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ABSTRACT: Objectives: While organizations are increasingly adopting artificial intelligence (AI), its effects on
employees’ well-being remain poorly understood. Drawing on social cognitive theory, this study aimed to examine
the underlying mechanism through which organizational AI adoption influences employees’ well-being. Methods:
A two-wave time-lagged research design was conducted with 262 Chinese employees employing a voluntary and
anonymous survey. The survey included measures of organizational AI adoption, AI use anxiety, job insecurity,
subjective well-being, and psychological well-being. The data were analyzed using SPSS 26.0 software and macro
PROCESS. Results: The moderation analysis revealed that AI use anxiety moderated the association between
organizational AI adoption and job insecurity (b = 0.19, standard error [SE] = 0.04, p < 0.001), indicating that
organizational AI adoption was positively related to job insecurity when AI use anxiety was higher. The moderating
mediation analysis further revealed that the indirect effect of organizational AI adoption on employees’ well-being
via job insecurity was negative (for subjective well-being, moderated mediation index = −0.05, SE = 0.03, 95% CI
= [−0.103, −0.005]; for psychological well-being, moderated mediation index = −0.04, SE = 0.02, 95% CI = [−0.089,
−0.007]), indicating that organizational AI adoption would impair employees’ well-being by increasing job insecurity
for employees with a higher level of AI use anxiety. Conclusions: AI use anxiety acts as a critical moderator in
the link between organizational AI adoption and employee well-being. The finding supports the notion that a wide
variety of boundary conditions may influence how individuals react to AI filling roles typically held by humans.
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1 Introduction

Artificial intelligence (AI) refers to intelligent machines or computerized systems that possess the
capacity to learn, respond, and carry out a range of humanlike tasks [1]. Due to its promising capabilities,
an increasing number of organizations are adopting AI to enhance productivity and reduce costs across
business units. For example, intelligent financial services are used by financial departments and intelligent
robots are employed by production departments. While this shift offers tremendous potential for enhanced
efficiency and productivity, it simultaneously introduces intricate challenges, particularly concerning
employee well-being. In response to organizational AI adoption, employees may, on the one hand, fear
being replaced [2,3], which in turn can decrease their well-being in the workplace. On the other hand,
AI can complement human intelligence [3]. Employees can use AI-powered technology (e.g., algorithms,
virtual agents, and intelligent machines) to improve their efficiency and productivity in their work [4,5],
which in turn will improve their well-being in the workplace. Empirically, researchers have obtained
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conflicting views about the role of organizational AI adoption in employees’ well-being. Some studies have
found organizational AI adoption to be positively related to employees’ well-being [6–8], whereas other
studies have shown organizational AI adoption to be positively related to employees’ well-being [9–11].

One explanation for these conflicting results is that researchers have often overlooked the boundary
conditions that influence how employees react to AI filling roles typically held by humans. Cheng et
al. found that employees with an external locus of control tend to view organizational AI adoption as a
hindrance [12], leading to prevention-focused work behaviors. In contrast, employees with an internal locus
of control view organizational AI adoption as a challenge, leading to promotion-focused work behaviors.
Similarly, using a sample of knowledge-based workers, Huang et al. observed the double-edged sword effect
of organizational AI adoption on well-being [9]. On the one hand, organizational AI adoption improved
employees’ well-being through fostering their role breadth self-efficacy; on the other hand, it impaired
well-being by triggering AI anxiety. Given the conflicting results about the effects of AI on employees,
Yam et al. have called for much more research to examine the boundary conditions that shape how people
react to AI [13]. Considering the role of well-being for human beings, this study focuses on how and when
organizational AI adoption is related to well-being in the workplace.

Social cognitive theory (SCT) proposes that the impact of external environments on individuals is
largely contingent on individual differences [14]. Based on social cognitive theory (SCT), the present study
argues that the impact of organizational AI adoption as an external environmental factor on job insecurity
depends on employees’ anxiety about AI use. Accordingly, AI use anxiety conditions the indirect effects of
organizational AI adoption on employees’ subjective and psychological well-being via job insecurity. The
proposed model is showed in Fig. 1.

Figure 1: Research model.

2 Hypothesis Development

2.1 The Moderating Role of AI Use Anxiety in the Link between Organizational AI Adoption and
Job Insecurity

As an area of computer science where machines are capable of performing human-like tasks, AI has two
functions: replacement and augmentation. Replacement means that AI is capable of substituting humans by
bearing intelligent tasks that were once limited to human beings. Augmentation means that AI is designed to
assist and amplify human intelligence, working alongside individuals to enhance and complement human
cognitive abilities rather than replacing them [15]. Organizational AI adoption is a substantial external
environmental factor that induces employees’ cognitive evaluation process [16]. SCT suggests that the impact
of external environments on people is largely contingent on individual differences, including individuals’
attitudes toward their environment [14]. Thus, attributes and, more importantly, an individual’s perceptions
of them critically determine whether they are willing to let external environmental factors exert an actual
influence on them.
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Faced with organizational AI adoption, employees may develop either replacement fears or
augmentation expectations, depending on their cognitive appraisal of the technology. AI use anxiety
describes a worker’s anxious feelings about the practical use of AI at work and reflects individuals’ general
disposition toward technological innovation [17]. Faced with organizational AI adoption, employees with
less AI use anxiety demonstrate greater propensity to perceive and capitalize on the beneficial opportunities
afforded by AI technologies [18], which in turn reduces their perceptions of job insecurity. Additionally,
employees with less AI use anxiety may have a high desire to learn and equip themselves with new
knowledge and skills to avoid being replaced by AI [19]. As such, employees with less AI use anxiety
demonstrate a greater propensity to perceive organizational AI adoption as augmentation rather than
replacement. In contrast, employees with high AI use anxiety have low confidence and motivation to make
efforts to equip themselves with new knowledge and skills [18]. Thus, when faced with organizational
AI adoption, they are inclined to consider it as a replacement, meaning a potential threat to their job
maintenance or career sustainability [20]. Consequently, employees with higher levels of AI use anxiety
are more likely to generate perceptions of job insecurity. Taken together, we hypothesize that:

Hypothesis 1: AI use anxiety moderates the relationship between organizational AI adoption and job insecurity,
such that the relationship is positive when AI use anxiety is high.

2.2 The Moderating Role of AI Use Anxiety in the Indirect Effect of Organizational AI Adoption
and Employees’ Well-Being via Job Insecurity

SCT proposes that people’s cognitive perceptions shaped by external environments will lead them
to display certain attitudes and behaviors [14]. Prior studies have demonstrated that perceptions of
job insecurity have detrimental effects on employees’ subjective and psychological well-being [21–23].
Based on SCT, indirect effects of organizational AI adoption on employees’ well-being via job security are
expected. SCT further states that individual differences will play a contingent role in the effects of external
environments on individuals. Based on this theorizing, Hypothesis 1 argues that AI use anxiety moderates
the relationship between organizational AI adoption and job insecurity. Combining the above arguments,
and according to the moderated mediation model [24], this study proposes the following hypothesis:

Hypothesis 2: The indirect effect of organizational AI adoption on employees’ well-being via job insecurity is
moderated by AI use anxiety, such that the indirect effect is negative when AI use anxiety is high.

3 Methods

3.1 Participants and Procedures

Data for this study were collected from four manufacturing companies in Wuhan that adopted AI
devices (e.g., intelligent robot and intelligent financial services) extensively across operational workflows.
With the help of the companies’ directors, a web-based survey was administered. A cover letter explaining
the aim of the study and assuring the confidentiality and anonymity of the survey was sent to participants
via e-mail. Employees interested in participating could respond through e-mail. Data were obtained at two
time points, with a one-month interval to minimize common method bias [25] and to help establish causal
relationships between key variables [26]. Identification codes were generated to match the participants’
responses across the two-time points. At Time 1, 600 questionnaires were sent, and participants were
asked to report demographic variables, organizational AI adoption, AI use anxiety, and job insecurity. Of
the 600 target participants, 458 submitted valid responses, yielding a response rate of 76.33 percent. One
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month later (at Time 2), a follow-up survey was sent to the 458 participants who had completed the first
survey. Participants were asked to report on subjective well-being and psychological well-being. Fifteen
cases were deleted due to a large number of irregular patterns of responses that had identical responses
to a large number of consecutive questions, resulting in 262 valid cases and a valid response rate of 57.21
percent. In the final sample, 72.91 percent of respondents were male; their average age was 29.58 years
(standard deviation [SD] = 4.71), and their average organizational tenure was 6.17 years (SD = 3.99). In
terms of education, 81.30% held at least a Bachelor’s degree. Following Goodman and Blum [27], the present
study conducted attrition analyses by regressing dichotomous indicators of missingness for Time 2 on
study variables. Analyses showed no systematic dropout at Time 2. However, male and older employees
were significantly less likely to participate in the second wave. Although this fact does indicate systematic
dropout at Time 2, it is important to note that this dropout was related only to the control variables and did
not depend on well-being [28].

This study was approved by the Committee for Scientific Research and Academic Ethics of Wuhan
University (Approval Number: WU-2024589). The studies were conducted in accordance with the local
legislation and institutional requirements. The participants provided their written informed consent to
participate in this study.

3.2 Measurement

All measures were administered in Chinese. To begin, two native Chinese speakers fluent in English
independently translated the scales from English to Chinese. Any disagreements were discussed and
addressed between them. A bilingual person specialized in English and vocational psychology was then
paid to translate the Chinese materials back to English. Finally, the translated materials were sent to the
companies’ directors to ensure that the materials were appropriate to the current context. Podsakoff et al.
state that researchers can use different response formats to procedurally remedy common method bias [25].
Following Podsakoff et al.’s suggestion, the current study used different point Likert-type scales.

3.2.1 Organizational AI Adoption

Organizational AI adoption was assessed with a three-item scale used in the study by Wang et al. [29].
A sample item is “My company has been involved in the adoption of AI technology”. Participants were asked
to respond on a seven-point Likert scale ranging from 1 (strongly disagree) to 7 (strongly agree). Cronbach’s
alpha coefficient for the scale was 0.78.

3.2.2 AI Use Anxiety

The four-item scale developed by Park et al. was used to measure AI use anxiety [18]. A sample item
is “Using AI for work is somewhat intimidating to me”. Participants were asked to respond on a five-point
Likert-type scale ranging from 1 (strongly disagree) to 5 (strongly agree). In the current study, confirmatory
factor analysis (CFA) demonstrated that the AI use anxiety scale had a one-dimensional structure (χ2 (2) =
4.88, p > 0.05; comparative fit index [CFI] = 0.98; root mean square error of approximation [RMSEA] = 0.07;
standardized root mean square residual [SRMR] = 0.02), and standardized factor loadings ranged from 0.72
to 0.93. Cronbach’s alpha coefficient for the scale was 0.81.
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3.2.3 Job Insecurity

We used a three-item scale developed by Hellgren and Sverke to assess perceived job insecurity [30].
A sample item is “I am worried about having to leave my job before I would like to”. These were rated on
a four-point Likert-type scale ranging from 1 (strongly disagree) to 4 (strongly agree). Cronbach’s alpha
coefficient for the scale was 0.73.

3.2.4 Well-Being

We used the multidimensional scale of employee well-being developed by Zheng et al. to assess
participants’ well-being [31]. This scale reflects two underlying dimensions, each measured with three items:
subjective well-being (e.g., “I am satisfied with my work responsibilities”) and psychological well-being
(“I feel I have grown as a person”). Participants were asked to respond on a six-point Likert scale ranging
from 1 (strongly disagree) to 6 (strongly agree). Second-order confirmatory factor analysis demonstrated
that the well-being scale had a higher-order latent construct overarching two factors (χ2 (7) = 9.64, p >
0.05; CFI = 0.95; RMSEA = 0.06; SRMR = 0.05). Standardized first-order loadings ranged from 0.76 to 0.93,
and standardized second-order loadings ranged from 0.82 to 0.87. Cronbach’s alpha coefficients for the
subjective well-being and psychological well-being subscales were 0.79 and 0.76, respectively.

3.2.5 Control Variables

The study followed Bernerth and Aguinis’ recommendations for selecting control variables [32].
Participants’ age, job tenure, marital status (1 = single, 2 = married), gender (1 = female, 2 = male), and
education (1 = associate degree and below, 2 = undergraduate degree, 3 = graduate degree and above) were
controlled for in this study because previous studies have shown that employees’ well-being is affected by
these socio-demographic variables [33,34].

3.3 Data Analysis

In this study, I used a variety of statistical methods to analyze the data. First, I used SPSS 26.0 software
(IBM Corp., Armonk, NY, USA) for data sorting and descriptive statistics. Second, I utilized Mplus 8.3
(Muthén &Muthén, Los Angeles, CA, USA) to conduct CFA to test discriminant validity among the variables.
Maximum likelihood estimation with robust standard errors (MLR) was used. Third, I used marco PROCESS
in SPSS (Model 1) developed by Hayes [35] to test Hypothesis 1. Fourth, I used marco PROCESS in SPSS
(Model 7) developed by Hayes [35] to test Hypothesis 2. I set the significance level at p < 0.05 to evaluate
the significance of each statistical test. All statistical methods were selected based on their applicability in
this study, and the reliability of the results is ensured.

4 Results

4.1 Preliminary Analyses

I first performed CFA with Mplus 8.3 (ESTIMATOR = MLR) to assess the distinctiveness of the latent
variables (see Table 1). The findings demonstrated that the hypothesized five-factor model, distinguishing
organizational AI adoption, job insecurity, and AI use anxiety, subjective well-being, and psychological
well-being, fit the data well (χ2 = 120.04, df = 79, CFI = 0.96, RMSEA = 0.05, SRMR = 0.06) and performed
better than the alternative models.

To test the presence of common method bias more rigorously, following the advice of Podsakoff et
al. [25], an unmeasured latent method factor was used. The result showed that the fit indices of the six-factor
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model did not fit better than the theorized five-factor model: χ2 = 87.27, df = 66, p < 0.001; CFI = 0.98;
RMSEA = 0.04; SRMR = 0.05. Changes in model fit indices did not exceed the recommended cutoffs [36,37]:
ΔCFI = 0.02, ΔRMSEA = −0.01, and ΔSRMR = −0.01, suggesting this study does not seriously suffer from
common method bias.

Table 1: Comparison of measurement models.

Model χ2 df CFI RMSEA SRMR

Five-factor model1 120.04 79 0.96 0.05 0.06
Four-factor model2 264.46 83 0.83 0.09 0.10
Three-factor model3 494.46 86 0.62 0.14 0.13
Two-factor model4 382.36 88 0.73 0.11 0.11
One-factor model5 556.89 99 0.57 0.14 0.13

Note: 1theorized model; 2organizational AI adoption and job insecurity were loaded as one factor; 3organizational AI adoption, job
insecurity, and AI use anxiety were loaded as one factor; 4organizational AI adoption, job insecurity, subjective well-being, and
psychological well-being were loaded as one factor; 5all latent variables were loaded as one factor. df, degree of freedom; CFI,
comparative fit index; RMSEA, root mean square error of approximation; SRMR, standardized root mean square residual.

4.2 Descriptive Statistics and Correlations

SPSS 26.0 software was used to calculate descriptive statistics. The means, standard deviations, and
correlations of the variables are provided in Table 2. As shown in Table 2, organizational AI adoption is
not significantly correlated with job insecurity (r = 0.04, p > 0.05), suggesting that the relationship may be
contingent on the moderator. Job insecurity is negatively correlated with subjective well-being (r = −0.12,
p < 0.05) and psychological well-being (r = −0.11, p < 0.05). These results provide preliminary support for
the hypotheses.

Table 2: Descriptive statistics and inter-correlations among variables.

Variables Mean SD 1 2 3 4 5

1. Organizational AI adoption 4.27 0.92 (0.78)
2. AI use anxiety 1.86 0.80 −0.18** (0.81)
3. Job insecurity 3.00 0.65 0.04 0.02 (0.73)
4. Subjective well-being 3.48 1.16 0.28*** −0.27*** −0.12* (0.79)
5. Psychological well-being 4.43 0.99 0.31** −0.35*** −0.11* 0.63*** (0.76)

Note: n = 262; *p < 0.05, **p < 0.01, ***p < 0.001. SD, standard deviation.

4.3 Hypothesis Testing

Hypothesis 1 proposed that AI use anxiety moderates the association between organizational AI
adoption and job insecurity. The PROCESS 4.1 (Model 1) program was utilized to test Hypothesis 1, while
controlling for demographical variables and setting the bootstrap random sampling to 5000 times. As shown
in Table 3, after controlling for demographics, the interaction term between organizational AI adoption and
AI use anxiety was positive and significant (b = 0.19, SE = 0.04, p < 0.001). The interaction effects explained
additional variance in job security (ΔR2 = 0.007, ƒ2 = 0.075). The simple slope analysis further showed that
organizational AI adoption had a positive and significant effect on job insecurity at a higher level of AI use
anxiety (Mean + SD = 1.86 + 0.80, b = 0.19, SE = 0.06, t = 3.43, p < 0.01). However, the relationship between
organizational AI adoption and job insecurity is negative at a lower level of AI use anxiety (Mean − SD =
1.86 − 0.80, b = −0.10, SE = 0.05, t = 1.98, p < 0.05). Fig. 2 clearly visualizes the moderating effect of AI use
anxiety on the relationship between organizational AI adoption and job insecurity. Therefore, Hypothesis 1
is confirmed.
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Table 3: The results of examining Hypothesis 1.

Variables Job Insecurity Job Insecurity

Controls
Age 0.02 0.01
Gender −0.12 −0.12
Education 0.01 −0.01
Marriage status 0.02 0.03
Job tenure −0.00 0.01

Predictors
Organizational AI adoption 0.03 −0.31**
AI use anxiety −0.73***
Organizational AI adoption × AI use anxiety 0.19***

Adjusted R2
0.02 0.10***

R2 change 0.07***
Note: n = 262; unstandardized path coefficients were reported; **p < 0.01, ***p < 0.001.

Figure 2: The moderating role of AI use anxiety in the organizational AI adoption–job insecurity link.

Hypothesis 2 suggested that AI use anxiety moderates the association between organizational AI
adoption and well-being via job insecurity. The PROCESS 4.1 (Model 7) programwas used to test Hypothesis
2, while controlling for demographic variables and setting the bootstrap random sampling to 5000 times.
For subjective well-being, the moderated mediation index was −0.05 with 95% CI = [−0.103, −0.005]. As
illustrated in Table 4, the indirect effect is positive and significant when AI use anxiety is lower (b = 0.03, SE
= 0.02, 95% CI = [0.010, 0.082]. However, the indirect effect was negative and significant when AI use anxiety
is higher (b = −0.05, SE = 0.03, 95% CI = [−0.122, −0.003]. For psychological well-being, the moderated
mediation index was −0.04 with 95% CI = [−0.089, −0.007]. As illustrated in Table 4, the indirect effect
was positive and significant when AI use anxiety was lower (b = 0.02, SE = 0.01, 95% CI = [0.001, 0.059].
However, the indirect effect was negative and significant when AI use anxiety was high (b = −0.04, SE =
0.02, 95% CI = [−0.101, −0.003]. Thus, Hypothesis 2 is confirmed.
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Table 4: Results of moderated mediating effect test.

Dependent Variables AI Use Anxiety Effect Size
95% CI

Boot LLCI Boot ULCI

Subjective well-being
Lower (M − 1 SD) 0.03 0.010 0.082

Middle (M) −0.01 −0.052 0.009
Higher (M + 1 SD) −0.05 −0.122 −0.003

Psychological well-being
Lower (M − 1 SD) 0.02 0.001 0.059

Middle (M) −0.01 −0.036 0.005
Higher (M + 1 SD) −0.04 −0.101 −0.003

Note: M, mean; SD, standard deviation; LLCI, lower level of confidence interval; ULCI, upper level of confidence interval; CI,
confidence interval.

5 Discussion

The main aim of this study was to reveal the underlying mechanism through which organizational
AI adoption impacts employees’ well-being in the workplace. Drawing on SCT, we proposed a research
model positing the moderation role of AI use anxiety and the mediation role of job insecurity. The results
illustrated that the relationship between organizational AI adoption and job insecurity depended on AI use
anxiety. Specifically, organizational AI adoption was positively related to job insecurity for employees with
higher levels of AI use anxiety, whereas a negative association was observed for those with lower levels
of AI use anxiety. In addition, the moderated mediation analysis confirmed the moderation role of AI use
anxiety in the indirect effects of organizational AI adoption on subjective and psychological well-being via
job security. Specifically, organizational AI adoption was negatively related to employees’ well-being by
increasing job insecurity for employees with higher levels of AI use anxiety. In contrast, organizational AI
adoption was positively related to employees’ well-being by decreasing job insecurity for employees with
lower levels of AI use anxiety.

5.1 Theoretical and Practical Implications

The findings revealed by this study have important theoretical and practical implications. First,
the study deepens our understanding of how organizations adopt AI by explaining the relationships
between organizational AI adoption and job insecurity and employees’ well-being. Prentice et al. called for
investigations into how AI adoption influences outcomes from the perspective of employees [38]. Recently,
we have witnessed the dramatically increasing interest in examining the effects of organizational AI
adoption on employees’ workplace experience, such as job insecurity and well-being. However, conflicting
results have been reported [8–11]. Given that, researchers have called for more studies to investigate the
contingent effect of organizational AI adoption on employees’ reactions [13]. In response to this call, the
present study examined the contingent role of AI use anxiety in the relationships between organizational
AI adoption, job insecurity, and employee well-being. Second, this study offers a fresh theoretical insight
into the mechanisms underlying the impact of AI adoption on employees’ well-being. To date, management
literature on AI has predominantly relied on the technology acceptance model (TAM) and the unified theory
of technology acceptance and use (UTAUT). These frameworks have been widely utilized to examine the
adoption and implementation patterns of innovative technologies across diverse organizational contexts. In
contrast, this study utilized SCT to frame job insecurity as employees’ cognitive appraisal of organizational
AI adoption, with well-being serving as the resultant outcome. Furthermore, based on the SCT tenet
that individuals’ responses to external environments vary by individual differences, this study revealed
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that employees’ AI use anxiety plays a critical conditional role in the association between perceived job
insecurity and well-being. Thus, this study represents a meaningful attempt to integrate cross-disciplinary
frameworks with AI research in organizational contexts.

Practically, this study provides valuable practical guidance for managers. The current study found that
AI use anxiety played a critical contingent role in the relationships between organizational AI use, and
job security and well-being. To effectively address the escalating issue of AI anxiety, organizations should
develop anxiety reduction interventions to reduce employees’ AI use anxiety. For example, AI literacy
training should cover AI awareness (i.e., sensitivity to the AI technological revolution), AI knowledge (i.e.,
the ability to understand the basic techniques and concepts behind AI in different products and services),
and AI skills (i.e., knowing how to apply AI concepts in different contexts and applications in everyday
life) [39,40]. Meanwhile, instead of letting employees figure out organizational AI adoption themselves,
managers should proactively make sense of AI adoption, including sharing a benefit framework rather
than a loss framework for AI. Bockstedt and Buckman revealed that when AI adoption was reframed as
losses for performance, individuals would show high AI anxiety and aversion, which in turn harmed their
AI adaptation [41]. In contrast, when AI adoption was reframed as benefits for performance, individuals
would show high AI appreciation, which in turn fostered their AI adaptation.

5.2 Limitations and Future Research Directions

Despite the theoretical and practical implications discussed above, this study carried several limitations
that suggest avenues for further research. First, all study variables were self-reported, raising concerns
about common method bias. In the current study, AI use anxiety, job insecurity, subjective well-being, and
psychological well-being all reflect intra-personal experiences and are not readily observed by others [42].
Self-report measures seem an appropriate choice in the current context. However, it is ideal to adopt
an objective measure, such as actual AI tool usage metrics to assess organizational AI adoption. To
mitigate common method bias concern, this study measured the independent variable (i.e., organizational
AI adoption), the mediator (i.e., job security), and the moderator (i.e., AI use anxiety) at Time 1, and the
dependent variable (i.e., subjective well-being and psychological well-being) at Time 2. In the current
study, the relationships examined depend on a moderator (i.e., AI use anxiety). Prior research demonstrates
that interactive relationships are not inflated by common method bias [43]. In addition, both Harman’s
single-factor test and an unmeasured latent methods factor test demonstrated that commonmethod bias does
not seem to be a major concern in this study. However, to enhance the validity of mental health promotion
recommendations derived from the results, an experimental research design to replicate the findings is
encouraged. Second, the current study was cross-sectional in nature, and causal inferences cannot be drawn
from the findings. Although the relationship examined followed a presumed causal order suggested by SCT,
alternative explanations may exist. Consequently, a longitudinal research design that allows multiple data
collection points [44] is needed to shed light on how organizational AI adoption influences job insecurity
and employees’ well-being over time. Third, this study adopted a convenience sampling method to collect
data in China, which could reduce the generalizability of the results. Thus, further research is needed to
use stratified sampling across diverse contexts to replicate and extend the findings.

One interesting future research direction is to examine the effects of organizational AI adoption on
a more comprehensive assessment of well-being outcomes. For instance, researchers can examine the
effects of organizational AI adoption on social well-being or workplace engagement. In doing so, a more
comprehensive framework for mental health in the AI era will be provided.
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The second future research direction is to recognize other mediators (e.g., positive or negative emotions)
and moderators (e.g., perceived organizational support) to understand the mechanism for the relationship
between organizational AI adoption and employees’ well-being by drawing on insights from alternative
theoretical frameworks such as the positive emotion broaden and build theory [45]. The experimental
study by Hu et al. found that AI chatbots effectively reduced the arousal of negative emotions (e.g., anger,
frustration, and fear), compared to the control group [46].

The third future research direction is to examine the role of cultural factors (e.g., collectivism or power
distance) in employees’ responses to organizational AI adoption. Cultural differences would influence
perspectives on self, others, and society, causing differences in attitudes toward AI [47,48]. For example,
individuals with a high level of collectivism and power distance are more likely to adhere to social norms,
fostering positive attitudes toward new technology adoption [49] when the new technology becomes
prevalent. Thus, it is reasonable to suggest that collectivism and power distance may mitigate the effect of
organizational AI adoption on individuals’ well-being via job insecurity.

Finally, it is necessary to examine simultaneously the roles of individual, environmental, and interpersonal
factors (e.g., employee participation in AI implementation decisions, organizational cooperation strategies,
career support from coworkers, and employment policies) in the relationship between organizational AI
adoption and employees’ well-being by adopting a multi-level perspective. By doing so, we can help develop
environment-or interpersonal-sensitive mental health promotion interventions for AI-integrated workplaces.

6 Conclusions

With a sample of employees from companies with comprehensive AI integration across operational
workflows, this study found that AI use anxiety acts as a critical moderator in the link between organizational
AI adoption and employee well-being. The findings support the notion that a wide variety of boundary
conditions may influence how individuals react to AI filling roles typically held by humans, and they
respond to the call for more research to investigate these boundary conditions. The results highlight the
importance of anxiety reduction interventions to help organizations reap the benefits of adopting AI.
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