’s AI
recommendation in my future shopping.
3. I intend to keep using the platform’s
recommendation system.

[114,127,128]
0.853
0.824
0.861

0.802 0.804 0.883 0.716

SSI

1. I am willing to share AI-generated
recommendations with my friends.
2. I tend to post AI recommendation results on
social media.
3. I am willing to recommend the AI-generated
content to others.

[129–131]
0.761
0.843
0.844

0.751 0.760 0.857 0.667

The evaluation criteria and threshold values adopted in this study follow widely
accepted guidelines in PLS-SEM research. Specifically, standardized factor loadings greater
than 0.70 indicate adequate indicator reliability [132]. Cronbach’s α, ρA, and composite
reliability (CR) values above 0.70 indicate satisfactory internal consistency [133]. AVE
values exceeding 0.50 indicate adequate convergent validity [134,135].

Within the stimulus (S) constructs, factor loadings for Human-AI Collaborative Rec-
ommendation Perception (HAC), AI Interaction Transparency (AIT), and Perceived Person-
alization (PP) ranged from 0.814–0.855, 0.828–0.862, and 0.776–0.865.
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For the organism (O) constructs, all items for Psychological Immersion (PI), Emotional
Triggering (ET), Cognitive Engagement (CE), and Platform Trust (PT) exhibited loadings
above 0.77, confirming stable and reliable operationalization of each psychological state.

In the response (R) constructs, factor loadings for Continuous Use Intention (CUI)
ranged from 0.824 to 0.861, while those for Social Sharing Intention (SSI) ranged from 0.761
to 0.844. Both constructs thus demonstrated satisfactory item-to-construct alignment.

Collectively, these results support satisfactory convergent reliability and validity,
indicating that the indicators adequately capture the underlying latent constructs.

Discriminant validity was further examined using the Fornell–Larcker criterion and
the Heterotrait–Monotrait Ratio (HTMT), as reported in Tables 3 and 4 [136]. The results
indicate that the square root of AVE for each construct exceeds its inter-construct corre-
lations, and all HTMT values are below 0.85, supporting discriminant validity among
the constructs.

Table 3. Discriminant validity (Fornell–Larcker).

AIT CE CUI ET HAC PI PP PT SSI

AIT 0.835

CE 0.344 0.847

CUI 0.328 0.358 0.846

ET 0.303 0.411 0.336 0.850

HAC 0.396 0.393 0.325 0.351 0.842

PI 0.354 0.386 0.336 0.360 0.449 0.822

PP 0.339 0.382 0.357 0.362 0.377 0.335 0.832

PT 0.282 0.274 0.356 0.352 0.317 0.308 0.324 0.812

SSI 0.361 0.381 0.379 0.379 0.460 0.497 0.453 0.352 0.817

Table 4. Discriminant validity (HTMT).

AIT CE CUI ET HAC PI PP PT SSI

AIT

CE 0.434

CUI 0.410 0.445

ET 0.381 0.508 0.414

HAC 0.500 0.491 0.410 0.435

PI 0.458 0.492 0.427 0.454 0.579

PP 0.428 0.476 0.446 0.450 0.469 0.432

PT 0.363 0.355 0.457 0.451 0.407 0.408 0.410

SSI 0.472 0.492 0.486 0.484 0.595 0.654 0.592 0.471

Taken together, the results of the factor loadings and reliability and validity assess-
ments collectively indicate that the measurement model exhibits adequate convergent and
discriminant validity. These findings establish a solid and reliable measurement foundation
for the subsequent structural model analysis. Furthermore, the valid measurement model
enables robust testing of indirect effects in the structural model, supporting the mediation
mechanisms explored in the subsequent analysis.

https://doi.org/10.3390/su18020964

https://doi.org/10.3390/su18020964


Sustainability 2026, 18, 964 21 of 36

5.1.2. Discriminant Validity Assessment

To further evaluate the discriminant validity among the latent constructs, the
Fornell–Larcker criterion was first applied (Table 3). According to this criterion, the square
root of the Average Variance Extracted (i.e.,

√
AVE) for each construct should exceed its

correlations with any other construct.
The results indicate that the

√
AVE values on the diagonal (ranging from 0.812 to

0.850) are consistently higher than the inter-construct correlation coefficients. For instance,
the

√
AVE of AIT is 0.835, which is higher than its correlations with CE (0.344), CUI (0.328),

ET (0.303), and other constructs. Similarly, the
√

AVE of CUI is 0.846, exceeding its highest
correlation with other constructs (0.379). In addition, the

√
AVE values of PT and SSI—0.812

and 0.817—are both larger than their correlations with all other constructs (all below 0.50).
Overall, these results demonstrate strong discriminant validity among the latent

variables, indicating that the constructs are empirically distinct. These results support
adequate construct distinctiveness.

To further verify discriminant validity, the Heterotrait–Monotrait Ratio (HTMT) was
also employed (Table 4). HTMT reflects the relative correlations between constructs, and
values below 0.85—or below 0.90 under a more lenient standard—are generally consid-
ered acceptable.

The results indicate that all HTMT values among the latent constructs fall below
0.85, ranging from 0.355 to 0.654. The highest value is observed between PI and SSI
(HTMT = 0.654), which remains well below the recommended threshold of 0.85. Most other
construct pairs exhibit HTMT values between 0.35 and 0.60, further suggesting that no
discriminant validity issues or severe multicollinearity are present.

Taken together with the Fornell–Larcker criterion and cross-loading results, the HTMT
analysis confirms that the measurement model demonstrates satisfactory convergent and
discriminant validity, thereby providing a reliable foundation for the subsequent structural
model assessment.

5.2. Structural Model Assessment
5.2.1. Model Fit Assessment

Model fit was assessed using commonly reported PLS-SEM fit indices [137,138]. The
SRMR value was 0.050, which is below the recommended cutoff of 0.08, and the NFI was
0.761, suggesting a reasonable overall fit for subsequent path estimation.

Taken together, these indicators demonstrate that the proposed structural model exhibits
satisfactory overall model fit, thereby supporting subsequent structural path estimation.

5.2.2. Explanatory Power and Predictive Relevance of Endogenous Variables

To assess the explanatory power of the structural model, the coefficients of deter-
mination (R2) for each endogenous construct were examined (Table 5). Importantly, the
explanatory power for CUI and SSI is significantly enhanced by the indirect effects through
organismic psychological processes, highlighting the critical role of continuous use in-
tention as a mediator in shaping social sharing intention. Following commonly used
guidelines in PLS-SEM research, R2 values around 0.26, 0.13, and 0.02 may be interpreted
as substantial, moderate, and weak explanatory power [139].

Based on these criteria, PI (R2 = 0.258) demonstrates explanatory power approaching
the substantial level, while CE (R2 = 0.242) and CUI (R2 = 0.237) exhibit moderate explana-
tory power. ET (R2 = 0.201) and PT (R2 = 0.165) also fall within the moderate range, whereas
SSI (R2 = 0.144) shows relatively lower but still moderate explanatory power under these
commonly used guidelines.
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The adjusted R2 values are highly consistent with the original R2 values (maximum dif-
ference ≤ 0.005), indicating that the model estimation is stable and not affected by overfitting.

With respect to predictive relevance, the Stone–Geisser Q2 values for all endogenous
constructs are positive, ranging from 0.092 to 0.168, indicating predictive relevance of the
model. In particular, CE (Q2 = 0.168), PI (Q2 = 0.166), and CUI (Q2 = 0.162) demonstrate
comparatively stronger predictive capability, while SSI (Q2 = 0.092), although lower, still
meets the minimum criterion for predictive relevance (Q2 > 0).

Table 5. Values of R2 and Q2.

R2 R2 Adjusted Q2

CE 0.242 0.237 0.168

CUI 0.237 0.231 0.162

ET 0.201 0.196 0.139

PI 0.258 0.254 0.166

PT 0.165 0.160 0.104

SSI 0.144 0.142 0.092

5.2.3. Assessment of Multicollinearity

Multicollinearity was assessed using the variance inflation factor (VIF). All VIF values
ranged from approximately 1.00 to 1.35, which are well below the conservative threshold
of 3.3, indicating that multicollinearity is not a concern in the structural model.

5.2.4. Path Coefficient Analysis

To validate the 17 structural path hypotheses proposed earlier, the structural model
was estimated using PLS-SEM, and the results of hypothesis testing are summarized
in Table 6 and illustrated in Figure 2. All hypothesized direct paths reached statistical
significance (p < 0.05), providing support for the proposed model.

Within the “Stimulus (S) → Organism (O)” pathways, the three intelligent service
perception variables exert significant positive effects on users’ psychological processes.
AIT significantly predicts PI (β = 0.174, t = 3.654, p < 0.001), ET (β = 0.141, t = 3.010,
p = 0.003), CE (β = 0.171, t = 3.512, p < 0.001), and PT (β = 0.139, t = 2.942, p = 0.003).
HAC demonstrates even stronger effects across all four psychological constructs, with
the HAC → PI pathway being the most salient (β = 0.322, t = 6.642, p < 0.001). PP also
significantly influences CE, ET, PI, and PT, further indicating that personalized experiences
reinforce users’ psychological responses.

In the “Organism (O) → Response (R)” pathways, all four psychological mechanisms
significantly enhance CUI. PT (PT → CUI, β = 0.212) and CE (CE → CUI, β = 0.189) show
the strongest effects, whereas PI (β = 0.151) and ET (β = 0.130) exert weaker yet still
significant influences. These findings suggest that trust and cognitive processing represent
the dominant pathways driving continued use, while immersion and emotional experience
serve complementary roles.

Within the “Response (R) → Response (R)” pathway, CUI significantly strengthens SSI
(β = 0.379, t = 7.863, p < 0.001). This result confirms that CUI effectively promotes outward
sharing behaviors.

Overall, the path coefficient results highlight a clear transmission chain from intel-
ligent service perceptions to psychological mechanisms and ultimately to behavioral re-
sponses. These results support the applicability of the Stimulus–Organism–Response (SOR)
framework in Human–AI collaboration scenarios and provide a basis for the subsequent
mediation analysis.
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Table 6. Structural Model Path Coefficients.

Paths β SD t-Value p-Value Results

n = 498

HAC → PI 0.322 0.049 6.642 <0.001 Supported

HAC → ET 0.206 0.047 4.344 <0.001 Supported

HAC → CE 0.237 0.047 5.078 <0.001 Supported

HAC → PT 0.184 0.050 3.694 <0.001 Supported

AIT → PI 0.174 0.048 3.654 <0.001 Supported

AIT → ET 0.141 0.047 3.010 0.003 Supported

AIT → CE 0.171 0.049 3.512 <0.001 Supported

AIT → PT 0.139 0.047 2.942 0.003 Supported

PP → PI 0.155 0.046 3.335 <0.001 Supported

PP → ET 0.237 0.050 4.764 <0.001 Supported

PP → CE 0.235 0.048 4.911 <0.001 Supported

PP → PT 0.208 0.045 4.624 <0.001 Supported

PI → CUI 0.151 0.050 3.020 0.003 Supported

ET → CUI 0.130 0.056 2.309 0.021 Supported

CE → CUI 0.189 0.047 3.985 <0.001 Supported

PT → CUI 0.212 0.048 4.447 <0.001 Supported

CUI → SSI 0.379 0.048 7.863 <0.001 Supported

 

Figure 2. Results of PLS structural model.

5.2.5. Mediation Analysis

As shown in the robustness analysis (Appendix A), the direct path from HAC → CUI
was not statistically significant, whereas the direct paths from AIT → CUI and PP → CUI
were found to be significant (p < 0.05 and p < 0.01, respectively). Despite the non-significance
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of the direct path from HAC → CUI, the indirect effects through psychological mechanisms,
such as Cognitive Engagement (CE) and Platform Trust (PT), remain robust and significant.

This finding suggests that while direct effects from intelligent service perceptions
to behavioral outcomes may not always be present, psychological mechanisms (such
as CE and PT) mediate the relationship between HAC, AIT, PP and CUI/SSI, leading
to meaningful behavioral outcomes. The lack of direct significance for HAC → CUI
underscores the importance of understanding the indirect pathways, particularly how
psychological processes can drive sustained engagement and sharing behaviors, even when
direct effects are not observed. This highlights that psychological mechanisms such as
Platform Trust and Cognitive Engagement are crucial in shaping user behavior, which
aligns with the S-O-R framework’s emphasis on internal psychological states rather than
direct stimuli.

To uncover how stimulus variables are transformed into behavioral intentions and out-
ward diffusion behaviors through psychological mechanisms, the present study conducted
a series of multiple-mediation tests using the bootstrapping method. In addition to the
mediation analysis, a robustness analysis was performed to verify that the indirect effects
observed are not influenced by model specification. This analysis estimated an alternative
structural model that included direct paths from HAC, AIT, and PP to CUI. The inclusion
of direct paths does not replace the theorized S–O–R mechanism but serves to confirm that
the indirect effects are not artifacts of model specification. The results of this robustness
analysis further support the findings of the mediation analysis and ensure the validity of
the model. Additional details of this robustness analysis are available in Appendix A.

Overall, the majority of indirect pathways were significant (p < 0.05), suggesting that
intelligent service perceptions influence behavioral outcomes primarily through organism-
level mechanisms. In particular, the mediating effects of CE were consistently significant.
For example, the indirect effects HAC → CE → CUI (β = 0.045, p = 0.002) and PP → CE
→ CUI (β = 0.044, p = 0.006) were both significant, with VAF values of 19.2% and 18.9%,
respectively, indicating a non-trivial indirect contribution.

Pathways associated with PT exhibited especially strong mediating effects. A promi-
nent indirect effect was PT → CUI → SSI (β = 0.080, p < 0.001; VAF = 27.4%), indicating that
trust not only enhances users’ continuous use intention but also promotes social diffusion
through sustained commitment. Moreover, HAC, PP, and AIT all indirectly influenced CUI
or SSI through PT, demonstrating that trust constitutes a core psychological mechanism
driving deeper user engagement.

Immersive and emotional processes also played significant mediating roles in sev-
eral pathways. Notably, PI → CUI → SSI (β = 0.057, p = 0.011) and ET → CUI → SSI
(β = 0.049, p = 0.029) were both significant, indicating that although immersion and emo-
tional responses are not the strongest mediating channels, they still enhance users’ sharing
behaviors indirectly via continuous use intention.

It is important to note that several emotion-driven pathways did not reach significance
(e.g., AIT → ET → CUI, PP → ET → CUI → SSI), suggesting that the mediating function
of emotional responses may be conditional in AI-driven recommendation contexts. This
indicates that emotional responses, such as enjoyment or surprise, may play a secondary
role compared to cognitive and trust-based mechanisms in driving user behavior, especially
when the user is already familiar with the AI platform and its recommendations.

Taken together, the findings verify that intelligent service perceptions influence contin-
uous use intention and social sharing intention through multiple intertwined psychological
mechanisms. The inclusion of direct paths in the robustness analysis (Appendix A) further
confirms that the indirect effects observed in the primary model are not artifacts of model
specification, reinforcing the validity and stability of the theoretical framework (Table 7).
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Table 7. Mediation Analysis Results.

Relationship β T-Value p-Value 2.50% 97.5% Results VAF

AIT → CE → CUI 0.032 2.448 0.014 0.011 0.063 Significant Mediation 17.0%

AIT → PT → CUI → SSI 0.011 2.076 0.038 0.003 0.024 Significant Mediation 12.1%

HAC → PI → CUI 0.049 2.689 0.007 0.017 0.089 Significant Mediation 21.9%

PP → PT → CUI 0.044 2.899 0.004 0.020 0.079 Significant Mediation 18.7%

AIT → PI → CUI → SSI 0.010 1.978 0.048 0.003 0.023 Significant Mediation 11.2%

HAC → ET → CUI 0.027 1.960 0.050 0.006 0.061 Significant Mediation 14.3%

PP → PI → CUI 0.023 2.047 0.041 0.007 0.053 Significant Mediation 12.6%

AIT → ET → CUI → SSI 0.007 1.651 0.099 0.001 0.018 Non-Significant Mediation –

HAC → CE → CUI 0.045 3.088 0.002 0.021 0.079 Significant Mediation 19.2%

PP → ET → CUI 0.031 1.944 0.052 0.006 0.069 Non-Significant Mediation –

AIT → CE → CUI → SSI 0.012 2.215 0.027 0.004 0.026 Significant Mediation 13.8%

PP → CE → CUI 0.044 2.741 0.006 0.019 0.082 Significant Mediation 18.9%

HAC → PI → CUI → SSI 0.018 2.315 0.021 0.006 0.038 Significant Mediation 15.4%

HAC → ET → CUI → SSI 0.010 1.839 0.066 0.002 0.024 Non-Significant Mediation –

HAC → CE → CUI → SSI 0.017 2.679 0.007 0.007 0.032 Significant Mediation 14.2%

PP → CE → CUI → SSI 0.017 2.444 0.015 0.007 0.034 Significant Mediation 13.9%

PP → ET → CUI → SSI 0.012 1.858 0.063 0.002 0.028 Non-Significant Mediation –

PP → PI → CUI → SSI 0.009 1.808 0.071 0.002 0.022 Non-Significant Mediation –

PP → PT → CUI → SSI 0.017 2.616 0.009 0.007 0.032 Significant Mediation 14.9%

HAC → PT → CUI → SSI 0.015 2.412 0.016 0.006 0.030 Significant Mediation 13.2%

CE → CUI → SSI 0.072 3.309 0.001 0.034 0.118 Significant Mediation 21.3%

ET → CUI → SSI 0.049 2.179 0.029 0.009 0.100 Significant Mediation 20.1%

PI → CUI → SSI 0.057 2.552 0.011 0.018 0.107 Significant Mediation 21.6%

PT → CUI → SSI 0.080 3.674 <0.001 0.042 0.126 Significant Mediation 27.4%

AIT → PT → CUI 0.029 2.234 0.026 0.009 0.060 Significant Mediation 15.8%

AIT → PI → CUI 0.026 2.223 0.026 0.008 0.055 Significant Mediation 14.1%

AIT → ET → CUI 0.018 1.723 0.085 0.003 0.046 Non-Significant Mediation –

HAC → PT → CUI 0.039 2.739 0.006 0.016 0.073 Significant Mediation 17.3%

6. Discussion
This study examines how Generation Z users develop Continuous Use Intention (CUI)

and Social Sharing Intention (SSI) in Human–AI Collaboration within secondhand fashion
e-commerce platforms (HAIc-SFEP). Grounded in the Stimulus–Organism–Response (SOR)
framework, this section discusses the findings by following the hypothesized pathways
and clarifies how the identified psychological mechanisms jointly shape post-adoption
behavioral outcomes.

6.1. Effects of Intelligent Service Stimuli on Psychological Mechanisms

As outlined in the Hypothesis Development section, this study adopts a mechanism-
oriented approach by focusing on indirect effects through psychological processes rather
than specifying direct paths from the independent variables (stimuli) to the dependent
variables (responses). While direct paths are often included in traditional S-O-R models, this
study emphasizes how external stimuli, such as intelligent service perceptions, shape user
behavior through internal psychological mechanisms, aligning with the S-O-R framework’s
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focus on cognitive, emotional, and relational responses. This approach highlights the
importance of understanding the psychological processes that mediate user behavior,
rather than directly linking service perceptions to behavioral outcomes.

This mechanism-oriented approach not only distinguishes our study from conven-
tional models that include direct paths but also offers a more comprehensive understanding
of how intelligent service perceptions affect user behavior through internal psychological
states. In AI-supported environments, where users’ engagement is deeply influenced by
psychological factors such as trust, immersion, and cognitive engagement, this indirect path
model better captures the complexity of user behavior compared to direct effect models.
The approach aligns with the increasing recognition in the literature that psychological
mechanisms, rather than direct stimuli, play a central role in driving sustained engagement
and behavior change in digital platforms.

Consistent with Hypotheses H1–H3, Human–AI Collaborative Recommendation
Perception (HAC), AI Interaction Transparency (AIT), and Perceived Personalization (PP)
all exert significant positive effects on users’ psychological states, including Cognitive
Engagement (CE), Psychological Immersion (PI), Emotional Triggering (ET), and Platform
Trust (PT). Among these organism-level responses, CE and PT exhibit relatively consistent
associations across multiple stimulus paths, suggesting that cognitive evaluation and trust
are salient psychological routes in this context.

These findings indicate that intelligent service perceptions do not merely generate
affective or experiential reactions but also tend to activate users’ cognitive processing
and relational evaluation of the platform. This pattern aligns with the core logic of the
SOR framework, which emphasizes internal psychological states as the primary channels
through which external stimuli influence subsequent behavior.

From a theoretical perspective, the observed effects on CE align with the Elaboration
Likelihood Model (ELM), implying that transparent, collaborative, and personalized AI
services can encourage central-route processing (i.e., deeper reflection and evaluation)
rather than reliance on peripheral cues [108]. Similarly, the consistent effects on PT re-
flect the importance of relational confidence in AI-supported consumption environments
characterized by uncertainty and information asymmetry.

More specifically, the estimated coefficients indicate that PP shows the largest associa-
tion with PT, followed by HAC, whereas AIT displays a comparatively smaller—though
still significant—effect on PT. This pattern suggests that, for Generation Z users, trust in
AI-supported secondhand fashion platforms may be shaped less by system explainability
alone and more by whether the platform delivers personally relevant and user-oriented
support in practice. Personalized services may signal attentiveness and perceived benevo-
lence, while collaborative recommendation mechanisms may convey perceived competence
and human oversight. By contrast, transparency appears to function more as an enabling
condition for trust—reducing uncertainty—than as its primary driver in this context.

6.2. Psychological Mechanisms Driving Continuous Use Intention

Hypotheses H4–H7 examine how different organism-level psychological mechanisms
contribute to Continuous Use Intention (CUI). The empirical results indicate that all four
mechanisms—Cognitive Engagement (CE), Platform Trust (PT), Psychological Immersion
(PI), and Emotional Triggering (ET)—significantly predict users’ intention to continue using
the platform; however, their relative importance is not uniform.

Among these mechanisms, PT and CE emerge as comparatively stronger drivers of
sustained usage. In the context of secondhand fashion consumption, platform trust may
also reflect users’ confidence that the platform provides reliable and responsible recommen-
dations under uncertainty and information asymmetry. For Generation Z users, trusting a
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secondhand fashion platform can further resonate with perceived fairness of recommenda-
tion logic and confidence in platform governance, which may reinforce their willingness to
remain engaged with the platform over time. Consistent with Commitment–Trust Theory,
trust can serve as a foundational condition for maintaining long-term relational exchanges
in uncertain environments [113]. In parallel, the prominence of cognitive engagement
aligns with ELM, suggesting that effortful processing and evaluation contribute to more
stable post-adoption attitudes and continued usage [108].

In contrast, Psychological Immersion and Emotional Triggering, while statistically
significant, exhibit comparatively weaker effects on Continuous Use Intention. These
mechanisms appear to function primarily as experience-enhancing processes that intensify
situational involvement and affective resonance during interaction, rather than as dom-
inant determinants of long-term commitment. In the context of AI-driven secondhand
fashion platforms, this pattern is consistent with Flow Theory, which explains immersive
experiential states that often enhance immediate engagement and enjoyment rather than
constituting the primary basis of long-term commitment [140]. Without the support of
cognitive understanding and relational trust, immersive and emotional experiences alone
are insufficient to anchor continuous use intention.

From a practical standpoint, these findings imply that retention-focused design strate-
gies should prioritize mechanisms that strengthen users’ cognitive understanding and
trust formation—such as explainable recommendations, controllable personalization, and
interaction transparency—while immersive and emotional design elements should be de-
ployed as complementary features that enrich user experience rather than as standalone
retention levers.

6.3. Continuous Use Intention as a Bridge to Social Sharing

Hypothesis H8 is supported, confirming that Continuous Use Intention plays a bridg-
ing role between individual-level engagement and Social Sharing Intention. Users who
develop stable usage intentions are more likely to externalize their commitment through
sharing, recommendation, and advocacy behaviors.

This finding reinforces the response-to-response logic within the SOR framework
and suggests that social diffusion of sustainable consumption practices is unlikely to be
triggered by intelligent service exposure alone. Instead, it appears to be facilitated by
sustained personal commitment, reflecting a gradual shift from individual engagement to
social influence. Accordingly, diffusion-focused interventions may be less effective unless
users have already developed stable usage intentions, underscoring the importance of
retention-oriented design as a prerequisite for social sharing.

6.4. Differentiated Roles of Psychological Mechanisms

Taken together, the findings reveal a differentiated configuration of psychological
mechanisms rather than a uniform organism-level response [67]. Cognitive Engagement
and Platform Trust function as more central mechanisms that support stable and long-term
engagement, whereas Psychological Immersion and Emotional Triggering play supportive
roles by enhancing experiential involvement and affective resonance [141].

Importantly, this configuration is not introduced as a new construct. Rather, it emerges
as an empirical pattern in the present context. It suggests that in AI-supported secondhand
fashion platforms, long-term behavioral commitment is primarily grounded in users’ cogni-
tive understanding and relational confidence, while experiential and emotional responses
amplify but do not substitute these foundations.

This interpretation also provides insight into how sustainability-oriented behavior is
internalized among Generation Z users. In this process, Emotional Triggering may partly
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reflect users’ moral satisfaction and identity expression associated with participating in
circular fashion practices [142]. For Generation Z users, engaging in secondhand con-
sumption is not merely experiential but can also be value-laden, signaling environmental
responsibility and a sustainable identity. Such emotionally rewarding experiences may
strengthen affective connection to the platform and support value internalization, even if
they function as supportive rather than primary drivers of long-term commitment.

Psychological Immersion may also contribute to the reinforcement of sustainability-
oriented engagement [98]. By making circular browsing, discovery, and exploration ex-
periences more absorbing, immersive interaction increases users’ repeated exposure to
reuse-oriented consumption scripts, thereby subtly strengthening the internalization of
circular-economy practices over time.

Meanwhile, cognitive engagement facilitates users’ understanding of circular-economy
logic, while platform trust reinforces confidence in the platform’s ethical governance and
sustainability commitments [143]. Without cognitive and trust-based support, however,
such experiential responses remain transient.

Building on this interpretation, it is important to situate these differentiated roles
within the empirical context of Chinese C2C secondhand fashion platforms, where AI-
mediated services and socially embedded interactions are relatively mature (e.g., represen-
tative platforms such as Xianyu) [144]. These contextual features may amplify the observed
effects of cognitive engagement and platform trust, for example by reducing initial re-
sistance to algorithmic involvement and by normalizing AI-supported decision-making
processes among Generation Z users.

In such environments, users are more likely to evaluate AI recommendations through
reflective and trust-based mechanisms rather than perceiving them as intrusive or opaque.
At the same time, the strong social embeddedness of Chinese C2C platforms—where
browsing, sharing, and recommendation behaviors are closely intertwined—may enhance
the translation of sustained individual commitment into social sharing behaviors. Con-
sequently, while the underlying psychological mechanisms identified in this study are
theoretically grounded, their relative strengths should be understood as partially contin-
gent upon the maturity of AI services and the socialized consumption culture in which
they operate. This contextual embeddedness does not undermine the explanatory value
of the proposed model, but rather clarifies the conditions under which its effects are
most pronounced.

7. Implications and Limitations
7.1. Theoretical and Practical Implications

This study offers both theoretical and practical implications by clarifying how AI-
driven recommendation services shape users’ psychological processes and behavioral
intentions in green e-commerce contexts.

From a theoretical perspective, this research advances the application of the
Stimulus–Organism–Response (SOR) framework by providing a differentiated under-
standing of the organism stage in AI-enabled consumption environments. Rather than
treating psychological responses as a homogeneous construct, the findings reveal that
cognitive engagement and platform trust function as relatively more central psychologi-
cal mechanisms driving sustained usage, while psychological immersion and emotional
triggering play complementary roles by enhancing experiential involvement. This lay-
ered configuration enriches existing SOR-based research by demonstrating how multiple
psychological pathways jointly contribute to continuous use intention and social shar-
ing intention in sustainability-oriented digital platforms. By integrating insights from
Flow Theory, the Elaboration Likelihood Model, and Commitment–Trust Theory, this
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study offers a more nuanced and psychologically grounded explanation of human–AI
collaborative consumption behavior among Generation Z users.

From a practical perspective, the findings suggest that green e-commerce platforms
should prioritize strengthening users’ cognitive understanding and trust foundations
when designing AI-driven services. Enhancing algorithmic transparency, visualizing
recommendation rationales, and allowing users to adjust personalization settings may
contribute to higher levels of cognitive engagement and perceived control. At the same
time, immersive and emotionally responsive design elements—such as narrative interfaces,
gamified exploration, and socially enriched interaction features—should be deployed as
supportive mechanisms that amplify user experience and value resonance. Together, these
strategies can reinforce continuous use intention and facilitate social sharing behaviors,
thereby supporting the diffusion of sustainable fashion practices within digital-native
consumer communities.

7.2. Limitations and Future Research Directions

Despite the theoretical and empirical contributions of this study, several limitations
warrant further attention.

First, although the sample covers diverse genders, educational backgrounds, and
domains, it focuses primarily on Generation Z users in the secondhand fashion context
within a relatively specific cultural and regional setting. This concentration may constrain
the generalizability of the model to broader consumption environments. Future research
should incorporate cross-regional and cross-cultural samples to examine how cultural
value orientations shape AI service perceptions and psychological responses.

In addition, the empirical context of this study may shape the observed effect patterns.
The data were collected from Xianyu, a highly mature Chinese C2C secondhand fashion
platform characterized by strong social interaction, advanced algorithmic personalization,
and widespread user familiarity with AI-driven services. These contextual features are
likely to accentuate the observed roles of cognitive engagement and platform trust in
the present sample, as well as the translation of continuous use intention into social
sharing behaviors. Accordingly, caution should be exercised when generalizing the relative
strength of psychological mechanisms identified in this study to platforms operating in less
socialized, less algorithmically mature, or culturally different e-commerce environments.
Future research may benefit from cross-platform or cross-cultural comparisons to examine
the boundary conditions under which these mechanisms operate across different platform
architectures and cultural settings.

Second, this study relies on self-reported survey data. Although reliability and validity
assessments indicate strong measurement quality, subjective perceptions of AI recommen-
dation experiences may be influenced by recall bias or limitations of scenario simulation.
Future studies may integrate behavioral log data, controlled experiments, or multi-source
data fusion to enhance ecological validity and strengthen causal inference.

Finally, this research focuses on AI-assisted recommendation services. With the rapid
evolution of multimodal AI, emerging human–AI collaboration formats—such as voice-
based AI assistants, virtual avatars, and immersive intelligent shopping guides—are ex-
pected to play increasingly significant roles in digital consumption platforms. Future
research could explore user responses within multi-role, multimodal AI service environ-
ments and develop more comprehensive psychological mechanism models. Investigating
trust evolution, behavioral migration, and sustained usage patterns under “multi-AI col-
laborative services” will be particularly meaningful for understanding next-generation
consumer–AI interaction ecosystems.
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8. Conclusions
Driven by the convergence of AI-enabled services and sustainable consumption, this

study examines how Generation Z users form Continuous Use Intention (CUI) and Social
Sharing Intention (SSI) within human–AI collaborative secondhand fashion e-commerce
platforms. Guided by the Stimulus–Organism–Response (SOR) framework, this study
empirically validates an integrated pathway in which Human–AI Collaborative Recom-
mendation Perception (HAC), AI Interaction Transparency (AIT), and Perceived Personal-
ization (PP) act as key intelligent service stimuli that shape user behavior through multiple
psychological mechanisms. Using 498 valid responses and PLS-SEM analysis, the results
confirm a clear behavioral transmission chain from AI service perceptions to psychological
responses and subsequent behavioral outcomes.

Addressing the three core research questions, the findings indicate that users’ continu-
ous engagement with green e-commerce platforms is primarily enhanced by HAC-related
collaborative recommendation perceptions, AI interaction transparency, and perceived
personalization. Among the organism-level mechanisms, Platform Trust and Cognitive En-
gagement show comparatively stronger effects on Continuous Use Intention, while Psycho-
logical Immersion and Emotional Triggering play complementary, experience-enhancing
roles. Furthermore, the results demonstrate that Continuous Use Intention serves as a
critical bridge between individual engagement and Social Sharing Intention, indicating that
social diffusion of sustainable consumption practices is facilitated by sustained personal
commitment. Overall, the findings indicate that the alignment of AI service efficiency and
emotional resonance in green e-commerce contexts is primarily grounded in transparent
AI interactions and trust-oriented mechanisms, with immersive and affective experiences
functioning as complementary enablers rather than primary drivers of sustained engage-
ment. In this regard, this study provides empirical insight into how human-centered AI
service design can support sustainability-oriented consumption behaviors.
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Appendix A

Table A1. Robustness Check Including Direct Paths.

Path Effect Type β (Original Sample) Significance

HAC → CUI Direct effect 0.055 n.s.
AIT → CUI Direct effect 0.110 p < 0.050
PP → CUI Direct effect 0.131 p < 0.010

HAC → O → CUI Total indirect effect 0.110 p < 0.010
AIT → O → CUI Total indirect effect 0.075 p < 0.010
PP → O → CUI Total indirect effect 0.101 p < 0.010

Note: O denotes organismic psychological processes, including psychological immersion (PI), emotional trigger
(ET), cognitive engagement (CE), and platform trust (PT). Direct effects are obtained from the robustness model
including direct paths from stimulus variables to CUI. Total indirect effects are calculated as the difference between
total effects and direct effects and represent the aggregated mediation effects through the organismic layer. All
effects were estimated using bias-corrected bootstrapping. It should be noted that the total effects reported in
Appendix A reflect the combined influence of direct and indirect pathways and therefore may differ from the path
coefficients and specific indirect effects reported in the main text. “n.s.” denotes a non-significant effect, indicating
that the path does not show statistical significance at the usual thresholds (e.g., p < 0.05). All other effects are
statistically significant.
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