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Abstract With the rapid development of artificial intelligence technologies,
human-machine relationships have become an important form of relationship in
people’ s organizational lives. Human-machine trust is the core of human-ma-
chine relationships and is closely related to the success or failure of human-ma-
chine interaction. How to build human-machine trust, grasp the developmental
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laws of human-machine relationships, and achieve complementary advantages in
human-machine integration are core issues in the field of human-machine trust
research. Centering on these issues and grounded in dyadic human-machine in-
teraction, this study explores the evolutionary process and mechanisms through
which human-machine trust changes over time. First, from the perspective of
technology ethics, this study clarifies the connotation of human-machine trust,
proposes a two-dimensional model of human-machine trust comprising instru-
mental trust and value trust, and, on this basis, develops a scale for measuring
human-machine trust. Next, adopting a dynamic developmental perspective, it
investigates the general characteristics of the temporal evolution of instrumen-
tal trust and value trust under the coupled effects of spatiotemporal contexts,
thereby opening the “black box” of the dynamic evolution of human-machine
trust. Finally, taking the perspective of human-machine collaboration as a point
of departure, it explores the differentiated enabling mechanisms through which
instrumental trust and value trust affect individual creativity, dialectically an-
alyzes the development and transformation of human-machine relationships in
the digital-intelligence era, and offers insights into how human-machine trust
can shape individuals’ core advantages in the digital-intelligence era.

Keywords human-machine trust; instrumental trust; value trust; human-
machine relationship; dynamic mechanism

Received: 2025-11-14
* Supported by the National Natural Science Foundation of China (72501059).
Corresponding author: Song Yu, E-mail: songyu897@hotmail.com

1 Problem Statement

With the vigorous development of technologies such as generative artificial intel-
ligence, deep learning, and big data, the digital-intelligent era is arriving at an
accelerated pace (Xu Wei et al., 2024; Zhang Zhixue et al., 2024). Against the
current backdrop of the state’ s strong efforts to promote the deep integration of
the digital economy and the real economy, many enterprises are actively embrac-
ing intelligent technologies—artificial intelligence (AI)—and investing substantial
resources in intelligent upgrading and digital transformation, in the expectation
of bringing transformation and innovation to production, operations, manage-
ment, and services. In this context, individuals’ interaction with AI in work
tasks has become a normal feature of individual work in the digital-intelligent
era. As the key to intelligent interaction between humans and AI, human-Al
trust is not only an important prerequisite for individuals’ willingness to interact,
but also a long-term guarantee for achieving effective interaction (Qi Yue et al.,
2024; Dang & Li, 2026; Glikson & Woolley, 2020). Therefore, in work settings,
how individual employees construct human-Al trust, grasp the developmental
patterns of human-Al relationships, and realize complementary advantages in
human-AlI integration has become a topic of great concern in both academia
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and practice (Xie Xiaoyun et al., 2021; Anthony et al., 2023; Korsgaard et al.,
2025).

However, in the face of this urgent practical need, existing research on human-
AT trust in the field of organizational management shows a certain degree of
theoretical lag, and several key issues remain to be explored.

First, what is the structural connotation of human-AT trust? This question is
the logical starting point for research on human-AT trust. Human-AlI trust fo-
cuses on the interactive relationship between humans and Al, which differs from
the interpersonal interactive relationships traditionally emphasized in manage-
ment and psychology. Yet most current research on human-AT trust directly bor-
rows from studies of interpersonal trust and introduces the classification frame-
work of cognitive trust and affective trust directly into human-AI trust (e.g.,
Gkinko & Elbanna, 2023; Glikson & Woolley, 2020; Qin et al., 2024; Vanneste
& Puranam, 2025), causing existing theories to face adaptation difficulties in Al
contexts. On the one hand, the distinctive characteristics of human-AlI relation-
ships as opposed to interpersonal relationships have not received sufficient at-
tention. As a non-human agent, Al operates on the basis of data and algorithms
and lacks genuine emotional expression and social intentions in social activities
(Pentina et al., 2023; Perry, 2023; Wang et al., in press). Directly transferring
research on interpersonal interaction to the domain of human-Al interaction
makes it difficult to truly reflect the unique logic and psychological foundations
of human-AT trust, thereby greatly weakening the guiding role of theoretical
research for management practice. On the other hand, the dichotomy between
cognitive trust and affective trust remains subject to theoretical controversy in
the field of interpersonal trust because of unclear boundaries and measurement
ambiguity (Legood et al., 2021; Legood et al., 2023; Tomlinson et al., 2020; van
Knippenberg, 2018). After this classification framework is introduced into Al
contexts, the lack of clear boundaries and the resulting measurement confusion
further amplify the points of contention, limiting its explanatory power in Al
contexts (Valori et al., 2026; Wang & Ding, 2024). It can be seen that current
research has not yet effectively defined the structural connotation of human-
AT trust from the perspective of the uniqueness of human-AlI interaction. This
limitation not only reflects insufficient research on human-AI trust at the con-
ceptual level, but also directly constrains the development of dynamic research
on human-AT trust and the exploration of deeper mechanisms through which
human-AlI trust enables outcomes.

Second, what are the evolutionary trajectories of different types of human-Al
trust across time and space? Trust is established on the basis of individuals’
cognition and past experience, and it adjusts as time and space change (Dang
& Li, 2026; de Visser et al., 2020; Hoff & Bashir, 2015). Existing research on
dynamic trust mainly uses undertrust and overtrust to describe the extent to
which trust deviates from an appropriate level (Huang Xinyu, Li Pan, 2024; Hoff
& Bashir, 2015; Lee & See, 2004), emphasizing a quantitative description of the
matching relationship between the level of trust and AT s actual capabilities.
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However,

Explaining the mechanism of the dynamic development of trust solely from the
perspective of trust intensity has certain limitations. On the one hand, appro-
priate trust involves not only the intensity of trust, but also the structure of
trust—that is, the dimensions on which individuals trust AI (for example, em-
phasizing AT s functionality or attending to AT’ s ethical norms). Different trust
structures correspond to different psychological foundations and behavioral con-
sequences (Lee & See, 2004; Malle & Ullman, 2021; Vuori et al., 2026). On the
other hand, human-AI trust is embedded in a temporal sequence; that is, at
different stages of interaction, individuals should assign Al trust with different
structures and at different levels (Lewis et al., 2018; Skjuve et al., 2021). In
other words, human-AT trust has reasonable levels of structural differentiation
across different developmental stages. Therefore, the dynamic development of
trust is a multidimensional, coordinated process encompassing degree, structure,
and temporality. However, because existing research has not yet effectively iden-
tified the differences within the internal structure of human-AI trust, current
research on the differentiated development of different types of human-AI trust
has been impeded. Deepening research on the dynamics of trust can provide
more explanatory and predictive theoretical support for understanding and opti-
mizing the development of human-Al relationships. It not only helps individuals
understand the logic of changes in their own trust during human-AI interaction,
leverage Al effectiveness, and improve the quality of human-Al interaction; it
can also help organizational managers anticipate the direction in which trust
relationships evolve, implement effective interventions at critical junctures, and
reduce the likelihood that investments in intelligent technologies will face risks
arising from trust failure.

Third, how do different types of human-AI trust influence human-AI collabo-
ration and enable the realization of complementary advantages in human-Al
integration? As a bridge toward efficient human-AI relationships, the construc-
tion of human-AT trust is not an endpoint, nor is its significance limited to
promoting Al use. What is more critical is to explore how individuals can use
AT effectively (Chen Hui, Feng Chao, in press; Xu Hui et al., 2025; Lu & Yan, in
press)—that is, how different types of human-AI trust are transformed into effi-
cient modes of cooperation and substantive increments in individual capability.
Creativity is an important manifestation of individuals’ core competitiveness
in the digital-intelligence era (Boussioux et al., 2024; Cheng & Zhang, 2025).
However, because existing research has failed to effectively distinguish trust
structures, current studies on the effects of human-Al trust mainly focus on
individuals’ willingness to use AI and performance improvement (Afroogh et al.,
2024; Dang & Li, 2026; Ng & Zhang, 2025), and lack systematic investigation
of the deeper enabling mechanisms of human-Al trust—mamely, how different
types of human-AlI trust affect individuals’ understanding and use of AI, and
thereby influence individual creativity. An in-depth exploration of this issue will
not only help respond to concerns that “Al leads to the degradation of human
capabilities” (Gillespie et al., 2025; Korsgaard et al., 2025; Natali et al., 2025),
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but also dialectically reveal the core role of human-AI trust in promoting the
enhancement rather than the simple replacement of human capabilities. It can
further provide a clear and reliable practical pathway for how individuals, in
the digital-intelligence era, can construct differentiated trust, transform techno-
logical power into irreplaceable human advantages, and realize complementary
advantages through human-ATI integration.

In short, against the backdrop of the digital-intelligence era profoundly reshap-
ing individuals’ ways of working, it is of great theoretical value and practical
significance to take the workplace as the setting, individual employees as the core
unit of analysis, and to re-examine and construct a model of human-Al trust
that accords with the essence of human-AlI interaction; on this basis, it is also
crucial to systematically reveal the laws of its dynamic evolution and the path-
ways through which its value is manifested. This not only helps break through
existing research bottlenecks, but also constitutes a practical response to how
individual employees can achieve self-adaptation and capability enhancement
amid the wave of digital intelligence. By clarifying how individuals cultivate,
maintain, and make good use of human-AT trust relationships in workplace in-
teractions, and by revealing the internal logic through which the collaborative
advantages of “Al + human” are generated, this article aims to provide system-
atic and forward-looking theoretical insights and practical guidance for individ-
uals to build core competitiveness in an increasingly intense digital-intelligence
competitive environment.

2 Literature Review

Relative to the pace of A" s own development, research on human-AI trust in
the field of organizational management has begun somewhat later (Cabiddu et
al., 2022; Glikson & Woolley, 2020). Existing studies mainly focus on examining
the types, influencing factors, and effects of human-AI trust.

2.1 Types of Human-AIT Trust

The discussion of types of human-Al trust in organizational management has
mainly been transferred from research on interpersonal trust. At present, the
most common approach is to divide human-AI trust into cognitive trust and
affective trust (Glikson & Woolley, 2020; Komiak & Benbasat, 2006). This
classification is based primarily on McAllister’ s (1995) distinction between cog-
nitive trust and affective trust in interpersonal trust. In recent years, scholars
have debated the distinction between interpersonal cognitive trust and affective
trust, arguing that their definitions and measurements cannot accurately differ-
entiate the two (Legood et al., 2021; Legood et al., 2023; Tomlinson et al., 2020;
van Knippenberg, 2018). Affective trust, in particular, has been the focus of
controversy. It is defined as an affective attitude generated by the trustor on
the basis of the emotional bond between the trustor and the interaction target
(McAllister, 1995). van Knippenberg (2018) argues that the definition of affec-
tive trust reflects the trustor’ s evaluation of the trust relationship between the
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two parties, and in essence also falls within the cognitive domain.

The controversy over the cognitive-affective dichotomy that originated in the
field of interpersonal trust has inevitably affected research on human-AT trust,
mainly in terms of measurement. At present, the measurement of cognitive trust
and affective trust in human-AT relations is mainly based on three characteristics
by which Al is perceived as trustworthy: ability, integrity, and benevolence.
Some studies hold that cognitive trust represents individuals’ recognition of AT’
s ability and integrity, whereas affective trust reflects individuals’ judgment of
AT s benevolence (Komiak & Benbasat, 2006); some studies hold that cognitive
trust reflects individuals’evaluation of AI’s ability, whereas affective trust focuses
on integrity and benevolence (Choung et al., 2023; Hu et al., 2021); still other
studies argue that cognitive trust should include the three aspects of ability,
integrity, and benevolence, whereas affective trust reflects individuals’ emotional
experience of Al (Wang et al., 2016).

It can be seen that existing research on cognitive trust and affective trust in
human-AT relations suffers from problems of unclear conceptual definitions and
confused measurement. To facilitate the development of subsequent research
and dialogue on human-AT trust, and to deeply explore the differentiated devel-
opment mechanisms and enabling mechanisms of different types of trust, it is
necessary to restate the internal structure of human-AlI trust and to redevelop
its scales.

2.2 Influencing Factors and Effects of Human-AI Trust

Existing research on the influencing factors of human-Al trust is relatively ex-
tensive and can be summarized into three categories: individual characteristics,
AT characteristics, and environmental factors (Kaplan et al., 2023; Schaefer et
al., 2016). Individual factors include people’s AT awareness (Yin et al., 2024), Al
self-efficacy (Dong et al., 2025), work experience (Wang et al., 2024), personality
traits (Bawack et al., 2021; Huo et al., 2022), as well as demographic character-
istics such as gender, age, educational attainment, and social class (Oksanen et
al., 2020). For example, employees with high AI awareness and Al self-efficacy
have greater tolerance for AI, hold more optimistic estimates of the prospects
for AI applications, and are more willing to trust Al and engage in human-Al
collaboration (Yin et al., 2024). Similarly, individuals with lower social class
and educational levels have lower familiarity with and mastery of new technolo-
gies (Oksanen et al., 2020), and older employees are usually accompanied by
declines in cognitive ability (Dutta et al., 2023). Because of their lower capacity
for acceptance, this group generally finds it more difficult

establish a relationship of trust with Al

AT characteristics mainly include the transparency and reliability of Al technol-
ogy, as well as the embodiment and anthropomorphism of its physical appear-
ance (Glikson & Woolley, 2020). Al transparency not only helps reduce people’
s algorithmic biases and gain trust, but also helps employees and organizations

chinarxiv.org/items/chinaxiv-202605.00201 Machine Translation


https://chinarxiv.org/items/chinaxiv-202605.00201

ChinaRxiv [$X]

trace and clarify responsibilities and obligations, enabling employees to under-
stand the decisions and recommendations made by AI (Lehmann et al., 2022).
AT reliability involves data security and privacy, as well as the consistency and
stability of behavioral performance. Studies show that in human-AT collabora-
tion, if AT makes more than three errors, or if AI’ s performance is inconsistent
over time, employees’ trust in it will decrease significantly (Hu et al., 2021). Re-
garding the physical appearance attributes of Al research has found that robots
with embodied forms and a high degree of anthropomorphism are more likely
to elicit people’ s favorable impressions and trust (Yam et al., 2021). However,
excessively anthropomorphized robots can also easily go too far and produce an
“uncanny valley” effect (Wang Haizhong et al., 2021; Wykowska, 2021).

Environmental factors include national culture (Chi et al., 2023), organizational
reputation (Hengstler et al., 2016), organizational climate (Chowdhury et al.,
2023), leadership style (Yin et al., 2024), and so on. For example, Chi et
al. (2023) and Gillespie et al. (2023) found that individuals from highly collec-
tivistic cultures have higher trust in AI. An organizational climate characterized
by tolerance, support, and encouragement toward employees’ use of AI helps
employees establish trust in AT (Chowdhury et al., 2023). A good organiza-
tional reputation is also conducive to the establishment of human-AT trust, and
individuals are more willing to trust Al systems from organizations with good
reputations (Hengstler et al., 2016). Employees under a transformational lead-
ership style are more willing to trust and use AI to complete work tasks (Yin
et al., 2024).

Existing research on the effects of human-ATl trust can generally be classified
into two types: one type emphasizes the facilitative function of trust, while the
other emphasizes the calibration and appropriateness of trust. First, one stream
of research starts from a relatively static and linear perspective, emphasizing the
facilitative function of human-Al trust and focusing on its effects on willingness
to use Al, continued-use behavior, and performance. Relevant studies generally
find that the higher the level of trust, the more individuals tend to adopt and
continue using Al (Chatterjee et al., 2021; Song & Lin, 2024; Suseno et al., 2022).
Moreover, trusting AI helps increase work engagement (Chandra et al., 2022;
Marikyan et al., 2022), improve individual performance (Chowdhury et al., 2022;
Li & Zhou, 2025), and promote career development and occupational well-being
(Kong et al., 2023; Salah et al., 2024). In this type of research, human-AI trust
is usually regarded as a positive psychological resource, and its mechanism of
action displays a typical linear facilitation logic: the higher the trust, the better
the positive effects (Dang & Li, 2026; Ng & Zhang, 2025).

However, with the widespread application of Al in high-risk, complex decision-
making, and highly automated scenarios, scholars have gradually recognized the
theoretical and practical limitations of simply understanding human-AI trust
as “the higher, the better.” Therefore, in recent years, another stream of re-
search has begun to emphasize the importance of appropriate trust, arguing
that human-AT trust is not unidirectionally better when higher, but should re-
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main matched with AT s actual capability level (Huang Xinyu & Li Ye, 2024;
Hoff & Bashir, 2015; Lee & See, 2004). Specifically, excessive trust may lead
individuals to become overly dependent on Al, weaken supervision and critical
judgment, trigger cognitive disengagement and responsibility transfer, and even
produce catastrophic consequences in complex or high-risk situations (Ding et
al., 2026; Kiiper & Kréamer, 2025; Ullrich et al., 2021). By contrast, insufficient
trust can likewise bring negative effects. Insufficient trust may cause individuals
to maintain excessive vigilance toward Al outputs, increase false alarms and re-
peated checking behavior, reduce Al adoption rates and collaboration efficiency,
and even prevent AI’ s technical potential from being fully realized, causing
losses (Wang Xinye et al., 2017; Ayoub et

al., 2022; Ding et al., 2026).

From the above analysis, it can be seen that, although existing studies have
provided rich and valuable insights into the antecedent variables of human-
AT trust and have recognized that trust calibration triggered by overtrust or
undertrust is a manifestation of the dynamization of trust, current research
has not yet effectively distinguished the internal structure of human-AT trust.
Consequently, scholarly exploration of the dynamic development of human-Al
trust and its enabling mechanisms remains limited. On the one hand, existing
research on dynamic trust has focused on a quantitative perspective of trust
intensity, describing the degree of trust deviation in terms of undertrust or
overtrust, while neglecting the multidimensional coordination inherent in the
dynamic development of trust. The dynamism of trust involves not only the level
of trust, but should also include trust structure and temporal embeddedness (Lee
& See, 2004; Skjuve et al., 2021; Vuori et al., 2026)—that is, how the structure
and level of trust change over time. On the other hand, existing research on the
effects of human-AlI trust has focused on explicating its role in promoting Al use
and individual performance. Yet the enabling value of human-AI trust should
not stop at facilitating the acceptance and use of Al; the more central concern
lies in helping individuals achieve effective AT use and higher-order collaboration
(Chen Hui, Feng Chao, in press; Xu Hui et al., 2025; Lu & Yan, in press)—that
is, how different structures of human-AT trust help individuals use AT effectively
in differentiated ways and enhance individual capabilities.

In sum, current research on human-AT trust is still in its ascendant stage. How-
ever, given the three research gaps noted above—namely, unclear boundaries of
the internal structure, the absence of a dynamic evolution mechanism, and an
unclear pathway of deeper enablement—existing research has difficulty system-
atically explaining how individual employees in the digital-intelligence era can
effectively construct, maintain, and make good use of human-AT trust. It is
therefore necessary to reinterpret the internal structure of human-AlI trust and,
within this framework, systematically explore the laws governing its dynamic
evolution and the mechanisms through which it enables individuals at a deeper
level.
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3 Research Framework

To address the limitations of existing research, this study will adopt a dynamic
developmental perspective and focus on examining the evolution mechanism of
human-AlI trust in workplace settings, while dialectically analyzing changes in
human-AI relationships in the digital-intelligence era. Specifically, the study
has three research objectives: (1) theoretical construction: to propose a theoret-
ically persuasive multidimensional construct of human-Al trust and develop a
corresponding measurement scale; (2) dynamic analysis: to reveal the temporal
evolution patterns of human-Al trust and the time-varying effects of trust cues;
and (3) enabling pathway: to clarify the evolutionary pathway through which
human-AI trust stimulates individual creativity, and to analyze the boundary
conditions of individual thinking models and organizational management mod-
els. Corresponding to these objectives, this study comprises three interrelated
substudies: Study 1 focuses on clarifying the connotation and measurement of
human-AlI trust in the workplace and serves as the logical starting point of the
present research; from a dynamic developmental perspective, Study 2 focuses on
examining the nonlinear developmental pathway of human-Al trust under the
coupled influence of space-time contexts, and dialectically analyzes the develop-
mental changes of human-AT trust in the digital-intelligence era, constituting
the focus of this research; from the perspective of human-AI collaboration, Study
3 focuses on the evolutionary process through which human-AT trust stimulates
individual creativity, representing the extension and elevation of this research.
The overall research framework is shown in Figure 1.

3.1 Study 1: The Connotation, Measurement, and Nomological Net-
work of Human-AT Trust

This study intends to explore the specific connotation of human-AI trust and
to develop a measurement scale for human-AI trust in strict accordance with
psychological scale construction procedures. Hinkin (1998) pointed out that,
as a new construct, it is necessary to draw on a nomological network to seek
corresponding construct evidence externally, thereby clarifying the conceptual
characteristics of the new construct. Accordingly, this study will select an-
tecedent and outcome variables that are theoretically highly related to human-
AT trust to construct a nomological network.

Study 2: Temporal Evolution Mechanism of Human-ATI Trust
e Trust Cues

— Preset cues
— AT cues

%
e Tool Trust
e Value Trust
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e Tool Trust / Value Trust

Study 1: The Connotation, Measurement, and Logical Relationship
Network of Human-AT Trust

o AI Characteristics

3
¢ Human-AIT Trust
— Tool trust
— Value trust
1

¢ AI Role Positioning

Study 3: The Evolution from Human-AI Trust to Creativity—From
the Perspective of Human-AT Collaboration

¢ Algorithmic Management

1l

¢ Human-AI Collaboration

— Divisional collaboration
— Symbiotic collaboration

%
e Creativity

— Incremental creativity
— Breakthrough creativity

e Mindset
(Fized vs. growth)

Figure 1. Overall Research Framework

3.1.1 The Connotation and Measurement of Human-AI Trust

Human-AT trust is a topic of shared concern across multiple disciplines. Social
psychology and organizational behavior, as well as information management
and human factors engineering, have all defined it. Among these definitions, so-
cial psychologist Mayer et al. (1995) proposed a widely cited definition of trust:
trust is a positive psychological state in which an individual, based on positive
expectations of another party, voluntarily exposes their own vulnerability and
is willing to bear the risk of being harmed by that party. Although Mayer et al.’
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s (1995) definition of trust originated in research on interpersonal relationships,
this definition is not limited to human-human interaction (Glikson & Woolley,
2020; Wang et al., 2016) and can be extended to trust relationships between hu-
mans and technology. At present, a large portion of research on human-AT trust
has been extended or transformed from the field of interpersonal trust research
(Qi Yue et al., 2024; Lalot & Bertram, 2025). Mayer et al.” s (1995) definition
is highly similar to another definition that is frequently cited in the field of
trust in automation, namely Lee and See’ s (2004) definition of human-AT trust:
an attitude whereby an individual, under conditions of known uncertainty and
vulnerability, believes that an agent can help the individual achieve their goals.
In addition, although definitions of human-AI trust in other disciplines include
some different assumptions, such as human social embeddedness, conceptualiz-
ing trust as the tendency to take meaningful risks when one believes there is
a relatively high likelihood of positive outcomes is a general consensus across
disciplines (Hoff & Bashir, 2015). Therefore, this study follows the concept of
Mayer et al. (1995) and defines human-Al trust as: a psychological state in
which an individual, based on positive expectations of AI, voluntarily exposes
vulnerability and bears the risk of being harmed by Al

There is broad consensus on the definition of human-AT trust, but in empirical
research, the measurement dimensions of human-AI trust differ, mainly taking
two forms. One is unidimensional measurement; commonly used scales include
the 4-item scale of Choung et al. (2023) and the 11-item scale of Chowdhury et
al. (2022). The other is multidimensional measurement; the common approach
is to distinguish cognitive trust from affective trust in human-AT trust (Glikson
& Woolley, 2020; Komiak & Benbasat, 2006). This distinction originates from
McAllister’ s (1995) distinction between affect and cognition in interpersonal
trust and was introduced into research on human-Al trust by Komiak and
Benbasat (2006). Cognitive trust refers to an individual’ s rational evaluation of
AT believing that AT is useful; affective trust refers to an individual’ s emotional
response to Al and is irrational to a certain extent.

At present, both paradigms for measuring human-AI trust have certain limita-
tions. First, unidimensional measures of human-AlI trust in fact focus on trust
at the cognitive level; for example, the 4-item scale of Choung et al. (2023) fo-
cuses on Al capability and data security. Second, within the two-dimensional
approach, the content measured at the cognitive level is inconsistent. Existing
scales of cognitive trust mainly measure whether Al is trustworthy. Drawing
on research on interpersonal trust, existing studies generally hold that AI trust-
worthiness has three dimensions: ability, integrity, and benevolence. However,
existing studies differ on whether cognitive trust needs to include all three di-
mensions. Some studies argue that cognitive trust should focus primarily on
AT ability (Choung et al., 2023; Hu et al., 2021); some hold that it should in-
clude AT ability and Al integrity (Komiak & Benbasat, 2006); some believe it
should include AT integrity and AI benevolence (Moussawi & Benbunan-Fich,
2021); and still others contend that AT ability, AT integrity, and AI benevolence
should all be included (Wang et al., 2016). Third, within the two-dimensional
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approach, measurement at the affective level also varies. Some studies focus
on emotional experiences brought about by Al, such as satisfaction, excitement,
and comfort (Komiak & Benbasat, 2006; Moussawi & Benbunan-Fich, 2021), re-
ferring to this as emotional trust; others emphasize the emotional bond between
the individual and AI, whether AI shows concern for people, and whether the
individual is attached to Al (Wang et al., 2016), referring to this as affective
trust. It can thus be

It can be seen that although many studies use the concept of human-AlT trust,
their measurement methods are far from identical, which poses a major challenge
to effective dialogue across different studies.

There are two reasons for this phenomenon. First, psychology divides human
mentality and experience into two parts: cognition and emotion (Forgas, 2008).
Cognition is undoubtedly the broader of the two concepts; the American Psycho-
logical Association defines cognition as the processes encompassing all conscious
and unconscious aspects such as perception, reasoning, and judgment (American
Psychological Association, 2020). It is reasonable to incorporate any component
of AT capability, integrity, and benevolence into cognitive trust. Second, emo-
tion is usually defined as an internal affective state that includes feelings and
moods (Barsade & Gibson, 2007), yet common measures of emotional trust
more often derive from perceptions of Al motives—believing that it is able to
care about humans—which is essentially also a form of cognition about AI. More-
over, trust generated in any way is usually accompanied by emotional responses
(Lee et al., 2023). Furthermore, in the field of interpersonal trust research, the
classification of trust into cognition and emotion has also long been debated
(Legood et al., 2023; Tomlinson et al., 2020; van Knippenberg, 2018).

In addition, some studies incorporate antecedents or bases of trust—such as an
individual’ s propensity to trust, task characteristics, institutional trust, and
even self-efficacy—into the measurement dimensions of human-AT trust (Chi et
al., 2021; Huang et al., 2022), thereby conflating the basis of trust with the form
of trust.

In sum, this study argues that it is necessary to rearticulate the connotative
dimensions of human-AlI trust and to develop a more scientific scale of human-
AT trust, thereby providing a high-quality measurement tool for subsequent em-
pirical research on the development theory of human-Al trust. Returning to
the definition of human-AlI trust, it emphasizes two core elements of trust. The
first is “trust beliefs,” namely positive expectations of Al, reflecting individuals’
cognition and evaluation of Al and constituting the cognitive foundation and
content of trust. The second is “trust intention,” namely the willingness to ex-
pose oneself to vulnerability, reflecting an individual’ s willingness to assume the
risks of trust, and constituting the psychological tendency and behavioral readi-
ness generated on the basis of belief-based judgments. Existing trust theories
hold that trust beliefs are the direct antecedent of trust intention (proximal pre-
dictor), the primary element among the two elements of trust, and that trust
intention is the implementation preparation for trust beliefs (Conchie et al.,
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2012; Mayer et al., 1995; McKnight et al., 1998; McKnight & Chervany, 2006).
Accordingly, based on differences in the value orientation of individual beliefs,
we divide human-AT trust into instrumental trust and value trust. Specifically,
instrumental trust is the trust generated from individuals’ positive expectations
regarding AT’ s technical functions and task efficacy; from the “is” perspective,
it concerns whether AI can accomplish established goals in a stable, reliable,
and efficient manner. Value trust is the trust generated from individuals’ posi-
tive expectations regarding A’ s adherence to and promotion of human values;
from the “ought” perspective, it concerns whether AI can observe and promote
human moral principles, social norms, and long-term welfare. Classifying trust
according to beliefs can clearly delineate the conceptual boundaries of different
types of trust, avoid conflating the content of trust with the implementation of
trust, and thereby preserve the parsimony and explanatory power of the the-
ory. This classification does not weaken the importance of trust intention; on
the contrary, positioning trust intention as a downstream consequence of trust
beliefs can provide a coherent foundation for future process-oriented research
on trust dynamics (see Ballinger et al., 2025; McKnight & Chervany, 2006; van
der Werff et al., 2019; Weber et al., 2004). Moreover, this research orientation
is consistent with mainstream approaches in the field of interpersonal trust re-
search. Existing interpersonal trust research has widely classified trust on the
basis of different content dimensions of beliefs—for example, the classifications
of ability-based trust, integrity-based trust, and benevolence-based trust (Kim
et al., 2004; Mayer et al., 1995), as well as those based on knowl-

knowledge-based trust and identification-based trust (Lewicki & Bunker, 1996).

Classifying human-AI trust into instrumental trust and value trust has three
advantages. First, the binary classification of instrumental trust and value trust
reflects the dual logic of human acceptance of technology: instrumental trust
addresses the question of “whether it can be used,” whereas value trust answers
the further question of “whether it should be used.” Second, instrumental trust
and value trust are positive states generated by individuals’identification with AT
at the functional and value levels, respectively, thereby avoiding the problems of
overly broad definitions of cognition and emotion and their mutual entanglement.
Third, both instrumental trust and value trust are forms of trust generated
on the basis of beliefs about Al itself; they are different forms of human-Al
trust. This distinguishes them from approaches that conflate antecedents of
human-AI trust—such as individual characteristics (e.g., propensity to trust)
and environmental characteristics (e.g., institutional trust)—with different forms
of human-ATI trust.

A review of the literature shows that individuals’ concern with the functional
efficacy of Al involves two aspects: (1) basic capability, namely AT’ s ability to
achieve a given goal on its own, such as algorithmic accuracy, task reliability,
and resistance to interference; and (2) collaborative capability, namely Al s
capability to collaborate with humans, such as iterative intention understanding,
the expansion of communication bandwidth, and affective co-calibration. Basic
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capability emphasizes the intrinsic stability of AI in achieving goals, ensuring
that “nothing goes wrong” (the technical bottom line) and addressing “whether it
can do it.” Collaborative capability points to the bidirectional adaptive capacity
of AT in collaboration with humans, pursues “being better together” (the upper
bound of experience), and answers “how to do it efficiently.”

Individuals’ concern with the legitimacy of AT’ s ethical values also has two
aspects: (1) the moral baseline, namely AT’ s adherence to basic moral bottom
lines, including honesty, fairness, and resisting prejudice and discrimination;
and (2) moral extension, namely the social responsibilities that AI proactively
assumes, including promoting social inclusion, maintaining intergenerational
fairness, and attending to long-term welfare. The moral baseline emphasizes
defensive bottom-line control ( “not transgressing” ), whereas moral extension
emphasizes constructive value creation ( “proactive goodness” ). Table 1 lists
the dimensions of human-AlT trust and possible measurement items.

Compared with existing mainstream scales (e.g., Chi et al., 2021; Choung et
al., 2023), the human-AT trust scale proposed in this study not only clarifies
the construct hierarchy but also effectively deepens the item dimensions. First,
at the level of the construct hierarchy, this scale takes trust beliefs as its core
and divides human-Al trust into two dimensions—instrumental trust and value
trust. It clearly separates antecedents such as individual differences in trust and
contextual dependence, focuses on measuring individuals’ trust in Al attributes,
and enhances the focus and parsimony of the construct structure. Second, in the
dimension of instrumental trust, existing scales’measurement of Al technological
functions has largely remained at the level of “basic capability,” focusing on AT’
s expertise and reliability. For example, “Al technologies are competent in their
area of expertise”(Choung et al., 2023) and “Al technologies will provide me with
the help I need” (Chi et al., 2021). By contrast, this scale operationalizes “col-
laborative capability” as an independent dimension, systematically depicting AT’
s functions in understanding intentions, dynamically adapting, and improving
capabilities during interaction with humans. The introduction of this dimension
not only enriches the connotation of instrumental trust and captures key infor-
mation about efficient collaboration in AI technological efficacy, but also better
accords with the current trend in which human-Al interaction is increasingly
moving toward deep integration and collaborative development (Tian Jianing
& Luo Jinlian, 2025; Choudhary et al., 2025; Flgener et al., 2026). Third, in
the dimension of value trust, measurements related to the “moral baseline” in
existing scales are mostly presented through vague expressions of “Al integrity,”
such as “Al is honest” (Huang et al., 2022; Komiak & Benbasat, 2006) and “Al
keeps its commitments and delivers on its promises” (Choung et al., 2023). This
scale, however, will &

It is concretized as observable and judgeable ethical bottom lines, including
protecting privacy, avoiding biased and discriminatory content, and refusing to
execute commands that violate ethics. This concrete expression reduces ambigu-
ity in respondents’ understanding and can more precisely measure individuals’
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trust that AI will comply with basic moral norms. Moreover, most existing
scales related to “moral extension” are limited to AI’ s benevolence toward
individual users, for example, “Al would act in my best interest” (Hu et al.,
2021; Moussawi & Benbunan-Fich, 2021), and “AI cares about our well-being”
(Choung et al., 2023; Wang et al., 2016). The present scale breaks through this
limitation by extending moral expectations to broader and longer-term social
and human-level values, including being oriented toward the long-term welfare
of humanity and proactively identifying ethical risks. This reflects higher ex-
pectations for AT’ s social responsibility and positive ethical role (Heyder et
al., 2023). The addition of this dimension enables the scale to capture trust in
major or long-range decisions that transcends immediate individual utility and
concerns the overall interests of humanity, thereby enriching the value connota-
tion of human-AT trust.

Table 1 Example Items of the Human-AI Trust Scale

Construct Dimension Example items

Instrumental trust Basic capability 1. I believe Al is
capable of providing
professional advice.2. I
believe Al is capable of
providing information
and services that
interest me.3. I believe
AT consistently
maintains stable
performance in routine

Collaborative capability 1. I believe Al can
accurately identify and
adapt to my work
habits and preferences.2.
I believe AT will
dynamically adjust work
strategies based on
feedback.3. When
interacting with AI, I
believe Al can
proactively compensate
for my capability
shortcomings.-++
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Construct Dimension Example items

Value trust Moral baseline 1. I believe AT will not
misuse my private
data.2. T believe Al can
effectively avoid
producing biased and
discriminatory
content.3. I believe Al
will refuse to execute
instructions that violate
ethical principles.---

Moral extension 1. I believe the advice
and decisions provided
by Al are oriented
toward the long-term
welfare of humanity.2. 1
believe Al considers
long-term impact
factors such as
environmental
sustainability in
decision-making.3. 1
believe Al will
proactively identify and
remind users of
potential ethical risks.

3.1.2 The Logical Relational Network of Human-AI Trust
(1) Discriminant validity

To clarify the distinctiveness of the human-AT trust construct (including instru-
mental trust and value trust), based on its definition, we selected two constructs
involving individuals’ positive beliefs or attitudes toward Al—namely, Al self-
efficacy and Al appreciation—and compared and distinguished them from the
human-AlI trust construct.

AT self-efficacy refers to the degree of confidence individuals have in their ability
to use and interact with AT (E###Z, 2024; Dong

et al., 2025). Although individuals with a high sense of Al self-efficacy may
be more inclined to interact with AI, thereby developing positive beliefs about
certain aspects of ATl and generating trust (Zhong Dingjing et al., 2025; Montag
et al., 2023), the focal concerns of the two are not the same. AI self-efficacy is
a self-centered belief about one’ s own capability; its focus is on the individual,
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rather than on whether AT itself is trustworthy. By contrast, human-AI trust
is a relational psychological state oriented toward Al as the target object. Its
core lies in whether an individual is willing, on the basis of certain positive
expectations about Al to voluntarily expose their own vulnerability and assume
potential risks. Even if an individual is highly confident that they possess the
ability to use AI, they may still be unwilling to trust Al in critical decision-
making because of concerns about AI' s unreliability or ethical risks.

AT appreciation refers to an attitude in which individuals are willing to accept
the judgment that AI is superior to humans, and are inclined to adopt advice
and services provided by Al rather than by humans (Le Chengyi et al., 2024; Qin
et al., 2025). Although high levels of Al trust may promote a high degree of Al
appreciation (Huynh, in press; Logg et al., 2019), the frameworks by which the
two are established are not the same. Al appreciation emphasizes a relatively
preferential attitudinal tendency: that is, within an “Al-human” comparative
framework, individuals are more willing to choose Al; whereas human-AlI trust
is the individual’ s pure judgment and attitude toward AI. In other words,
an individual may trust both AI and humans at the tool or value level, but
AT appreciation reflects that the individual is more willing to choose Al. For
example, in human-ATl teams, individuals who trust ATl may cooperate with both
AT and human colleagues (Erengin et al., in press; Ulfert et al., 2024), whereas
individuals who appreciate AI will be more willing to choose to cooperate with
AT (Logg et al., 2019). Therefore, this study proposes:

Proposition 1-1: The construct of human-AT trust (tool trust and value trust)
differs from Al self-efficacy and Al appreciation.

(2) Logical relationship network

To verify the differences and connections between the two constructs of tool
trust and value trust, based on the definitions of the constructs themselves, we
selected different antecedent and outcome variables for tool trust and value trust
in the logical relationship network, as well as the same antecedent and outcome
variables, in order to test the validity of the constructs (see Figure 2).

flowchart LR
U[Usefulness] --> TT[Tool trust]
TP[Trust propensity] --> TT
VA[Value alignment] --> VT[Value trust]
P -—> VT

TT --> Tool[Viewing AI as a tool]

TT --> Freq[AI use frequency]

VT --> Freq

VT --> Teammate[Viewing AI as a teammate]

ASE[AI self-efficacy] -.-> Tool
ASE -.-> Freq
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APP[AI appreciation] -.-> Tool
APP -.-> Freq

APP -.-> Teammate

Figure 2. Schematic diagram of the logical relationship network of
human-AT trust

Human-AT trust is, in essence, a psychological state based on positive expecta-
tions. Its formation depends on cues concerning Al attributes and on individ-
uals’ subjective judgments of these cues (Glikson & Woolley, 2020; Vanneste
& Puranam, 2025; Wirz et al., 2025). In technological contexts, individuals’
judgments about whether a technology is trustworthy usually first originate
from their evaluations of the technology’ s functionality and task performance
(Afroogh et al., 2024; Davis & Granié¢, 2024; King & He, 2006). AI usefulness
as

as one of the most intuitive and core functional cues, reflecting the extent to
which individuals perceive that using Al can improve performance (Childers et
al., 2001; Davis, 1989).

According to the definition of instrumental trust, instrumental trust is a psy-
chological state in which individuals, based on positive expectations regarding
the technical functions and task efficacy of AI, voluntarily expose themselves
to vulnerability and accept the risk of possible harm from Al Its core lies in
judging whether AI can stably, reliably, and efficiently accomplish preset goals,
embodying a rational judgment oriented toward “what is.” When individuals
perceive Al as highly useful, this means that they expect Al to effectively im-
prove the efficiency and quality of task execution (Huang et al., 2022; Topsakal,
2025). The positive emotions and favorable evaluations elicited by such pos-
itive performance expectations reduce individuals’ perceptions of uncertainty
and risk regarding AT (Kim et al., 2021; Magni et al., 2023). At this point, even
if individuals recognize that the use of Al entails potential risks (e.g., Al may
make errors), they still tend to use Al in task execution (Huang et al., 2022;
Singh & Sinha, 2020) and to trust its judgments and outputs, thereby forming
instrumental trust. Existing research on technology acceptance and automation
trust also indicates that system performance and usefulness are important pre-
conditions for individuals to establish trust (Lee & See, 2004; Hoff & Bashir,
2015).

Furthermore, trust, as a combination of beliefs and intentions, influences indi-
viduals’ cognition of human-AI relationships (Erengin et al., in press; Park &
Yoon, 2024). Individuals’ role cognition of AI in human-AI relationships has
two orientations: one is to view Al as a tool used to assist humans in completing
tasks; the other is to view Al as a teammate that collaborates with humans to
complete tasks (Einola & Khoreva, 2023; Qi et al., 2025; Sedlakova & Trachsel,
2023). Positioning AI as a tool or teammate is a cognitive representation of
individuals’ human-AlI relationships, reflecting the psychological positioning of
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AT s role attributes in human-AT interaction (Anthony et al., 2023; Kim et al.,
2021; Xu & Li, 2022). When individuals’ trust in AT is mainly anchored in its
instrumental efficacy, this trust model shapes a one-way, utilitarian interaction
script (Ding Shushu et al., 2024). In this script, the value of Al is defined by the
functional outcomes it produces. The relationship between individuals and Al
is analogous to the relationship between a person and an instrument or a piece
of software (Li Kai, Hu Fangzhou, 2025; Kim et al., 2021). The primary pur-
pose of human-AT interaction is to obtain expected outputs through inputting
commands. The core features of this relational cognition are depersonalization
and goal detachment (Anthony et al., 2023). Individuals do not expect to es-
tablish empathy or value consensus with Al; instead, they focus on whether AT
s responses to input are accurate and whether it can achieve the goals set by
the individual. In other words, instrumental trust prompts individuals to be
more inclined to place Al within the category of “object” rather than “subject,”
and to view Al in human-AT relationships as a tool for achieving preset goals
rather than as a social actor with independent value claims. Therefore, this
study proposes:

Proposition 1-2: AI usefulness enhances instrumental trust, thereby leading
individuals to view Al as a tool in human-AT relationships.

Unlike instrumental trust, which focuses on the functional attributes of Al, value
trust emphasizes individuals’ positive expectations regarding whether Al abides
by and promotes human values, embodying a normative judgment oriented to-
ward “what ought to be.” In human-Al interaction contexts, individuals’ eval-
uations of AT are no longer limited to whether it can complete tasks efficiently;
rather, they pay greater attention to whether AI does the right thing—that is,
whether its decisions and behaviors follow human moral principles, social norms,
and long-term welfare orientations.

Value alignment, as the core embodiment of AT’ s ethical attributes, refers to
the extent to which AI can act in accordance with human goals and values
(Saffarizadeh et al., 2024). When individuals perceive that Al aligns with human
values in its decisions and behaviors, they are more likely to believe that AT will
not engage in behaviors that violate human morality or social norms (McKee et
al., 2023;

Omrani et al., 2022), thereby forming value trust in AL

Furthermore, value trust shapes how individuals regard Al as an acting subject.
Research in moral psychology indicates that when individuals believe that an
object observes and respects core moral values, they include it within their
own moral community—that is, they develop moral inclusion (moral inclusion;
Passini, 2016; Passini & Morselli, 2017). Moral inclusion means that individuals
believe the object should be treated according to the same moral values and rules
of justice as humans, and is therefore viewed as an actor with a certain moral
status. Value trust indicates that Al is not merely a technological object, but
an acting subject capable of understanding, respecting, and practicing human
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rules (Bonnefon et al., 2024; Ladak et al., 2024). In other words, value trust
encourages individuals, at the moral level, to regard Al as an actor relatively
equal to humans, rather than simply as a tool or means. This perception of
equality helps individuals weaken the distinction between “master-subordinate”
or “human-object”in human-AlI relations, and instead makes them more inclined
to regard Al as a work partner or teammate with whom they can collaborate
and share goals. Viewing Al as a teammate means cognitively acknowledging
it as a collaborator with intentionality, agency, and some form of subjectivity.
The basic characteristics of teammate relationships are relative equality, shared
goals, mutual dependence, and coordinated adjustment (Ding Shukan et al.,
2024; Anthony et al., 2023; Seeber et al., 2020). Moral inclusion based on
value trust makes individuals more willing to believe that AT’ s intentions are
benevolent and that, in unpredictable and complex situations, its behavior will
still follow moral principles and social norms. This greatly reduces ethical risks
in collaboration, prompting individuals no longer merely to issue commands to
AT but to begin sharing situational information with it, negotiating task goals,
jointly assuming responsibility, and sharing blame when problems arise. Al thus
transforms from a passive, value-neutral execution terminal into a partner that
can actively contribute, is worthy of trust, and can co-create value with the
individual. Therefore, this study proposes:

Proposition 1-3: Al value alignment enhances value trust, thereby prompting
individuals to regard Al as a teammate in human-AlI relationships.

In addition to the attributes of the trust object itself, individual characteris-
tics are also an important source in the formation of trust. Trust propensity
reflects an individual’ s general tendency to hold trust when interacting with
others or unfamiliar entities, and is regarded as a foundational antecedent of
multiple types of trust relationships (Cabiddu et al., 2022; Kraus et al., 2020;
Mayer et al., 1995). Trust propensity functions like a filter, influencing the speed
and degree to which individuals form initial trust in new objects under condi-
tions of incomplete information (Gefen, 2000; van der Werfl & Buckley, 2017).
In human-AI interaction contexts, trust propensity simultaneously strengthens
individuals’ instrumental trust and value trust in AlI, thereby increasing the
frequency of Al use.

First, along the instrumental-trust pathway, individuals with high trust propen-
sity hold a more optimistic prior attitude toward AI’ s techmical functions
(Cabiddu et al., 2022; Montag et al., 2023). When faced with emerging Al,
they tend by default to assume that AI can operate effectively as designed or
advertised, unless strong counterevidence emerges. This tendency reduces their
need to verify AT’ s functions in detail before using it. Therefore, individuals
with high trust propensity can more quickly form positive expectations of AT’ s
usefulness, thereby accelerating the establishment of instrumental trust.

Second, along the value-trust pathway, high trust propensity is manifested as
a basic belief in AT s benevolence (Chi et al., 2021; Lalot & Bertram, 2025).
When facing Al high trust propensity makes individuals more willing to believe
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in the ethical intentions of Al designers and developers, and to assume that AT’
s underlying logic and decision-making rules conform to social ethical standards.
They are more willing to accept ethical commitments concerning AT (such as
privacy statements and fairness reports), which leads them, when encountering
Al to perceive lower ethical risks and moral threats, and thus to establish value
trust more easily.

Furthermore, instrumental trust addresses individuals’pragmatic concerns about
Al High instrumental trust means that individuals believe using Al can improve
efficiency and performance, thereby increasing AI use behavior (Wu Jun et al.,
2024; Kim et al., 2021). Value trust, by contrast, addresses individuals’ concerns
about the ethical value of AI. High value trust means that individuals do not
have to weigh the pursuit of efficiency against adherence to ethics; using Al will
not induce moral discomfort or concerns about social image (Heyder et al., 2023).
In other words, when individuals simultaneously or separately develop relatively
high levels of instrumental trust and value trust, their perceived uncertainty and
risk when facing AI decrease, making them more willing to use Al frequently.
Therefore, this study proposes:

Proposition 1-4: Individuals’ trust propensity increases (a) instrumental trust
and (b) value trust, thereby increasing the frequency with which individuals use
AL

(3) Incremental validity

On the basis of verifying that instrumental trust and value trust are not con-
ceptually redundant with similar constructs (i.e., Al self-efficacy and AI appre-
ciation) and are related to human-AI relationships and frequency of Al use, we
further propose that instrumental trust and value trust can explain unique vari-
ance in human-AIl relationships and frequency of AI use beyond these similar
constructs. As noted above, these similar constructs do not specifically focus on
a relational, purely psychological state whose referent object is Al. Therefore,
we predict that, compared with similar constructs, instrumental trust and value
trust can further predict individuals’ human-AlI relationships and frequency of
AT use on top of them.

Proposition 1-5: After controlling for AT self-efficacy and AI appreciation,
(a) instrumental trust and (b) value trust can not only still significantly and
positively predict frequency of Al use, but can also respectively significantly
and positively predict the human-AI relationship of viewing AI as a tool and
viewing Al as a teammate.

3.2 Study 2: The Temporal Evolution Mechanism of Hu-
man-Al Trust

In the field of interpersonal trust research, many scholars have proposed theo-
retical models of trust development (Lewicki et al., 2006; McEvily, 2011; McK-
night et al., 1998; Rousseau et al., 1998), emphasizing that the development of

chinarxiv.org/items/chinaxiv-202605.00201 Machine Translation


https://chinarxiv.org/items/chinaxiv-202605.00201

ChinaRxiv [$X]

trust changes as the types and modes of information processing change (Jones
& Shah, 2016; van der Werff & Buckley, 2017). Drawing on theories of in-
terpersonal trust development, this study will analyze the temporal evolution
mechanism of human-AI trust from an information-processing perspective: (1)
the general characteristics of the temporal evolution of human-AI trust: as time
passes, what are the evolutionary trajectories of instrumental trust and value
trust? How does the human-AT trust structure composed of instrumental trust
and value trust evolve over time? (2) the time-varying effects of types of trust
cues on the construction of human-Al trust: how does the relative importance
of different types of trust cues in the process of constructing human-AI trust
evolve over time?

3.2.1 Temporal Evolution Characteristics of Human-AI Trust

The establishment of instrumental trust is grounded in the technical function-
ality of Al and is directly influenced by individual cognition. As an intelligent
technology capable of performing cognitive functions related to human thought,
AT produces outputs characterized by timeliness and intuitiveness (Bucinca et
al., 2021). For example, when users employ autonomous driving technology,
they can observe in real time, through the in-vehicle screen, the system’ s
recognition results for pedestrians and vehicles, and can simultaneously receive
voice prompts for obstacle avoidance during emergency lane changes. The func-
tional experience of intuitiveness and timeliness enables instrumental trust to
be rapidly established at the beginning of human-AI interaction. As human-
AT interaction increases, individuals’ exploration of AI functions gradually ex-
tends from surface-level operations to deeper logic. Taking generative Al as an
example, employees initially use ChatGPT for simple question-and-answer infor-
mation collection; as frequency of use increases, individuals gradually uncover
its complex functions, using ChatGPT for document production, code

code writing, trend forecasting, and other complex tasks (You Junzhe, 2023).
The increase in tool trust is accompanied by the continual exploration, excava-
tion, and use of Al functions. However, technical efficacy has objective upper
limits (Townsend et al., 2025). For example, algorithmic accuracy cannot break
through 100% (Shen Chang, 2024). When individuals perceive that the tech-
nology has reached its capability threshold, the growth of tool trust tends to
stagnate, entering a stable period and forming a “ceiling effect” (see Figure 3a).
Research by Manchon et al. (2022) shows that autonomous-driving users’ trust
in a system’ s obstacle-avoidance capability rises rapidly during the initial stage
of use, but after a period of use the level of trust tends to stabilize. Based on
this, this study proposes:

Proposition 2-1: The evolution of tool trust exhibits a “ceiling effect,” and
its evolutionary trajectory is an inverted L-shaped curve. That is, individuals’
tool trust in Al increases over time in the early stage; after reaching a certain
threshold, it remains in a relatively stable state in the later stage and does not
change with the passage of time.
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The formation of value trust is rooted in individuals’ process of cognitive inter-
nalization of Al ethical principles. Unlike the direct observability of technical
functions, AT ethical principles are usually embedded in algorithmic black boxes
in the form of implicit rules (Kong Xiangwei et al., 2022; Yue & Li, 2023), result-
ing in a double unobservability in their moral decision-making logic: first, the
lack of transparency at the technical level, such as the uninterpretable parame-
ters of deep learning models; and second, the temporal lag in ethical verification.
Taking a human-resource scenario as an example, the technical efficacy of Al-
based résumé screening can be verified through performance indicators such as
hiring rates, but people cannot directly judge whether Al exhibits discrimina-
tion in résumé screening, such as implicit bias against female job applicants;
this requires recognition and verification through multiple rounds of interaction
(Budhwar et al., 2022). In addition, individuals’ judgments of ethical principles
are often characterized by prudence. Only when AI demonstrates a stable value
orientation across continuous ethical scenarios are individuals willing to confirm
the credibility of AT" s values (Wang Chen et al., 2024; Telkamp & Anderson,
2022). For example, if an autonomous vehicle chooses a braking strategy that
protects pedestrians in a single pedestrian-crossing scenario, individuals may
attribute it to chance or coincidence; but if the autonomous vehicle consistently
adopts a conservative braking strategy across multiple pedestrian-crossing sce-
narios, individuals will confirm that its values are trustworthy. It can be seen
that individuals’ cognition of AI ethics must undergo an iterative verification
cycle: through systematic performance in continuous moral scenarios, they grad-
ually construct a cognitive schema of value trust. Therefore, the establishment
of value trust involves a “threshold effect” : in the early stage, individuals’
value trust in AI does not change over time; after reaching a certain thresh-
old, it gradually increases over time (see Figure 3b). Based on this, this study
proposes:

Proposition 2-2: The evolution of value trust exhibits a “threshold effect,”
and its evolutionary trajectory is a J-shaped curve. That is, individuals’ value
trust in Al remains in a relatively stable state in the early stage and does not
change with the passage of time; after reaching a certain threshold, it increases
over time in the later stage.

Although tool trust and value trust are mutually independent in psychological
mechanisms and evolutionary paths, the two jointly constitute individuals’ over-
all trust system toward Al. Therefore, understanding the temporal evolutionary
characteristics of human-machine trust requires not only examining the respec-
tive trends of change in the two types of trust, but also attending to how their
relative importance is dynamically adjusted over time. This paper uses changes
in the ratio between tool trust and value trust to reflect changes in the relative
importance of the trust structure.

As time develops, the ratio between tool trust and value trust will show stage-
based differences. In the initial stage of human-machine relations, individuals’
needs for Al are concentrated mainly on functional realization. Timely and
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observable feedback on AT’ s technical efficacy can rapidly reduce uncertainty
and promote the rapid formation of tool trust. By contrast, value trust depends
on the accumulation of ethical situations and the verification of cross-situational
consistency. At this point, individuals still find it difficult to judge whether Al
can comply with and promote human value norms. Therefore,

In the initial trust system, value trust has not yet emerged because of the tempo-
ral lag in ethical validation, whereas instrumental trust continues to accumulate
and occupies a dominant position. This forms a “technology-first” trust struc-
ture, manifested as a continuous rise in the ratio of instrumental trust to value
trust.

(a) Instrumental trust —Time
(b) Value trust —Time
(¢) Instrumental trust / Value trust —Time

Figure 3. Schematic diagram of the temporal evolutionary trajecto-
ries of human-machine trust

Thereafter, as human-machine interaction increases, individuals’ functional un-
derstanding of AI gradually deepens and stabilizes, and instrumental trust en-
ters a relatively moderate stage of development—that is, a stage of diminishing
marginal growth. At this stage, although the absolute level of instrumental trust
may continue to rise, its growth rate slows markedly and may even tend toward
stagnation. At this point, individuals’ attention begins to shift toward value
alignment that has not yet been satisfied. For example, users of autonomous
driving are no longer satisfied merely with obstacle-avoidance success rates, but
instead require the system to prioritize protecting pedestrians in moral dilem-
mas (Telkamp & Anderson, 2022). In this process, the threshold effect of value
trust begins to appear. After the accumulation of earlier ethical scenarios, indi-
viduals gradually confirm the ethical stability of Al, and value trust enters an
upward trajectory.

Therefore, as value trust increases, the growth of instrumental trust slows down
or even remains stable, and the ratio of instrumental trust to value trust begins
to decline.

Ultimately, as individuals’ understanding of AI functions and values tends to sta-
bilize, the complementary characteristics of instrumental trust and value trust
in evolutionary sequence and psychological mechanism gradually become salient.
The ratio between the two remains stable, forming a composite trust structure of
“technological reliability—ethical trustworthiness.” For example, in autonomous-
driving contexts, users require the system to possess stable obstacle-avoidance
capabilities, while also expecting it to embody clear ethical priorities in situa-
tions such as the “trolley problem” ; in medical Al scenarios, individuals attend
not only to diagnostic accuracy but also place great importance on long-term
data privacy protection (Xu Wei et al., 2024).
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Overall, the dynamic change in the ratio between instrumental trust and value
trust essentially reflects a shift in individuals’ cognitive focus from “verification
of technological usability” to “confirmation of value consistency.” This process
is simultaneously influenced by the technological ceiling and the threshold of
ethical verification, thereby driving the trust structure from dominance by a
single dimension toward multidimensional dynamic equilibrium (see Figure 3c).
Based on this, this study proposes:

Proposition 2-3: As time progresses, the ratio of instrumental trust to value
trust follows an inverted U-shaped curve that first increases and then decreases,
and tends to stabilize after reaching a certain threshold.

3.2.2 Time-Varying Effects of Trust Cues on the Construction of Hu-
man-Machine Trust

After an overall exploration of the general pattern of the temporal evolution of
human-machine trust, another core issue in the study of trust dynamics emerges:
in the process of trust development, the time-varying effects of different trust
cues (antecedents) on the construction of human-machine trust—that is, the
relative importance of different trust cues across the various stages of the evolu-
tion of human-machine trust. Exploring this issue not only helps to reveal the
evolutionary process of human-machine trust in a detailed and comprehensive
manner, but also responds to recent calls by scholars for research on the tempo-
ral scope of the effects of trust cues (Tian Jiayu & Luo Jinlian, 2025; Dang &
Li, 2026; Wirz et al., 2025).

In the field of interpersonal trust research, many scholars have proposed theo-
retical models of trust development (e.g., Lewicki et al., 2006; McEvily, 2011;
McKnight et al., 1998; Rousseau et al., 1998; van der Werfl et al., 2019). These
models commonly point to a core view: the types of information used to form
trust judgments and the ways in which such information is processed change as
trust develops (Jones & Shah, 2016; van der Werff & Buckley, 2017). Specif-
ically, early trust formation is described as a judgment process dominated by
heuristic processing (Levin et al., 2006; van der Werfl et al., 2019; Williams,
2001). Individuals mainly form initial trust judgments on the basis of macro-
level cues such as subjective preferences, social categories, or situational labels.
However, as time develops, trust judgments gradually shift from heuristic pro-
cessing to analytic processing (Levin & Cross, 2004; Lewicki & Bunker, 1996;
McEvily, 2011). At this point, individuals are able to directly observe and
evaluate the trustee through repeated interactions, thereby making relatively
rational trust decisions.

Drawing on the logic of the dynamic development of interpersonal trust, in
human-machine trust, during the initial stage of interaction individuals find
it difficult to directly obtain information about Al, and their trust judgments
are more likely to rely on heuristic processing triggered by macro-level environ-
mental cues or individuals’ preexisting tendencies. As interactive experience
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accumulates, individuals gradually obtain direct feedback on the performance
and behavioral manifestations of Al systems; at this point, trust judgments are
based more on analytic processing of the specific attributes of Al. Based on
the above analysis of the current state of domestic and international research,
existing studies have identified, at different levels, multiple trust cues that in-
fluence the construction of human-machine trust, including national culture at
the macro level (Chi et al., 2023), organizational reputation (Hengstler et al.,
2016), and individual trust propensity at the micro level (Riedl, 2022) and Al

attribute characteristics (such as transparency and reliability; Cabiddu et al.,
2022; Schaefer et al., 2016), among others. Because this paper focuses on the
evolution of individuals’ trust in Al at work within organizational contexts, the
analysis of trust cues in this study concentrates on the organizational and in-
dividual levels. Drawing on the concept of “presumptive trust” proposed by
Kramer and Lewicki (2010)—individuals’ overall expectations of all members
within their environment—this study divides trust cues into presumptive cues
and Al cues. Presumptive cues refer to information from the organizational en-
vironment (including institutional trust and organizational identification) and
individuals’ propensity to trust. Such cues are relatively stable and exist prior
to specific human-AT interactions. By contrast, Al cues refer to AT’ s attribute
characteristics, including transparency and reliability; these cues must be grad-
ually acquired by individuals during the process of human-AI interaction.

According to the principle of bounded rationality, in the process of trust con-
struction, although individuals may strive to acquire various trust cues, they
may be unable to obtain all information simultaneously, much less process all
information at the same time (Bijlsma & Koopman, 2003; Simon, 1955). In
practice, constrained by time and energy, individuals are more likely to choose
to attend to a limited number of cues during a given period. In the early stage of
trust construction, individuals have relatively little interaction with AI, and thus
fewer opportunities to obtain direct cues about AI. At this point, individuals
are more likely to engage in preliminary trust construction through presumptive
cues—that is, by obtaining indirect information from the macro environment, or
on the basis of personal preferences in their propensity to trust.

Institutional trust is an individual s trust in the effectiveness of an organization’
s formal or informal rules and systems, together with the belief that people and
affairs within the organization operate under the effective constraints of institu-
tional norms (Liao, 2008; Mollering, 2006). Organizational identification refers
to the degree to which individuals perceive consistency with their organization
in terms of behavior, values, and related aspects (Dutton et al., 1994). Institu-
tional trust reflects an individual’ s recognition of the organization’s rule system,
helping the individual view Al as a controllable entity under institutional con-
straints; organizational identification reflects an individual’ s recognition of their
fit with the organization, helping the individual extend emotional attachment
to the organization to recognition of the AI promoted by that organization.
Propensity to trust is an individual’ s general willingness to trust others; in

chinarxiv.org/items/chinaxiv-202605.00201 Machine Translation


https://chinarxiv.org/items/chinaxiv-202605.00201

ChinaRxiv [$X]

ambiguous situations, it can serve as a positive “filter” that influences how in-
dividuals interpret the external world and provides them with the capacity for
a “leap of faith” in trusting others (Baer et al., 2018; Grant & Sumanth, 2009).

The advantage of relying on presumptive cues lies in the fact that, by freeing
cognitive resources (Mayer & Gavin, 2005), individuals can begin cooperating
with AI as quickly as possible. In essence, presumptive cues shape individu-
als’ initial cognitive schemas of AI and guide their initial interactions with Al
through heuristic information-processing modes, thereby facilitating the rapid
establishment of the relationship.

As time passes and individuals’ interactions with Al increase, they are able to
accumulate more direct cues about the transparency and reliability of Al in
operation. At this point, individuals can rely more on verifiable information
obtained through interactional experience for analysis and processing. When
individuals obtain verifiable information through direct interactional experience,
the initial trust stage comes to an end (Gao Zaifeng et al., 2021; McEvily, 2011).
Therefore, presumptive cues exert the primary influence in the early stage of
trust construction, but over time, the influence of Al cues gradually comes to
occupy a dominant position. Based on the above analysis, this study proposes:

Proposition 2-4: Presumptive cues (institutional trust, organizational iden-
tification, and propensity to trust) have a positive effect on early-stage instru-
mental trust and value trust; over time, this effect will gradually diminish in
later stages.

Proposition 2-5: Al cues (transparency and reliability) have a relatively small
positive effect on early-stage instrumental trust and value trust; over time, this
effect will gradually increase in later stages.

To capture the dynamics of the temporal evolution of human-AT trust described
above and delineate its potential nonlinear developmental trajectory, this

Some studies are designed methodologically to adopt a multi-wave longitudinal
research design. Specifically, through multi-stage data collection, this study will
employ the univariate latent growth model and the augmented latent growth
model, respectively, to estimate the overall developmental trajectories of tool
trust and value trust over time, and further examine the time-varying effects of
different trust cues on the construction of human-Al trust. The advantage of
using latent growth models is that they can not only characterize the average
growth trend of variables over time, but also identify nonlinear features, changes
in trajectory speed, and potential inflection points in the developmental process
through changes in growth slopes, thereby providing statistical support for the
temporal evolution of human-AI trust (Duncan et al., 2013; van der Werff &
Buckley, 2017). In terms of implementation, this study plans to take the for-
mal deployment of a newly introduced Al software system in a company as the
starting point, and to conduct a four-month, nine-wave longitudinal survey of its
employees, with measurements administered every two weeks. Existing research
indicates that the development of human-AT relationships from an initially un-
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familiar stage to a relatively stable stage generally requires approximately 2-
3 months of continuous interaction (Croes & Antheunis, 2021; Skjuve et al.,
2022; Xu & Li, 2022). A four-month tracking period can provide individuals
with rich accumulated interaction experience, offering sufficient space for the
formation and development of human-AI trust. In addition, according to the
recommendation of Ployhart and Vandenberg (2010), robust estimation of non-
linear growth trajectories typically requires at least four or more measurement
time points. The nine-wave longitudinal design adopted in this study not only
meets the statistical requirements for nonlinear growth modeling, but also helps
to more finely depict the evolutionary patterns of human-AlT trust across differ-
ent interaction stages and its potential stage-specific characteristics.

3.3 Study 3: The Evolution from Human-AI Trust to Creativity—A
Human-ATI Collaboration Perspective

Study 2 reveals, from an information-processing perspective, the differentiated
temporal-evolution mechanisms of tool trust and value trust during continuous
interaction, answering the question of how human-AI trust develops dynami-
cally over time. However, merely depicting the temporal-evolution trajectory
of human-AlI trust is still insufficient to explain a more critical theoretical and
practical question: after individuals form differently structured trust in AI, how
does this trust structure further shape the way they collaborate with AI, and
ultimately influence their capability performance? In fact, trust is not the end-
point of human-AT interaction, but an important precondition that determines
whether, and how, humans incorporate Al into their own cognitive and behav-
ioral systems. Trust not only affects whether individuals use and rely on Al
but also profoundly influences how they define the division of labor boundaries
and depth of interaction between humans and machines.

Therefore, this study further shifts the analytic focus from how trust forms and
evolves to how trust structures are transformed into specific human-AI collabo-
ration patterns and their consequences. By introducing human-AT collaboration
mode as a key mechanism, it aims to reveal how different trust structures shape
human-AlI collaboration patterns and individual creative performance in work
contexts, and to systematically answer how, in the era of digital intelligence,
human-AI trust shapes individuals’ core advantages. In doing so, it realizes
a contextual expansion and an outcome-level extension of the trust dynamics
mechanism revealed in Study 2. At the same time, unlike Study 1, which focuses
on the influence of trust structure on role cognition in human-AI relationships,
this study examines how trust structure affects human-AI collaborative behav-
ioral patterns, thereby extending the cognitive-level exploration of Study 1 to
the behavioral level. Specifically, this study will focus on analyzing the following
two questions: How do tool trust and value trust influence individual creativity?
Furthermore, how do individuals’ ways of thinking and organizations’ manage-
ment approaches affect the above process? The theoretical model of Study 3 is
shown in Figure 4.
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Figure 4. Schematic model of the effects of human-AI trust on cre-
ativity

e Algorithmic management
e Human-AI trust
— Tool trust — Segmented collaboration — Incremental creativity
— Value trust — Symbiotic collaboration — Breakthrough creativ-
ity
e Mindset (fized vs. growth)
e Human-AI collaboration
— Segmented collaboration
— Symbiotic collaboration
¢ Creativity
— Incremental creativity
— Breakthrough creativity

3.3.1 Mechanisms Through Which Human-AI Trust Influences Indi-
vidual Creativity

Human-AT collaboration refers to the sustained interaction and coordinated
behavior formed between humans and Al in the process of achieving shared
goals (Sowa et al., 2021). Unlike studies that emphasize how AI participates
at a single decision node, such as sequential decision-making and joint decision-
making, this study defines human-AI collaboration as a collaborative behav-
ioral structure characterized by continuous interaction throughout the entire
task process, focusing on the division of labor boundaries and the degree of
interactive coupling between humans and Al during task execution. Based on
the mode of division of labor and the level of interactive integration in collab-
oration, human-AI collaboration can be divided into segmented collaboration
and symbiotic collaboration (Hentout et al., 2019; Shrestha et al., 2019; Wang
et al., 2019). Segmented collaboration refers to humans and AI undertaking
relatively independent submodules with clear boundaries in the task process,
completing the overall task through serial or staged linkage. Its core features
are a clear functional division of labor, stable responsibility boundaries, and in-
formation exchange dominated by the transmission of results. For example, in
customer-service scenarios, standardized and rule-based questions are handled
by intelligent customer-service systems, while complex or highly contextualized
questions are completed through follow-up by human customer-service agents.
This type of collaboration emphasizes modular decomposition and sequential
integration (Jia et al., 2024). Symbiotic collaboration, by contrast, refers to
humans and AI maintaining continuous participation at all stages of a task
and realizing task co-creation through shared information resources, dynamic
feedback, and iterative adjustment. Its core features are a high level of inter-
active coupling, dynamic negotiation of responsibility boundaries, and parallel
integration. For example, in financial investment decision-making, investment
advisors and Al systems continuously share market data and analytical models,
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and jointly formulate and optimize investment strategies through repeated feed-
back and revision. This type of collaboration reflects structural characteristics
of high integration and flexible symbiosis (T#&%, 2024; Burridge, 2017). It
should be noted that the segmented/symbiotic collaboration in this study dif-
fers from the conceptual demarcation in Study 1 between viewing Al as a tool
and viewing Al as a teammate; the two have different focal points. Viewing
AT as a tool/teammate is a cognitive relational representation, focusing on the
individual’ s psychological positioning of AT’ s role attributes (Anthony et al.,
2023; Kim et al., 2021; Xu & Li, 2022); segmented /symbiotic collaboration is a
behavioral collaborative structure, focusing on the division-of-labor pattern and
degree of interactive coupling actually manifested in task execution between hu-
mans and Al (FFE, 48, EIRIS; Inga et al., 2023; Wang et al., 2019). In other
words, the former answers “how individuals view Al,” whereas the latter answers
“how individuals collaborate with AI” ; the two are respectively located at the
cognitive level and the behavioral level and are distinct from one another.

Tool trust indicates that individuals believe Al possesses stable and verifiable
technical advantages in a specific domain or task module. This type of trust
focuses on capability boundaries and functional reliability. When individuals
develop a relatively high level of tool trust, they are more likely to rely on the
capabilities of both parties—

rationally divide labor according to differences in capabilities, assigning struc-
tured, rule-based, and computation-intensive subtasks to AI, while retaining
for themselves those parts that require contextual judgment, complex integra-
tion, or value trade-offs (Gao Jinping & Li Yiqi, 2024; Freisinger & Schneider,
2025; Song & Lin, 2024). In other words, tool trust strengthens individuals’
clear awareness of the boundaries of human-Al capabilities and prompts them
to break down tasks and achieve complementary advantages through modular
configuration logic, thereby improving overall efficiency (Kim et al., 2021). Un-
der this configuration, the boundaries of responsibilities between humans and
AT are relatively clear, the degree of interactive coupling is relatively low, and
information exchange mainly takes the form of phased outputs, giving rise to
divided collaboration. Research by Song and Lin (2024) shows that employees
who believe in the technological capabilities of Al are more inclined to assign
objective tasks to Al while reserving subjective tasks for themselves. Therefore,
tool trust promotes the formation of divided collaboration by strengthening
functional division of labor and modular integration mechanisms.

Value trust refers to individuals’ belief that AI can follow stable ethical princi-
ples and value orientations in the decision-making process, reflecting norm con-
sistency and a long-term welfare orientation. Unlike tool trust, which focuses
on capability advantages, value trust emphasizes the predictability of decision
principles and moral reliability. When individuals develop a high level of value
trust, its core psychological basis is that AI will not deviate from basic norms or
trigger ethical risks in complex situations. This value-level trust helps enhance
individuals’ psychological safety in deep interaction, making them more willing
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to invest time and cognitive resources and to engage in continuous information
exchange and bidirectional feedback with AI throughout the entire task process
(Olan et al., 2022; Weisz et al., 2025). In this process, humans and Al achieve
complementarity of advantages through dynamic consultation and continuous
iteration (Ding Shulei et al., 2024; Jarrahi et al., 2023; Othman & Yang, 2023);
the boundaries of division of labor tend to become flexible and blurred, and
task responsibilities are generated through interaction rather than being preset
and divided in advance, thereby forming highly coupled symbiotic collaboration.
Based on the above analysis, this study proposes:

Proposition 3-1: Tool trust has a positive effect on divided collaboration.
Proposition 3-2: Value trust has a positive effect on symbiotic collaboration.

Creativity is usually defined as ideas about products, services, or processes that
are novel and useful (Amabile et al., 1996). According to the degree of novelty
and usefulness of ideas, creativity is divided into incremental creativity and radi-
cal creativity. Incremental creativity refers to individuals’ minor improvements,
within existing modes of thinking, to an organization’ s current practices or
products, and is more strongly related to usefulness; radical creativity refers to
ideas that differ essentially from individuals’ and organizations’ existing prac-
tices or products, and is more strongly related to novelty (Madjar et al., 2011).
By analogy, if radical creativity concerns an individual’ s ability to innovate
“from 0 to 1,” incremental creativity refers to an individual’ s ability to make
improvements “from 1 to N” (Luo Nanfeng et al., 2024).

Divided collaboration is the sequential cooperation between humans and Al in
the work process. Individuals fully authorize Al to perform certain work that
is suitable for Al, freeing themselves from complex work tasks, thereby conserv-
ing cognitive resources and enabling greater focus on work modules suited to
humans (Daniel & Zhan, 2023; Jia et al., 2024). Focusing on work content moti-
vates individuals to attend to work details, making it more likely that they will
improve and refine existing small-scope work and enhance work quality (Li et al.,
2018; Petrou & Jongerling, 2024), thus achieving better coordination between
their own work and AT’ s work. Therefore, divided collaboration is conducive
to stimulating incremental creativity.

Symbiotic collaboration involves a high degree of interaction and integration be-
tween humans and Al at work, with in-depth communication and cooperation
based on shared goals. In this process, rich knowledge sharing and communica-
tion feedback between individuals and AI continuously reconstruct individuals’
cognition (Taylor & Greve, 2006; Yu & Choi, 2022). At this point, individuals
have the capacity to make previously clearly irrelevant or

integrating heterogeneous knowledge across domains, thereby creating condi-
tions for the generation of novel ideas capable of overturning existing practical
experience (Huang Xiaozhi et al., in press; Ren & Song, 2024); that is, symbiotic
collaboration helps stimulate breakthrough creativity. Therefore, based on the
above analysis, this study proposes:
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Proposition 3-3: Segmented collaboration mediates the positive relationship
between tool trust and incremental creativity.

Proposition 3-4: Symbiotic collaboration mediates the positive relationship be-
tween value trust and breakthrough creativity.

3.3.2 The Moderating Role of Individual Mindset and Organizational
Algorithmic Management

The choice of human-Al collaboration mode is inseparable from the influence
of individual traits and the environment in which the individual is situated
(Haesevoets et al., 2021; Yin et al., 2024). To comprehensively understand the
impact of human-AI trust on human-AI collaboration, it is necessary to con-
sider both individual characteristics and the characteristics of the organizational
culture environment in which the individual is embedded.

Mindsets are the core assumptions people hold about the malleability of per-
sonal traits and the attributes of things. They mark the beginning of a series of
psychological processes and influence individuals’interpretation of and responses
to specific situations, goals, behaviors, motivations, and other events and psy-
chological activities. Dweck (2006) divides individuals’ mindsets into two types:
growth mindset and fixed mindset. Individuals with a growth mindset hold
an “incremental view of ability,” believing that personal ability is characterized
by being improvable, malleable, and controllable, and can be continuously en-
hanced through effortful learning and training; whereas individuals with a fixed
mindset hold an “entity view of ability,” believing that personal ability is a fixed
and unchanging trait.

This study argues that a fixed mindset can strengthen the relationship between
tool trust and segmented collaboration, whereas a growth mindset strengthens
the relationship between value trust and symbiotic collaboration. First, a fixed
mindset tends to be conservative, favors a sense of control and following estab-
lished procedures, and seeks to avoid mistakes as much as possible (Blackwell
et al., 2007). Therefore, individuals with a fixed mindset are more inclined
toward work arrangements with clear structures and explicit responsibilities,
assigning tasks to Al and engaging in segmented collaboration so that they oc-
cupy a dominant position in human-AI collaboration and retain control. In
contrast, individuals with a growth mindset tend to cooperate with others, hop-
ing to acquire knowledge and achieve growth through cooperation (Fraune et al.,
2019). Therefore, individuals with a growth mindset are more likely to regard
AT as a source of cognitive expansion, engage in deeply integrated interactions
with AI, carry out symbiotic collaboration, obtain feedback from AI, and im-
prove their own capabilities. Second, individuals with a fixed mindset have a
stronger performance-goal orientation and usually regard challenges as threats
rather than opportunities (Dweck, 2012). They are more willing to believe that
Al is threatening, and they believe that AI may surpass humans in capability
(Dang & Liu, 2022a). Therefore, individuals with a fixed mindset are more
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willing to choose segmented collaboration with AI, which can not only improve
task-completion efficiency but also allow them to control the task process. In
contrast, individuals with a growth mindset have greater openness to experience,
tend to regard Al as an opportunity for their own learning and growth (Chen &
Yi, 2024; Dang & Liu, 2022b), have a stronger willingness to interact with Al
attend to acquiring knowledge from Al and learning from its strengths to offset
their own weaknesses, and are more willing to engage in symbiotic collaboration
with Al. Based on this, this study proposes:

Proposition 3-5: (a) Mindset moderates the relationship between tool trust and
segmented collaboration. Compared with a growth mindset, a fixed mindset
strengthens the positive relationship between tool trust and segmented collab-
oration. (b) Mindset moderates the mediating role of segmented collaboration
between tool trust and incremental creativity. Compared with a growth mind-
set, a fixed mindset strengthens the mediating role of segmented collaboration
between tool trust and incremental creativity.

Proposition 3-6: (a) Mindset moderates the relationship between value trust
and symbiotic collaboration. Compared with a fixed

+mindset; a growth mindset strengthens the positive relationship between value
trust and symbiotic collaboration. (b) Mindset moderates the mediating role of
symbiotic collaboration between value trust and breakthrough creativity. Com-
pared with a fixed mindset, a growth mindset strengthens the mediating role of
symbiotic collaboration between value trust and breakthrough creativity.

As an emerging practice of digital innovation management, algorithmic manage-
ment refers to organizations’ use of algorithms to perform managerial functions
in a highly automated and data-driven manner (Liu Shanshi et al., 2022; Duggan
et al., 2020). Algorithmic management provides employees with standardized
guidance by setting work standards and offering informational support; at the
same time, it tracks and evaluates employees and constrains their behavior by
monitoring task progress and recording employees’ work logs and behavioral
habits (Zhan Xiaohui & Zhao Lijing, 2024). In organizations with high algo-
rithmic management, individuals’ work processes are precisely monitored and
controlled by algorithms, and their work autonomy is restricted (Liu Shanshi et
al., 2021; Ma Jun & Zhao Shuang, 2022). To avoid disputes, individuals tend
to allocate low-skill tasks to Al and engage in segmented collaboration with
Al Moreover, through data analysis, organizations with high algorithmic man-
agement proactively provide employees with workflow-optimization solutions
(Norlander et al., 2021), encouraging employees to engage in segmented collab-
oration with Al and improve efficiency. Conversely, in organizations with low
algorithmic management, employees have greater role breadth (Wang Hongli et
al., 2025), higher job security and work autonomy (Pei Jialiang et al., 2024), and
individuals have the time and energy to improve themselves through their work.
In addition, in organizations with low algorithmic management, the optimiza-
tion and improvement of work methods rely more on individuals’ autonomous
exploration (Wei Wei & Liu Beini, 2023; Liu & Yin, 2024). At this point,
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individuals tend to interact and communicate with AI, enhancing themselves
through two-way feedback and exploring the optimization of work content and
methods. Based on this, this study proposes:

Proposition 3-7: (a) Algorithmic management strengthens the positive rela-
tionship between tool trust and segmented collaboration. (b) Algorithmic man-
agement strengthens the mediating role of segmented collaboration between tool
trust and incremental creativity.

Proposition 3-8: (a) Algorithmic management weakens the positive relation-
ship between value trust and symbiotic collaboration. (b) Algorithmic manage-
ment weakens the mediating role of symbiotic collaboration between value trust
and breakthrough creativity.

To verify the theoretical model above and avoid the potential problems of model
complexity and insufficient statistical power that may arise from testing mul-
tiple mechanism paths simultaneously in a single sample, this study plans to
adopt a two-study design and verify the theoretical framework step by step in
stages. First, a scenario experiment will be used, focusing on identifying the
causal relationship between types of human-Al trust and human-AI collabo-
ration structures. By manipulating scenarios to activate tool trust and value
trust separately, the study will examine their effects on the human-AI collab-
oration mode selected by individuals. The experimental task will be designed
as a human-AT collaborative decision-making scenario in which the division of
labor can be freely configured; behavioral choice indicators will be used to op-
erationally measure the collaboration structure, thereby identifying the causal
effects of different trust types on collaboration-structure configuration. This
study aims to verify the direct mechanism through which trust type affects col-
laboration mode, establishing the first link in the theoretical chain. Next, a
three-wave, multi-source questionnaire design will be adopted, with a two-week
interval between each measurement occasion (e.g., Chen Liping et al., 2025; Tu
et al., in press), to test the complete theoretical model in real organizational
settings. Specifically, at Time 1, participants will self-report human-AI trust,
mindset, algorithmic management, and control variables; at Time 2, partici-
pants will self-report human-AT collaboration variables; and at Time 3, partic-
ipants’ supervisors will evaluate participants’ creativity, thereby constructing
a time-separated testing framework for moderated mediation paths. Through
time-separated, multi-wave, multi-source data collection, it will be possible to
control for common method bias while more robustly testing the complex mech-
anism model in which dual mediation and dual moderation coexist. By adopting
a complementary research design that combines scenario experiments with longi-
tudinal questionnaire surveys, this part of the study not only ensures the internal
validity of causal inference, but also enhances the external validity and ecolog-
ical validity of the theoretical model in real organizational contexts, thereby
systematically testing

demonstrate how human-AT trust influences the generative pathway of creativity
through collaborative structures.
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4. Theoretical Construction

Human-AT trust is key to the success or failure of human-AT interaction. Ex-
isting research, by directly drawing on studies of interpersonal interaction and
classifications of interpersonal trust, divides human-AI trust into cognitive trust
and affective trust. However, human-AlI interaction has distinctive features that
differentiate it from interpersonal interaction, and the classification of interper-
sonal trust itself has limitations; as a result, existing research cannot adequately
reflect the connotations and developmental laws of human-AlI trust. Therefore,
grounded in human-AI dyadic interaction, this study examines the evolution-
ary process and mechanisms by which human-AI trust changes over time in
workplace contexts. Through a three-stage progressive research design of “theo-
retical reconstruction—dynamic laws—practical empowerment,” it systematically
answers the questions of “what it is—how it changes—how it can be used” with
regard to human-AlT trust in the digital-intelligent era. First, from the perspec-
tive of technology ethics, this study clarifies the connotation of human-AT trust,
proposes a two-dimensional model of human-AT trust comprising instrumental
trust and value trust, and, on this basis, develops a measurement scale for hu-
man-Al trust. Next, adopting a dynamic developmental perspective, it explores
the general characteristics of the temporal evolution of instrumental trust and
value trust under the coupled effects of spatiotemporal contexts, thereby open-
ing the “black box” of the dynamic evolution of human-AlI trust. Finally, taking
the perspective of human-Al collaboration as a breakthrough point, it explores
the differentiated mechanisms through which instrumental trust and value trust
empower individual creativity, and explicates the development and transforma-
tion of human-AI relations in the digital-intelligent era, providing insights into
how human-AI trust shapes individuals’ core advantages in this era. This study
makes three theoretical contributions.

First, it breaks through the traditional cognitive framework of human-AT trust.
Grounded in the classic definition of trust and in the classic analytical frame-
work that decomposes trust into trust beliefs and trust intentions, this study
proposes a two-dimensional structural model of “instrumental trust—value trust”
based on differences in the value orientations of individuals’ trust beliefs. It sys-
tematically analyzes humans’ dual logic of acceptance toward Al—functional
reliability and value desirability—overcoming the theoretical and measurement
limitations of existing studies that directly introduce the categories of cognitive
trust and affective trust from interpersonal-trust research, and providing a theo-
retical framework for human-AT trust that is more contextually compatible and
explanatory.

Second, it reveals the dynamic evolutionary mechanism of human-Al trust.
From an information-processing perspective, this study integrates the three di-
mensions of trust structure, intensity, and time to analyze the nonlinear evolu-
tionary trajectory of human-AI trust. It reveals the unbalanced co-evolutionary
laws of instrumental trust and value trust and their critical-threshold effects, as
well as the time-varying effects of different trust cues on the construction of
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human-AI trust. In doing so, it remedies the insufficiency of existing dynamic
research on human-Al trust, which focuses on the single dimension of trust in-
tensity; refines the temporal scope of action of different types of trust cues; and
enriches and improves dynamic research on human-AlI trust.

Third, it clarifies the deep empowerment mechanism of human-AI trust. From
the perspective of human-AT collaboration, this study explains the mechanisms
by which instrumental trust and value trust differentially shape modes of hu-
man-AT collaboration and thereby differentially empower individual creativity,
as well as the contextual effects of individual mindsets and organizational man-
agement models. It further deepens the general conclusion that “human-Al
trust promotes Al acceptance and use” into “differentiated human-AI trust
shapes differentiated AI use.” This provides a concrete pathway for individu-
als to build creativity centered on human-AI collaboration, addresses concerns
about cognitive degradation caused by excessive reliance on Al, and offers a
dialectical view of the development and transformation of human-AI relations.

This study also has certain practical value. First, by proposing a two-
dimensional model of “instrumental trust—value trust,” it provides enterprises
with an actionable pathway for building trust when introducing AI. Man-
agers can accordingly start from the two aspects of improving technological
reliability and strengthening value alignment, helping employees establish
rational cognition of and value identification with AI, thereby enhancing the
acceptance and effectiveness of human-AlI collaboration. Second, the nonlinear
evolutionary laws of human-AT trust and their critical thresholds revealed in
this study provide key indicators for managers to dynamically manage human-
AT trust relationships. Organizations can, based on the different developmental
stage[[unclear: continuation off page]]

of stages, predict and identify critical points of trust, and prevent the emergence
of trust collapse or overreliance. Finally, this study reveals the enabling pathway
through which human-machine trust promotes individual creativity, providing
a basis for individuals and enterprises to build innovation-management models
centered on human-machine collaboration. By scientifically shaping human-
machine trust relationships, individuals can integrate algorithmic insights with
their own experience in the collaborative process and thereby enhance creativ-
ity; at the same time, on the basis of ensuring employees’ psychological safety
and cognitive vitality, enterprises can realize the synergistic enhancement of
digital-intelligent technologies and human resources, helping enterprises achieve
sustainable innovation and high-quality development in the digital-intelligent
era.
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The dynamics of human trust in Al from the in-
strumental and value perspectives

SONG Yul, HU Xiaoran2

(1 School of Economics and Management, Southeast University, Nanjing 211189,
China)

(2 Department of Management, The London School of Economics and Political
Science, London WC2A 2AE, UK)

Abstract: With the rapid development of artificial intelligence (AI) technology,
human-AlT relationships have become increasingly prevalent and consequential
in organizations. Human trust in Al lies at the core of human-Al relationships
and is critical to the effectiveness of human-Al interactions. Key challenges
in research on human trust in Al include how to conceptualize trust, under-
stand dynamic patterns of human-AlI relationships, and achieve complementary
advantages through human-AT interactions. This study addresses these issues
by focusing on the dyadic interaction between humans and Al to explore the
dynamic processes of human trust in Al over time. First, drawing on the per-
spective of technological ethics, this study conceptualizes human trust in Al as
a two-dimensional construct comprising instrumental trust and value trust, and
further develops a corresponding measurement scale. Second, adopting a dy-
namic development perspective, the study explores the temporal characteristics
and dynamic patterns of human trust in AlI, thereby opening the “black box”
of trust dynamics in human-AI relationships. Finally, from the perspective of
human-Al collaboration, the study investigates the effect of different forms of
human trust in AI on employee creativity, offering a nuanced understanding of
human-AlI relationship development and providing insights into how trust in Al
shapes employees’ core competencies in the digital intelligence era.

Keywords: human trust in Al, instrumental trust, value trust, human-AI
relationship, dynamics

Note: Figure translations are in progress. See original paper for figures.
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