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Abstract

The widespread application of artificial intelligence (AI) in electronic commerce platforms
has profoundly reshaped frontline employees’ service patterns, psychological experiences,
and innovation behaviors. This is especially salient in electronic commerce, where AI
systems have made human–AI collaboration a defining feature of frontline service work
on digital platforms. Existing research has predominantly focused on either the positive
or negative effects of AI, failing to fully explain how employees’ cognitive appraisals of
AI technology influence their service innovation behavior through distinct psychological
pathways. To address this research gap, this study integrates the transactional theory of
stress and the conservation of resources theory into a dual-path model, investigating how
challenge appraisal and hindrance appraisal of AI-related work uncertainty respectively
are associated with service innovation behavior through two mediating pathways: work
engagement and emotional exhaustion. Using partial least squares structural equation
modeling (PLS-SEM) to analyze 317 valid responses collected from frontline employees
on electronic commerce platforms in China, the results indicate that challenge appraisal is
positively associated with service innovation behavior, with work engagement serving as a
significant mediator; conversely, hindrance appraisal is negatively associated with service
innovation behavior, with emotional exhaustion acting as a significant mediator. This
study provides an integrated perspective on the differentiated pathways through which
employees’ cognitive appraisals of AI-related work uncertainty are linked to innovation be-
havior, articulating a complete explanatory chain from cognitive appraisal to psychological
resources to behavioral outcomes. The findings offer practical implications for employees,
organizations, and governments to foster service innovation in human–AI collaborative
environments in electronic commerce platforms.

Keywords: challenge appraisal; hindrance appraisal; service innovation behavior; work
engagement; emotional exhaustion; human–AI collaboration

1. Introduction
In recent years, the rapid advancement and integration of Artificial Intelligence (AI)

into platforms have profoundly reshaped online service patterns [1]. These AI-enhanced
work environments are characterized by the joint execution of tasks through employee-AI
partnerships, where AI functions not merely as a tool but as a cognitive or operational
partner [2]. This dynamic is particularly salient in electronic commerce platforms, where
AI is widely adopted to enhance the customer experience and streamline operations, re-
sulting in human–AI collaboration as a defining feature of frontline services. For instance,
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AI algorithms and AI chatbots have been implemented to deliver personalized product
recommendations [3] and handle routine customer inquiries around the clock on most
e-commerce platforms [4,5]. Recently, AI shopping assistants such as Amazon’s Rufus
have further illustrated the growing role of AI in online customer service [6]. Obviously,
AI is increasingly used to solve some routine daily tasks and augment frontline employ-
ees’ decision-making, which can bring operational efficiency and is also associated with
significant psychological and behavioral responses for employees at the same time [7,8].

Since AI automates routine tasks, the employee’s role is evolving from a task execu-
tor to a high-value service provider who relies on emotional intelligence and creative
problem-solving [3]. In this situation, employee service innovation behavior has emerged
as a critical driver of organizational success. Service innovation behavior refers to the
proactive actions taken by employees to generate and implement new ideas, processes, or
solutions to enhance service quality and customer value [9]. In an era where AI handles
many standardized and repetitive tasks, the human capacity for creativity, empathy, and
adaptive problem-solving becomes the primary source of competitive differentiation [10].
Employees who engage in service innovation can identify unarticulated customer needs,
personalize service encounters, and recover from service failures in ways that algorithms
cannot [11]. For instance, when a customer initiates a return request online, an AI chatbot
can quickly generate a return label by following standard protocols. However, AI is limited
to processing explicit instructions and fails to detect subtle cues such as a hesitant tone,
repeated mentions of sizing issues, or tentative questions about exchange procedures. In
contrast, a trained frontline employee can recognize these verbal and nonverbal signals,
perceive that the customer’s genuine need is actually an exchange rather than a refund, and
proactively offer a tailored solution that turns a potential service failure into a trust-building
opportunity. Consequently, understanding how to stimulate and sustain this vital behavior
in the human–AI collaborative service environment remains an important question, and it
is not just an academic pursuit but a strategic imperative for electronic commerce platforms.

While prior studies have examined service innovation behavior in human–AI collab-
orative environments, there are still some research gaps. First, existing empirical studies
have primarily been conducted in traditional service industries [10,12,13]. However, as
the frontier of AI commercialization, e-commerce platforms present a service setting with
distinctly different characteristics—intelligent recommendation systems and AI-powered
chatbots have been deeply embedded throughout the entire service process, from pre-
sales to after-sales [14], with frontline employees collaborating with AI systems on an
almost continuous basis. This high-frequency human–AI interaction gives rise to more
complex and profound psychological experiences and behavioral changes [15]. But sys-
tematic research specifically targeting frontline employees’ service innovation behavior in
e-commerce platforms remains relatively scarce. Second, relevant studies research a series
of antecedents of service behavior from various theoretical perspectives, such as future
orientation, proactive personality, work passion, AI usage, AI adoption and so on [16–19].
However, most of these studies have primarily focused on conventional individual and
technological factors, while systematically overlooking the antecedent role of employees’
cognitive appraisal of AI technology. While appraisal of AI has widely been considered
as a significant determinant of innovative behavior [1,10], the mechanisms through which
it relates to innovative behavior have rarely been examined. Third, most current research
has drawn on the transactional theory of stress to clarify the impacts of cognitive appraisal
toward AI-related work uncertainty on innovative behavior [20,21]. However, the cur-
rent theoretical framework fails to explain the influencing mechanism, and more theories
need to be considered to reveal the underlying influencing path. The conservation of
resources theory emphasizes the importance of resource acquisition and preservation in
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shaping individual responses to environmental demands [22,23]. Integrating this theory
can offer a more nuanced understanding of how employees’ appraisal of AI-related work
uncertainty is associated with their innovative behavior with the perspective of resource
conservation [24,25]. Thus, the objective of this study is to uncover how appraisals toward
AI-related work uncertainty are associated with frontline employees’ service innovation
behavior in e-commence context through integrating the transactional theory of stress and
the conservation of resources theory.

Based on the above analysis, we developed a theoretical research model and conducted
an empirical study in the context of human–AI collaborative electronic commerce service
environments in China. Our model integrates the transactional theory of stress [26] and
the conservation of resources theory [22] to propose that employees’ cognitive appraisals
of AI-related work uncertainty, including challenge and hindrance appraisal, are associ-
ated with their service innovation behavior through two distinct psychological pathways:
one mediated by work engagement and the other by emotional exhaustion. We employed
partial least squares structural equation modeling (PLS-SEM) to test the hypothesized
relationships and conducted bootstrap analyses to examine the indirect effects. The results
provide support for the dual-path framework, revealing that challenge appraisal is posi-
tively associated with service innovation behavior through enhanced work engagement,
whereas hindrance appraisal exerts a negative association through increased emotional
exhaustion. This study contributes to the literature by offering an integrated framework
that delineates the differentiated pathways through which appraisals of AI-related work
uncertainty impact employee outcomes. Furthermore, it uncovers the specific psychological
mechanisms translating cognitive appraisals into behavioral outcomes within the context
of human–AI collaborative services on e-commerce platforms.

2. Literature Review and Theoretical Foundation
2.1. Service Innovation Behavior in Human–AI Collaborative Contexts

Service innovation behavior refers to the proactive actions taken by frontline employ-
ees to generate, promote, and implement novel ideas, processes, or solutions that enhance
service quality and customer value [9,27]. As a form of extra-role behavior, service inno-
vation behavior goes beyond employees’ routine job responsibilities, emphasizing their
proactive identification of service improvement opportunities and proposal of innovative
solutions [28,29]. In the age of AI, the connotation of service innovation behavior has
been further enriched and deepened. As AI technologies become extensively embedded in
service processes, human–AI collaboration has emerged as a defining feature of frontline
service work, and employees’ service innovation is no longer solely dependent on personal
experience and intuition, but unfolds through continuous interaction with AI systems [10].
Specifically, AI takes over a large number of standardized and repetitive tasks, enabling em-
ployees to devote more cognitive and emotional resources to service innovation activities
that require creative thinking and empathy [3].

Existing research has examined the antecedents of the relationship between AI and
employee innovative behavior from multiple dimensions, including technological factors
such as AI adoption and usage [30] and AI task substitution [12], individual factors such
as proactive personality and work passion [18], and organizational contextual factors
such as organizational support and leadership style [31]. However, these studies have
largely treated AI-related external situations or individual traits as independent variables,
while research that takes employees’ subjective cognitive appraisal of AI technology as
an antecedent remains relatively scarce [32,33]. Meanwhile, most of these studies have
adopted a single theoretical lens, such as stress-related theories (e.g., transactional theory
of stress, challenge-hindrance framework) or technology acceptance and adoption theories
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(e.g., TAM, UTAUT), to explore how AI as a stressor influences employees’ psychological
and behavioral responses through cognitive appraisal or stress perception, or to examine
employees’ adoption intentions toward AI and their consequent behavioral outcomes [7].
Few studies have analyzed the mechanisms through which employees’ relevant behaviors
are generated from the perspective of psychological resources [34]. Furthermore, through a
review of the literature on service innovation behavior, we find that existing studies have
primarily been conducted in traditional service industries, such as hospitality, tourism, and
healthcare [10,12,35,36]. However, as the frontier of AI commercialization, e-commerce
platforms present a service setting that differs significantly from other industries. In e-
commerce, intelligent recommendation systems and AI-powered chatbots have been deeply
embedded throughout the entire service process. Frontline employees collaborate with
AI systems on an almost continuous basis, and this high-frequency human–AI interaction
gives rise to more complex and profound psychological experiences and behavioral changes.
Meanwhile, frontline employees’ service innovation behavior serves as a critical factor
of customer experience enhancement and service value creation [9,18]. Nevertheless,
systematic research specifically targeting this unique and important context remains scarce.
A summary of the literature on service innovation behavior is presented in Table 1.

Table 1. Literature summary on service innovation behavior.

Authors Antecedent Variable Theoretical Basis Research Context

[10] AI awareness Dual-path model Tourism services

[1] Organizational AI adoption Transactional theory of stress General work context

[35] STARA awareness Challenge-hindrance framework Hospitality

[37] Enterprise social media use Technostress perspective Hospitality

[7] Technostress Stressor-strain-outcome
framework General work context

[31] Technological competence TOE framework, ABC model International hotel marketing

[12] Perceived AI substitution Conservation of resources theory,
job insecurity theory, UTAUT Healthcare (nursing)

[36] Leader STARA competence Person-job fit theory, Cognitive
appraisal theory Hospitality

This study Challenge/hindrance appraisals
of AI

Transactional theory of stress,
Conservation of resources theory

E-commerce frontline service
(human–AI collaboration)

2.2. Employees’ Cognitive Appraisals of AI

Cognitive appraisal refers to the process by which individuals evaluate the significance
of environmental encounters for their well-being [38]. According to the transactional theory
of stress, individuals’ cognitive appraisals of stressors can be categorized into two types:
challenge appraisal and hindrance appraisal [26]. Challenge appraisal refers to the percep-
tion that environmental demands are beneficial for personal growth, skill enhancement,
and goal attainment, whereas hindrance appraisal refers to the perception that environ-
mental demands threaten one’s interests, impede work progress, or deplete psychological
resources [39]. Extending this framework to the AI context, employees’ appraisals of
AI-related work uncertainty can be understood along the same dimensions. Challenge
appraisal toward AI-related work uncertainty is reflected in employees’ perception of
AI-induced uncertainty as opportunities to enhance their capabilities, learn new skills,
and improve work efficiency, with the belief that AI applications contribute to their career
growth and goal achievement. Hindrance appraisal toward AI-related work uncertainty,
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in contrast, is reflected in employees’ perception of AI-induced uncertainty as a threat to
job security and a reduction in work autonomy, with the concern that AI applications may
disrupt normal work routines or devalue their professional expertise [1,35]. This distinction
carries important theoretical implications for understanding employees’ differentiated
behavioral responses in AI-collaborative work environments.

A review of the existing literature reveals that, in studies examining the relationship
between AI and employee innovation, cognitive appraisal has been predominantly treated
as a mediating mechanism. For instance, [1] examined how organizational AI adoption
relates to employee job crafting through the mediating role of challenge and hindrance
appraisals; [35] investigated the mediating effect of challenge-hindrance appraisals between
STARA awareness and competitive productivity. Similarly, [37] explored how enterprise so-
cial media use relates to employee outcomes via technostress appraisals. This treatment of
appraisal as a mediator is valuable for understanding how external stimuli are linked with
outcomes, but it has left an important theoretical gap: employees’ subjective cognitive ap-
praisals of AI-related work uncertainty have been largely overlooked as direct antecedents
and there remains insufficient in-depth exploration at the mechanistic level regarding how
different appraisals are associated with behavioral outcomes through specific psychological
resource pathways.

2.3. Theoretical Foundation and Integrative Framework

The gaps identified above suggest that a single theoretical perspective is insufficient
to fully explain how employees’ cognitive appraisals of AI-related work uncertainty relate
to service innovation behavior. The transactional theory of stress (TTS) provides a robust
foundation for understanding how individuals evaluate stressors and develop coping
orientations at the cognitive level [26]. However, the explanatory power of TTS is largely
confined to the appraisal and immediate response stages; it offers limited insight into how
psychological resources evolve after appraisal and how such resource changes ultimately
relate to behavioral directions. In other words, TTS tells us how employees perceive AI,
but it does not sufficiently explain why such perceptions can consistently positively or
negatively be associated with innovation behaviors that require substantial psychological
resource investment. On the other hand, conservation of resources theory (COR) focuses
on individuals’ efforts to obtain, maintain, and protect resources, emphasizing resource
gain and resource loss as the core drivers of behavioral change [22,24]. However, COR
pays less attention to the cognitive origins of resource changes and which appraisals are
conceptually linked to resource gain or loss dynamics. Using either theory in isolation
would either remain at the cognitive level without the bridging mechanism of resources, or
attend to resource dynamics while neglecting their cognitive antecedents; neither of which
can fully capture the complete process from appraisal to behavior.

To overcome this limitation, the present study integrates TTS and COR into a coherent
theoretical framework in which the two theories form a natural sequential linkage: TTS
provides the cognitive starting point, defining employees’ challenge or hindrance interpre-
tations of AI-related work uncertainty; COR then takes over these cognitive evaluations and
explains how different appraisals are conceptualized as reflecting resource gain and loss
logics, ultimately relating to whether employees are willing and able to invest in service
innovation. This integration is not a mere theoretical juxtaposition but is grounded in
the inherent complementarity between the two theories. The concept of appraisal in TTS
essentially involves individuals’ judgments about their own resources, and COR systemati-
cally defines the types and dynamics of resources [22,24]—thus the two theories already
share conceptual intersection [26]. Through this integration, the model is able to clearly
distinguish two parallel yet qualitatively different pathways: a resource gain pathway,
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in which challenge appraisal is positively associated with work engagement (reflecting
a resource-rich state) and thereby relating to innovation; and a resource loss pathway, in
which hindrance appraisal is negatively associated with emotional exhaustion (reflecting a
resource-depleted state) and thereby negatively relating to innovation [40,41]. Thus, the
integration of TTS and COR addresses the core question of “how and why appraisals of
AI-related work uncertainty influence service innovation” and by distinguishing between
gain and loss pathways, helps to identify the complex mechanisms that have been obscured
in previous research.

3. Hypothesis Development
The research model is proposed in Figure 1. We propose that employees’ service

innovation behavior is influenced by individuals’ challenge appraisal and hindrance ap-
praisal, and we assume that these two types of appraisals exert their effects through distinct
psychological pathways. Next, we examine the direct and indirect effects of these factors
on service innovation behavior. Age, gender, education, tenure and IATO (involvement of
AI technology in the occupation) are included as control variables.

Figure 1. Conceptual model.

3.1. Direct Effect Hypotheses

The core premise of the transactional theory of stress is that individuals’ cognitive ap-
praisals of stressors determine their subsequent coping efforts and behavioral outcomes [26].
When employees appraise AI-related work uncertainty as a challenge, they tend to adopt
an approach-oriented motivational state [26]—that is, they psychologically approach rather
than avoid the stressor. In service settings, this approach motivation translates into a
greater propensity to experiment with novel service delivery methods and to generate
creative ideas that enhance customer value. Such proactive exploration and creative ac-
tivities constitute the essence of service innovation behavior [42,43]. Accordingly, we
propose that challenge appraisal is directly and positively associated with employees’
service innovation behavior.

Work engagement refers to a persistent, pervasive positive affective-motivational
state of fulfilment at work, characterized by vigor, dedication, and absorption [42]. When
employees form a challenge appraisal of AI-related work uncertainty, they interpret AI-
induced uncertainty as opportunities for personal growth and skill development [21].
According to TTS, this positive cognitive evaluation is associated with intrinsic motivation
and work enthusiasm, making employees more willing to invest cognitive and emotional
resources in their work roles. Emotional exhaustion, in contrast, is the feeling of being
emotionally overextended and depleted of one’s emotional and physical resources [44],
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and it represents the core burnout dimension. When employees appraise AI-related work
uncertainty as a challenge, positive emotional experiences are activated [45]. These positive
emotions not only replenish psychological resources but also buffer the negative effects
of work stress [46]. From the conservation of resources (COR) perspective, challenge
appraisal is theoretically associated with the potential for resource gain, which may in
turn be associated with the risk of sustained resource depletion and helping to prevent
emotional exhaustion. Thus, we hypothesize:

H1. Challenge appraisal of AI-related work uncertainty is positively associated with service
innovation behavior.

H2. Challenge appraisal of AI-related work uncertainty is positively associated with work engagement.

H3. Challenge appraisal of AI-related work uncertainty is negatively associated with emotional exhaustion.

Conversely, hindrance appraisal leads employees to perceive AI as a threat to their job
autonomy, security, and professional value [1,35]. This cognitive evaluation is theoretically
linked to an avoidance-oriented motivation under TTS, prompting employees to adopt
self-protective strategies that minimize contact with the stressor [26]. In service work, such
an avoidant mindset suppresses proactive exploration and extra-role behaviors, making
employees more likely to stick to routine procedures rather than engage in innovative
attempts. COR theory further suggests that when individuals perceive threats to their
resources, they shift into a defensive mode, allocating limited cognitive and emotional
resources primarily to monitoring threats and maintaining the status quo [22,23], rather than
investing in uncertain innovative activities. With respect to work engagement, hindrance
appraisal is theoretically associated with reduced employees’ work vitality and focus
because defensive thinking may limit them from deriving positive affective returns from
their work [41]. Regarding emotional exhaustion, the continuous perception of threat
requires employees to constantly mobilize psychological resources to cope, and this high-
energy-consuming state, lacking effective resource replenishment, may in turn be associated
with emotional resource depletion [24]. Therefore, we propose:

H4. Hindrance appraisal of AI-related work uncertainty is negatively associated with service
innovation behavior.

H5. Hindrance appraisal of AI-related work uncertainty is negatively associated with work engagement.

H6. Hindrance appraisal of AI-related work uncertainty is positively associated with emotional exhaustion.

Furthermore, prior research has well established that work engagement, as a posi-
tive motivational state, is positively associated with employees’ innovation and proactive
behavior [18,47], whereas emotional exhaustion, as a core dimension of burnout, is associ-
ated with the depletion of employees’ cognitive and emotional resources, thereby being
negatively associated with their innovative inclination [37,48]. We therefore hypothesize:

H7. Work engagement is positively associated with service innovation behavior.

H8. Emotional exhaustion is negatively associated with service innovation behavior.
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3.2. Mediation Hypotheses
3.2.1. The Challenge Appraisal Path

Beyond the direct motivational pathway, challenge appraisal also influences behavior
through individuals’ cognitive and affective mechanisms [38]. According to the COR, indi-
viduals are inherently motivated to obtain, maintain, and protect their valued resources [22].
When employees appraise AI-induced work uncertainty as a challenge, they tend to per-
ceive the potential for resource gain or resource growth. This positive cognitive appraisal is
positively associated with emotions [45] and intrinsic motivation [49], which may in turn
promote work engagement [42]. When employees experience high levels of work engage-
ment, they are more likely to direct these surplus resources into service innovation activities
that require proactive exploration and creative thinking [50]. Thus, challenge appraisal of
AI-related work uncertainty is positively associated with employees’ service innovation
behavior through enhanced work engagement, which is theoretically conceptualized as a
resource gain pathway. Accordingly, we propose:

H9. Work engagement serves as a mediator in the relationship between challenge appraisal and
service innovation behavior (i.e., challenge appraisal is positively associated with work engagement,
which in turn is positively associated with service innovation behavior).

On the other hand, conservation of resources theory also suggests that individuals
strive not only for resource gain but also to avoid resource loss [22]. Challenge appraisal
plays a resource preservation function in this process [46]. When employees view AI-
related work uncertainty as opportunities for growth and development, their psychological
resources are preserved rather than being excessively consumed in coping with threats
and anxiety [44]. Lower resource depletion may be associated with reduced physical
and mental fatigue brought on by sustained work, which may in turn be associated with
lower levels of emotional exhaustion [48]. The alleviation of emotional exhaustion, in
turn, helps employees to maintain sufficient emotional and cognitive energy, which may
make them more willing and able to participate in service innovation activities that require
proactive exploration and creative thinking. Therefore, challenge appraisal of AI-related
work uncertainty is also positively associated with employees’ service innovation behavior
through reducing emotional exhaustion, which is theoretically conceptualized as a resource
preservation pathway. Thus, we propose:

H10. Emotional exhaustion serves as a mediator in the relationship between challenge appraisal
and service innovation behavior (i.e., challenge appraisal is negatively associated with emotional
exhaustion, which in turn is negatively associated with service innovation behavior).

3.2.2. The Hindrance Appraisal Path

Similar to challenge appraisal, hindrance appraisal is also posited to exert its influence
through a dual-path mediating mechanism centered on resource dynamics. According to
the conservation of resources theory, when individuals perceive threats to their valued
resources, they adopt a defensive coping strategy aimed at minimizing further resource
loss [46]. When employees appraise AI-related work uncertainty as threats and obstacles,
they perceive a risk of resource depletion. This negative cognitive appraisal is theoretically
linked to self-protective coping motivation and corresponds to negative emotional re-
sponses [26], which in turn relate to the sustained consumption of psychological resources.
This defensive mindset is conceptually associated with reduced work vitality and focus,
leading to reduced work engagement. From the perspective of conservation of resources
theory, decreased work engagement reflects a state of resource scarcity, in which employees
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lack the surplus psychological resources necessary to invest in proactive behaviors [41].
Consequently, hindrance appraisal of AI-induced work uncertainty is negatively associated
with employees’ service innovation behavior through reducing work engagement, which is
theoretically conceptualized as a resource loss pathway [47]. Accordingly, we propose:

H11. Work engagement serves as a mediator in the relationship between hindrance appraisal and
service innovation behavior (i.e., hindrance appraisal is negatively associated with work engagement,
which in turn is negatively associated with service innovation behavior).

Simultaneously, according to the conservation of resources theory, when individuals
perceive threats, they continually invest psychological resources to maintain psychological
equilibrium, and this sustained resource depletion tends to trigger emotional fatigue and
energy depletion [22]. This pattern is consistent with the resource loss logic theorized in
COR [24]. Emotional exhaustion, as a core dimension of burnout, is theoretically associated
with reduced individuals’ cognitive flexibility and emotional energy, and is negatively
associated with their inclination toward proactive exploration and creative endeavors at
work [37]. Thus, hindrance appraisal of AI-related work uncertainty is negatively associated
with employees’ service innovation behavior through increasing emotional exhaustion,
which is theoretically conceptualized as an additional resource loss pathway. Therefore,
we propose:

H12. Emotional exhaustion serves as a mediator in the relationship between hindrance appraisal
and service innovation behavior (i.e., hindrance appraisal is positively associated with emotional
exhaustion, which in turn is negatively associated with service innovation behavior).

4. Methodology
4.1. Setting

This study targeted frontline employees working in e-commerce-related service roles
who regularly interact with AI-enabled tools in their daily work. Data were collected
through Credamo, a professional crowdsourcing data platform widely used in Chinese man-
agement research for its efficacy in gathering high-quality data from diverse industries and
geographic regions [51]. The study was conducted between January and February 2025.
Data were collected through Credamo, a professional crowdsourcing data platform. We
specifically targeted employees from major Chinese e-commerce platforms where AI sys-
tems such as intelligent recommendation engines and AI chatbots are actively integrated
into service delivery processes. The survey was administered with careful attention to
ethical and procedural rigor. This study was conducted in accordance with the Declaration
of Helsinki. All participants were informed about the purpose of the study, the voluntary
nature of their participation, and their right to withdraw at any time. Informed consent
was obtained electronically from all participants before they commenced the survey, and
no personally identifiable information was collected to ensure complete anonymity.

To ensure the validity and clarity of the questionnaire in the Chinese context, we
employed a forward-backward translation procedure. Two bilingual researchers indepen-
dently translated the original English scales into Chinese, and a third researcher back-
translated the Chinese version into English to verify semantic equivalence. Discrepancies
were discussed and resolved through consensus. A pilot test with 30 frontline employees
in e-commerce roles was then conducted to assess the clarity, accessibility, and cultural ap-
propriateness of the items; minor wording adjustments were made based on their feedback
before finalizing the questionnaire. The final questionnaire comprised 22 measurement
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items across five constructs, along with demographic questions (age, gender, education,
tenure, and IATO), resulting in a total of 27 questions.

To minimize response bias and ensure data quality, we implemented a multi-stage
screening and quality control procedure. First, a screening question—”Are you currently
employed in an e-commerce service role where AI tools are used in your daily work?”—was
placed at the beginning of the questionnaire; only those who answered “yes” were permit-
ted to proceed. Second, we embedded two attention-check questions (e.g., “Please select
‘strongly agree’ for this item”) throughout the questionnaire to identify respondents who
were not reading carefully. Third, we set a minimum completion time threshold; ques-
tionnaires completed in less than 60 s were considered invalid, as pilot testing indicated
that careful completion required approximately 3–5 min. Fourth, we examined response
patterns and excluded questionnaires with straight-lining responses (i.e., selecting the
same option for all items) or exhibiting excessive missing data. Fifth, Credamo’s built-in
quality control mechanisms were utilized, including IP address verification to prevent
duplicate submissions and device fingerprinting to ensure unique respondents. Following
these criteria, a total of 41 responses were excluded from the initial 358 collected, yielding
317 valid responses (effective response rate: 88.5%). Respondents were offered a small
monetary incentive upon completion of the survey to encourage sincere participation.

The sample size for this study was determined through two primary methods. First,
an a priori power analysis was conducted using G*Power 3.1 software. Following estab-
lished conventions, the effect size f2 was set at 0.15 (medium effect), α at 0.05, and statistical
power at 0.80 [52]. The analysis indicated a minimum sample size of 129. Additionally,
following established practices in AI-behavior research demonstrating that approximately
300 responses are adequate for this nature and complexity [35], the final sample of 317 valid
responses exceeds both requirements. To assess nonresponse bias, we compared early and
late respondents on key demographic variables and core study constructs [53]. The results
showed no significant differences between the two groups in gender, age, education, or
tenure (all p > 0.05), nor in the core study variables, suggesting that nonresponse bias does
not pose a major threat to our findings. The demographic characteristics of the sample are
presented in Table 2.

Table 2. Demographic information.

Feature Category Quantity Percentage

Gender
Male 176 55.5%
Female 141 44.5%

Age

<21 years old 1 0.3%
21–30 156 49.2%
31–40 129 40.7%
41–50 10 3.2%
>50 21 6.6%

Education background

Junior high school and below 1 0.3%
High school 7 2.2%
Junior college 45 14.2%
Bachelor’s degree 207 65.3%
Master’s degree and above 57 18.0%

Tenure

<1 year 20 6.3%
1–2 years 18 5.7%
2–3 years 23 7.3%
3–4 years 35 11.0%
4–7 years 105 33.1%
>7 years 116 36.6%
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Table 2. Cont.

Feature Category Quantity Percentage

IATO

1 (very little) 37 11.7%
2 32 10.1%
3 54 17.0%
4 128 40.4%
5 (to a great extent) 66 20.8%

Notes: “IATO” means involvement of AI technology in the occupation.

4.2. Measures

In this study, all constructs were derived from established scales in prior literature.
The questionnaire was developed by the research team based on these established scales
and was suitably adapted to align with the context of AI-enabled human–AI collabora-
tive service environments in electronic commerce platforms. Challenge appraisal and
hindrance appraisal were each measured using four items adapted from [54], with employ-
ees appraising the work uncertainty generated by the application of artificial intelligence
in their work. Accordingly, the constructs are labeled throughout this manuscript as
“challenge/hindrance appraisals of AI-related work uncertainty” to accurately reflect the
operationalization. Work engagement was assessed using the three-item short version
of the Utrecht Work Engagement Scale developed by [42]. Emotional exhaustion was
measured using three items adapted from [55]. Service innovation behavior was evaluated
using four items adapted from [27]. All items were rated on a five-point Likert scale ranging
from 1 (strongly disagree) to 5 (strongly agree). The complete questionnaire, including all
measurement items, is provided in Table A1 in Appendix A.

5. Data Analysis and Results
5.1. Data Analysis

This study employed Partial Least Squares Structural Equation Modeling (PLS-SEM)
with SmartPLS 4.0 software to evaluate the theoretical model [56]. PLS-SEM was chosen
for the following reasons. First, this study focuses on prediction-oriented model testing
rather than precise covariance structure fitting [57]. Second, the theoretical model involves
multiple parallel mediating pathways, where PLS-SEM offers significant advantages in
handling such complex models [58]. Third, PLS-SEM imposes less stringent assumptions
regarding sample distribution and normality, making it suitable for the exploratory analysis
in this study [59]. The data analysis was conducted in two main stages. First, we performed
the measurement model analysis to evaluate the internal reliability, convergent validity, and
discriminant validity of all constructs. Subsequently, we evaluated the structural model to
test the hypotheses.

5.2. Common Method Bias Test

Since some of the data in this study were collected through employee self-reports,
common method bias (CMB) could be a potential concern [41]. We employed Harman’s
single-factor test using the principal component analysis method within the factor analysis
module of SPSS 27.0 on all measurement items of the self-rated variables [60]. The results
revealed the presence of five factors with eigenvalues greater than 1, with the first factor
accounting for 39.62% of the total variance, which is below the 50% threshold [61]. To further
rule out common method bias, we also employed the unmeasured latent method factor
approach: ULMC [62,63]. A common method factor was added to the measurement model,
with all observed variables loaded onto both their respective theoretical constructs and
this method factor. The results showed that the average method variance was 0.004, while
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the average substantive variance was 0.722, yielding a substantive-to-method variance
ratio of 180:1. The inclusion of the method factor did not significantly improve model fit
(∆CFI < 0.01). These findings indicate that common method bias does not pose a serious
threat to our results.

5.3. Measurement Model Assessment

We assessed the measurement model’s convergent and discriminant validity to ensure
the reliability and validity of the constructs [57]. Convergent validity was assessed using
factor loadings, composite reliability, and the average variance extracted (AVE) [64,65]. As
shown in Table 3, the composite reliability (rho_c) values for all constructs surpass the
threshold of 0.7, which indicates excellent internal consistency reliability [66]. Furthermore,
the AVE values for all constructs ranged from 0.650 to 0.774, all meeting the standard of
being greater than 0.5 [56,64]. These metrics collectively demonstrate that the measurement
model possesses strong convergent validity.

Table 3. Reliability.

Construct Cronbach’s Alpha Composite Reliability (rho_c) AVE

EE 0.854 0.911 0.774
SIB 0.851 0.899 0.691
CA 0.821 0.881 0.650
WE 0.767 0.864 0.681
HA 0.901 0.931 0.771

Notes: CA = Challenge Appraisal, HA = Hindrance Appraisal, WE = Work Engagement, EE = Emotional
Exhaustion, SIB = Service Innovation Behavior.

To assess discriminant validity, we applied the Fornell-Larcker criterion [64]. As shown
in Table 4, the square root of the AVE for each construct (bolded diagonal elements) was
greater than its correlations with any other construct (off-diagonal elements), confirming
that the constructs are empirically distinctive [67,68]. Second, we examined the cross-
loadings. As shown in Table 5, each item loaded most strongly on its respective construct,
with all cross-loadings substantially lower than the primary loadings, further supporting
discriminant validity [69]. Third, we employed the HTMT criterion, which is considered a
more robust approach for assessing discriminant validity [70,71]. The results, presented in
Table 6, indicate that all HTMT values were substantially below the conservative threshold
of 0.85, ranging from 0.329 to 0.766 [72]). The highest HTMT value was between WE and
SIB (0.763), which is still well below the recommended cutoff [70]. These results provide
strong evidence that discriminant validity is established among all constructs in this study.

Table 4. Discriminant Validity Assessment.

Construct CA HA WE EE SIB

CA 0.806
HA −0.283 0.878
WE 0.572 −0.272 0.825
EE −0.324 0.543 −0.450 0.880
SIB 0.639 −0.357 0.616 −0.375 0.831

Notes: Bold diagonal elements are the square roots of the AVEs.
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Table 5. Cross-Loadings.

Item CA HA WE EE SIB

CA1 0.840 −0.256 0.489 −0.259 0.563
CA2 0.795 −0.208 0.463 −0.257 0.506
CA3 0.776 −0.218 0.455 −0.200 0.527
CA4 0.814 −0.237 0.492 −0.326 0.469
HA1 −0.200 0.844 −0.199 0.448 −0.257
HA2 −0.238 0.874 −0.264 0.456 −0.320
HA3 −0.272 0.903 −0.260 0.502 −0.326
HA4 −0.287 0.889 −0.261 0.514 −0.352
WE1 0.524 −0.254 0.863 −0.434 0.541
WE2 0.562 −0.266 0.864 −0.383 0.566
WE3 0.339 −0.159 0.743 −0.303 0.422
EE1 −0.288 0.524 −0.397 0.875 −0.317
EE2 −0.295 0.427 −0.384 0.870 −0.354
EE3 −0.277 0.492 −0.425 0.894 −0.320
SIB1 0.523 −0.331 0.527 −0.355 0.836
SIB2 0.543 −0.329 0.493 −0.318 0.830
SIB3 0.495 −0.265 0.515 −0.274 0.816

Notes: Bold diagonal values are the loadings of each item on its respective construct.

Table 6. Discriminant Validity (HTMT).

Construct CA HA WE EE SIB

CA —
HA 0.329 —
WE 0.723 0.328 —
EE 0.386 0.622 0.558 —
SIB 0.766 0.409 0.763 0.440 —

Notes: All HTMT values are below the conservative threshold of 0.85, confirming discriminant validity.

5.4. Hypothesis Testing

After validating the reliability and validity of the measurement model, we further
evaluated the structural model to test the research hypotheses. As shown in Figure 2, the
structural model explained a substantial proportion of the variance in the endogenous
variables. Specifically, the model accounted for 36.1% of the variance in work engagement
(R2 = 0.361), 33.2% of the variance in emotional exhaustion (R2 = 0.332), and 40.0% of the
variance in service innovation behavior (R2 = 0.400). These R2 values indicate that the
model possesses a moderate to strong explanatory power for employees’ service innovation
behavior in human–AI collaborative service environments.

Figure 2. Structural model results. Notes: *** p < 0.001, * p < 0.05; R2 values are presented within the
corresponding constructs.

We assessed the model’s predictive relevance using the blindfolding procedure to
obtain the Q2 values [73,74]. The Q2 values for work engagement, emotional exhaustion,
and service innovation behavior were 0.220, 0.237, and 0.290, respectively—all well above
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zero, confirming the model’s adequate predictive relevance [56]. We further calculated the
f2 values to evaluate the effect sizes. Following [75] guidelines, the effect sizes of work
engagement, emotional exhaustion, and service innovation behavior were 0.416, 0.337, and
0.243, indicating medium and large effect sizes.

Regarding overall model fit, the SRMR (Standardized Root Mean Square Residual)
value was 0.063, below the recommended threshold of 0.08 [76], and the NFI (Normed
Fit Index) value was 0.873, approaching the acceptable level of 0.90 [77]. These fit indices
suggest that the proposed model demonstrates acceptable fit to the data.

5.4.1. Direct Effect Testing

As shown in Table 7, all hypothesized direct effects were tested. The results showed
that challenge appraisal of AI-induced work uncertainty had a positive association with
service innovation behavior (β = 0.588, p < 0.001), thus supporting H1. Challenge appraisal
of AI-induced work uncertainty also had a significant positive association with work
engagement (β = 0.554, p < 0.001), supporting H2, and a significant negative association
with emotional exhaustion (β = −0.185, p = 0.001), supporting H3.

Table 7. Direct Effect Test Results.

Path Path Coefficient t-Value p-Value

CA → SIB 0.588 9.032 <0.001
CA → WE 0.554 7.969 <0.001
CA → EE −0.185 3.202 0.001
HA → SIB −0.193 3.478 0.001
HA → WE −0.123 2.039 0.042
HA → EE 0.495 8.428 <0.001
WE → SIB 0.573 10.126 <0.001
EE → SIB −0.113 2.042 0.041

Second, hindrance appraisal had a significant negative association with service innova-
tion behavior (β = −0.193, p = 0.001), thereby supporting H4. The results further indicated
a negative and statistically significant relationship between hindrance appraisal and work
engagement (β = −0.123, p = 0.042), supporting H5, and a significant positive effect on
emotional exhaustion (β = 0.495, p < 0.001), supporting H6.

Finally, work engagement had a significant positive association with service inno-
vation behavior (β = 0.573, p < 0.001), supporting H7, while emotional exhaustion had a
significant negative association with service innovation behavior (β = −0.113, p = 0.041),
supporting H8.

5.4.2. Mediation Effect Testing

To test the mediation hypotheses, we employed the bootstrap procedure (5000 resam-
ples) to examine the significance of the indirect effects [78]. Table 8 summarizes the results
of the mediation analysis.

Table 8. Results of the Mediating Effect Analysis.

Path Direct Effect Specific
Indirect Effect Total Indirect Effect Total Effect 95% CI

CA → WE → SIB 0.588 *** 0.250 *** 0.270 0.858 *** [0.124, 0.356]
CA → EE → SIB 0.588 *** 0.020 0.270 0.858 *** [−0.005, 0.047]

HA → WE → SIB −0.193 ** −0.045 −0.115 −0.308 ** [−0.108, 0.002]
HA → EE → SIB −0.193 ** −0.070 * −0.115 −0.308 ** [−0.111, −0.005]

Note: *** p < 0.001, ** p < 0.01, * p < 0.05.
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The results showed that the indirect effect of challenge appraisal on service innovation
behavior through work engagement was significant (indirect effect = 0.250, p < 0.001, 95%
CI [0.124, 0.356]), indicating partial mediation; thus, H9 was supported. However, the
indirect effect of challenge appraisal on service innovation behavior through emotional
exhaustion was not significant (indirect effect = 0.020, p = 0.107, 95% CI [−0.005, 0.047]);
thus, H10 was not supported.

Similarly, the indirect effect of hindrance appraisal on service innovation behavior
through work engagement was not significant (indirect effect = −0.045, p = 0.058, 95% CI
[−0.108, 0.002]); thus, H11 was not supported. The indirect effect of hindrance appraisal
on service innovation behavior through emotional exhaustion was significant (indirect
effect = −0.070, p < 0.05, 95% CI [−0.111, −0.005]), indicating partial mediation; thus, H12
was supported.

To further assess the magnitude of the mediated effects, we calculated the vari-
ance accounted for (VAF) for each mediation path. The VAF values indicated that H9
(CA → WE → SIB) accounted for 29.1% of the total effect, and H12 (HA → EE → SIB)
accounted for 22.7%. Following the criteria of [56], the two significant mediation paths
(H9 and H12) exhibited medium effect sizes.

5.4.3. Results and Discussion

Table 9 presents a comprehensive summary of the testing results for all 12 hypotheses
in this study.

Table 9. Summary of Hypothesis Testing Results.

Hypothesis Hypothesis Content Support

H1 Challenge appraisal of AI-related work uncertainty is positively
associated with service innovation behavior. Supported

H2 Challenge appraisal of AI-related work uncertainty is positively
associated with work engagement. Supported

H3 Challenge appraisal of AI-related work uncertainty is negatively
associated with emotional exhaustion. Supported

H4 Hindrance appraisal of AI-related work uncertainty is negatively
associated with service innovation behavior. Supported

H5 Hindrance appraisal of AI-related work uncertainty is negatively
associated with work engagement. Supported

H6 Hindrance appraisal of AI-related work uncertainty is positively
associated with emotional exhaustion. Supported

H7 Work engagement is positively associated with service innovation
behavior. Supported

H8 Emotional exhaustion is negatively associated with service innovation
behavior. Supported

H9 Work engagement serves as a mediator in the relationship between
challenge appraisal and service innovation behavior. Supported

H10 Emotional exhaustion serves as a mediator in the relationship between
challenge appraisal and service innovation behavior. Not supported

H11 Work engagement serves as a mediator in the relationship between
hindrance appraisal and service innovation behavior. Not supported

H12 Emotional exhaustion serves as a mediator in the relationship between
hindrance appraisal and service innovation behavior. Supported
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The above direct effect results are generally consistent with the theoretical predic-
tions of the challenge-hindrance stressor framework and provide empirical support for
the applicability of this framework in the specific AI context. First, challenge appraisal of
AI-related work uncertainty is positively associated with service innovation behavior, and
hindrance appraisal of AI-related work uncertainty is negatively related to service innova-
tion behavior. The results are consistent with previous research findings which suggest that
employees’ positive perceptions of AI can translate into innovative behavior while negative
perceptions of AI will inhibit innovative behavior [6,10,33]. Our study further extends this
logic to the frontline employees on e-commerce platforms and confirms the applicability
of this framework in e-commerce service contexts. Second, the results indicate that work
engagement is positively associated with service innovation behavior, which is consistent
with prior findings in the service industry and also supports the meta-analytic conclusion
that work engagement is positively related to task and contextual performance [18,47].
Moreover, emotional exhaustion is negatively associated with service innovation behavior,
echoing previous findings of the negative relationship between emotional exhaustion and
job performance [48]. These results suggest the significant roles of work engagement and
emotional exhaustion in service innovation in the human–AI collaboration contexts.

Regarding the mediation effects, the four mediation paths exhibit a clear asymmetric
pattern: challenge appraisal is indirectly associated with service innovation behavior only
through work engagement, while hindrance appraisal is indirectly associated with service
innovation behavior only through emotional exhaustion. For challenge appraisal, the
indirect path through work engagement (H9) is supported, which is consistent with the
meta-analytic conclusion that challenge job demands influence employee outcomes through
work engagement [26] and also aligns with the argument that work engagement facilitates
proactive behavior [42]. From the perspective of conservation of resources theory, challenge
appraisal makes employees perceive resource gain, thereby channeling psychological
resources into innovative activities. However, the path through emotional exhaustion
(H10) is not supported, indicating that the alleviating effect of challenge appraisal on
emotional exhaustion does not significantly translate into innovation enhancement. This
may be because there is a longer process of resource recovery between the reduction in
emotional exhaustion and the stimulation of innovation, which is difficult to capture in
cross-sectional data. In addition, frontline employees in the e-commerce industry generally
experience high emotional labor demands, and even if emotional exhaustion is reduced
to some extent, it may not be sufficient to substantially promote innovation. This finding
suggests that the main mechanism through which challenge appraisal operates lies in
activating positive motivation rather than merely reducing negative affect. For hindrance
appraisal, the indirect path through emotional exhaustion (H12) is supported, which is
consistent with previous research on emotional exhaustion as a mediator between stressors
and performance [48,79]; hindrance appraisal makes employees continuously consume
psychological resources, ultimately weakening their willingness to innovate. However,
the path through work engagement (H11) is not supported, indicating that its inhibitory
effect on service innovation behavior is primarily realized through affective resource
depletion rather than motivational resource decline. This may be because when employees
perceive AI-related uncertainty as threats, they primarily suffer an emotional strike. Such
emotions rather than motivations play more critical roles in influencing innovation behavior.
Overall, the mediating effects uncover the underlying mechanism of challenge appraisal
and hindrance appraisal, enriching prior research which focuses only on direct effects and
ignores the influence mechanism [26].
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6. Implications
6.1. Theoretical Implications

This research makes several contributions to the existing literature. First, this study
focuses on the unique and important service context of electronic commerce, systematically
investigating the factor associated with frontline employees’ service innovation behavior.
Although service innovation behavior has received extensive attention in traditional service
industries such as hospitality, tourism, and healthcare, electronic commerce platforms,
as the frontier of AI commercialization, present a service setting with distinctly different
characteristics: intelligent recommendation engines and AI-powered chatbots have been
deeply embedded throughout the entire service process from pre-sales to after-sales, with
frontline employees collaborating with AI systems on an almost continuous basis. This
high-frequency, high-intensity human–AI interaction is associated with psychological expe-
riences and behavioral changes far more complex than those in other service industries.
Nevertheless, systematic research specifically targeting frontline employees’ service innova-
tion behavior in e-commerce remains relatively scarce. This study addresses this contextual
gap, shedding light on the mechanisms underlying employee service innovation behavior
in human–AI collaborative e-commerce environments, and providing needed empirical
evidence for this field.

Second, we uncover the mechanism of the relationship between employee appraisals
of AI-related work uncertainty and service innovation behavior. Prior studies have pri-
marily treated cognitive appraisals as mediators that explain the relationship between
AI technology factors and employee outcomes [1], with limited attention paid to how
appraisals relate to innovative behavior. We posit challenge and hindrance appraisals as
core predictors and identify their distinct pathways to service innovation behavior [21].
Specifically, challenge appraisal is positively associated with service innovation behavior
through work engagement, while hindrance appraisal is negatively associated with service
innovation behavior through emotional exhaustion. This dual-path framework provides a
more complete picture of employees’ responses to AI-related work uncertainty in electronic
commerce service settings [26].

Third, this study develops an integrated theoretical framework by combining the
transactional theory of stress and the conservation of resources theory [22], offering a com-
plete explanatory chain from cognitive appraisal to psychological resources to behavioral
outcomes. More critically, the results suggest a significant asymmetry between the two me-
diating pathways. Specifically, our findings indicate that challenge appraisal is positively
associated with innovation behavior mediated exclusively through work engagement,
rather than emotional exhaustion. Conversely, hindrance appraisal exhibits a negative
relationship with innovation behavior, which is solely mediated by emotional exhaustion
instead of work engagement. This asymmetric pattern refines the challenge-hindrance
stressor framework by uncovering a dual-pathway mechanism with distinct mediating
roles. It indicates that the primary mechanism of challenge appraisal lies in activating
positive motivational resources, whereas the core mechanism of hindrance appraisal lies
in exacerbating the depletion of negative affective resources; the two appraisal types do
not operate through opposite psychological states. This finding provides a more granular
understanding of the boundary conditions under which motivational resources (work en-
gagement) versus affective resources (emotional exhaustion) are mobilized. It also extends
the transactional theory of stress by mapping specific cognitive appraisal types to distinct
resource-allocation processes, offering a more nuanced stress-and-resources theoretical
perspective for future research at the intersection of AI and innovation behavior.
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6.2. Managerial Implications

We also offer some actionable viewpoints for frontline employees, e-commerce plat-
forms and managers, and policymakers regarding service innovation enhances, AI imple-
mentation strategies, and psychological resource management in human–AI collaborative
workplaces. First, from the employee’s perspective, we suggest that frontline employees
should reframe their perceptions of AI-induced work uncertainty as a challenge rather than
a hindrance. Our study shows that challenge appraisal significantly relates to employees’
work engagement and improves their service innovation behavior, but hindrance appraisal
will be positively associated with employees’ emotional exhaustion, thereby reducing ser-
vice innovation behavior. Thus, employees can benefit from cultivating a positive cognitive
appraisal of AI-related work uncertainty. Individuals could actively seek learning opportu-
nities to better understand AI tools, view AI as a collaborative partner that augments their
capabilities rather than as a threat to job security, and continuously develop their skills to
maintain a sense of control and self-worth in human–AI collaborative environments. Such
cognitive reappraisal helps employees conserve psychological resources and sustain the
motivation required to engage in innovative service delivery.

From a platform and manager perspective, this study highlights the critical role of
management in shaping employees’ cognitive appraisals of AI-induced work uncertainty
when implementing AI. Platforms and managers should not merely deploy AI systems;
rather, they should invest in targeted interventions that foster challenge appraisals and
mitigate hindrance appraisals. Specifically, platforms can achieve this goal by communicat-
ing transparently about the purposes and benefits of AI applications; providing adequate
training and technical support to reduce uncertainty; and redesigning jobs to emphasize the
complementary strengths of human employees and AI. Furthermore, managers should pay
more attention to employees’ psychological states and foster a climate of “organizational
care” that signals to employees that they are valued. Such care strengthens employees’
positive cognitive reframing during their interactions with AI, making it easier for them
to perceive the meaning and value of their work and thus more effectively translating
cognitive adjustments into proactive innovative behavior.

Lastly, governments and policymakers are suggested to take responsibility to facilitate
a smooth and psychologically sustainable transition among employees. Governments can
support electronic commerce platforms by funding AI literacy programs and workforce
upskilling initiatives, thereby equipping employees with the competencies needed to
work alongside intelligent technologies. Moreover, public policies should encourage
the development of ethical, human-centric guidelines for AI applications that prioritize
employee well-being alongside productivity goals. By promoting a societal discourse that
positions AI as an assistive tool rather than a threat of displacement and by establishing
social safety nets that address concerns about job transitions, governments can help shape
an overall cognitive environment dominated by challenge appraisals, thereby stimulating
innovation capacity in the service domain.

7. Conclusions and Future Research
This study developed and tested a dual-path model, grounded in the transactional the-

ory of stress and the conservation of resources theory, to explain how employees’ challenge
and hindrance appraisals of AI-related work uncertainty are associated with their service
innovation behavior through the mediating roles of work engagement and emotional
exhaustion. Based on PLS-SEM analysis of 317 valid responses from frontline employ-
ees on e-commerce platforms in China, the study draws the following main conclusions.
Challenge appraisal is positively associated with service innovation behavior, while hin-
drance appraisal is negatively associated with service innovation behavior. Specifically,
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challenge appraisal is indirectly and positively associated with service innovation behavior
only through work engagement (the resource-gain pathway), whereas hindrance appraisal
is indirectly and negatively associated with service innovation behavior only through
emotional exhaustion (the resource-loss pathway). At the theoretical level, this study
integrates the transactional theory of stress and the conservation of resources theory to
articulate a complete explanatory chain from cognitive appraisal to psychological resources
to behavioral outcomes, and identifies the asymmetric mediation pattern of challenge
and hindrance appraisals, thereby enriching the understanding of employees’ cognitive
appraisal mechanisms in the AI context. At the practical level, the study recommends
that frontline employees proactively cultivate challenge appraisals of AI, that e-commerce
platforms and organizations foster a positive appraisal climate through transparent com-
munication, adequate training, and organizational care, and that governments support
employees’ smooth transition in the AI era by funding AI literacy programs and developing
human-centric ethical guidelines for AI applications.

Since there are some limitations of this research, we propose several directions for
future research. First, the data for this investigation were sourced from Chinese employees
via one online crowdsourcing platform, and employees’ cognitive appraisals of AI-related
work uncertainty may be shaped by cultural values. For instance, in cultures characterized
by high collectivism or strong uncertainty avoidance, employees may be more prone to
appraise AI-related work uncertainty as a hindrance rather than a challenge. Therefore,
future research should conduct cross-cultural comparisons to examine the robustness and
cross-national applicability of our proposed dual-path model. Second, this study treated
AI applications as a generic stressor without distinguishing among the specific AI func-
tionalities commonly deployed on e-commerce platforms. Since different types of AI may
be associated with distinct patterns of cognitive appraisal and resource consumption, fu-
ture research should incorporate more fine-grained AI characteristics and examine how
different technical characteristics and parameters moderate or mediate employee challenge
and hindrance appraisals. Third, although this study confirmed that common method
bias does not pose a serious threat, some degree of common method bias may still exist
because all variables were collected from employee self-reports. Therefore, future research
is encouraged to adopt multi-source data collection strategies. For example, service inno-
vation behavior could be evaluated with objective performance data such as the number
of innovative suggestions adopted or customer feedback scores. Fourth, although this
study identifies significant associations, its cross-sectional design limits our ability to infer
causality; subsequent research should employ longitudinal or experimental approaches to
confirm these causal conclusions.
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Appendix A

Table A1. Questionnaire.

Construct Item Questions Research

Challenge Appraisal CA1 The work uncertainty generated by AI will help me learn
many things. [54]

CA2 The work uncertainty generated by AI will make my work
experience more educational learn many things.

CA3 The work uncertainty generated by AI will show me some
new things I can do.

CA4 The work uncertainty generated by AI will make me focus
on doing my work well.

Hindrance Appraisal

HA1 The work uncertainty generated by AI will hinder any
achievement I may attain. [54]

HA2 The work uncertainty generated by AI will limit
my abilities.

HA3 The work uncertainty generated by AI will constrain
my performance.

HA4 The work uncertainty generated by AI will prevent me
from mastering difficulties in my work.

Work Engagement

WE1 I am immersed in my work. [42]

WE2 I feel happy when I am completely immersed in my work.

WE3 I lose track of time when I am working.

Emotional Exhaustion

EE1 I feel emotionally drained from my work. [55]

EE2 I feel fatigued by my work activities.

EE3 When I think about facing another day of work, I feel tired.

Service Innovation Behavior

SIB1 I often generate novel and useful ideas for improving
service quality. [27]

SIB2 I often explore new service techniques and methods.

SIB3 I often find ways to implement innovative ideas into
service delivery.

SIB4 I often propose innovative service ideas and persuade
others to adopt them.
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