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Objective: Drawing on the conservation of resources theory (COR), the research aims to reveal the influence of artificial intelligence (AI) awareness on employees’ mental health and behaviors, particularly examining whether and how employees’ AI awareness impacts their counterproductive work behaviors (CWB) in human-intelligence collaborations.

Methods: Data was collected from 327 Chinese employees who collaborated with AI in sales, manufacturing, logistics, and other industries. The measurement instruments included scales for AI awareness, psychological contract (PC), emotional exhaustion (EE), and counterproductive work behavior (CWB). We used Hayes’s PROCESS macro to analyze the data.

Findings: AI awareness had a significant positive impact on CWB (β = 0.448, p < 0.01). PC and EE play a role as partial mediators in the relationship between AI awareness and CWB. The mediating pathways consist of three sequences: “AI awareness → PC → CWB,” “AI awareness → EE → CWB” and “AI awareness → PC → EE → CWB,” with the respective contributions to the overall effect amounting to 8.04, 18.53, and 4.91%.

Discussion: Our research contributes to the study of AI in the management field by elucidating the relationship between AI awareness and CWB, as well as the mediating mechanisms of this relationship, which enriches the literature on CWB and expands the understanding of the associations between AI and CWB.
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1 Introduction

With the development of the Fourth Industrial Revolution, AI is increasingly used in various industries due to its outstanding advantages in reducing costs, increasing efficiency, fostering innovation, and spurring growth (1–3). For example, the education sector is using AI technology for intelligent assignment correction (4, 5). In the manufacturing field, AI technology automates work processes. Within the service industry, AI is increasingly being integrated into hospitality, catering, and tourism enterprises as robots (6). Additionally, the medical industry employs AI to assist with patient treatment (7–10).

The rapid advancement of AI applications is revolutionizing the boundaries of organizations and the careers of their employees. As a result, employees are exposed to an uncertain work environment (11), affecting their personal feelings and career development (12). SDG 8, one of the 17 Sustainable Development Goals proposed by the United Nations in 2015, mentions the need to “promote inclusive and sustainable economic growth, employment and decent work for all.” Several previous studies have found that AI adoption may potentially threaten employees, resulting in adverse psychological effects, such as a sense of insecurity about jobs that may be replaced (13). Moreover, High level of AI awareness could lead to negative behaviors, including work withdrawal and staff turnover (2, 14). The effects may counter the goal of “safe and secure working environments” advocated by SDG8 and undermine employee well-being. However, research into employees’ attitudes and behavioral responses to AI is still in its initial stages (15).

In management research, employees’ concerns about the introduction of AI-related technologies are referred to as AI awareness (16). AI awareness is the degree to which employee perceives that AI-related technologies will harm the future of their career (16). Researchers have already found that AI awareness can significantly impact employee behavior in the hospitality sector. For example, Li et al. (2) empirically demonstrated that high level of AI awareness can significantly increase employees’ turnover intention. Zhao et al. (17) proposed a positive correlation between AI awareness and organizational deviance among service staff. Teng et al. (14) found that AI awareness can lead hotel staff to withdraw from their work. Nevertheless, in a more general context, whether this similar negative behavior will also exist in other industries and the mechanism behind this relationship have piqued our interest.

Counterproductive work behavior (CWB) is another kind of negative behavior, referring to unethical actions by employees that damage or are intended to damage the organization’s legitimate interests (e.g., production deviations, interpersonal avoidance). CWB is perceived as highly unfavorable to the organization and can cause damage to its reputation, property, and other resources (18, 19). Despite the initial findings of current scholars, there remain research gaps on whether employee AI awareness will lead to CWB, such as employee resistance and retaliation against the organization. The underlying influence mechanism has yet to be disclosed. Therefore, this study focuses on two issues:


RQ1: Does employee AI awareness influence CWB, and if so, how?

RQ2: What are the mediating mechanisms between the two?
 

We introduce the COR theory to construct our research framework to fill the aforementioned research gaps. The COR theory posits that individuals prioritize the acquisition and retention of resources, and strive to avoid resource loss. The consequences of resource loss are considered more significant than those of resource gain (20). When companies introduce technologies such as AI, employees fear being replaced (13). This fear prompts them to acknowledge the possibility of losing their jobs or facing significant challenges in maintaining their positions. Such scenarios represent atypical and significant resource loss. In accordance with COR theory, individuals tend to exhibit aggressive behavior when their perceived resources are exhausted. Aggressive behavior is a common manifestation of CWB within organizations. CWB encompasses actions by employees that either harm or are intended to harm the legitimate interests of the organization, potentially leading to a range of negative impacts. Examples of CWB include deviating from production standards, engaging in conflicts with coworkers, and acts of sabotage (18, 21). Therefore, this study suggests that AI awareness will likely trigger employees’ CWB.

Individual’s AI awareness can lead to the depletion of his resources, triggering negative emotions like emotional exhaustion (EE). EE intensifies the depletion of resources and raises the probability of engaging in subsequent negative behaviors, including CWB. In other words, EE can positively affect CWB (22). Therefore, based on COR, we suggest the possibility that heightened AI awareness may cause employees to experience emotional exhaustion, which, in turn, may lead them to retaliate against their organization through CWB (23).

The psychological contract (PC) is an exchange relationship based on reciprocity (24, 25), a tacit agreement between the employee and the employer. It is critical for employee engagement and performance (26). Employees with stronger PC are more engaged in their work and less inclined to get involved in the CWB. However, AI awareness makes employees feel threatened by the potential replacement, leading them to perceive the organization as betraying their contracts. Consequently, employees experience a significant cognitive dissonance. According to the COR theory, the loss of personal resources is more pronounced, which may exacerbate CWB. Therefore, we propose that heightened AI awareness might lead to a decrease in employees’ perceived PC, which could potentially elicit CWB. The perceived loss of resources, stemming from this decrease, triggers negative emotions and depletes employees’ psychological resources. According to the COR theory, this depletion of psychological resources may result in EE, which could, in turn, prompt severe behavioral responses, such as CWB, as a means of protecting existing resources. Therefore, we predict that PC and EE may serve as sequential mediators in the relationship between AI awareness and CWB.



2 Theoretical background and hypotheses development


2.1 Conservation of resource theory

Conservation of Resource (COR) Theory explains the causes of stress and individual behavior by focusing on resource acquisition or consumption. It is widely used in research related to human resource management and can provide a research framework for understanding how resource changes and stress impact work outcomes. This theory suggests that individuals strive to acquire, retain, and build what is valuable and important to them, referred to as resources (27). Stress occurs when an individual perceives that their resources are (1) in danger of being lost, (2) lost, or (3) unrewarded for their efforts. The individual will then take action to alleviate pressure (20, 27). The COR theory encompasses a series of principles and inferences, providing a more comprehensive explanation of the causes and impacts of individual behavior. For example, resource losses are more easily perceived and noticed than resource gains, thus having a greater impact. People can preserve resources by investing in them; those with fewer resources are more susceptible to the effects of resource depletion compared to those who are resource-rich. The depletion of resources can put individuals into a defensive mode, increasing the likelihood of aggressive behavior (20, 28, 29).

Our study aimed to clarify the relationship between AI awareness and CWB. Past research has identified AI awareness as a source of stress (13). The COR theory can be employed to explain the causes and effects of stress formation in different contexts (20, 28). COR theory suggests that stress generation leads to negative employee emotions and EE (30), prompting individuals to seek supplemental resources or perhaps even engage in drastic negative behaviors (20, 31). CWB represents a typical negative employee outcome (32). Therefore, COR theory can assist us in understanding the relationship between a stressor such as AI awareness and a negative employee outcome such as CWB.

Additionally, the COR theory posits that the occurrence of a resource loss can lead to subsequent losses, creating a chain reaction that intensifies the negative impact of the initial loss (20). Therefore, as a source of strain, AI awareness could trigger a cascade of events that exacerbate resource depletion, culminating in detrimental employee outcomes (CWB). Consequently, we propose the existence of mediating variables in the form of a chain reaction between AI awareness and CWB. In conclusion, the COR theory is particularly well-suited to explaining our research model due to its emphasis on the dynamics of resource loss and its aftermath.



2.2 AI awareness and CWB

Counterproductive work behavior (CWB) refers to actions performed by employees that damage or intend to damage their organization’s legitimate interests. These behaviors are spontaneously generated by employees (32). This immoral behavior, which is spontaneous, violates organizational or social norms and can lead to various adverse effects on the organization, such as production deviation and destruction (18, 21). CWB is divided into two categories: CWB-organizational (CWB-O), such as production deviations and sabotage, and CWB-interpersonal (CWB-I), including abuse and other such acts (32, 33). This study focuses on CWB-O. Given the severe implications of CWB on organizational interests, researchers have investigated multiple facets of its underlying causes to mitigate its occurrence. Internal personal factors, including feelings of insecurity (34), specific personality traits (35, 36), and varying levels of intrinsic motivation (37, 38) can serve as triggers for CWB. Moreover, external factors such as leadership styles (39, 40), organizational constraints (41), and the quality of interpersonal relationships both within the organization and with customers (42, 43), can also impact CWB. There has been very little research into AI awareness as a causal factor in CWB, and the existing studies have primarily been conducted within the hospitality service industry (44). There is a notable lack of research on AI awareness as a trigger for CWB in a broader industry context. Our study aims to fill this research gap.

AI awareness poses a risk of replacement for employees. This feeling threatens their resources, such as employment opportunities, working conditions, and job content (20, 27). Consequently, AI awareness represents employees’ concerns about their future job prospects due to the use of AI, which is a negative psychological state. The higher the level of AI awareness, the stronger the perception of harm brought by AI. A functional identification framework for AI was developed by Selenko et al. (45), which categorizes the impact of AI use on employees into three types (12, 46). Following this classification, we also divide AI awareness into three categories. The first type pertains to the threat posed by AI providing technical support or supplementing existing human work. The adoption of AI leads to changes in how employees perform their tasks, potentially requiring them to abandon or adapt their old skills and learn new ones (47). These changes can make employees feel that they have lost their resources, such as their original work abilities and the stability of their job content. Consequently, employees may feel threatened. The second type involves the sense of threat created by AI replacing human tasks. As AI outperforms humans in many aspects (48), employees face the risk of job displacement or unemployment. The loss of this resource is more threatening than the first type. The third type pertains to the new human work tasks generated by AI. In this case, employees do not lose their jobs but must acquire new skills. Like the first type, people may lament their original work and current status (49). Current research on AI awareness primarily focuses on service industries such as hospitality, catering and nursing. Tan et al. (50) and Teng et al. (14) have investigated the impact of hotel employees’ AI awareness on employee behavior from the perspectives of individual competitiveness and work withdrawal, respectively; Liang et al. (51) examined the influence of AI awareness on innovative behavior among service industry employees; Kwak et al. (52) researched the effect of AI awareness on the behavior of employees in the nursing industry; and Flavián et al. (53) conducted a correlation study on the technological readiness of employees in the banking and financial industry in relation to AI awareness.

According to COR theory, AI awareness is considered one of the sources of work-related stress (13, 14). AI awareness makes employees feel that their resources may be robbed by AI, engendering feelings of loss and stress. Such feelings can, in turn, result in negative attitudes or behaviors, including CWB. Consequently, there is a positive correlation between AI awareness and CWB. We assume employees’ AI awareness can spark their CWB from the perspective of COR theory. The reasons are as follows.

First, AI awareness creates a perception of uncertainty among employees that AI may eventually replace their work (16). This substitution could lead to unemployment, possibly causing consequences that will disrupt their lives and result in resource loss. This risk is beyond the control of employees. Therefore, they tend to attribute it to the organization as a result of its AI adoption, making it impossible to provide them with fair and satisfying work. The COR theory suggests that people must invest resources to prevent resource loss. Consequently, employees may engage in CWB, such as breaking organizational rules, to retaliate against the organization and protect their psychological resources (54). Therefore, the stronger the AI awareness, the greater the risk of depletion of an employee’s psychological resources. According to COR theory, this heightened risk may lead the employee to engage in coping strategies in order to maintain psychological balance, thus preventing the loss of psychological resources. Consequently, there is a greater likelihood that the employee will resort to CWB due to these coping mechanisms (55). It is considered a method of acquiring and replenishing resources. In other words, when perceiving resource loss threats from AI, employees offset the loss of resources by increasing their psychological resources through CWB.

Second, according to the COR theory, individuals enter an aggressive defense mode when they perceive their resources being depleted or exhausted (20). With the increasing AI awareness, employees perceive a competitive or even hostile relationship with AI. They may face replacement (56) or need to abandon their old skills and learn new ones to adapt to the change (47). This kind of stress drains the employee’s psychological resources. As stress increases, AI awareness also grows, leading to the perception of psychological resource depletion. CWB can be viewed as a form of protest behavior, thereby defending against perceived unfairness or other influences (57). In response, employees tend to engage in CWB as an aggressive defense mode to mitigate the expanding loss of resources.

Third, the uncertainty of future careers due to AI awareness can have adverse psychological effects on employees, including pessimism, cynicism, burnout, emotional exhaustion, and insecurity (2, 51, 58). Previous scholars have demonstrated the positive impacts of negative emotions on CWB (59, 60). Employees’ AI awareness leads them to experience multiple negative emotions, thus making them more inclined to be involved in CWB. Thus, we propose that:


H1: AI awareness can significantly intensify CWB.
 



2.3 Mediating role of EE

EE refers to being emotionally overwhelmed, which depletes one’s emotional resources (61). According to COR, EE is a representative symptom of resource loss. Some scholars have empirically validated that AI awareness can trigger EE (14, 51). Employees’ AI awareness is a source of stress and can be considered a job-related demand (62). Addressing this stress and demand may entail psychological costs and result in the depletion of resources (63, 64). Chronic stress can exhaust employees’ psychological resources over time (65). Consequently, if no interventions are implemented to reduce stress, and employees lack adequate resources for coping, AI awareness may persistently deplete these resources, potentially culminating in employees experiencing EE (66, 67).

EE has been shown to negatively affect employees’ psychology and behavior (68, 69). Therefore, we believe there is a link between EE and employees’ CWB. First, EE depletes employees’ mental and emotional resources, leaving them with insufficient reserves to cope with stress (70). This, in turn, diminishes their ability to regulate their behavior on the job, making it more difficult for them to stay on top of tasks, and increases the likelihood of CWB. Golparvar (71) posited that CWB may be a maladaptive coping strategy. For instance, in the hotel industry, employees may be unable to focus on their work due to EE, which increases the likelihood of work withdrawal and CWB (14, 44). Second, similar to the Matthew effect, the COR theory suggests that when individuals face a loss of resources, they become more susceptible to future losses (20). Since AI awareness can reduce employees’ psychological resources, emotionally exhausted employees are more likely to develop CWB due to insufficient resources to regulate and normatively constrain their behavior. Jia et al. (72) indicates that in the computer industry, employees’ increased sense of job insecurity and EE has led to more instances of workplace deviance behavior. Third, in response to EE caused by stress, employees may express their negative emotions through various means. Individuals are likely to protect their limited resources through CWB (22). If employees lack the resources to cope with EE, they may exhibit CWB. Chen et al. (73) used data from both China and the United States to demonstrate that employees in manufacturing firms, due to EE, exhibited more aggressive forms of CWB. This aligns with the COR theory, which posits that as an individual’s resources become depleted, their behavior may become more aggressive. In summary, employee EE is a mechanism linking AI awareness to CWB. So, we hypothesize:


H2: EE mediates the relationship between AI awareness and CWB.
 



2.4 Mediating role of PC

The PC refers to an employee’s perception of their reciprocal exchange relationship with their employer (24, 25). There are two categories of PC: transactional and relational contracts (74). The transactional contract is materialistic and focuses on short-term benefits. In contrast, the relational contract denotes a mutually beneficial relationship between the company and its staff for mutual development (75). Consequently, the relational contract tends to favor both the organization and the employee. Millward and Hopkins (76) also suggested that organizations can achieve greater profitability by focusing on relational aspects. Therefore, the PC mentioned in this paper refers to the relational contract.

According to COR theory, AI awareness among employees may lead to a perceived loss of resources. AI awareness often originates from organizational initiatives to implement AI. Consequently, it can diminish the perceived PC between employees and the organization, which, in turn, may trigger a spectrum of negative emotions and behaviors, including CWB. The reasons are as follows.

The creation and exacerbation of AI awareness can reduce the perceived PC between employees and their organizations. On the one hand, when AI is introduced into organizations, employees’ AI awareness may lead them to fear that their organization might replace them with AI. This fear could result in the jobs promised by the organization and their career plans within the business disappearing (77). Such concerns can significantly deplete the psychological resources of the employees, which, in turn, may lead to a decrease in their perception of the PC between them and the organization (78). Second, based on the COR theory, employees’ AI awareness is recognized as a work-related stressor. The creation and exacerbation of this awareness can lead employees to experience more pronounced psychological impacts and a noticeable sense of stress. The PC between employees and organizations suggests that employees believe their employer should care about their development and well-being. This belief fosters a closer, longer-lasting, and more profound connection with the organization (79). However, AI awareness diminishes the above-mentioned psychological expectations of the employee, creating a sense of PC violation.

COR theory posits that individuals are motivated to safeguard their existing resources and to avert potential resource loss. When employees experience a perceived breach of the PC by the organization, the intensity of their sense of betrayal and the perceived loss of resources is often proportional to the strength of the PC. In response, a defensive mechanism, exemplified by CWB, is more likely to manifest. On the one hand, a weakened perception of the PC diminishes employees’ sense of belonging and commitment to the organization (80, 81), leading them to become indifferent toward the organization’s interests and resulting in CWB. On the other hand, the depletion of resources due to the weakened PC increases the probability of employees facing resource scarcity. Consistent with COR theory, this predicament will likely provoke more severe retaliatory actions, including CWB, as employees strive to protect their dwindling resources. Therefore, we hypothesize:


H3: The PC mediates the relationship between AI awareness and CWB.
 



2.5 Chain mediating roles of PC and EE

Based on the analysis, PC and EE may act as sequential mediators in the relationship between AI awareness and CWB. The prior analysis suggests that the creation and exacerbation of AI awareness led to a decrease in employees’ perceptions of PC, which may make employees feel that the firm has violated the PC between them (58, 82). Therefore, AI awareness diminishes employees’ PC perceptions. As employees’ perceptions of betrayal due to contract breaches increase, their sense of organizational belongingness diminishes (80). This results in more negative emotions and stress (83), further depleting employees’ resources. In the absence of resources to compensate, the persistence of this state has the potential to deplete employees’ psychological and emotional resources, leading to EE (84, 85). The presence of EE leaves employees with no spare resources to regulate their behavior at work or even to express their dissatisfaction more intensely, leading to CWB. In summary, we argue that AI awareness decreases employees’ PC, and the decrease in PC further depletes psychological resources, increases EE, and ultimately triggers employees’ CWB. Therefore, we hypothesize that:


H4: PC and EE assume the role of chain mediators between AI awareness and CWB. The figure illustrates the theoretical model (see Figure 1).
 

[image: Figure 1]

FIGURE 1
 Theoretical model.





3 Methodology


3.1 Samples

Our study examines the influence of AI awareness on employee emotions and behaviors during human-intelligence collaboration. Thus, the target participants should be those with more contact with AI at work. Drawing on previous research (86–88), we selected eight industries highly affected by AI for our study, such as logistics, sales and manufacturing. We limited the sample to eight industries that have more contact with AI (86). This approach enables the sample to be more representative.

We collected data through questionnaires. We recruited participants and collected data on, which scholars widely use (51). The website collected basic personal information from participants, including the industries in which they worked. We implemented restrictions to ensure that only those within specific industry ranges could access the questionnaire. Additionally, we recorded the participants’ industry information within the questionnaire to further validate and confirm the relevance of the sample. The respondents are employees who need to collaborate with AI at work. In addition to limiting the industries, we also set up a screening item (i.e., “Has your company introduced AI technology in your work? Do you need to use AI in your current job?”) to further identify whether participants need to collaborate with AI technologies in their work. Only those who chose “YES” were allowed to continue; if the answer was No., the questionnaire would be closed. We provided material incentives to participants through Credamo, clarifying before the questionnaire began that the data collected was for the exclusive purpose of the study and that their confidentiality would be ensured. A total of 450 questionnaires were distributed, with 89 being excluded at the filtering question stage, leaving 361 questionnaires for analysis. Among the submitted questionnaires, 31 were completed in less than 1 min, and 3 failed to pass the attention check, resulting in a final sample of 327 valid questionnaires. The validity rate was 72.7%. The gender distribution among the participants is relatively balanced, with a higher proportion from the eastern region, accounting for 51.4%, followed by the central region at 28.7%, and the western region having the lowest proportion at 19.9%. This distribution aligns with the economic development levels of various regions in China. The specific demographic information of the subjects is in Table 1.



TABLE 1 Demographic information.
[image: Table1]



3.2 Measurement

Well-established scales widely accepted by academics were used in our study. A 5-point Likert scale was adopted for all questions except the control variables. The mean score of the items was employed to ascertain the variable’s value. All the scores range from 1 (strongly disagree) to 5 (strongly agree). We translated the scale from English to Mandarin following Brislin’s suggestion (89). The accuracy of the translation was also confirmed by consulting three language scholars and an industry expert. Additionally, a pre-test involving 50 individuals was conducted to validate the questionnaire’s effectiveness, and modifications were made to some of the questions translated into Chinese to prevent ambiguity.

AI awareness (AIA). We used four items Brougham and Haar (16) developed to measure employee AI awareness. The scale consists of four items, including “I am personally worried that what I do now in my job will be able to be replaced by AI.” A higher score indicates a stronger perception of AI awareness, meaning that the employee has a greater concern about being replaced by AI. The Cronbach’s alpha value was 0.889. Emotional exhaustion (EE). Referring to Maslach and Jackson (90), nine items were adopted to measure the employees’ EE. The scale comprises nine items, such as “I feel frustrated by my job.” A higher score indicates a stronger perception of EE. The Cronbach’s alpha was 0.905. Psychological contract (PC). Nine items adapted from Raja et al. (91) were used to measure the PC. The PC scale consists of nine items, including “I have a reasonable chance of promotion if I work hard.” A higher score indicates a stronger perception of PC with the organization among employees. The Cronbach’s alpha was 0.912. Counterproductive work behavior (CWB). CWB was measured using a scale developed by Dalal et al. (92). The scale contained six items, such as “Did not work to the best of my ability. “A higher score indicated a greater degree of CWB among employees. The Cronbach’s alpha coefficient was 0.863.

Among the scales, the Cronbach’s alpha coefficient for PC and EE exceeds 0.9, indicating high internal consistency and suggesting that the measurement results are reliable. To some extent, the high degree of consistency among the questionnaire items aligns with our theoretical framework, which emphasizes the constructs’ intrinsic unity. An alpha value this high may also imply a high degree of interrelatedness among the items, which could lead to multicollinearity issues and affect the accuracy of statistical analyses. To assess the potential for multicollinearity, we conducted a Variance Inflation Factor (VIF) analysis and found that the VIF values for all variables were far below 5, indicating that multicollinearity is within an acceptable range. All the scale items are shown in Table 2. Chin (93) suggests that most of the loadings on the question items should be at least 0.60 and ideally at 0.70 or above. All factor loadings on our scale were above 0.6, which is consistent with the requirements. Table 3 shows the factor loadings, CR, and AVE.



TABLE 2 Scale items used in study.
[image: Table2]



TABLE 3 Factor loadings, CR, and AVE.
[image: Table3]




4 Results


4.1 Common method bias

In order to control common method bias, we conducted a pre-test before data collection. Additionally, parts of the questions were adapted to enhance the project’s comprehensibility. Data collection was performed anonymously, and participants were guaranteed confidentiality and legality. Afterward, we conducted Confirmatory factor analyses (CFAs) to ensure the discriminant validity of the 4-factor model was the best compared to other models. The results of the model fit according to AMOS support our idea, which means that the model for this study had good discriminant validity. The confirmatory factor analyses of four types of factor combinations are in Table 4.



TABLE 4 The confirmatory factor analysis.
[image: Table4]



4.2 Correlation analysis

The correlation between the core variables is in Table 5. We can see from the correlation coefficients that the core variables are significantly correlated. Furthermore, all the correlation directions align with what we assumed, which initially validates our idea.



TABLE 5 Means, standard deviations, and correlations.
[image: Table5]



4.3 Hypothesis testing

We used gender, age, educational background, income, tenure, and geographic region as control variables to test the models by regression. Scholars frequently incorporate control variables into their models when examining human psychology and behavior to ensure the reliability of the findings (94). On one hand, disparities in participants’ gender, age, and educational background may affect their cognition, psychological state, and behavior (95–97). Consequently, we have considered these factors as control variables in our study. On the other hand, the current deployment of AI is not uniform, and regional differences may result in variations in employees’ perceptions of AI. Hence, we have also included regional factors among the control variables to minimize the potential for confounding results attributable to regional discrepancies. In particular, we include industry as a control variable to examine whether the negative effects of AI awareness are widespread across different industries, as previously mentioned.

We used SPSS and macro PROCESS to test the hypotheses. The results are presented in Table 6. Initially, when analyzing the primary associations in Model 4, AI awareness is positively and significantly associated with CWB, with the control variables taken into account, with a coefficient of β = 0.448 (p < 0.01). Therefore, Hypothesis 1 was supported. Meanwhile, as can be seen from Models 1 and 2, the association between AI awareness and PC (β = −0.224, p < 0.01) as well as EE (β = 0.444, p < 0.01) was also significant. Moreover, PC is negatively and significantly associated with both EE and CWB, with impact coefficients of −0.417 and −0.258, respectively, as shown in Models 3 and 5. As can be seen from Model 7, with the control variables unchanged, the addition of the two mediator variables, PC and EE, to the main model diminishes the association between AI awareness and CWB from 0.448 in Model 4 to 0.307 in the combined model. This indicates that PC and EE moderate the relationship between AI awareness and CWB, suggesting that the mediating role is observed.



TABLE 6 Regression analysis results.
[image: Table6]

Second, we examined the mediating role using the bootstrap method (98). The results are presented in Table 7. The variables PC and EE significantly mediate the relationship between AI and CWB, with effect coefficients of 0.036 and 0.083, respectively. Moreover, neither of these coefficients included 0 within the 95% confidence interval. H2 and H3 were thereby supported. The combined mediating influence of PC and EE as a chain-mediating role was also significant, as indicated by the 95% confidence interval that excludes 0. This indicates a sequential mediating influence that accounts for 31.5% of the overall association. H4 was thereby supported.



TABLE 7 Results of the mediation model.
[image: Table7]




5 Discussion and conclusions


5.1 Theoretical contributions

This study is a contribution to the literature in several ways. First, our study extends the application scenarios of the COR theory. AI awareness is linked to CWB through PC and EE. The relationship between AI awareness and CWB is explained from the perspective of resource consumption and conservation. Our study continues the existing research on the associations between AI awareness and employee behaviors, such as turnover intention (99), job insecurity (58), job burnout (100), and job withdrawal (14). Few researchers pay attention to CWB. We extend the research on the impact of AI on employees’ behavioral consequences from the perspective of CWB, thus further validating the negative impact of AI on employees (2, 14, 100). Additionally, numerous previous studies have investigated the antecedents of CWB, including factors such as employee personality, motivation, leader behavior, and internal relationships (35, 39, 42, 43). However, few of these studies have explored the impact of AI awareness on CWB. Thus, this study enriches the CWB literature from different perspectives.

Second, it enriches the literature on the negative impact of AI awareness on employee behavior, particularly during human intelligence collaboration. In contrast to the pervasiveness of AI, research on AI in management is still in its early stages (15). Existing research on AI’s adverse psychological and behavioral effects on employees primarily focuses on the service industry, specifically the hospitality sector. Less attention has been paid to other industries that have more contact with AI. Moreover, most of these affected behaviors are independent and not placed in the context of collaboration with AI. This study examines the overall impact of AI awareness across industries with high AI exposure. Furthermore, it contextualizes the situation within the process of human intelligence collaboration, which echoes Teng et al. (14) call for future research on AI awareness to investigate additional industries for more general conclusions.

Third, combining COR theory with PC theory can help us to understand the changes in employees’ PC and their correlations with behaviors (101). By examining the mediating roles of PC and EE, this paper provides a resource conservation and PC perspective to elucidate the mechanism underlying the relationship between AI awareness and CWB. The current research on the mediating effects of AI awareness on employee behavior is still in its initial stages (58). it expands the exploration of process mechanisms that connect AI awareness to employee work outcomes. Previous studies have confirmed EE’s positive facilitation of CWB (73). However, an associated discussion is needed regarding the increasingly widespread use of AI. Whether the influence of AI awareness on CWB can be mediated by PC and EE has not been conducted. So, we draw on COR theory to investigate the mechanisms of AI awareness on CWB in light of the loss of resources associated with PC and EE, strengthening our comprehension of the underlying mechanisms of how AI awareness influences employee attitudes and behaviors. Previous studies have focused on AI awareness and its impact on employee behaviors, often examining the role of a single mediator or several parallel mediators. However, there has been a lack of in-depth research into the mediation mechanisms of multiple successive mediators in the relationship between AI and CWB. In this paper, we introduce the PC-EE chain mediation model. In this model, both PC and EE can individually act as mediators and they also chain mediate the relationship between AI awareness and CWB. Therefore, our research expands the understanding of the relationship between AI awareness and CWB and contributes to the existing literature by enriching the understanding of AI’s influence on employee behavior through mediation mechanisms.



5.2 Implications for practice

In the AI-driven era of Industry 4.0, this study has practical implications for managers who aim to contribute to SDG8. First, as AI becomes increasingly prevalent in manufacturing, service, healthcare, and other industries (102), employees are encouraged to actively embrace, engage with, and utilize AI to maximize its benefits. However, research indicates that AI awareness can negatively impact employees’ emotions. Thus, leaders should focus on facilitating the acceptance of AI among their employees. Managers should address some workers’ high psychological insecurity toward AI adoption. Effective communication regarding the AI implementation process and its potential effects on employees is crucial to reducing misconceptions and alleviating unnecessary AI-associated threats. On the other hand, managers must adopt necessary measures to safeguard the well-being of employees, particularly vulnerable groups such as disabled workers and those with special needs (59, 103).

Second, considering the substantial role of EE in CWB, leaders need to be attentive to their staff’s psychological well-being. Organizations can implement various strategies to mitigate negative emotions such as EE. For instance, providing adequate free time and rest, as mentioned in SDG8, encourages employees to seek a work-life balance and helps reduce feelings of resource depletion and stress. Furthermore, organizations should recognize their employees’ diverse backgrounds and needs (104) and offer necessary psychological counseling services to assist in reducing the impact of negative emotions. Additionally, companies can collaborate with employees to map out their career paths and explore the role of AI technology in career development, enabling employees to recognize the benefits AI brings to their careers. It is also beneficial to assist them in adapting to new technologies to counteract the threat of replacement, thereby upgrading their skill sets.

Third, full attention should be given to the level and fluctuating impact of employees’ PC in the context of AI adoption. Managers can gauge the state of employees’ PC by observing their behavior. Therefore, managers should engage in private, informal conversations with employees to understand the actual status of their PC. At the same time, managers should effectively communicate with employees about the scope, stage, and specific impact of AI adoption. By doing so, leaders can prevent scenarios where loyal employees with strong PC experience a heightened sense of breach due to information asymmetry.

AI adoption affects employees’ perceptions of their jobs and raises concerns about their future careers. Organizations must be vigilant about such situations emerging to address and mitigate employees’ negative emotions and behaviors. Ultimately, employees should be able to work decently and have opportunities for growth and development within the organization.



5.3 Strengths

The strengths and contributions of this study are as follows. On the one hand, we enriched the literature on AI awareness by examining the relationship between AI and CWB, identifying CWB as an important behavioral outcome of AI awareness that has not yet been adequately studied. On the other hand, this study explains the mechanisms of how AI awareness affects employees’ CWB by providing a theoretical framework that includes sequential mediating variables. PC and EE sequentially play a mediating role in the association between AI awareness and CWB, thereby enriching research into how AI influences the dark side of employees’ psychology and behavior.



5.4 Limitations and future research

Several limitations need to be addressed in future research. First, since our data were collected solely from employees, this could have affected the reliability of the results. Consequently, we recommend that future studies should include a diverse range of sources, such as managers, peers, subordinates, and labor unions, to enhance the reliability of the findings. Second, we identified partial mediators between AI awareness and CWB, indicating that other mediating pathways might influence these two variables. Therefore, we suggest exploring other potential mediators, such as job insecurity and emotional commitment, to enhance AI-related research. Third, this paper does not explore the boundary conditions for the relationship between AI awareness and CWB. In future investigations, potential moderating variables, particularly those that could mitigate the negative consequences of AI awareness, should be investigated. When it comes to selecting validation methods, the results of the hypotheses can be further substantiated using a variety of approaches, including SEM, to bolster the robustness of the findings. The research findings reveal the dark side of AI. Nevertheless, the influence of AI on employees is complex and varied. To date, a considerable body of research has focused on the benefits of AI-customer interactions. Future research can draw upon existing findings from customer-AI interactions to explore the potential positive outcomes and impacts that such interactions could have on organizations and employees. This would contribute to a more comprehensive understanding of the impact of AI on organizations and employees.



5.5 Conclusion

This research employs the COR theoretical framework to examine the association between AI awareness and negative employee behavior. Our study suggests that AI awareness is associated with CWB via PC and EE. AI awareness due to AI adoption hampers organizations’ pursuit of SDG8-Decent Work to a certain degree. Consequently, this study is vital for comprehending the negative associations between AI awareness and employee welfare, as well as the relevance of these findings for practical management strategies.
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