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Abstract  
As Artificial Intelligence (AI), particularly generative AI, becomes integral to organizational 

practices, its capacity to augment human capabilities presents opportunities and challenges. 

We focus on the integration of AI into the workplace, emphasizing its impact on Asian-

Australian migrant workers—a group frequently transitioning from developing to developed 

economies and facing unique workplace challenges. We explore how AI may not only enhance 

job performance and integration by overcoming cultural and linguistic barriers but also 

influences perceptions of overqualification among these workers. Employing psychological 

empowerment theory and the information systems fusion framework, alongside time-lag 

surveys and K-means clustering, we introduce a novel AI empowerment scale and investigate 

the nuanced effects of AI on immigrant workers. Our findings reveal that while AI-driven 

psychological empowerment increases technology infusion use and overall job performance, 

it also underscores significant variations in how different demographic groups experience 

these benefits, offering new insights into the complex interplay between AI empowerment and 

employee perceptions. The study advances psychological empowerment and perceived 

overqualification research by revealing AI's varied impacts across workforce clusters. It 

underscores the need to manage AI carefully to avoid workplace inequalities and calls for 

further exploration of AI's dynamics in diverse settings.  

Keywords: AI Empowerment, AI-human Collaboration, Artificial Intelligence, Migrant 

Workers, Technology Adoption.  

1 Introduction 

After years of hype and speculation, new generations of intelligence systems, especially 

generative AI software—as defined by Dwivedi et al. (2023) as advanced technologies capable 

of understanding and generating human natural language using large-scale machine learning 

models—has finally left the realm of science fiction to become a clear organizational priority 

(Ozturkcan & Gashi Nulleshi, 2024). In 2020, Schwartz et al. (2020) projected that, with its 

unprecedented computational power and efficiency, AI would add US$13 trillion to the global 

economy over the next decade, redefining job roles and operations across various sectors. 

Based on Precedence Research (2024), in 2024, the global artificial intelligence (AI) market was 

valued at USD 638.23 billion and is projected to grow to approximately USD 3,680.47 billion 

by 2034, reflecting a compound annual growth rate (CAGR) of 19.1% over this period. Its 
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growing influence is particularly evident in Information Systems (IS), where AI's promise of 

augmenting human capabilities is being tested in real-world applications (Amankwah-Amoah 

et al., 2024; Dwivedi et al., 2023; Hughes et al., 2021). However, a thorough understanding of 

how AI applications can be effectively promoted to empower workers, especially in terms of 

inducing adequate behavioral responses, remains unclear (Enholm et al., 2022; Perifanis & 

Kitsios, 2023).  

Addressing this challenge is crucial for harnessing the full potential of AI within diverse 

workforces, particularly among migrant workers. As Lindström et al. (2020) note, migrant 

workers transitioning from developing to developed economies find AI to be a crucial lever 

for economic, social, and environmental integration in their host countries. Among these 

migrant workers, AI’s transformative opportunity is particularly significant for Asian 

workers. First, according to Hanson (2022), migrant workers, particularly ones born in East 

and South Asia, have contributed significantly to job growth in AI-related occupations since 

2000, underscoring the technology's relevance for these migrant labourers. Second, recent 

studies demonstrate that Asian individuals exhibit a higher receptivity toward AI than other 

ethnic groups. For instance, Ho et al. (2023) found that Asian individuals place a higher level 

of trust in Emotional AI1—systems that read, classify, and interact with human emotions—

compared to their Western counterparts. This trust suggests a smoother integration for Asian 

workers, marked by increased receptivity to AI-driven feedback and quicker adaptation to AI-

human collaboration initiatives (Mantello et al., 2023). Given these cultural variations in 

relatedness, trust and receptivity, it is critical for AI designers to consider these preferences 

when developing tools that augment the capabilities of immigrant workers in AI-driven 

environments. 

We have seen discussions suggesting that AI's advanced capabilities provide substantial 

benefits to migrant workers. These technologies, according to Hillmann (2022) and Hussain et 

al. (2024), help bridge language barriers, offer access to previously unreachable training 

programs, aid in navigating complex work and residency regulations, and capitalize on 

unique skills and experiences to boost job performance. As emphasized by Wang et al. (2023), 

AI-enabled technological supports are both functional and transformative, enabling 

immigrant workers to fully integrate and succeed in their new environments. Furthermore, AI 

is fostering empowerment beyond productivity and efficiency gains by encouraging 

organizational citizenship behaviors (OCBs) like constructive voicing, which are crucial for 

organizational adaptability and improvement (Karimikia, 2017; Karimikia et al., 2020). 

We further argue AI-driven empowerment also reaches into the psychological domain, 

offering benefits beyond mere material enhancements of productivity and efficiency. To 

understand this empowerment, we applied Spreitzer (1995)’s framework of psychological 

empowerment, a motivational construct manifesting through four cognitions: meaning, 

competence, self-determination, and impact. This framework reflects an individual’s 

 

1 Emotional AI systems can dynamically adjust responses and interactions based on real-time emotion 

recognition, context awareness, and personalized feedback mechanisms, enhancing usability and effectiveness by 

tailoring the user experience to individual emotional states and thus improving user satisfaction across various 

applications and industries, see Ho, M. T., Mantello, P., & Ho, M. T. (2023). An analytical framework for 

studying attitude towards emotional AI: The three-pronged approach. MethodsX, 10, 102149. 

doi.org/https://doi.org/10.1016/j.mex.2023.102149 . 
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perceptions of available resources and their active orientation toward their work role. We 

applied this construct to the context of workers' interactions with AI systems. This application 

helps us understand the nuanced empowerment journey AI provides: On one hand, as Eilers 

et al. (2022) suggest, psychological empowerment driven by AI can significantly enhance 

employee effectiveness, transforming not only workflows but also the psychological 

relationship between employees and organizations, fostering a more engaged and proactive 

workforce. As Hassandoust and Techatassanasoontorn (2022) also suggest, the 

psychologically empowered infusion use of new technologies may not only simplify routine 

tasks but also deepen engagement with and utilization of new technological applications, 

thereby enriching the work experience and facilitating more profound interactions with 

technology. On the other hand, while AI can significantly improve job performance and 

workplace integration, it may also lead to adverse effects. Some workers may feel inadequate 

in adapting to the changes brought by new intelligent systems (Chen et al., 2022), while others 

may experience overqualification, resulting the improvement in job performance could 

paradoxically lead reduced job satisfaction and cause related issues. 

The above discussion reveals significant complexities in managing technological 

advancements to ensure they benefit rather than inadvertently harm those they are intended 

to aid: Despite the opportunities AI presents for enhancing the integration and effectiveness 

of migrant workers, careful management is necessary to avoid exacerbating disparities. To 

achieve this, a sufficient understanding of AI’s empowerment effects on Asian immigrant 

workers is essential. Specifically, several research gaps remain unaddressed: there is a scarcity 

of research on how AI empowerment can trigger behavioral changes, such as infusion use, 

constructive voicing, job performance, and perceived overqualification. Additionally, there is 

limited research identifying how different groups respond differently to AI empowerment. 

Although research on AI empowerment is growing, the field still lacks a robust, validated AI 

empowerment scale. Finally, there is a shortage of research examining the micro-level impacts 

of AI on ethnic minorities, which impedes the development of practical implications for AI 

designers and developers. These gaps must be addressed to create more inclusive, 

empowering, and effective AI systems that can be applied in diverse workplace contexts. 

Using an Australia-wide survey, we employ psychological empowerment theory and the IS 

fusion framework, alongside methodologies like three-wave time-lag surveys and K-means 

clustering, to uncover the complex dynamics of AI in workplace settings. Specifically, we 

address the research question: "How does psychological empowerment, facilitated by AI-

enabled intelligent systems, influence the infusion use of AI, job performance, constructive 

voicing behaviors, and perceived overqualification among Asian-Australian migrant 

workers?" Our study also analyzes how demographic factors and job roles intersect with AI 

empowerment to produce varied outcomes among different worker clusters. This study thus 

significantly advances the literature on AI empowerment by validating a novel AI 

empowerment scale and exploring how AI influences behavioral changes, such as constructive 

voicing and job performance, as well as its nuanced effects on perceived overqualification. 

Additionally, we extend the discussion on how AI empowerment can shape the experiences 

of marginalized groups, particularly Asian Australian immigrants. Our research offers new 

insights into how AI ethics can promote diversity and inclusion, providing a framework for 

understanding AI’s micro-level impacts on ethnic minorities in the workplace. Furthermore, 

we provide practical guidance for implementing AI empowerment in organizational IT 

strategies, highlighting the need for tailored support mechanisms to address the diverse 
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reactions of employees to AI, ensuring it serves as a unifying rather than dividing tool. We 

also emphasize the importance of personalized managerial interventions for successful AI 

integration. For AI designers and developers, we underscore the importance of incorporating 

AI empowerment into UX design, in addition to technical functionalities, which have been 

overemphasized in current literature. By providing a foundational understanding of these 

interactions, this research sets the stage for further exploration of how AI strategies can be 

tailored to enhance inclusivity and effectiveness within diverse organizational contexts. 

2 Literature review 

Structured across three thematic sections, our review begins by exploring how AI, as part of 

intelligent systems, augments human capabilities, reshaping traditional work practices and 

decision-making processes. It then transitions to analyzing how psychological empowerment, 

catalyzed by AI, translates into various behavioral outcomes such as job performance and so 

on. Finally, it addresses the specific context of Asian Australian immigrants, evaluating how 

AI impacts their workplace experiences and intersects with issues of ethnic identity and 

cultural integration. This comprehensive review aims to delineate the multifaceted effects of 

AI on employee empowerment, behavior, and adaptation within diverse organizational 

settings. 

2.1 Artificial Intelligence and psychological empowerment 

We situate our study in the context of intelligent systems—in our case, Artificial Intelligence 

(AI)-enabled systems—in augmenting human capabilities and transforming human work 

behaviors. Intelligent systems are commonly defined as a computer-assisted system that uses 

computational tools such as learning algorithms and statistical models to provide knowledge 

for problem solving and decision making (Von Krogh, 2018). These systems, particularly those 

enhanced by AI, are now not merely tools for task execution but are capable of learning from 

and interacting with their environment in complex, often probabilistic ways that extend 

beyond traditional deterministic programming (Wu-Gehbauer & Rosenkranz, 2024). This 

positions these systems as active collaborators in the workplace, capable of augmenting 

human intelligence by managing complex and ambiguous problem-solving tasks traditionally 

handled by humans. This augmentation, where humans and machines collaborate closely to 

perform tasks (Jarrahi et al., 2023), ensures that humans retain responsibility for critical 

decision-making even when supported by AI systems (Chen et al., 2022; Cheng et al., 2022; Shi 

& Deng, 2024).  

Granted, using AI to augment human capabilities across various industries exemplifies a dual 

narrative of opportunities for enhancement and adaptation challenges. For instance, Benbya 

et al. (2020) illustrate how AI-based systems enhance diagnostic accuracy by aiding physicians 

in interpreting complex digital images. Despite these advances, there remains a significant 

learning curve as medical professionals reconcile these new tools with conventional 

microscope-based diagnostics. Furthermore, IBM (2023) reports that AI facilitates a shift in 

business processes by simplifying routine tasks, thereby allowing employees to engage in 

more strategic activities that enhance business efficiency. Nonetheless, this shift requires 

employees to develop new skills and adapt to changing roles within AI-enhanced workflows. 

Among these cases, as Sarker et al. (2024) argue, AI has the potential to augment human 

intellectual capacities, promoting effective collaboration within teams. Yet, the integration of 

AI into daily operations involves adjustments in decision-making processes and team 
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dynamics, presenting both a strategic advantage and a challenge, which underscores the 

complex interaction between AI’s transformative potential and the need for adaptive strategies 

in its practical implementation. 

We attempt to understand this adaptation by borrowing and appropriating Spreitzer (1995)’s 

"psychological empowerment" construct framework. This construct was conceptualized as an 

employee’s experienced psychological state based on cognitions about themselves in relation 

to their work role. It is a motivational construct manifested in four key cognitions: meaning, 

competence, self-determination, and impact. Together, these dimensions create an overall 

sense of empowerment that reflects an individual's orientation to their work role. Specifically, 

Meaning refers to the value that an individual attaches to their work, based on their own 

standards and ideals. This concept was originally initiated by Thomas and Velthouse (1990). 

When employees find their work meaningful, they are more likely to be engaged and 

committed. Developed from Gist (1987) and Bandura (1990)’s self-efficacy, competence is the 

belief in one's ability to perform tasks skillfully. This belief in personal capability is crucial for 

taking on challenges and persisting in the face of difficulties. Self-Determination was adapted 

from Deci and Ryan (2008) and reflects the degree of autonomy and freedom employees feel 

they have in their work. It involves having control over how tasks are carried out and the 

ability to make decisions regarding one's work. Impact refers to the extent to which an 

individual feel they can influence organizational outcomes (i.e., employees who feel their 

actions make a difference are more likely to be proactive and involved in their work and thus 

be more empowered). It is adapted from Ashforth (1989)’s research regarding experience of 

powerlessness and Martinko and Gardner (1982)’s research about learned helplessness. We 

appropriated this construct for a specific and increasingly important context—employees, 

particularly Asian Australian migrant workers, using intelligence systems (especially with the 

recent AI boom) in their workplace. Our construct also examines this motivational perspective 

and adapted the aforesaid four dimensions2. Moreover, structurally, this construct, as outlined 

by Spreitzer (1995), is a second-order construct, meaning that psychological empowerment is 

not directly measured but is instead understood through four underlying dimensions. 

Spreitzer (1995) also offers a structured validation process for later researchers to follow. These 

guidelines help subsequent researchers, like us, extend, evolve, adapt, and develop the 

construct, and we have seen many good instances in recent years. For instance, Seibert et al. 

 

2 Particularly, the meaningfulness dimension captures the extent to which the AI system’s knowledge is 

perceived as personally significant and relevant to the worker’s tasks. For Asian-Australian immigration 

workers, our research suggests that the AI system provides crucial insights that are highly relevant to their 

work, especially in areas like decision-making, case analysis, and improving human-AI collaboration in 

immigration processes. Competence refers to the workers' belief in their ability to use the AI system effectively to 

enhance their research or job-related tasks. Specifically, for immigration workers, this includes feeling confident 

in using AI to navigate complex immigration issues and applying AI-driven insights to make informed 

decisions. The self-determination dimension reflects the autonomy and freedom workers experience when using 

AI systems. In our research on Asian-Australian immigration workers, this involves having the freedom to 

choose how they integrate AI into their workflows, including deciding on methodologies and approaches that best 

suit their tasks. Impact refers to the perceived influence that the AI system’s knowledge has on the worker’s 

ability to affect outcomes in their work environment. In our context, this means how the AI system helps workers 

better understand human-AI collaboration dynamics, control the analysis process, and influence decisions that 

shape immigration policies or case outcomes. 
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(2004) introduced the concept of an “empowerment climate” as a higher-level construct that 

transformed the individual-level construct of psychological empowerment. Many of these 

studies are in the information systems field. For instance, Kim and Gupta (2014) explore the 

role of psychological empowerment in the successful infusion of information systems into 

users' work lives. Hassandoust and Techatassanasoontorn (2022) operationalized 

psychological empowerment within the IS context, relating it specifically to IT usage. Notably, 

their research involved end-users of CRM systems from organizations in New Zealand, with 

all measures adapted to fit the CRM context. Oetting (2009) adapted Spreitzer (1995)’s 

psychological empowerment construct to the context of consumer marketing processes, 

establishing a new construct called Empowered Involvement (EmI). Ng and Kim (2009) 

reinterpreted psychological empowerment by introducing the concept of "user 

empowerment," which reflects an individual’s orientation towards system usage. Chen et al. 

(2022) appropriated the concept of psychological empowerment by adapting it to the 

knowledge context, resulting in a new construct called Intelligent System Knowledge 

Empowerment. Albrecht et al. (2021) introduced the concept of "Pro-Environmental 

Meaningful Work" (PEMW), and they tested how it acts as a mediator between corporate 

environmental responsibility and pro-environmental employee outcomes in the workplace. 

Zaza and Junglas (2016) established a new construct called "IT Empowerment," focusing on 

how employees engage with technology in the workplace. We referenced these prior studies 

when implementing our appropriation of the construct.  

Notably we also separated our constructs from other potentially similar constructs, such as AI 

use, AI integration, AI collaboration, and AI transformation. Relevant details are provided in 

Appendix 5 to ensure a smooth reading experience. 

2.2 Behavioral outcomes of empowerment: Infusion use, Job Performance, 
Perceived Overqualification, and Constructive Voicing 

Psychological empowerment leads to behavioral changes in the workplace. Research has 

consistently shown that empowered individuals are more likely to demonstrate persistence 

and resourcefulness, facilitating easier adaptation during the implementation of intelligent 

systems. These systems tend to introduce significant shifts in business processes and employee 

routines (Beaudry & Pinsonneault, 2005), and AI-enabled systems are not an exception 

(Afiouni & Pinsonneault, 2023). While AI augmentation presents opportunities for upskilling, 

it also necessitates substantial changes as employees must adapt to new technologies and 

integrate them into their daily workflows (Jaiswal et al., 2022).  

One significant outcome is the infusion use of information systems, which is defined by 

Schwarz (2003) as the extent to which a system's capabilities are fully utilized, seamlessly 

integrated into work processes, and maximized to enhance job performance. Employees are 

more inclined to fully utilize complex systems, such as enterprise systems, when they are 

confident in their skills and have autonomy in determining how to comprehensively use the 

system (Kim & Gupta, 2014). Sehgal (2007) notes that when users perceive the system's usage 

as aligning with their personal needs and desires, they consider such use important and 

personally relevant. This alignment motivates users to engage deeply with the system, 

utilizing its features extensively to perform tasks (Hsieh & Wang, 2007).  

Achieving optimal job performance is also a critical goal in management information systems 

research. According to Methot et al. (2016), job performance is defined by the effectiveness and 

productivity with which an individual completes specific tasks and responsibilities associated 
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with their role. Empowerment not only reflects an employee's beliefs based on meaning, 

competence, self-determination, and impact but also captures the interplay between 

technology and work, which includes the belief an employee holds about their work role and 

their motivation to engage in behaviors that enhance job performance (Ng & Kim, 2009). 

Strong beliefs in competence can enhance employees' confidence in managing changes and 

viewing challenging tasks as attainable (Herold et al., 2007; Vardaman et al., 2012). Similarly, 

as Bankins et al. (2024) summarize, the integration of AI systems into organizational practices 

can empower employees by providing new tools and resources, reducing work demands, and 

enhancing job satisfaction, ultimately leading to psychological empowerment that increases 

job performance 

Constructive voice, according to Krefft et al. (2024), consists of workers’ voluntary expressions 

of specific, constructive-intended, and future-change-oriented messages in the workplace. By 

viewing challenges as surmountable, employees become more involved with their colleagues, 

reducing the likelihood of discrepancies with their role expectations and minimizing role 

conflict. Reduced role conflict alleviates psychological strain, allowing employees to focus 

more on problem-solving and decision-making for work objectives (Keith & Frese, 2005; 

Muraven & Baumeister, 2000). A robust sense of empowerment encourages employees to 

anticipate and address issues proactively and cooperatively, fostering organizational 

citizenship behaviors such as voicing behaviors, which are crucial for organizational 

adaptability and improvement (Karimikia, 2017; Karimikia et al., 2020). 

Notably, the aforementioned four dimensions of psychological empowerment—meaning, 

competence, self-determination, and impact—could significantly influence behavioral 

outcomes like job performance and constructive voicing. While Spreitzer describes these 

dimensions as “collectively” fostering an overall sense of empowerment, each aspect of AI 

psychological empowerment plays a unique role in shaping employee engagement with tasks 

and interactions with AI systems, thereby driving improvements in performance and voicing 

behaviors: First, since the meaning dimension refers to how perceivably valuable or relevant 

an employee finds their work in relation to their ideals or standards, when AI systems provide 

perceivably meaningful insights, employees are more likely to engage deeply with the 

technology and view its integration into their workflow as purposeful. As employees find 

greater meaning in their work, they become more motivated to invest effort, thus enhancing 

job performance, particularly during a digital transformation process (Yildiz et al., 2024). In 

AI-augmented environments, where the system’s outputs could directly influence decision-

making and problem-solving, employees who attach high personal value to these systems may 

be more inclined to maximize their utility, leading to infusion use which, in turn, leads to 

better job outcomes as employees are more thorough and effective in their work. Constructive 

voicing could be similarly impacted by meaning, as employees who perceive their work as 

meaningful are more likely to feel a sense of responsibility to improve processes, provide 

feedback, and engage in change-oriented behaviors that benefit the organization. This 

pathway aligns with Hwang et al. (2023), who found that coaching leadership can promote 

employees' sense of meaningfulness in their work, though our focus here is on how AI systems 

facilitate this sense of purpose. Second, the sense of compentency, once heightened, could 

promote job performance, as employees become more resilient, willing to experiment with AI 

tools, and capable of navigating complex tasks. Immigrant workers often face various career 

barriers, such as social and political pressures, economic constraints, and the stress of cultural 

differences between their home and host countries (Schultheiss, 2015). Enhanced perceived 
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competence may help them address these barriers. When immigrant workers feel capable, they 

are also more likely to engage in voicing behaviors (Gardner, 2010), making this a key area 

where large language models can particularly exert a beneficial effect. Third, in AI-augmented 

environments, the self-determination dimension plays a critical role in empowering 

employees to decide how and when to use AI tools. When employees have the freedom to 

integrate AI into their workflows as they see fit, they experience greater satisfaction and 

engagement (Kim & Gupta, 2014), which improves performance. Furthermore, self-

determination can positively influence constructive voicing; employees with greater 

autonomy feel empowered to suggest process improvements and contribute to decision-

making, fostering a work environment where they feel free to express ideas. Finally, the impact 

dimension relates to employees’ belief that they can influence organizational outcomes 

(Spreitzer, 1995), which is essential for fostering proactive behaviors. Management literature 

generally agrees that employees’ self-assessment of impact significantly influences 

constructive voicing behaviors (Burris et al., 2013): When employees feel that their input 

matters—and assuming other factors, such as employee-supervisor alignment, are met—they 

are more likely to speak up. An increased sense of impact also enhances job performance, as 

employees observe the direct effects of their contributions on organizational success. Prior 

Management research supports this pathway. For instance, a sense of impact, often linked to 

positive emotional affect, improves job performance (Côté, 1999). For another, job satisfaction 

and organizational commitment are shown to correlate with work engagement and 

performance, indicating that employees’ sense of impact significantly enhances their 

performance (Tadampali & Hadi, 2017). Our research adopts a new angle by examining AI 

empowerment, with a consideration of the impact dimension within this empowerment. 

Perceived overqualification refers to a subjective appraisal where individuals consider 

themselves to possess more education, experience, or skills than required by their jobs (Ma et 

al., 2020). Research has shown that many highly educated immigrant workers often find 

themselves in entry-level positions or are forced to pursue new career paths upon relocating, 

leading to the phenomenon of overqualification (Dolan et al., 2022; Mackey et al., 2022). This 

places immigrant workers in a situation where they feel their skills and qualifications exceed 

the demands of their jobs. As AI technology becomes more sophisticated, workers who 

experience higher levels of psychological empowerment—feeling more competent, impactful, 

and autonomous in their roles—are more likely to let AI enable them to take on more complex 

tasks, fostering a sense of mastery and meaningful contribution to their work, and offering 

these technologies that enhance perceived competence, impact, and autonomy allows workers 

to reshape their roles to better align with their strengths, motivations, and passions. As Demir 

et al. (2024) suggest, this can help employees feel more adequately challenged and aligned 

with their job responsibilities, thereby reducing the perception of overqualification. In this 

sense, AI becomes a tool for workers to reclaim a sense of value and fulfillment in their roles, 

mitigating the negative effects of overqualification. Conversely, recent reports highlight a rise 

in AI-induced overconfidence (Sison et al., 2023; Underwood, 2024), where individuals feel 

overly capable due to substantial assistance from advanced intelligence systems, which could 

be particularly problematic when those with limited AI knowledge or experience overestimate 

their understanding of AI’s capabilities in augmenting their work (Horowitz & Kahn, 2024; 

Zhang, 2023). Furthermore, as AI increasingly takes over both routine and complex tasks 

previously managed by employees (Huang & Rust, 2018), some workers may develop a sense 

of insecurity and underutilization (Dou, 2023). Witnessing AI’s ability to handle these tasks 
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can amplify the perception that their own skills and qualifications are no longer fully utilized, 

thereby increasing feelings of overqualification. This dual effect highlights the critical need for 

thoughtful AI implementation, as it has the potential to either empower workers or exacerbate 

feelings of underutilization, depending on the specific tasks involved. 

2.3 Behavioral outcomes in Asian Australian Context and ethnic identity 

Asian Australian immigrants face unique challenges in the workplace, often viewed through 

the lens of the "invisible model minority" stereotype (Yip et al., 2021). Some researchers and 

practitioners use the term 'bamboo ceiling,' first introduced by Hyun (2005) in her book 

Breaking the Bamboo Ceiling: Career Strategies for Asians, to describe the invisible barriers that 

prevent qualified Asian individuals from attaining leadership positions in the U.S., analogous 

to the 'glass ceiling' that impedes the advancement of women. Some researchers have given 

the 'bamboo ceiling' a narrower definition: Lu (2023) describes it as a phenomenon where, 

despite notable educational and economic achievements, Asians, particularly East Asian 

migrants, are disproportionately underrepresented in leadership roles. This 

underrepresentation is often attributed to pervasive stereotypes that East Asians lack 

creativity, which is deemed essential for leadership in U.S. culture. The 'bamboo ceiling' thus 

encapsulates the barriers and subtle biases that prevent Asians from reaching the highest ranks 

of professional leadership, despite their competence and qualifications. However, as Ho (2020) 

and Sum et al. (2023) have noted, this phenomenon is not exclusive to America nor limited to 

East Asian communities. In fact, the impact of the 'bamboo ceiling' on Asian-Australians in the 

professional realm is also evident but remains poorly understood. For instance, Evans (2019) 

noted that although Asian-Australians constitute 12% of the population, they hold only about 

3% of senior leadership positions in public institutions and major corporations, a disparity that 

is exacerbated by racial discrimination, cultural stereotypes, and a lack of institutional 

commitment to cultural diversity. These figures contrast with 7% and 6% in the U.S., as 

reported by Hemmige et al. (2023) and Ruiz et al. (2023), respectively. Liu et al. (2024) provide 

a detailed analysis of these nuances through the lens of "precarious multiculturalism," which 

illuminates the intermittent and conditional nature of racial inclusion in Australia. As Morris 

(2008) suggests that while the stereotype (e.g., the "model minority"—quiet, hardworking, 

studious, and compliant) has been praised for demonstrating the success of Asian 

communities, it also masks a variety of difficulties including navigating cultural differences 

and confronting career stagnation. Despite the perception of Asians excelling academically 

and professionally, they remain underrepresented in leadership roles due to cultural 

stereotypes and racial discrimination (Ruiz et al., 2023).  

Notably, AI has the potential to significantly influence immigrant workers by helping them 

overcome these cultural barriers and triggering beneficial work behavioral changes. Studies 

by Sumi et al. (2024) and Rude and Giesing (2022) demonstrate how AI aids immigrants in 

utilizing their unique skills, leading to better integration. Additionally, Yan and Grossman 

(2023) discuss the role of ICTs in building social capital among immigrants, facilitating their 

adaptation and integration by enhancing communication and building networks. Such 

technological support is crucial as it not only helps immigrants integrate into new 

environments but also maximizes their potential to contribute effectively within their 

workplaces. 

Adding to the complexity is the notion of ethnic identity, which is defined as increasing an 

individual's receptivity to social influence from members of the same ethnic group while 
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decreasing their receptivity to social influence from non-group members (Hekman et al., 2009). 

Some research highlights that high ethnic identity among employees can foster positive 

behavioral outcomes such as self-affirmation values and psychological empowerment, 

influencing how immigrant workers perceive and control their environment, including their 

interaction with technology (Henze et al., 2002; Molix & Bettencourt, 2010). Workers who feel 

a strong connection to their ethnic identity may derive confidence and empowered feelings, 

perceive a higher status, and are empowered to engage more proactively with technological 

tools, overcome adaptation challenges, and enact more inter-ethnic group and in-group 

helping behaviors (Abad Merino, 2014).  

Overall, the empowerment afforded by AI warrants thorough investigation due to its nuanced 

distinctions, which remain underexplored in systematic and detailed research. AI's role in the 

workplace is evolving, and its impact on psychological empowerment and infusion use needs 

deeper examination, particularly as it relates to job performance, organizational citizenship 

behaviors (OCBs), such as constructive voicing behaviors, and perceived overqualification. 

The role of AI in the workplace is still a complex interplay of enhancing capabilities while also 

potentially reinforcing existing inequalities, requiring a nuanced understanding and proactive 

management to harness its benefits while mitigating its challenges. 

3 Method 

3.1 Participants 

In partnership with Octopus Group, a reputable Australian survey firm, we secured a 

participant pool validated through the following mechanisms, ensuring reliability for our data 

collection: First, Octopus Group's dedicated team and systematic recruitment processes 

guarantee that participants meet the required demographic and psychographic criteria. They 

mandate Australian-based mobile numbers for participation and require SMS and email 

confirmation, ensuring the authenticity of responses. Second, their high reward rates attract a 

large and diverse panel, resulting in balanced representation across age, gender, education, 

and ethnicity. Moreover, to further ensure data quality, we implemented several filtering 

methods. We screened out subjects who did not complete all three waves of our study and 

those who completed the survey in less than two minutes. Additionally, we included a 

question regarding participants' interaction with AI, derived from the study by Sowa et al. 

(2021), which defines human-AI interaction across four tiers. At the basic Level 1, the 

interaction between humans and AI is minimal, where human operators either compete 

against or operate separately from AI. In Level 2, described as Complementary Collaboration, 

humans and AI each handle tasks suited to their specific strengths. At Level 3, termed 

Dependent Collaboration, there is a symbiotic relationship where AI sometimes relies on 

human input for making decisions. Level 4, termed as Hybrid Collaboration, sees AI as an 

integral part of human cognitive processes, working in unison in what is referred to as a 

‘centaur’ setup. We introduced an initial Level 0 (i.e., individuals who do not engage with AI 

at all); Participant who chose “Level 0” were not included in our analysis. Detailed procedure 

checks were included in Appendix 4. 

We issued 600 questionnaires and, following screening and participant drop-off, ended up 

with 525 valid responses, equating to a retention rate of 87.5%. This sample size is sufficiently 

larger than other recent similar research by Chen et al. (2022) and Hassandoust and 
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Techatassanasoontorn (2022). All respondents were Asian migrant workers at a company 

based in Australia. 
Demographic Factor Mean Range Coding 

Age 2.51 [0, 6] 
1 = less than 21; 2 = 22 – 30; 3 = 31 – 40; 4 = 41 – 50; 5 

= more than 50. 

Gender -0.13 [-1, 1] 
-1 = Female, 0 = Others (including “prefer not to 

say”), 1 = Male. 

Education 3.02 [0, 5] 

0 = high school and lower; 1 = diploma; 2 = 

bachelor’s degree; 3 = master’s degree; 4 = doctoral 

degree. 

Tenure 41.17 [0, 390] Measured in months. 

Table 1 Demographics statistics 

3.2 Procedure 

We employed a three-wave time-lag survey design in this research. This design has the 

potential to provide causal insights that are comparable to those derived from experimental 

designs. As Wang et al. (2017) explains, the time lag between measurements is crucial for 

addressing the “issues of causality” (if the lags are neither too long nor too short), similar to 

how experimental designs utilize time precedence to strengthen causal inferences. 

Additionally, this design facilitated the tracking of trends over time (Cohen et al., 2013) and 

helped mitigate common method bias (Hedman, 1972; Maynard et al., 2014; Podsakoff et al., 

2003; Vomberg & Klarmann, 2022). Collaborating with Octopus, we acquired data from a 

diverse and Australian nationwide sample. There was an approximate one-month interval 

between each wave of data collection. This time interval strikes a critical balance by being far 

enough separated to reduce common method bias but close enough to maximize retention of 

participants. And it has been adopted by prior studies in both Management and Information 

Systems fields, such as Y. Li et al. (2022), Fiori et al. (2015), Gorostiaga Manterola et al. (2022), 

and Bhattacherjee and Premkumar (2004).  

Our sample exhibited considerable diversity in terms of their demographic characteristics (see 

Table 1). The timing for distributing the key measurements can be found in Table 3. 

Demographic variables were collected across the three time points.  

Note that we tolerated a certain level of missing data, and, when that happens to a numeric 

variable, we imputed them with its mean.  

3.3 Measures 

Prior to elaborating on our primary metrics, we ascertained the reliability and validity of the 

core variable, "AI Empowerment (AIEMP)," through the utilization of Python (Version 3.9), 

with the aid of the factor_analyzer and semopy packages. For this construct, we adapted the 

psychological empowerment framework developed by Spreitzer (1995) to suit the context of 

AI empowerment. The original framework, which comprises four dimensions, has seen 

widespread application across numerous pertinent studies within the field of management 

information systems. Initially, we conducted a Kaiser-Meyer-Olkin (KMO) test on our data, 

yielding an adequacy value of 0.9469. Based on criteria posited by Shrestha and Statistics 

(2021), this is adequate.  
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We then tested the Cronbach’s α values for all dimensions of our adapted construct and found 

they all were high, exceeding 0.86 (Meaningfulness: 0.864; Competence: 0.907; Self-

Determination: 0.889; Impact: 0.900): All well above the recommended threshold of 0.707 as 

suggested by Nunnally (1978). We subsequently used an Exploratory Factor Analysis (EFA) 

to further explore the adapted construct. Specifically, we used the oblique version of Geomin 

rotation with Minimum Residual methods. We chose these methods is because our data did 

not pass normality tests (see Appendix 2) and these methods do not assume normality and 

can be more robust in smaller samples compared to other methods such as Maximum 

Likelihood and Maximum Likelihood Estimation. Four components collectively accounted for 

80.71% of the total variance. All items loaded more highly on their own constructs than on 

other constructs, supporting a four-factor solution for AIEmp. Overall, the results suggest 

adequate psychometric properties for measurement of the dimensions. We reported the 

loadings for the proposed four factors in Table 2.  

We further conducted a two-step EFA to explore the hierarchical factor structure underlying 

the AIEmp items. We calculated the average score for items under each dimension and 

performed EFA again. A single overarching component emerged that explains 78.02% of the 

variance in the scores derived from the second-step EFA components, supporting that a 

second-order structure for overarching construct (i.e., AIEMP). 

Variable Factor 1 Factor 2 Factor 3 Factor 4 

AIEMP_Meaningfulness_1 0.699 0.093 0.105 0.016 

AIEMP_Meaningfulness_2 0.719 0.121 0.081 0.096 

AIEMP_Meaningfulness_3 0.536 0.184 0.037 0.160 

AIEMP_Competence_1 0.220 0.574 0.201 0.033 

AIEMP_Competence_2 0.116 0.738 0.087 0.099 

AIEMP_Competence_3 0.079 0.518 0.095 0.310 

AIEMP_SD_1 0.103 0.249 0.228 0.402 

AIEMP_SD_2 0.087 0.053 0.121 0.718 

AIEMP_SD_3 0.031 0.174 0.288 0.528 

AIEMP_Impact_1 0.096 0.142 0.596 0.193 

AIEMP_Impact_2 0.069 0.092 0.711 0.114 

AIEMP_Impact_3 0.111 0.084 0.451 0.332 

Note: N = 525, missing variables (N=6) were imputed with mean.  

Table 2 Cross-loadings of the AIemp items 

We summarised the factors in Table 3. Note that, besides AI Empowerment, other 

measurements that we employed in this study had been used in prior management and 

information system researches, including Jones et al. (2002), Schwarz (2003), Sundaram et al. 

(2007), Norton et al. (2015) and Babalola et al. (2019).  
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Factor  Description Adapted from 

AI Empowerment 

(AIEMP) [Time 1] 

AI Empowerment (AIEMP) is measured on a two-level 

scale, with a set of items assessing how fully individuals 

utilize AI to enhance their job performance, integrate AI 

into their work processes, and maximize the potential of 

AI to support and enhance their work activities (i.e., the 

four dimensions, including Meaningfulness, Competence, 

Self Determination, and Impact). 

Spreitzer (1995) 

Ethnic Identity (EI) [Time 

1] 

Ethnic Identity refers to an individual’s sense of belonging, 

attachment, and identification with a specific 

ethnocultural group (Hekman et al., 2009) and is measured 

through five items that explore personal identification 

with Asian ethnicity, assessing how criticism or praise of 

Asians feels personal, the use of inclusive language when 

referring to Asians, a shared sense of achievement with 

other Asians, and feelings of embarrassment in response to 

negative media portrayal of Asians. 

Besco (2015) and Mael 

and Tetrick (1992) 

Infusion Use (IU) [Time 

2] 

Infusion Use is the extent to which individuals utilize the 

system's capabilities to their fullest potential, seamlessly 

integrate it into their work processes, and maximize its 

potential to support and enhance their job performance. 

There were 3 items used to measure this capability.  

Chen et al. (2022), 

Sundaram et al. (2007) 

and Schwarz (2003) 

Job Performance (JP) 

[Time 3] 

Job performance is defined as the effectiveness and 

productivity with which an individual completes the 

specific tasks and responsibilities associated with their 

work role. It is measured using self-reported ratings of five 

items that assess task-focused contributions, including the 

completion of assigned duties and the fulfillment of 

responsibilities specified in the job description. These 

items are designed to evaluate both the quality and 

quantity of work performed, reflecting how well an 

employee aligns with and contributes to organizational 

goals. 

Methot et al. (2016) 

Perceived 

Overqualification (PO) 

[Time 3] 

Perceived Overqualification is a subjective appraisals 

where individuals consider themselves possessing more 

education, experience, or skills than required by their jobs 

(Ma et al., 2020). Perceived overqualification was 

measured with the nine-item scale and has been used 

frequently in various overqualification research studies 

(Liu et al., 2015). Sample item includes “My job requires 

less education than I have.” 

Maynard et al. (2006) 

Constructive Voicing 

(CV) [Time 3] 

Constructive voice is defined as the voluntary expression 

of specific, constructive-intended and future-change-

oriented messages in workplaces; there are 5 items and, 

similarly, all the items are measured on a 7-point Likert 

scale. 

Krefft et al. (2024) 

Table 3 Measurement summary 

3.4 Analyses & Results 

The clustering method that we used in this study was based on K-means clustering algorithm. 

Recent advancements in data analysis and clustering algorithms have significantly impacted 

various scientific and industrial fields by enabling more sophisticated data handling and 

decision-making processes. Among the various clustering algorithms, the K-means clustering 
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algorithm stands out due to its simplicity, efficiency, and broad applicability, and the sample 

size also makes this study be suitable for conducting a K-mean clustering analysis (Ikotun et 

al., 2023).  

 

Figure 1 The Elbow Method plot 

We firstly adhered to the traditional approach (D’Silva & Sharma, 2020) by generating an 

Elbow Method plot. As observed in Figure 2, the plot illustrates the inertia scores for various 

numbers of clusters, ranging from 1 to 10. The "elbow point," where the curve begins to 

flatten, appears around 3, 4, 5, or 6 clusters. Subsequently, we compared the Silhouette 

Scores among these configurations and identified that clusters 3, 4, and 6 were potentially 

viable. After a more detailed examination of the Principal Component Analysis (PCA) 

processed scatter plots for these three options (refer to Appendix 1), we determined that the 

6-cluster solution was the most logical choice. 

 

Figure 2 Silhouette Scores Comparisons among 1-10 Clusters 
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We calculated and presented the distances between cluster centres and the ANOVA results 

across clusters in Table 4 and Table 5, respectively. The ANOVA results show significant 

differences in the clustering variables across the clusters models, indicating that the clusters 

are distinct in terms of the variables used.  

Cluster 0 1 2 3 4 5 N 

0 0.00 
     

114 

1 2.68 0.00 
    

99 

2 2.96 2.90 0.00 
   

104 

3 3.83 4.15 3.06 0.00 
  

68 

4 2.95 3.24 2.03 2.64 0.00 
 

106 

5 2.34 2.53 2.28 2.73 2.35 0.00 34 

Table 4 Distances Between Final Cluster Centers 

Factor SS t P-value 

AIEMP 214.89 66.43 <0.001 

EI 221.76 80.27 <0.001 

IU 317.17 78.89 <0.001 

PO 352.43 72.14 <0.001 

PE 257.51 133.79 <0.001 

CV 356.91 85.27 <0.001 

Note: N =525; Degree of Freedom=5; SS = Sum of Square; AIIMP = AI Empowerment, EI = Ethnic Identity, IU = 

Infusion Use, PO = Perceived Overqualification, JP = Job Performance, CV = Constructive Voicing 

Table 5 ANOVA results 

Cluster AIEMP EI IU PO JP CV AGE 
GEND

ER 

EDUC

ATIO

N 

TENU

RE 

0 4.93 5.45 4.92 5.64 6.19 5.50 2.58 -0.08 3.16 35.71 

1 5.23 5.22 5.20 3.02 6.26 5.79 2.51 -0.16 3.04 37.66 

2 4.44 4.66 4.14 3.95 4.45 4.30 2.25 -0.09 2.96 38.05 

3 2.91 4.16 2.38 4.29 6.30 4.68 3.02 0.04 2.81 63.21 

4 4.13 4.80 4.12 4.24 6.13 3.26 2.49 -0.32 3.00 41.85 

5 4.33 3.57 4.56 4.47 6.12 5.18 2.44 -0.12 3.04 41.08 

Table 6 Means of 6-Cluster Model 

We reported the results of the clustering analysis in Table 6, in which the model delineates 

profiles of Asian immigrant workers in terms of their responses to AI empowerment and its 

perceived impact on their work lives. With this model, we observe a complex landscape 

where AI-related variables and self-perceptions vary significantly across clusters. The 

clusters illuminate differences in perceived overqualification, AI empowerment, and 

behavioral outcomes, indicating that the relationship between AI integration and worker 

perception is multifaceted. 

In Cluster 0, these individuals perceive a relatively high level of overqualification and 

moderate AI empowerment. Their use of technology and performance are quite high, 

suggesting they are successfully adapting and utilizing AI in their work. They engage 

actively in constructive voicing, indicative of a proactive workplace attitude. Their ethnic 

identity is strongly felt, which might contribute to their confidence and status, empowering 



Australasian Journal of Information Systems Shi & Ma 
2025, Vol 29, Research Article AI Empowerment of Asian-Australian Migrant Workers 

 16 

them further. They are younger on average, with a slight female skew, well-educated, and 

have moderate tenure. 

Per Cluster 1, this group reports a high levels of AI empowerment, infusion use, and 

constructive voicing behaviors, suggesting that they may feel very enabled by AI to enhance 

their work roles, leading to high performance. Their relatively strong ethnic identity could 

also be providing a significant sense of empowerment. They are relatively younger, more 

likely to be female and have also a moderate tenure, similar to Cluster 0 but with a 

significantly lower perceived overqualification. 

Per Cluster 2, members of this cluster show relatively low level of perceived 

overqualification, AI empowerment, and infusion use, paired with relatively lower 

performance and constructive voicing behaviors. This suggests a less proactive engagement 

with AI tools or possible adaptation challenges. Their ethnic identity is strongly felt, which 

may influence their work experience and adaptation process. They tend to be slightly less 

educated and have a lower gender skew towards females compared to Clusters 0 and 1, with 

similar age and tenure. 

Individuals in Cluster 3, which is a small-size group, show moderate levels of perceived 

overqualification, the lowest AI empowerment, and infusion use among all clusters, yet their 

performance is quite high. Their engagement in constructive voicing is strong, suggesting 

that while they may not feel as empowered by AI, they still perform well and contribute to 

the workplace. They have the highest average age and tenure, which could indicate more 

experience in the workforce or possibly a resistance or refrain from AI adaptation. Their 

ethnic identity is also felt less strongly compared to other clusters. 

Per Cluster 4, This cluster has moderate perceived overqualification and AI empowerment, 

with average infusion use and performance. However, their constructive voicing behaviors 

are lower, indicating a potential hesitance or barriers to fully engaging in workplace 

dialogue or technology adaptation. They are the oldest group on average, have a notable 

female presence, are well-educated, and possess the highest tenure, suggesting a matured 

workforce. 

Cluster 5 has the lowest number of members. It exhibits moderate perceived 

overqualification and AI empowerment, good infusion use, and very high performance. 

Their constructive voicing is also high, reflecting effective workplace communication and 

engagement with AI. They have a moderate age and tenure and are likely to be educated, 

with a balanced gender distribution. 

The six clusters reflect a spectrum of adaptation and empowerment experiences among 

Asian immigrant workers, influenced by their interaction with AI tools, their sense of ethnic 

identity, and control variables such as age, gender, education, and tenure. These findings 

could guide targeted interventions and supports to enhance AI integration and overall 

satisfaction in the workplace. 

We believe conducting post-hoc analysis is a crucial step in exploring and understanding the 

differences between clusters. This method validates the initial clusters and provides deeper 

insights into the variability within the data that may not be apparent from the primary 

clustering. By examining these differences, researchers can confirm the distinctiveness of 

clusters, uncover hidden patterns, and draw more informed conclusions. This approach is 

commonly used in empirical studies, such as those by Balaban et al. (2023) and Stewart et al. 
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(2006), who utilized post-hoc analysis to identify meaningful groupings and inform future 

research directions. 

3.5 Post-hoc analysis 

 

Figure 3 Means of AI-Human Collaboration levels according to clusters 

In the first post hoc analysis, we tried to find a further explanation on the nuanced difference 

between Cluster 0 and 1. Although the key variables that we used for clustering and the 

demographical variables of the two cluster groups were very similar, significant variations 

were observed between the two identified clusters regarding their AI-Human collaboration 

levels at Time 1, which have been categorized into four stages as defined by Sowa et al. (2021)3. 

A one-way ANOVA test was conducted to compare the AI-Human collaboration levels 

between the clusters, revealing a statistically significant difference (Mean Difference = 0.027, p 

= 0.019). This analysis suggests that individuals in Cluster 0 predominantly engage in lower 

levels of AI-human collaboration, where the role of AI is less integral. Interestingly, this 

relatively superficial level of AI interaction tends to coincide with a stronger perception of 

overqualification. Conversely, individuals in Cluster 1, who experience enhanced levels of AI-

human collaboration, heightened AI empowerment, more effective technology infusion, and 

superior self-reported job performance, exhibit a lower level of perceived overqualification. 

This correlation may be attributed to several factors. Firstly, the enhanced AI empowerment 

in Cluster 1 likely results in more positive performance feedback. Such feedback can affirm an 

 

3 Please note that the attention-checking choice (level 0) is not considered a formal level in this test. 
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employee's perception of the suitability of their role and the adequacy of their skill utilization. 

The positive reinforcement and tangible outcomes of their efforts serve to align their skills 

with job demands more closely. 

Additionally, heightened AI empowerment may imply that employees are not merely users 

of AI tools but are actively involved in their development, optimization, or detailed 

interaction. This deep engagement may increase their perception of being integral to critical 

aspects of organizational operations and innovation, enhancing their sense of skill utilization 

and ongoing development, thereby mitigating feelings of overqualification.  

This distinguished from Cluster 3 which presents a unique case wherein moderate levels of 

perceived overqualification are observed, despite the lowest levels of AI empowerment and 

infusion use among all clusters. This cluster also displays the lowest level of AI-Human 

collaboration and is characterized by the highest average age and tenure. These attributes may 

suggest a greater amount of workforce experience, which could concurrently indicate a 

potential resistance to, or a slower adaptation of, AI technologies. Additionally, the less 

strongly felt ethnic identity in this cluster could influence their integration and interaction 

within the technological and social fabric of the organization, potentially impacting their 

engagement with AI technologies. 

Overall, the advanced integration of AI in Cluster 1 appears to create a work environment 

where employees perceive their roles as adequately challenging and commensurate with their 

skills, thus reducing the incidence of perceived overqualification. This dynamic underscores 

the importance of strategic AI deployment in aligning job demands with employee 

capabilities, fostering job satisfaction, and enhancing organizational performance. 

4 Discussion 

AI empowerment is increasingly becoming a focal point of discussion within both academic 

and industrial circles. This shift is propelled by the advancements in new waves of AI 

applications, especially generative AI technologies, that have reached a threshold where their 

potential for mass and effective collaboration with humans in general tasks unveils new vistas 

of efficiency and possibility (Benbya et al., 2024; Kanbach et al., 2023; Shi & Deng, 2024). The 

interplay of AI's prowess in automation and data analytics with human creativity and intuition 

offers fertile ground for innovation. Through AI collaboration, the streamlining of workflows, 

acceleration of creative processes, and amplification of productivity in creative professions are 

feasible (Amankwah-Amoah et al., 2024). However, the potential of AI to automate tasks 

within these industries also brings into sharp focus the risks of job displacement and 

necessitates a thorough exploration of how human roles can evolve to work symbiotically with 

AI technologies (Mogaji et al., 2024). As echoed by scholars like Shukla (2023), Davenport and 

Miller (2022), and Ghaffari et al. (2024), the field is currently fraught with uncertainties, 

including the balance of automation with the human touch, ethical use, and the impact on job 

roles (Amankwah-Amoah et al., 2024). This study, therefore, contributes a timely exploratory 

discussion to this burgeoning discourse.  

Adding to the importance of our research is the focus on the cohort of Asian Australian 

immigrants. Despite being considered a model minority with a significant representation in 

STEM and computing and algorithmic-related areas (Rude & Giesing, 2022; Yan & Grossman, 

2023), Asian Australian immigrant workers often encounter the 'bamboo ceiling' phenomenon 

(Hwang & Beauregard, 2022; Lee & Zhou, 2015; Lu, 2022; Yip et al., 2021). They are susceptible 
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to becoming the invisible workforce within their professional environments (Jun et al., 2023). 

The psychological empowerment afforded by AI has the potential to assist these workers in 

breaking through the transparent glass barriers, especially when these barriers are entrenched 

in domains where AI, notably generative AI, excels (Sumi et al., 2024). Nonetheless, there exists 

the possibility that while job performance improves, employees might concurrently 

experience a sense of perceived overqualification. This perception can engender job 

dissatisfaction (Kaymakcı et al., 2022), among other subsequent issues. Should this be true, 

such a phenomenon deserves our vigilant attention. 

Underpinned by the psychological empowerment theory, the IS fusion framework, and 

utilizing time-lag surveys alongside K-means clustering methods, our exploratory study 

ventures into these significant discussion points. We first extended the classical psychological 

empowerment scale to formulate our novel AI empowerment scale, which we have rigorously 

tested for validity and reliability. Subsequent to our time-lagged survey, we validated the 

classical resource-based view that AI-enabled psychological empowerment can incite infusion 

use among Asian Australian migrant workers. The data, segmented through time-lag research, 

revealed that groups with higher AI-enabled psychological empowerment also reported 

higher infusion use, and vice versa. Similarly, we confirmed the anticipated effect of infusion 

use on job performance. On another note, our findings uncovered a potential link between 

perceived overqualification and the diversity in AI empowerment. Our data revealed two 

distinct clusters of participants who were comparable in various dimensions (age, education 

level, AI empowerment, high infusion use levels, and significant job performance), yet one 

cluster felt overqualified, while the other did not report heightened overqualification-related 

perception. Further scrutiny suggests that the differential in AI-human collaboration levels 

could explain the reasonable differences in perceived overqualification observed. Moreover, 

we identified a smaller-sized cluster of individuals predisposed to stronger perceived 

overqualification tendencies alongside higher self-reported job performance, independent of 

AI-enabled empowerment. Our results also indicated that these individuals tend to be older, 

predominantly male, and relatively less educated. Intriguingly, they also reported higher 

levels of constructive voicing behavior, which we speculate may be associated with the specific 

industries they are concentrated in. 

By contrast, Cluster 2 and Cluster 4 present varied profiles. Cluster 2, with the youngest 

average age across all clusters, reported moderate AI empowerment levels but did not exhibit 

high job performance or perceived overqualification. Cluster 4 reported relatively higher job 

performance, yet their voicing behaviors were markedly lower, and Cluster 4 comprised a 

higher proportion of female members. This also attracts future further research. 

Lastly, the connection between ethnic identity and the three outcome variables measured at 

time 3 (i.e., job performance, constructive voicing, perceived overqualification) appeared to be 

complex. This suggests that ethnic identity may have a negligible impact, or there may exist 

intricate moderated mediation effects, which warrant further empirical investigation. 

4.1 Theoretical contributions 

This study makes a significant contribution to the literature on empowerment, particularly AI 

empowerment, by validating a potentially widely-applicable scale that clarifies the nuanced 

roles AI can play in enhancing the capabilities of the human workforce. While AI 

empowerment is an emerging research area, and recent studies have explored this concept, 

we identified certain gaps that our study addresses. For example, T. J.-J. Li et al. (2022) 
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examined AI empowerment in the context of gig workers, proposing a bottom-up approach 

where AI-enabled intelligent assistants empower workers with task planning and decision-

making. Although their study offers valuable insights into AI-driven empowerment, it does 

not establish a measurable construct for AI empowerment, nor does it delve into the 

psychological foundations of empowerment. For another, Reis et al. (2021) introduced "AI-

based User Empowerment" in the context of visual Big Data analysis, aiming to enhance 

system usability and boost users' self-confidence through adaptive interfaces. While their 

focus on interface design is important, their research lacks an explicit framework to 

quantitatively capture empowerment. Our paper expands on these ideas in a more 

theoretically robust manner by adding a more systematic, empirically-valid research 

paradigm. This study also breaks new ground by linking AI empowerment to higher levels of 

job performance in different ways, suggesting that empowerment goes beyond subjective 

perception and has tangible impacts on operational outcomes. 

Our research extends the literature on empowerment-induced behavioral change in two 

keyways. First, we confirm prior studies, such as Hassandoust and Techatassanasoontorn 

(2022), which demonstrate the effect of psychological empowerment on information system 

infusion use and job performance, and show that AI empowerment can similarly induce 

comparable behavioral changes. Moreover, we offer a nuanced discovery by exploring how 

micro-level interactions with AI technologies influence perceptions of overqualification. 

Previous studies in this field have primarily focused on macro-level factors leading to 

overqualification (Liu et al., 2022; Sparreboom & Tarvid, 2016; Syed, 2008). However, as 

highlighted by Liao et al. (2024) research on overqualification is evolving to recognize that it 

is not only caused by macro-level misfits but also shaped by the day-to-day technological 

empowerment of employees. In line with this, our findings suggest that individuals’AI 

empowerment plays a pivotal role in shaping perceptions of overqualification, following two 

distinct paths: some workers felt overqualified while reporting higher-than-average job 

performance, while others reported lower perceptions of overqualification. This aligns with 

theoretical literature: one stream suggests AI can enable workers to take on more complex 

tasks, fostering a sense of mastery and meaningful contribution to their work. Technologies 

that enhance perceived competence, impact, and autonomy allow workers to reshape their 

roles to better align with their strengths, motivations, and passions, as suggested by Demir et 

al. (2024); some may indeed experience AI-induced overconfidence (Sison et al., 2023; 

Underwood, 2024), and thus they perceive more overqualification. Furthermore, our results 

revealed the group of respondents who experience higher-than-average levels of perceived 

overqualification tends to be older, predominantly male, and relatively less educated. 

Interestingly, they also reported higher levels of constructive voicing behavior. We speculate 

that this behavior may be influenced by underlying factors such as cultural norms, which 

foster environments where speaking up and providing input are encouraged for such Asian 

migrant workers as pre-described, regardless of formal qualifications. These individuals may 

come from sectors where proactive communication and engagement are highly valued, 

motivating them to voice their opinions—an area that remains underexplored in the existing 

literature. Our empirical results also suggest employees’ current level of AI-human 

collaborations, as measured by Sowa et al. (2021)’s framework, may also have a critical role on 

affecting the perceived overqualification, thus we also introduce another promising theoretical 

direction to link a hot information system topic with a promising human resource topic 

organically together.  
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Third, with the literature on AI ethics in ethnic research, our study made two key advances. 

First, AI empowerment, through its transformative capabilities, holds significant potential in 

promoting diversity and inclusion. Our research extends this stream of work, such as 

Almufareh et al. (2024) (AI-enabled inclusive technologies), Austin and Holloway (2022) (AI-

enabled Assistive technologies), and Pritiprada et al. (2024) (the role of new technologies, 

including AI, Blockchain, and the Metaverse, in empowerment of promoting diversity), by 

showing how AI can help move Asian Australian immigrants from marginalized "invisible" 

actors and break through the "bamboo ceiling." In this regard, we believe our study serves as 

a starting point for a deeper understanding of how AI, while functioning as a tool for inclusion, 

also poses ethical dilemmas that could further marginalize already 'invisible' groups. Thus, 

we build on Chi et al. (2021)’s work by offering new insights into how AI ethics is being 

reconfigured to make diversity and inclusion more actionable for practitioners, ensuring that 

marginalized ethnic groups are not sidelined. Moreover, we observed the complex nature of 

AI’s role in the workplace empowerment of Asian Australians. Not all cohorts benefit equally 

and fairly from the advances in newer generations of AI systems. Some individuals, as we also 

observed, may be significantly left behind, which, as Lin and Chen (2022) also noted, suggests 

that AI can function both as a tool for empowerment and as a source of potential 

marginalization. This dual perspective contributes to the ongoing discourse on AI ethics, as 

our results demonstrate the nuance that, while AI has the capacity to enhance the roles of some 

marginalized ethnic groups, its benefits are not equally experienced. Although certain groups 

may gain empowerment, there is a danger that others may remain excluded or further 

marginalized. Furthermore, another stream of research (Preminger, 2020), has expressed 

concerns that AI systems may mask underlying ethnic hierarchies and deny collective rights, 

further marginalizing already disadvantaged groups. Our findings help to mitigate this fear 

to some extent, as we observed that AI empowerment, particularly in a large cluster of young 

Asian migrant workers, triggers positive behavioral changes in the workplace (e.g., voicing 

behaviors). This may help these workers break the invisible ceiling and counter stereotypes of 

being quiet, passive, and non-confrontational (Ruttiman, 2009). Our research places a spotlight 

on the ethical imperative for inclusivity within AI development and implementation. Thus, 

this theoretical advancement bridges a gap in the current literature by emphasizing the micro-

level impact of AI on ethnic minorities, particularly in how it may enhance or diminish their 

visibility and agency in service sectors. 

4.2 Practical contributions 

The first practical contribution of this study is our study helps the introduction of AI 

empowerment in designing organizational IT strategies that effectively promote AI 

applications. Prior research by Monod et al. (2024), Reis et al. (2021), Gladden et al. (2022) and 

Usmani et al. (2023) has already emphasized the importance of incorporating empowerment 

in practice. However, our research goes further by offering companies a concrete AI 

implementation framework. Specifically, to promote AI empowerment, four key components 

should be prioritized: meaningfulness, competence, self-determination, and impact. 

Additionally, our findings suggest that the success of such AI empowerment strategies 

depends on the specific cohort of individuals it targets and how the AI implementation project 

is introduced and supported. This underscores the need for personalized support paths and 

psychological mechanisms to ensure employees feel empowered by AI, rather than alienated 

by its integration, as Mittal et al. (2023) emphasize. 
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Second, employees' behavioral reactions to AI empowerment are diverse, and distinct clusters 

exhibiting different reactions are likely to emerge as new AI strategies are implemented. Due 

to this high degree of variability, companies should tailor their strategies and provide not only 

technical but also psychological support mechanisms to help employees feel more empowered 

by AI. Current research often focuses on the role of managers in fostering AI-Human 

collaboration by conducting needs analyses and offering tailored technical AI literacy training 

(Dixit & Maurya, 2021). Our study further argues that incorporating a tailored psychological 

empowerment approach can help mitigate the risk of creating segments within the company 

where AI becomes a dividing factor rather than a unifying and empowering tool. 

Building on the initial point about the necessity for a strategic approach to AI promotion, it 

becomes clear that merely adopting new technologies does not guarantee an augmentation of 

IT-Human collaboration. This is corroborated by prior Management Information Systems 

literature (Harper et al., 2004) and is clearly applicable to AI applications. In fact, as 

demonstrated by Sowa et al. (2021) and also the empirical results of this study, low levels of 

AI-Human collaboration might lead to unintended side-effects. Therefore, appropriate 

managerial intervention becomes critical, and this intervention, as Sowa et al. (2021) introduce, 

should focus on several key areas, such as adequate training, user experience (UX) design, etc., 

to foster effective AI-Human collaboration. Beyond the aforementioned training program 

designs, an AI-empowerment-driven IT strategy can also guide user-centric design 

approaches. Our AI empowerment framework can thus be also applied to participatory 

approaches, leading to the creation of user-friendly interfaces that align with employees' 

specific needs and workflows. This approach recommends that future generations of 

workplace AI tools significantly enhance users'—particularly migrant workers'—perceived 

meaningfulness, competence, self-determination, and impact on their work. 

Moreover, interventions should consider the emotional and psychological aspects of AI 

integration. As Gladden et al. (2022) and Ghaffari et al. (2024) argue, we suggest managers can 

introduce change management strategies that address the common fears and misconceptions 

about AI, such as job displacement and loss of control. They should emphasize the value of AI 

as a tool that enhances employee capabilities and productivity rather than a replacement for 

human intelligence. To minimize the AI divide within a company, managers should also 

develop differentiated strategies that cater to the diverse reactions and readiness levels across 

employee clusters. This may include personalized support paths, such as mentoring for those 

less comfortable with AI and advanced projects for those who are more tech-savvy. 

Finally, management should establish clear guidelines and ethical standards for AI use to 

ensure that the technology is applied responsibly and inclusively, considering the impact on 

all stakeholders. Regular assessments of AI's impact on job roles and organizational structure 

will help to identify areas where human roles can evolve alongside AI advancements, thereby 

promoting a culture of continuous learning and adaptation (Ibrahim & Rashad, 2024; Wilson 

& Daugherty, 2018). In this regard, our study also provides a foundation for understanding 

the complex interplay between AI advancements and the inclusivity of ethnic minorities, 

highlighting the need for digital corporate responsibility. It calls for service organizations to 

actively engage in ethical decision-making processes that recognize the dignity and rights of 

all employees, particularly those who are at risk of remaining 'invisible' in rapidly digitizing 

environments. 
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4.3 Limitation and Future Suggestions  

A potential limitation of our study is the exclusive reliance on self-reported measures for all 

variables. Since our research focused specifically on Asian racial employees rather than a 

broader employee sample across business organizations, we employed a self-report approach 

to data collection. This method was chosen due to the nature of our participants and the 

longitudinal design of our study, which aimed to minimize participant dropout over multiple 

timepoints. Although our analysis indicated that common method bias was not a major issue, 

we recognize that future research could benefit from a multi-source design to gain a deeper 

understanding of the studied constructs. For example, adding evaluations from immediate 

supervisors regarding performance outcomes could help offset the biases inherent in self-

report methods and enhance the validity of our findings. Employing such a multi-source 

approach in future studies could provide a more thorough evaluation of the relationships 

between variables and reduce the limitations tied to sole reliance on self-reported data. 

Additionally, while our research model outlines general mechanisms by which AI 

empowerment supports employees' adaptation, leading to enhanced performance and 

organizational citizenship behaviors (OCBs), we acknowledge that the effectiveness of these 

constructs may vary across different contexts. Higher-level factors and constructs could play 

a significant role as well. Although we employed empowerment as an individual-level 

construct in alignment with its original design, we believe that future research should explore 

high-level constructs, such as empowerment climate—a group-level adaptation of 

empowerment proposed by researchers such as Seibert (2004) to establish further investigation 

and contextualization of empowerment-related constructs. 

Recently more and more studies have begun to illuminate that perceived overqualification, 

traditionally seen as a disadvantageous condition for both employees and organizations, may 

actually hold positive implications under certain circumstances (Liao et al., 2024). These 

findings suggest that overqualification does not solely lead to dissatisfaction and turnover 

intentions as previously thought. Instead, it can potentially drive employees to pursue further 

personal development and innovation within their roles, contributing to organizational 

growth and adaptability. This emerging perspective warrants deeper investigation, 

particularly in how organizations might harness the potential of overqualified employees. 

Further research should explore the conditions under which perceived overqualification leads 

to positive outcomes, such as enhanced creativity, greater organizational commitment, or 

proactive engagement in tasks beyond assigned roles. Moreover, it is crucial to understand the 

specific organizational cultures, leadership styles, and job design factors that can convert the 

challenges associated with overqualification into valuable opportunities. While the aim of our 

exploratory research is to generate new insights rather than to formulate formal hypotheses, 

we suggest that future studies should focus on developing precise hypotheses for empirical 

testing. These hypotheses can then be employed to investigate the long-term impacts of 

perceived overqualification on career trajectories and organizational outcomes. Such 

investigations may lead to a reevaluation of hiring and management practices, facilitating a 

more effective integration and utilization of the skills and potential of overqualified 

employees. 

Despite its popularity, the K-means algorithm that we primarily used in this study is not 

without limitations. The need to pre-specify the number of clusters and the sensitivity to initial 

centroid placement can lead to suboptimal clustering performance, particularly with complex 

or high-dimensional datasets (Ikotun et al., 2023). Additionally, the traditional implementation 
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of K-means struggles with scalability issues in the era of big data, where datasets are not only 

large but also often come from diverse data sources and contain noise and outliers. This will 

not be an issue for this study as the sample is reasonably small. However, in the future, if a 

population-wide or multi-centered survey to be conducted, this issue embedded in K-means 

algorithm may become a series issues. In this regard, we suggest using improved initialization 

techniques, such as K-means++, and adaptations that allow for better handling of outliers and 

noisy data, are among the key developments that enhance the robustness and accuracy of the 

clustering results (Ailon et al., 2009; Liu et al., 2023).  

Lastly, many researchers have expanded the concept, psychological empowerment, from 

individual to group-level constructs. For instance, Seibert et al. (2004) appropriated the 

original psychological empowerment construct and introduced an "empowerment climate", 

characterized by information sharing, autonomy, and team responsibility. While our research 

continues to employ empowerment at the individual level, we recognize the potential of these 

higher-level constructs and suggest further exploration in diverse contexts. 
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Appendix 1 AIEMP Supplementary Analysis Results 

Table 7 and Figure 4, Figure 5 show that the four dimensions of AIEMP factor did not follow 

a normal distribution. 

 
Variable Shapiro-Wilk W  p-value 

Meaningfulness 

AIEMP_Meaningfulness_1 0.909*** <0.001 

AIEMP_Meaningfulness_2 0.908*** <0.001 

AIEMP_Meaningfulness_3 0.912*** <0.001 

Competence 

AIEMP_Competence_1 0.911*** <0.001 

AIEMP_Competence_2 0.909*** <0.001 

AIEMP_Competence_3 0.906*** <0.001 

Self-determination 

AIEMP_SD_1 0.912*** <0.001 

AIEMP_SD_2 0.923*** <0.001 

AIEMP_SD_3 0.904*** <0.001 

Impact 

AIEMP_Impact_1 0.913*** <0.001 

AIEMP_Impact_2 0.901*** <0.001 

AIEMP_Impact_3 0.910*** <0.001 

Table 7 Shapiro-Wilk Normality test results 

Note: * p < .05, ** p < .01, *** p < .001. 
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Figure 4 Q-Q plots for the four dimensions in AIEMP  

 



Australasian Journal of Information Systems Shi & Ma 
2025, Vol 29, Research Article AI Empowerment of Asian-Australian Migrant Workers 

 38 

 

Figure 5 Principal Component Analysis (PCA) processed clusters scatter plot   
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Figure 6 Silhouette plots for the solutions    
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In accordance with the evaluation criteria suggested by Hair et al. (2006) and Chen et al. (2005), 

our confirmatory factor analysis (CFA) results (see Table 8) indicate that the second-order 

model performs comparably to three alternative first-order factor models: a Unidimensional 

model, an Uncorrelated model, and a Correlated model. Specifically, Model 1 posits that a 

single first-order factor explains the variance among the 12 items. Model 2 assumes that these 

items form four uncorrelated first-order factors—meaningfulness, competence, self-

determination, and impact. Model 3 allows these four factors to correlate freely. Model 4 is our 

second-order factor model which accounts for the relationships among the four first-order 

factors. 

As Chen et al. (2005) say, a second-order model is preferable for several reasons: it estimates 

fewer parameters and thus offers more degrees of freedom, enhancing parsimony. 

Furthermore, it simplifies the interpretation of complex models by distilling the core variances 

of first-order factors and effectively isolating the measurement errors and unique variances 

associated with these factors. This ability to clarify the underlying structure without 

compromising the model's integrity makes the second-order factor model particularly 

valuable in our analysis. Thus the second order model is able to better quantify and 

understand how specific dimensions (first-order constructs) contribute to a broader, more 

comprehensive construct (second-order construct) particularly beneficial in fields like 

psychology or business, where complex constructs are common and comprise various 

underlying factors (Segars & Grover, 1998), and thus by using a second-order model, 

researchers and practitioners can more accurately assess these composite constructs, leading 

to better decision-making and more targeted interventions. 
Model DoF Chi-square CFI GFI NFI RMSEA 

           First 

           order 

Unidimensional 54 628.879 0.882 0.872 0.872 0.143 

Uncorrelated 54 1626.049 0.677 0.670 0.670 0.236 

Correlated 48 130.945 0.983 0.973 0.973 0.057 

Second-Order 50 190.491 0.971 0.961 0.961 0.073 

Table 8 CFAs for the Alternative Measurement Models for AIEMP 

Note: CFI, comparative fit index; GFI, goodness-of-fit index; NFI, normed fit index; RMSEA, root mean square 

error of approximation 

Appendix 2 Cluster Supplementary Materials 

We used Principal Component Analysis (PCA), a dimensionality-reduction method, to 

prepare the visualization of the clusters (Vichi & Saporta, 2009). We standardized the range of 

the continuous initial variables so that each one of them has a mean of 0 and a standard 

deviation of 1. Then we computed the covariance matrix of the data, and, from the covariance 

matrix, the eigenvalues and eigenvectors are computed. The eigenvectors were then sorted by 

decreasing eigenvalues to rank the corresponding principal components in order of 

significance.  

Then, the data can be projected onto the new feature space, so we could develop the clustering 

visualization as in Figure 5. Note in the figure, the x-axis is the first principal axis and captures 

the maximum variance in the data. It effectively represents a weighted combination of the 
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original variables that accounts for the largest amount of variability in the dataset. The specific weights (or loadings) for each original variable 

can give insight into which variables contribute most to this component. The y-axis is the second principal axis and captures the maximum 

remaining variance that is orthogonal (i.e., uncorrelated) to the first principal component. It provides the second most significant way of seeing 

the variability in the data. 

We conducted another analysis to compare the silhouette scores following prior research (Shahapure & Nicholas, 2020). The silhouette widths 

for the 3, 4 and 6-Cluster solutions were shown in  

, indicating no major differences and all have a silhouette value higher than 1. The 3 and 6-Cluster solutions were slightly better than the 4-cluster 

solution.  

Appendix 3 Concepts Correlations 

The correlation table is presented in Table 9.  

  AGE GENDER EDUCATION TENURE AIEMP IU JP CV EI 

AGE 1.00                 

GENDER 0.04 1.00               

EDUCATION 0.12 -0.05 1.00             

TENURE 0.35 -0.01 -0.07 1.00           

AIEMP -0.14 0.07 0.09 -0.12 1.00         

IU -0.08 -0.02 0.09 -0.09 0.49 1.00       

JP 0.13 -0.09 0.01 0.09 -0.03 0.07 1.00     

CV 0.07 0.00 0.08 -0.04 0.21 0.26 0.28 1.00   

EI 0.00 -0.05 -0.03 -0.07 0.26 0.22 0.02 0.15 1.00 

Table 9 Correlations Matrix 

Note: AGE, quantified as a categorical variable with ranges from 1 (less than 21 years) to 5 (more than 50 years); GENDER, coded as -1 for female, 0 for others (including 

“prefer not to say”), and 1 for male; EDUCATION, ranging from 0 (high school and lower) to 4 (doctoral degree); TENURE, indicating the length of current employment in 

months; AI Empowerment (AIEMP) [Time 1], which measures how individuals utilize AI to enhance job performance, with aspects like Meaningfulness, Competence, Self-

Determination, and Impact; Infusion Use (IU) [Time 2], assessing the comprehensive utilization and integration of system capabilities; Job Performance (JP) [Time 3], 
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evaluated through self-report ratings of task-focused contributions; Constructive Voicing (CV) [Time 3], involving expressions of constructive and change-oriented messages; 

and Ethnic Identity (EI) [Time 1], exploring personal identification with Asian ethnicity through reactions to societal feedback and shared achievements.
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Appendix 4 Methods for Attention Checks and Filtering of 
Unqualified Participants 
To ensure the reliability of our data, we employed two primary methods for attention checks 

and filtering out unqualified participants: one utilizing the Octopus Group's methods4, and 

the other one is based on our own tailored approach. This appendix provides a detailed 

account of our own procedures. 

1. Mechanistic Filtering Methods 

Our first approach involved mechanistic filtering to exclude unqualified participants. We 

implemented the following criteria: 

Completion of All Study Waves: Each participant was assigned a unique ID that 

they were required to use consistently across all three waves of data collection. By 

merging data from the three waves based on these IDs as key, we were able to 

identify and exclude participants who failed to complete at least one of the waves. 

Survey Completion Time: We monitored the total duration each participant spent 

on the survey. Participants who completed the survey in less than two minutes 

were excluded, as this indicated insufficient time for thoughtful responses. 

2. Interaction with an AI Question to Check Attention 

In addition to mechanistic filtering, we assessed participants' familiarity with AI, as well as 

their attention, by incorporating a question derived from the study by Sowa et al. (2021). This 

question was designed to categorize human-AI interaction into four tiers (Separation (No 

Collaboration), Complementary Collaboration, Dependent Collaboration, and Hybrid 

Collaboration). Specifically, the question is:  

Please choose the level of collaboration that best describes the current state of human-AI 

interaction in your work environment, considering the descriptions below: 

Option A: Level 1: Separation (No Collaboration) - Human workers compete with 

or work completely separately from AI machines. 

Option B: Level 2: Complementary Collaboration - Humans and AI complement 

each other by focusing on tasks they are individually good at. 

Option C: Level 3: Dependent Collaboration - AI and humans become dependent 

on each other, with AI sometimes needing human guidance for decision-making. 

Option D: Level 4: Hybrid Collaboration - AI becomes an extension of the human 

brain, and the two work together collaboratively as a 'centaur.' 

This is also an attention checking mechanism because we introduced an additional E. Level 0: 

No engagement with AI. Participants who selected Level 0 were presumed to have overlooked 

the survey requirements, as all participants were required and informed to have prior 

experience with AI in their work. This oversight was considered indicative of a lack of 

attention, leading to the exclusion of these individuals from our analysis. 

By employing these multi-faceted filtering techniques, we validated our data and ensured its 

reliability for our study. 

 

4 We briefly introduced the methods in the main body. For details, please see: https://support.octopusgroup.com.au/  
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Appendix 5 AIEMP supplementary analysis results 

In recent years, there has been a growing body of research exploring various AI-related 

concepts such as AI use/adoption, AI integration, AI transformation, and AI collaboration. 

While these topics are closely related to our core concept of AI Empowerment, they are 

distinguishable in several key aspects. The details of these distinctions are outlined below. 

 
Concept Summary Comments on difference 

AI 

Use/Adoption 

AI adoption normally refers to the decision-

making process that individuals or 

organizations undergo when deciding to adopt 

AI technologies. It focuses on the initial 

acceptance and willingness to integrate AI into 

the work environment, influenced by factors 

such as perceived usefulness, ease of use, and 

external pressures. Commonly, AI use and AI 

adoption are discussed together, as seen in 

Venkatesh (2022). Nonetheless, as in McElheran 

et al. (2024) and (Wong et al., 2024), AI use in 

some research can be more broadly understood 

as the practical application of AI technologies 

within firms, varying in intensity and scope 

from basic, exploratory use to advanced, 

widespread integration across different aspects 

of the business. 

Our AI Empowerment concept centres 

on the idea that employees feel 

empowered when they perceive that an 

external intelligence system supports 

them in achieving their work goals and 

overcoming work-related challenges. 

This concept primarily operates at the 

individual level, focusing on how AI 

influences personal outcomes such as 

job satisfaction, performance, and 

proactive behaviours in the workplace. 

Unlike AI use/adoption, which often 

involves simpler metrics like a dummy 

variable indicating AI usage or a 

single-level scale (see Venkatesh (2022), 

Czarnitzki et al. (2023) and Almaiah et 

al. (2022)), our AI Empowerment 

employs a two-level scale to measure 

how individuals utilize AI in their jobs, 

integrating psychological 

empowerment theories with AI-specific 

behaviours. 

AI Integration/ 

self–AI 

integration 

According to Alabed et al. (2022), AI Integration, 

or self–AI integration, can be viewed as a more 

advanced stage than mere adoption. It involves 

reconfiguring work processes and enhancing 

capabilities through AI by incorporating an 

anthropomorphized AI agent into one's self-

schema. This integration occurs through a 

cognitive match between AI and the self, known 

as self-congruence, where AI becomes a part of 

the user's identity, thereby enhancing their sense 

of identity and social belonging (Huang & Rust, 

2021). 

Although both AI Integration and AI 

Empowerment involve the utilization 

of AI technologies to improve work 

outcomes, AI Empowerment focuses 

on how employees feel empowered by 

the presence and use of AI technologies 

but does not emphasize the 

psychological process where 

individuals perceive AI as an extension 

of themselves. Empowerment literature 

typically addresses how technologies 

empower employees by making them 

feel more competent, meaningful, 

determined, and impactful in their 

roles, as Seibert et al. (2004) guided, 

rather than integrating AI into their 

self-schema. 
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AI 

Transformation 

AI transformation, or AI-driven digital 

transformation (AIDT), according to 

Taherizadeh and Beaudry (2023), , refers to the 

profound and comprehensive changes that AI 

technologies bring to an organization's activities, 

boundaries, and goals. This concept extends 

beyond the mere adoption or use of AI, 

involving a holistic reconfiguration of 

organizational processes, structures, and 

strategies to fully leverage AI's potential. It 

evolves from the broader concept of digital 

transformation. AI transformation drives 

significant shifts in how organizations operate, 

compete, and deliver value, often leading to the 

creation of new business models and 

restructuring organizational boundaries 

(Holmström, 2022). 

AI Empowerment, on the other hand, 

focuses on the individual's experience 

and perception of how AI technologies 

enhance their ability to achieve work-

related goals and overcome challenges. 

It is concerned with how AI influences 

personal job satisfaction, performance, 

and proactive behaviors by making 

employees feel more competent, 

autonomous, and impactful in their 

roles. 

AI Collaboration This concept discusses the interdependence 

between AI systems and employees in 

performing tasks together to achieve shared 

goals. AI collaboration can range from AI 

assisting with routine tasks to AI and humans 

co-creating solutions, making decisions, and 

enhancing productivity in complex work 

environments(Davenport & Miller, 2022). Sowa 

et al. (2021) provide a framework for measuring 

AI collaboration across different levels, from 

minimal interaction to fully integrated 

collaboration where AI and humans work 

together as a 'centaur.' 

Both AI-Human Collaboration and AI 

Empowerment involve leveraging AI 

technologies to enhance human 

capabilities in the workplace. However, 

AI-Human Collaboration focuses on 

the dynamic levels of interaction 

between AI systems and humans. In 

contrast, AI Empowerment is more 

specifically focused on the 

psychological and motivational aspects 

of AI usage, concentrating on how AI 

makes individuals feel more 

empowered in their specific roles. 
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