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Abstract. This conceptual study examined the impact of artificial intelligence 

(AI) self-efficacy on attitudes and intentions to adopt AI among human resource 

(HR) practitioners in Malaysian HR consultancy firms, with a specific focus on 

Generations X and Y. Given the rapid expansion of Malaysia’s HR consultancy 

sector driven by technological advancements and rising demand across 

industries, understanding AI adoption is considered crucial. The study extended 

the Technology Acceptance Model (TAM) by introducing AI self-efficacy as a 

predictor of attitudes toward AI and subsequent adoption intentions. AI self-

efficacy, defined as confidence in using AI systems, played a significant role in 

shaping HR practitioners’ attitudes and behaviours toward AI technologies. A 

cross-sectional quantitative design will be employed, using partial least squares 

structural equation modelling (PLS-SEM) to analyse data collected from at least 

200 HR practitioners across Generation X and Generation Y. The findings will 

provide valuable insights into how AI self-efficacy influences AI adoption and 

offers implications for enhancing training programs and organizational support 

to foster a more positive AI adoption environment in Malaysian HR consultancy 

firms. 

Keywords: Artificial Intelligence. Generation X, Generation Y, Human 

Resource, Malaysia. 

1 Introduction 

The human resource (HR) consultancy sector in Malaysia is projected to experience 

strong growth in the foreseeable future, driven by technological advancements and 

increasing demand throughout the industries [1]. This is consistent with an objective  
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outlined in the Eleventh Malaysia Plan (2016–2020), which emphasized the 

development of high-value service sectors. For example, [2] observed that domestic 

conglomerates and multinational corporations (MNCs) in Malaysia have increasingly 

outsourced payroll administration, executive search, training design and industrial 

relations advisory services to specialist consultancies in order to reduce costs and access 

to HR expertise that is difficult to retain in-house. This trend is further supported by 

small and medium enterprises (SMEs) that lack dedicated HR departments yet must 

comply with labour regulations and meet talent management expectations [3]. 

Additionally, due to COVID-19 pandemic, [4] reported that consultancies have 

repositioned themselves as strategic advisors on hybrid work policies, employee well-

being programs and pandemic-compliant HR risk management protocols, thereby 

enhancing their value proposition beyond transactional outsourcing. More recently, [5] 

demonstrated that certain Malaysian private higher education institutions have engaged 

HR consultancies to develop retention-oriented practices, including flexible work 

arrangements, work-life balance initiatives and employer branding campaigns, as a 

strategy to reduce academic staff turnover. Furthermore, [6] revealed that public-sector 

organizations, such as statutory bodies and local authorities, have contracted 

consultancies to implement competency-based training and succession management 

systems, indicating a convergence of public and private HR agendas in the mid-2010s. 

The demand for consultancy services is accelerated by artificial intelligence (AI) 

integration within digital HR technologies. AI enhances HR practices by improving 

efficiency, reducing hiring biases and enabling predictive workforce analytics [7]. [8] 

reported that cloud-based human capital management platforms, AI-driven recruitment 

tools and predictive analytics are now standard components of consultancy offerings 

within manufacturing and electronics sectors in Penang and Johor. AI adoption 

provides key benefits, including automated resume screening, improved candidate 

matching [9], forecasting of employee attrition to strengthen retention strategies [10] 

and enhanced compliance monitoring with regulations such as the Employment Act 

1955 [11]. 

Concerns have arisen regarding AI adoption among HR practitioners, particularly 

among Generation X and Y. For the purposes of this study, Generation X identified as 

HR practitioners born between 1965 and 1979, and Generation Y identified as HR 

practitioners born between 1980 and 2000. These definitions align with prior studies in 

the Malaysian context conducted by [12] and [13] and are consistent with the objectives 

of this research. A key challenge for Generation X HR practitioners is their relative lack 

of digital fluency. Many Generation X practitioners struggle to master complex AI 

systems as they entered the workforce before these technologies became prevalent [14]. 

Although they typically possess extensive sector knowledge and strong interpersonal 

skills, addressing the digital competency gap requires targeted training and attitudinal 

adjustments. 

In contrast, Generation Y HR practitioners, often referred to as digital natives, 

generally exhibit a higher baseline familiarity with technology. However, they face 

challenges in transitioning from general technological literacy to the acquisition of 

technical and ethical competencies specific to AI systems in HR. They may 

underestimate the technical knowledge required, potentially leading to over-reliance on 

automated systems without critical evaluation of outputs [15]. For both generations, 

attitude toward AI remains a crucial factor influencing adoption. Past studies have 
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strongly suggested that self-efficacy remains a reliable antecedent in shaping attitudes 

[16, 17], including in technological contexts [18]. 

Hence, this study's main objective is to investigate the degree to which AI self-

efficacy influences attitudes toward AI and, subsequently, the intention to adopt AI 

among Generation X and Generation Y HR practitioners in Malaysian HR consultancy 

firms. Additionally, this study addresses both population and theoretical gaps [19], as 

limited research has explored AI adoption among these generational cohorts. By 

introducing AI self-efficacy as a novel antecedent within Technology Acceptance 

Model (TAM), it further enhances model’s applicability in AI technology literature. 

2 Literature Review 

2.1 Technology Acceptance Model as Underlying Theory 

The Technology Acceptance Model (TAM), as pioneered by [20], is a widely 

recognized theoretical framework for understanding users’ acceptance of technology. 

TAM posits that two key antecedents, Perceived Usefulness (PU) and Perceived Ease 

of Use (PEOU), shape users’ attitudes toward using technology, which in turn 

determine their behavioral intentions [20, 21]. TAM has been extensively studied in 

technology adoption studies, including those focusing on AI [22] over the years. In AI 

adoption research, PU and PEOU have primarily been used to predict attitudes toward 

AI, which subsequently influences the intention to adopt AI [23, 24]. While these 

constructions have strong explanatory power, their repeated use highlights the need to 

extend the model to include additional psychological and cognitive predictors. 

To address this theoretical gap, the present study adapts TAM by focusing on two 

key constructs: Attitude Toward AI and Intention to Adopt AI. Furthermore, the model 

is extended by incorporating AI Self-Efficacy as the sole predictor of attitudes toward 

AI and subsequent adoption intentions, deliberately excluding PU and PEOU due to 

their extensive prior examination. By integrating AI Self-Efficacy into the research 

framework, this study provides novel insights into its impact on attitudes toward AI 

and, ultimately, the intention to adopt AI, thereby advancing understanding beyond the 

conventional TAM constructs. 

2.2 AI Self-Efficacy 

According to [25], self-efficacy is conviction in one’s capacity to strategize and 

implement activities necessary to navigate future circumstances. AI self-efficacy in this 

study denotes one’s conviction in their capability in proficiently comprehending, 

utilizing, and exploiting AI systems at the workplace. This psychological construction 

has emerged as a critical factor influencing employees’ adaptation to technological 

changes, job performance, and overall workplace effectiveness in the era of digital 

transformation. 

Recent empirical research indicates that higher levels of AI self-efficacy are 

associated with more favorable attitudes toward organizational AI adoption, stronger 

intentions to engage with AI tools, and superior performance when interacting with AI-

enhanced systems [26, 27]. Individuals with higher AI self-efficacy are more likely to 

perceive AI technologies as augmentative rather than threatening. [28] suggest that such 
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confidence may result from prior exposure to digital technologies, observation of 

successful AI applications, and support from peers and supervisors. Developing AI self-

efficacy is particularly important for bridging the gap between technical and non-

technical personnel and fostering cross-functional collaboration in AI-related 

initiatives. 

Organizations that provide comprehensive training programs, clear descriptions of 

AI system functionalities, and a supportive learning culture typically observe higher 

employee confidence [29]. Training is most effective when theoretical knowledge is 

combined with practical application, enabling employees to build skills incrementally 

through direct experimentation with AI relevant to their job roles. Leadership support 

is also critical because AI-capable managers promote experimentation with new 

technologies and create psychological safety that enhances employees’ willingness to 

engage with innovations [30]. 

Despite these efforts, significant challenges remain. [31] highlight that technical 

staff, particularly those in data-intensive roles, generally exhibit higher AI self-efficacy 

than non-technical personnel due to differences in digital literacy, mathematical skills, 

and computational thinking experience. Psychological barriers, such as apprehension 

toward AI and fear of job obsolescence, continue to limit self-efficacy, especially 

among older employees and those in roles highly susceptible to automation [32, 33]. 

The benefits of AI self-efficacy extend beyond performance outcomes. Individuals 

confident in AI competencies are more likely to innovate by identifying novel 

applications of AI in their work [27]. They also report higher job satisfaction and greater 

organizational commitment, as competence enhances perceived professional value and 

career prospects. Teams with higher overall AI self-efficacy demonstrate improved 

collaboration on AI-integrated projects, reflecting more effective knowledge sharing 

and problem-solving [26]. 

2.3 Attitude Toward AI 

Attitude is a fundamental psychological concept that describes an individual’s 

evaluative disposition toward people, objects, ideas, or situations, which can be 

positive, negative, or neutral [34]. Attitudes play a crucial role in decision-making [35], 

social interactions [36], and the effective navigation of complex situations [37]. They 

develop through direct experience, observational learning, social conditioning, and 

cognitive elaboration [38]. Although attitudes can sometimes be resistant to change, 

they may be modified through persuasive communication or experiences that enhance 

self-efficacy [39, 40]. Given their pervasive influence on behavior, attitudes have been 

extensively studied in fields such as organizational psychology, marketing, and human-

computer interaction [41, 42, 43]. 

The proliferation of AI technologies has transformed the workplace, resulting in 

shifts in employee attitudes [44]. Research indicates that perceptions of AI are often 

mixed, with optimism about increased work efficiency coexisting with concerns 

regarding job displacement and ethical implications [14]. Employees who view AI as 

an opportunity to automate routine tasks, reduce workload, and improve decision-

making tend to exhibit more positive attitudes toward its implementation [45]. AI-

powered analytics can enhance productivity, enabling employees to focus on higher-

value and more meaningful work [46]. However, the potential threat of job loss remains 
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a significant concern, particularly for employees in routine-based roles [47]. Additional 

factors contributing to distrust include privacy concerns and transparency issues in AI 

decision-making [48]. 

Training and upskilling initiatives can reduce resistance by equipping employees to 

collaborate effectively with AI [49], while leadership that clearly communicates the 

purpose and limitations of AI can foster more positive attitudes [50]. Furthermore, 

individuals with a growth mindset are generally more receptive to AI as a cooperative 

tool, whereas those with a fixed mindset tend to be more resistant [51]. 

2.4 Intention to Adopt AI 

Behavioral intention is a central construct in the Technology Acceptance Model (TAM) 

and reflects an individual’s readiness to use a specific technology [20]. In the context 

of AI adoption, attitudes toward AI and perceived usefulness, as outlined in [20], are 

key determinants of adoption intentions. For instance, employees are more likely to 

embrace AI technologies when they perceive direct benefits that enhance productivity 

and efficiency [52]. 

However, recent research indicates that additional factors such as trust in AI systems, 

fear of job loss, and ethical concerns significantly influence adoption intentions [53, 

54]. Employees often experience resistance to change and technostress when new AI 

systems are introduced [55], and skill gaps can hinder effective use of these 

technologies [44]. Ethical considerations, including algorithmic bias, data privacy, and 

transparency in decision-making processes, further complicate adoption [56, 57]. The 

fear of job displacement remains a particularly strong barrier, emphasizing the need for 

clear communication that AI is intended to assist rather than replace human workers 

[46]. 

These additional factors also highlight the affective dimension of attitude. Negative 

feelings such as distrust in AI systems and fear of job loss can adversely impact 

adoption intentions [58]. Therefore, organizations must adopt a holistic, human-

centered approach to AI implementation that addresses both technological and human 

factors. Such strategies include the development of effective change management plans, 

ongoing employee upskilling, transparent communication regarding the purpose and 

limitations of AI, and the establishment of robust ethical guidelines for AI use [59, 60, 

61]. When these measures are implemented effectively, they are likely to foster positive 

attitudes toward AI adoption among employees, ultimately enhancing adoption 

intentions. 

2.5 Linking AI Self-Efficacy, Attitude Toward AI and Intention to Adopt AI 

Extensive empirical research demonstrates that individuals with higher levels of AI 

self-efficacy tend to hold more positive attitudes toward artificial intelligence. This 

relationship is firmly grounded in [25] self-efficacy theory, which posits that belief in 

one’s capabilities fundamentally shapes attitudes and behavioral responses. This link 

has been consistently supported in the technology acceptance literature [62, 63]. 

Recent AI-specific studies provide compelling evidence across various domains. In 

healthcare, [64] found that medical professionals’ confidence in using AI chatbots 

strongly predicted favorable attitudes toward AI implementation. Similarly, [65] 

examined AI trustworthiness in the UK and Arab countries and reported that users with 
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greater self-efficacy in interacting with AI systems held more positive perceptions of 

AI’s value and reliability. In education, [66] found that students’ AI self-efficacy 

significantly influenced their acceptance of AI-based learning tools. Closely related 

technology studies corroborate that technology or AI self-efficacy consistently 

promotes more favorable technology attitudes, establishing a well-replicated pathway 

through which efficacy shapes evaluative stances [18]. 

Given the consistency of these findings across populations and application areas, the 

following proposition is proposed: P1: AI self-efficacy has a positive direct effect on 

employees’ attitude toward AI. 

The positive relationship between employees’ attitudes toward AI and their intention 

to use AI in the workplace is well supported by recent empirical studies. This 

relationship is grounded in contemporary extensions of established technology 

adoption theories, including the adapted Unified Theory of Acceptance and Use of 

Technology (UTAUT2) [68] and other AI-specific adaptation models [69]. 

Evidence from organizational contexts further confirms this connection. [70] 

examined the adoption of generative AI as workplace tools and found that positive 

attitudes were the strongest predictor of adoption intention, surpassing factors such as 

performance expectancy and facilitating conditions. Similarly, [71] demonstrated that 

employees who held positive attitudes toward the transformative potential of AI were 

more likely to intend to use AI tools compared to those with skeptical attitudes. 

Emerging research also highlights important boundary conditions. [72] found that 

the attitude-intention relationship is strengthened when employees perceive strong 

organizational support for AI, whereas [73] showed that this relationship is weakened 

in organizations with low innovation culture or limited employee digital skills. These 

findings underscore the importance of establishing a positive attitude toward AI before 

any moderating effects can influence adoption intentions. 

Based on this evidence, the following proposition is proposed: P2: Attitude toward 

AI has a positive direct effect on employees’ intention to adopt AI. 

Earlier technology acceptance models highlighted that attitudes are a proximal 

antecedent of behavioral intention [20, 21, 63]. Self-efficacy influences the cognitive 

and emotional evaluations that shape attitudes [25]. Therefore, the more competent 

users feel with AI, the more positive their attitudes become, which in turn strengthens 

their intentions to use AI in the workplace. This represents an indirect positive 

relationship between self-efficacy and intention, mediated by attitude. 

Empirical studies on technology adoption in workplaces support this relationship. 

Individuals who are confident in using a new system tend to develop more positive 

attitudes toward it, leading to greater intention to adopt the system. In the context of 

AI, a large multi-site study of Chinese nurses demonstrated substantial indirect effects: 

higher AI self-efficacy enhanced attitudes, which subsequently increased intention to 

use AI [67]. [74] further showed through structural equation modeling that educators’ 

technology self-efficacy indirectly influenced usage intentions by fostering positive 

attitudes. These findings indicate that when individuals positively assess their potential 

to use AI (attitude), they are more willing to adopt AI-based solutions (intention), and 

this process is predicated on their belief in their capabilities (self-efficacy). 

Similarly, [75] examined the effects of AI self-efficacy on employee attitudes and 

future intentions to adopt AI in logistics and supply chain contexts. Their results 

revealed that employees with greater AI self-efficacy, or confidence in their ability to 
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learn and apply AI technologies, were more likely to develop positive attitudes toward 

AI, which in turn increased their intention to use AI solutions in their work processes. 

Hence, the following mediation proposition is proposed, following the transmittal 

approach [76]: P3: AI self-efficacy has a positive indirect effect on employees’ intention 

to adopt AI through attitude toward AI. 

2.6 Research Framework 

The proposed research framework developed based on the propositions outlined earlier 

is depicted in Figure 1. 

 

Fig. 1. Framework in this Study 

3 Methodology 

Cross-sectional quantitative design based on partial least squares structural equation 

modeling (PLS-SEM) is the center of this study analysis. Data will be collected using 

self-administered questionnaires in both physical and online formats. Minimum sample 

size of 200 HR practitioners from Malaysia-based HR consultancy firms will be 

collected in this study [77]. This study will employ hybrid non-probability sampling 

approaches. Quota sampling will ensure representation of at least 100 respondents from 

each generation, followed by convenience sampling, where data will be collected from 

known associates and contacts within Malaysian HR consultancy firms. Finally, 

snowball sampling will be applied, with initial respondents asked to recommend 

additional suitable participants. Researchers will apply ethical clearance from the 

research ethics committee before fieldwork. 

Measurement items will be derived from prior studies and undergo stringent validity 

and reliability assessments to confirm construct validity.  The evaluation of AI self-

efficacy will utilise 22 items derived from the AI Self-Efficacy (AISE) scale [78]. The 

hierarchical component model (HCM) approach will be applied to this construction due 

to its four-dimensional structure. The assessment of attitudes towards AI will utilise 

five items derived from the Attitude Towards Artificial Intelligence (ATAI) scale [79], 

whilst evaluation respect to intention to adopt AI will employ five items adapted from 

[80]. To mitigate common method bias, the marker variable methodology will be 

employed, incorporating seven items from the Attitude Toward the Colour Blue scale 

[81] into the questionnaire. Data cleaning will be performed using SPSS, and SmartPLS 

4 will be used for data analysis. 
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4 Conclusion 

The Malaysian HR consultancy sector has experienced significant expansion due to 

technological advancements and the rising demand across various industries. Future 

empirical findings will contribute to TAM literature, particularly in relation to AI 

behavioral intention within the Malaysian HR consultancy sector. The researchers 

expect that the findings will highlight the importance of organizational investment in 

training programs to enhance AI confidence, address ethical concerns, and provide 

strong support for AI initiatives. Although the digital fluency gap between generations 

persisted, fostering AI self-efficacy and creating a supportive environment are deemed 

to be key factors for successful AI adoption. 
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