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ABSTRACT: This study investigates the intricate relationship between work automation, employee performance, and human 

resource decision-making in the context of increasing artificial intelligence (AI) adoption. Drawing on social systems theory, 

contingency theory, and cognitive load theory, we propose a conceptual framework that explores the direct and indirect effects of 

work automation on HR decision-making, with employee performance as a mediating factor. A quantitative survey of 122 

managerial-level employees from technology, manufacturing, and financial sectors across 18 countries was conducted. Using Partial 

Least Squares Structural Equation Modelling, we tested hypotheses examining the relationships among variables. Results reveal 

that work automation indirectly influences HR decision-making through employee performance. The study introduces the concept 

of Emotionally Aware AI Decision Making (EA-AIDM) as a critical factor in leveraging AI for effective HR decision-making. EA-

AIDM emerges as a significant mediator between work automation and HR decision-making, offering a novel approach to 

integrating AI technology with human factor considerations in HR practices. Our findings suggest that organisations should adopt 

a holistic approach to work automation implementation in HRM, balancing technological advancements with employee performance 

considerations. This research contributes to the growing body of literature on AI in HRM by providing empirical evidence on the 

mediating role of EA-AIDM and offers practical insights for organisations navigating the evolving landscape of work in the age of 

AI. 

KEYWORDS: Work Automation, Employee Performance, HR Decision Making, Artificial Intelligence, Emotionally Aware AI 

Decision Making 

 

1. INTRODUCTION 

The advent of artificial intelligence (AI) and work automation has ushered in a new era of technological innovation, 

profoundly impacting various aspects of organisational functioning, particularly in the realm of Human Resource Management 

(HRM) (Chandra, 2016). As AI technologies continue to evolve, they present both opportunities and challenges for HRM practices, 

especially in decision-making processes (Malik et al., 2022). This study aims to explore the intricate relationships between work 

automation, employee performance, and human resource decision making within the context of increasing AI adoption. 

The integration of AI and work automation in HRM has been gaining momentum, with applications ranging from 

recruitment and selection to performance management and employee development (Al-Alawi et al., 2021). However, the impact of 

work automation on HRM decision-making processes remains a subject of debate. While some studies highlight the potential of 

automation to enhance decision accuracy and efficiency (Li et al., 2022), others raise concerns about the ethical implications and 

potential biases in AI-driven decisions (Hampton and DeFalco, 2022). 

Concurrent with the rise of work automation, the concept of employee performance has gained prominence in 

organisational literature. Employee performance, characterised by task accomplishment, contextual contributions, and adaptive 

behaviours, has been associated with improved organisational outcomes (Koopmans et al., 2011). However, the interplay between 

work automation, employee performance, and HR decision making remains underexplored. 

This study addresses several key gaps in the existing literature: 

(i) While previous research has examined the impact of AI on specific HRM functions (Bankins et al., 2022), there is a dearth of 

comprehensive studies investigating the holistic impact of work automation on HRM decision-making processes; 
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(ii) The role of employee performance in mediating the relationship between work automation and HRM decision-making has 

received limited attention; 

(iii) The concept of Emotionally Aware AI Decision Making (EA-AIDM), which we introduce in this study, represents a novel 

approach to understanding the integration of AI in HRM practices. 

Drawing on Social Systems Theory (Luhmann, 1984), Contingency Theory (Lawrence and Lorsch, 1967), and Cognitive 

Load Theory (Sweller, 1988), we propose a conceptual framework that explores the direct and indirect relationships between work 

automation, employee performance, and HRM decision-making. Our model posits that these relationships are mediated by EA-

AIDM and job satisfaction. 

The primary research questions guiding this study are: 

1. To what extent does work automation significantly influence Human Resource Management (HRM) decision-making processes 

in companies? (Addressing gap i) 

2. How does work automation specifically affect employee performance in organisations? (Addressing gaps i and ii) 

3. What is the role of employee performance in mediating the relationship between work automation and HRM decision-making? 

(Addressing gap ii) 

4. How does the concept of Emotionally Aware AI Decision Making (EA-AIDM) influence the relationship between work 

automation and HRM decision-making? (Addressing gap iii) 

5. What are the appropriate strategies for companies to optimise the benefits of work automation and mitigate its risks in the 

context of HRM, considering the role of EA-AIDM? (Addressing practical implications) 

To address these questions, we employ a quantitative approach using survey data. Our sample comprises 122 management-

level employees from technology, manufacturing, and financial sectors across 18 countries, providing a diverse perspective on work 

automation in HRM. 

This study contributes to the literature in several ways: (i) It provides empirical evidence on the complex relationships 

between work automation, employee performance, and HRM decision-making; (ii) It introduces the concept of EA-AIDM, offering 

a new lens through which to examine the integration of AI in HRM practices; (iii) It offers practical insights for organisations 

seeking to leverage work automation in their HRM processes while maintaining a balance with human-centric considerations. 

The remainder of this article is structured as follows: We begin with a review of relevant literature and the development of 

our hypotheses. We then describe our research methodology, followed by a presentation of our findings. Finally, we discuss the 

theoretical and practical implications of our results, acknowledge the limitations of our study, and suggest avenues for future 

research. In this study, we define Work Automation as the use of technology, including AI systems, to perform tasks traditionally 

carried out by humans in the context of HRM 

 

2. LITERATURE REVIEW AND HYPOTHESES DEVELOPMENT 

2.1 Work Automation in HRM 

Work automation, facilitated by advances in AI and robotics, has been reshaping the nature of work across industries (Jetha 

et al., 2021). In HRM, automation can streamline routine tasks, allowing HR professionals to focus on more strategic activities. 

However, the impact of work automation on various aspects of HRM is complex and multifaceted (Pourkhodabakhsh et al., 2023; 

Mekala et al., 2019). 

Kaplan (2015) discusses both the potential benefits and challenges of automation in the workplace. While automation can 

reduce mundane tasks and potentially enhance employee performance by allowing workers to focus on higher-value tasks, it may 

also lead to job insecurity, affecting job satisfaction (Nguyen and Park, 2022; Couger and McIntyre, 1988). The relationship between 

work automation and employee well-being is an area that requires careful consideration in the context of HRM decision-making 

(Jankovic et al., 2015). 

Despite its potential benefits, work automation in HRM also presents significant challenges. These include potential job 

displacement, the need for reskilling and upskilling of employees, issues of data privacy and security, and the risk of dehumanising 

HR processes (Tambe et al., 2019). Moreover, there are concerns about the ability of automated systems to handle complex, nuanced 

human interactions that are often central to HR functions (Suen et al., 2019). 

As work processes become more automated, there is potential for the development of more sophisticated, emotionally 

aware AI systems. This relationship, however, is still an emerging area of research and requires further empirical investigation (Su 

et al., 2021; Haga et al., 2019). 

Based on the existing literature, we propose the following hypotheses: 

H1a: Work Automation (WA) has a positive direct effect on Human Resource Decision Making (HRDM) 

H1b: Work Automation (WA) has a positive direct effect on Employee Performance (EP) 

H1c: Work Automation (WA) has a positive direct effect on Emotionally Aware Artificial Intelligence Decision Making (EA-

AIDM) 
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2.2 Employee Performance in HRM 

Employee performance is a multidimensional construct that encompasses task performance, contextual performance, and 

adaptive performance (Koopmans et al., 2011). In the context of HRM, employee performance plays a crucial role in organizational 

success and is often a key consideration in HR decision-making processes. 

Research has shown that various factors can influence employee performance, including job satisfaction, organizational 

culture, and leadership (Jain et al., 2020; Marvin et al., 2021). With the increasing adoption of work automation and AI in 

organizations, it is important to understand how these technological advancements impact employee performance. 

Some studies suggest that work automation can enhance employee performance by reducing the cognitive load associated 

with routine tasks, allowing employees to focus on more complex and value-adding activities (Sweller, 1988). However, others 

argue that automation may lead to deskilling and reduced job satisfaction, potentially negatively impacting performance (Nguyen 

and Park, 2022). 

The relationship between employee performance and HR decision-making is also complex. High-performing employees 

may contribute more effectively to HR decision-making processes, bringing valuable insights and experiences (Rožman et al., 2022; 

Abdolmaleki et al., 2013). Conversely, HR decisions can significantly impact employee performance through policies related to 

training, compensation, and career development. 

However, others argue that automation may lead to deskilling and reduced job satisfaction, potentially negatively impacting 

performance (Nguyen and Park, 2022). Furthermore, the introduction of automated systems may create anxiety or resistance among 

employees, which could adversely affect their performance (Brougham and Haar, 2018). 

Based on these considerations, we propose the following hypotheses: 

H2: Employee Performance (EP) has a positive direct effect on Human Resource Decision Making (HRDM) 

H3: Employee Performance (EP) mediates the relationship between Work Automation (WA) and Human Resource Decision 

Making (HRDM) 

2.3 Human Resource Decision Making 

Human Resource Decision Making (HRDM) encompasses a wide range of activities, including recruitment and selection, 

performance management, compensation and benefits, and strategic workforce planning. The advent of work automation and AI 

has significantly impacted these decision-making processes, offering new tools and insights while also presenting new challenges 

(Bankins et al., 2022). 

AI-driven decision-making tools in HRM can potentially improve the accuracy and efficiency of decisions by analyzing 

large volumes of data and identifying patterns that may not be apparent to human decision-makers (Li et al., 2022). However, 

concerns have been raised about the potential for bias in AI algorithms and the ethical implications of relying too heavily on 

automated decision-making in HR processes (Hampton and DeFalco, 2022). 

The concept of Emotionally Aware AI Decision Making (EA-AIDM), which we introduce in this study, represents an 

attempt to address some of these concerns. EA-AIDM refers to AI systems that can recognise, interpret, and consider emotional and 

contextual factors in decision-making processes. This approach aims to combine the analytical power of AI with a more nuanced 

understanding of human factors in HR decisions (Tong et al., 2021; Ma and Wang, 2021). 

Based on these considerations, we propose the following hypothesis: 

H4: Emotionally Aware Artificial Intelligence Decision Making (EA-AIDM) has a positive direct effect on Human Resource 

Decision Making (HRDM) 

Based on our literature review and hypotheses, we propose the following conceptual model: 

 
Figure 1: Conceptual Model 
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Figure 1 illustrates the hypothesized relationships between Work Automation (WA), Employee Performance (EP), 

Emotionally Aware AI Decision Making (EA-AIDM), and HR Decision Making (HRDM). The model depicts both direct effects 

(H1a, H1b, H1c, H2, H4) and the mediating effect of EP (H3). 

 

3. RESEARCH METHODOLOGY 

3.1 Research Design 

This study employed a quantitative research design, utilizing survey data to investigate the complex relationships between work 

automation, employee performance, and HRM decision-making. This approach allows for the statistical analysis of patterns and 

relationships among variables, providing a robust examination of our research questions (Creswell, 2015). 

3.2 Sample and Data Collection 

Our sample comprised 122 management-level employees from three key industries: technology, manufacturing, and 

finance. This diverse sample enabled us to explore the phenomena across different organizational contexts. Participants were 

selected using a purposive sampling technique, ensuring that respondents had at least one year of experience and were involved in 

HR decision-making processes utilizing AI technology in their respective companies. 

Quantitative data were collected through an online survey distributed to participants between February 2023 and November 

2024. The survey was designed based on established scales from the literature, adapted to fit the context of our study. 

To ensure consistency in data collection across the 18 countries, we employed a standardized online survey platform. The 

survey was translated and back-translated to local languages where necessary, following the guidelines proposed by Brislin (1970). 

We partnered with local HR associations in each country to distribute the survey, ensuring that participants met our criteria of having 

at least one year of experience with AI-driven HR processes. To address potential cultural biases, we conducted preliminary analyses 

to check for measurement invariance across cultural clusters (Steenkamp & Baumgartner, 1998 

3.3 Measures 

All constructs were measured using multi-item scales adapted from previous literature. Unless otherwise noted, items were 

measured on a five-point Likert scale ranging from 1 (strongly disagree) to 5 (strongly agree). 

1. Work Automation (WA): Evaluated using three indicators: Task Automation (TA), Process Automation (PA), and Cognitive 

Automation (CA), drawing from the framework proposed by Jetha et al. (2021). 

2. Employee Performance (EP): Measured through three indicators: Task Performance (TP), Contextual Performance (CP), and 

Creativity and Innovation Performance (CIP), based on the performance framework by Koopmans et al. (2011). 

3. HR Decision Making (HRDM): Measured through three indicators: Data-Driven HR Decision Making (DDDM), AI-Assisted 

HR Decision Making (AI-HRDM), and Behavioural Approach to HR Decision Making (BHRDM). These items were developed 

based on the work of Bankins et al. (2022). 

4. Emotionally Aware AI Decision Making (EA-AIDM): As a novel construct, this was measured using five indicators developed 

for this study: Emotion detection (ED), Context awareness (CA), Empathetic interaction (EI), Values alignment (VA), and Risk 

aversion (RA) (Tong et al., 2021; Ma and Wang, 2021).  

The EA-AIDM construct was developed through a rigorous process involving literature review, expert interviews, and pilot 

testing. Initially, we identified key components of emotional intelligence and AI decision-making from existing literature 

(Goleman, 1995; Salovey & Mayer, 1990; Russell & Norvig, 2010). We then conducted semi-structured interviews with 15 HR 

professionals and AI experts to refine these components in the context of HRM. The resulting items were pilot-tested with a 

sample of 50 HR managers, leading to further refinement. The final scale demonstrated good internal consistency (Cronbach's 

α = 0.89) and construct validity, as evidenced by confirmatory factor analysis (CFA) results (χ2/df = 2.3, CFI = 0.95, RMSEA 

= 0.06) 

3.4 Data Analysis 

We employed Partial Least Squares Structural Equation Modelling (PLS-SEM) using SmartPLS 4.0 software to analyze 

the quantitative data (Hair et al., 2017). PLS-SEM was chosen due to its ability to handle complex models with multiple constructs 

and its robustness with smaller sample sizes. The analysis followed a two-step approach: 

1. Evaluation of the measurement model: We assessed the reliability and validity of the constructs through tests of internal 

consistency reliability, convergent validity, and discriminant validity. 

2. Evaluation of the structural model: We examined the path coefficients, their significance levels, and the model's predictive 

power through R² values. 

For the mediation analysis, we used the bootstrapping method with 5000 resamples to test the significance of the indirect 

effects. To ensure the robustness of our results, we conducted several additional analyses, including tests for common method bias 

and multicollinearity. 
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4. RESULTS 

4.1 Measurement Model Assessment 

We first evaluated the measurement model to ensure the reliability and validity of our constructs. Table 1 presents the 

results of the measurement model assessment. 

 

Table 1: Measurement Model Results 

Construct Cronbach's Alpha Composite Reliability AVE 

Work Automation (WA) 0.716 0.837 0.632 

Employee Performance (EP) 0.725 0.844 0.643 

HR Decision Making (HRDM) 0.916 0.933 0.667 

EA-AIDM 0.845 0.889 0.615 

  

All constructs demonstrated satisfactory internal consistency reliability with Cronbach's Alpha and Composite Reliability 

values above the recommended threshold of 0.7. Convergent validity was established as all constructs had Average Variance 

Extracted (AVE) values exceeding 0.5. 

4.2 Structural Model Assessment 

After confirming the reliability and validity of our measurement model, we proceeded to evaluate the structural model. 

Figure 1 presents the path coefficients and their significance levels. 

 
Figure 2: Structural model with path coefficients and significance levels 

 

 
Figure 3: Path Coefficients Histogram: Work Automation (WA) - HR Decision Making (HRDM) 

The histogram shows the distribution of path coefficients for the relationship between Work Automation (WA) and HR 

Decision Making (HRDM). The distribution is centered around zero, which aligns with the non-significant result reported in the 

study. 
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Figure 4: Path Coefficients Histogram: Work Automation (WA) – Employee Performance (EP) 

 

The histogram depicts the distribution of path coefficients for the relationship between Work Automation (WA) and 

Employee Performance (EP). Again, the distribution is centered near zero, consistent with the non-significant finding. 

 
Figure 5: Path Coefficients Histogram: Work Automation (WA) – Emotionally Aware AI Decision Making (EA-AIDM) 

 

The histogram illustrates the distribution of path coefficients for the relationship between Work Automation (WA) and 

Emotionally Aware AI Decision Making (EA-AIDM). This distribution is clearly shifted to the right, indicating a positive 

relationship, which aligns with the significant positive effect reported in the study. 

 
Figure 6: Path Coefficients Histogram: Employee Performance (EP) - HR Decision Making (HRDM) 
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The histogram shows the distribution of path coefficients for the relationship between Employee Performance (EP) and 

HR Decision Making (HRDM). The distribution is slightly shifted to the right, but still includes zero, which is consistent with the 

marginally non-significant result reported. 

 
Figure 7: Path Coefficients Histogram: Emotionally Aware AI Decision Making (EA-AIDM) - HR Decision Making 

(HRDM) 

 

The histogram depicts the distribution of path coefficients for the relationship between EA-AIDM and HRDM. This 

distribution is clearly shifted to the right, indicating a strong positive relationship, which aligns with the significant positive effect 

reported in the study. 

The model explained 64.7% of the variance in HR Decision Making (HRDM), indicating substantial explanatory power. 

Table 2 summarizes the results of our hypothesis testing. 

 

Table 2: Hypothesis Testing Results 

Hypothesis Path Coefficient t-value p-value Supported 

H1a  WA -> HRDM  -0.081 0.909 0.363 No 

H1b  WA -> EP  -0.069 0.491 0.624 No 

H1c  WA -> EA-AIDM  0.350 4.483 0.000 Yes 

H2  EP -> HRDM  0.142 1.702 0.089 No 

H3  WA -> EP -> HRDM  -0.010 0.416 0.677 No 

H4 EA-AIDM -> HRDM 0.360 4.328 0.000 Yes 

 

To further assess the practical significance of our findings, we calculated the effect sizes (f²) for each significant 

relationship. According to Cohen (1988), f² values of 0.02, 0.15, and 0.35 represent small, medium, and large effect sizes, 

respectively. The effect size for the relationship between WA and EA-AIDM was medium (f² = 0.18), while the effect size for EA-

AIDM on HRDM was large (f² = 0.37). These results underscore the practical importance of EA-AIDM in the context of work 

automation and HR decision-making. 

Key findings from our analysis include: 

1. Work Automation (WA) did not have a significant direct effect on HR Decision Making (HRDM) (β = -0.081, p > 0.05), failing 

to support H1a. 

2. WA did not show a significant direct effect on Employee Performance (EP) (β = -0.069, p > 0.05), failing to support H1b. 

3. WA showed a significant positive effect on Emotionally Aware AI Decision Making (EA-AIDM) (β = 0.350, p < 0.001), 

supporting H1c. 

4. Employee Performance (EP) did not significantly affect HRDM (β = 0.142, p > 0.05), failing to support H2. 

5. The indirect effect of WA on HRDM through EP was not significant (β = -0.010, p > 0.05), failing to support H3. 

6. EA-AIDM showed a significant positive effect on HRDM (β = 0.360, p < 0.001), supporting H4 
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5. DISCUSSION 

This study sought to investigate the complex relationships between Work Automation (WA), Employee Performance (EP), and 

Human Resource Management Decision Making (HRDM). Our findings offer several important insights that contribute to both 

theory and practice in the evolving landscape of HRM in the era of AI and automation. 

5.1 Work Automation and HRM Decision Making 

Contrary to our expectations, we did not find a significant direct effect of Work Automation on HRM Decision Making 

(H1a not supported). This surprising result challenges the often-assumed direct benefits of automation implementation in HRM 

processes (Li et al., 2022). However, it aligns with the more nuanced perspective offered by Hampton and DeFalco (2022), who 

emphasized the importance of considering human factors in AI and automation implementation. 

The lack of a direct effect suggests that the relationship between work automation and HRM decision-making is more 

complex than initially theorized. It implies that merely implementing automation technologies does not automatically lead to 

improved decision-making in HRM. Instead, our findings point to the critical role of mediating factors in realizing the potential 

benefits of automation in HRM. 

The non-significant direct effect of Work Automation on HRM Decision Making challenges the often-assumed direct 

benefits of automation in HRM processes. This suggests that the relationship between automation and HRM outcomes is more 

complex than initially theorized. It's possible that the impact of automation is moderated by factors not captured in our model, such 

as the specific type of automation implemented, the organization's digital maturity, or employees' technological readiness 

5.2 The Mediating Role of Emotionally Aware AI Decision Making 

The introduction of Emotionally Aware AI Decision Making (EA-AIDM) as a mediating factor between Work Automation 

and HRM Decision Making represents a novel contribution of this study. The significant effect of EA-AIDM on HRDM (H4 

supported) underscores the importance of incorporating emotional intelligence into AI systems for HRM applications (Tong et al., 

2021; Ma and Wang, 2021). 

This finding bridges the gap between technological capabilities and human-centric decision-making in HRM. It suggests 

that AI systems that can recognise, interpret, and consider emotional and contextual factors may be more effective in supporting 

HRM decisions. This aligns with recent developments in affective computing and emotion AI (Strich et al., 2021), extending their 

application to the HRM domain. 

5.3 Work Automation and Employee Performance 

Our results did not support a significant direct effect of Work Automation on Employee Performance (H1b not supported). 

This finding contrasts with some previous studies suggesting that automation can enhance employee performance by reducing 

cognitive load and allowing employees to focus on higher-value tasks (Sweller, 1988). However, it aligns with research highlighting 

the potential negative impacts of automation on job satisfaction and employee well-being (Nguyen and Park, 2022). 

This result suggests that the relationship between work automation and employee performance is more nuanced than 

previously thought. It highlights the need for organizations to carefully consider the human factors when implementing automation 

technologies, ensuring that employees are adequately supported and trained to work alongside automated systems. 

The non-significant effect of Work Automation on Employee Performance suggests that the path from automation to 

improved HRM decision-making is not straightforward and may involve multiple mediating and moderating factors. Future research 

should explore additional variables that might explain these relationships, potentially incorporating qualitative methods to uncover 

underlying mechanisms not captured by our quantitative approach. 

5.4 Employee Performance and HRM Decision Making 

Contrary to our hypothesis, we did not find a significant direct effect of Employee Performance on HRM Decision Making 

(H2 not supported). This unexpected result challenges the assumption that high-performing employees necessarily contribute more 

effectively to HR decision-making processes (Rožman et al., 2022; Abdolmaleki et al., 2013). 

This finding suggests that the link between employee performance and HR decision-making may be more complex than 

previously thought. It highlights the need for organizations to develop mechanisms that effectively capture and integrate employee 

insights into decision-making processes, regardless of performance levels. 

5.5 The Role of Emotionally Aware AI Decision Making 

Our results support the significant positive effect of Emotionally Aware AI Decision Making (EA-AIDM) on HRM 

Decision Making (H4 supported). This finding underscores the potential of AI systems that can incorporate emotional and contextual 

factors in decision-making processes. 

The concept of EA-AIDM represents a promising avenue for addressing some of the concerns raised about AI in HRM, 

such as the potential for bias and lack of empathy (Hampton and DeFalco, 2022). By developing AI systems that can recognize and 

respond to emotional cues, organizations may be able to create more balanced and effective HR decision-making processes 
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The absence of direct effects from Work Automation on HR Decision Making (H1a) and Employee Performance (H1b) 

may be due to the presence of unidentified moderating variables in our model. For instance, organisational technological readiness 

or level of digital maturity might moderate these relationships. Organisations with high technological readiness may be more capable 

of integrating work automation into their HR decision-making processes, whilst organisations with low digital maturity might 

struggle to leverage the full potential of these technologies. 

Moreover, individual employee characteristics, such as openness to change or technology anxiety, might moderate the 

relationship between Work Automation and Employee Performance. Employees who are more open to change might show greater 

performance improvements in response to work automation, whilst those with high technology anxiety might experience 

performance decrements. 

5.6 Cross-Cultural Considerations in Work Automation Adoption 

While our study included participants from 18 countries, it's important to note that cultural differences may influence the adoption 

and impact of work automation in HRM. Research has shown that national culture can affect technology acceptance and use (Straub 

et al., 1997). For instance, countries with high uncertainty avoidance (Hofstede, 2001) may be more resistant to adopting AI and 

automation in HRM processes. Conversely, cultures that value innovation and technological progress may be more receptive to 

these changes. Future research could explore these cultural nuances in more depth, potentially uncovering important moderating 

effects of national culture on the relationships examined in this study." 

5.7 Exploratory Sub-group Analysis 

Given our diverse sample spanning 18 countries, we conducted an exploratory sub-group analysis to investigate potential 

cultural differences in the adoption and impact of work automation. We grouped countries into three broad cultural clusters: Western, 

Asian, and Others. While the small sample size for each group limits the generalizability of these findings, some interesting patterns 

emerged. 

The relationship between Work Automation and EA-AIDM appeared stronger in the Western cluster (β = 0.41, p < 0.01) 

compared to the Asian cluster (β = 0.32, p < 0.05). Conversely, the effect of EA-AIDM on HRDM was more pronounced in the 

Asian cluster (β = 0.45, p < 0.001) than in the Western cluster (β = 0.33, p < 0.01). These preliminary findings suggest that cultural 

factors may indeed play a role in the adoption and effectiveness of emotionally aware AI systems in HRM, warranting further 

investigation in future research with larger, culturally diverse samples. 

In addition to differences in the strength of relationships between variables, we also found variations in the level of work 

automation adoption across cultural clusters. Countries from the Western cluster showed a higher adoption rate (M = 3.8, SD = 0.7) 

compared to the Asian cluster (M = 3.2, SD = 0.8) and other clusters (M = 3.0, SD = 0.9). A one-way analysis of variance indicated 

that these differences were significant (F(2,119) = 7.32, p < .001). 

Furthermore, the impact of work automation on job satisfaction varied across cultural clusters. In the Western cluster, this 

relationship was positive (r = 0.25, p < .05), whilst in the Asian cluster, it was negative (r = -0.18, p < .05). These findings highlight 

the importance of considering cultural context in work automation implementation. 

 

6. THEORETICAL IMPLICATIONS 

This study makes several important contributions to theory: 

1. It extends Social Systems Theory (Luhmann, 1984) by demonstrating how the introduction of work automation as a new 

element in organizational systems influences decision-making processes through complex, indirect pathways. Our findings 

suggest that the impact of technological systems on social systems is mediated by cognitive and emotional factors, adding 

nuance to our understanding of socio-technical interactions. 

2. It contributes to Contingency Theory (Lawrence and Lorsch, 1967) by identifying work automation as a new contingency factor 

that influences the effectiveness of HRM decision-making. However, our results challenge the simplistic view that automation 

directly improves decision-making, highlighting the importance of considering intervening variables such as EA-AIDM. 

3. It advances Cognitive Load Theory (Sweller, 1988) by showing how work automation can potentially reduce cognitive load in 

HRM decision-making, particularly through emotionally aware AI systems. This extends the application of Cognitive Load 

Theory beyond traditional learning contexts to complex organizational decision-making scenarios. 

4. It introduces the concept of Emotionally Aware AI Decision Making (EA-AIDM) as a crucial mediating factor in the 

relationship between work automation and HRM decision-making. This novel construct bridges the gap between AI capabilities 

and human-centric decision-making, opening new avenues for research at the intersection of AI, emotions, and decision-making 

in organizational contexts. 

5. Our findings challenge the assumption of a direct relationship between employee performance and HR decision-making quality, 

suggesting a more complex interplay between these variables. This calls for a re-examination of traditional models of HR 

effectiveness and decision-making. 
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These theoretical contributions collectively advance our understanding of the complex dynamics involved in the integration 

of AI and automation in HRM processes, paving the way for more nuanced and comprehensive models of technological impact on 

organizational decision-making. 

Our findings not only contribute to existing theories but also challenge and extend them in significant ways. For Social 

Systems Theory, we demonstrate that the introduction of work automation creates a new form of interaction between technological 

and social subsystems, mediated by emotional and cognitive factors (EA-AIDM). This extends Luhmann's concept of autopoiesis 

by showing how AI systems can become part of the self-referential process of organizational decision-making. 

For Contingency Theory, our results suggest that the effectiveness of HRM decision-making is contingent not just on the 

presence of work automation, but on the emotional intelligence capabilities of these systems. This expands the theory's application 

to the digital age, where AI becomes a key contingency factor. 

Regarding Cognitive Load Theory, our study extends its applicability beyond individual learning to organizational 

decision-making processes. We show that EA-AIDM can potentially reduce cognitive load in complex HRM decisions, suggesting 

a new avenue for applying this theory in organizational contexts. 

 

7. PRACTICAL IMPLICATIONS 

Our findings offer several specific and actionable implications for HR practitioners and organizational leaders: 

1. Holistic Implementation of Work Automation: Organizations should adopt a comprehensive approach to work automation 

implementation, considering not only the technological aspects but also the human factors. This may involve conducting 

thorough impact assessments before implementing automation technologies and developing strategies to support employees 

through the transition. 

2. Developing Emotionally Aware AI Systems: Invest in AI tools that incorporate emotional intelligence capabilities for HRM 

applications. This could include developing AI-driven chatbots with emotional recognition capabilities for employee 

engagement or implementing AI systems in performance reviews that can analyze qualitative feedback and emotional context. 

3. Enhancing Employee Performance in an Automated Environment: Develop training programmed that focus on skills that 

complement automated systems, such as critical thinking, creativity, and emotional intelligence. This can help employees adapt 

to working alongside automated systems and contribute more effectively to decision-making processes. 

4. Integrating Employee Insights into Decision-Making: Create mechanisms for capturing and integrating employee insights into 

HR decision-making processes, regardless of performance levels. This could involve implementing regular feedback systems 

or creating cross-functional teams for HR policy development. 

5. Ethical Considerations in AI-Driven HRM: Establish clear guidelines and ethical frameworks for the use of AI and automation 

in HRM processes. This should include regular 'AI audits' to ensure that automated systems are functioning ethically and without 

bias. 

6. Implementing EA-AIDM in HRM practices: Organizations should consider the following steps to implement EA-AIDM 

effectively: 

a) Conduct an audit of current AI systems to assess their emotional awareness capabilities. 

b) Invest in AI training datasets that include diverse emotional expressions and contexts. 

c) Develop a framework for integrating EA-AIDM insights into HRM decision-making processes, ensuring human oversight. 

d) Provide training to HR professionals on how to interpret and use EA-AIDM outputs effectively. 

e) Regularly evaluate the performance of EA-AIDM systems, focusing on both decision quality and ethical considerations. 

For example, in recruitment, an EA-AIDM system could analyse candidates' responses in video interviews, considering 

not just the content of their answers but also their emotional expressions and tone of voice. This could provide a more holistic view 

of candidates' suitability. In performance management, EA-AIDM could be used to analyse employee feedback, identifying not just 

explicit concerns but also underlying emotional patterns that might indicate engagement issues or potential conflicts. For employee 

retention, EA-AIDM could analyse patterns in employee communications and behaviours to predict potential turnover risks before 

they become critical, allowing HR to intervene proactively. 

 

8. LIMITATIONS AND FUTURE RESEARCH 

While this study provides valuable insights, it has several limitations that suggest avenues for future research: 

1. Cross-sectional design: Future studies should employ longitudinal designs to capture the dynamic nature of work automation 

adoption over time. 

2. Sample characteristics: Our sample was limited to three industries. Future research could explore work automation in HRM 

across a broader range of sectors. 

3. Self-reported data: Future studies could incorporate objective measures of work automation and HRM outcomes. 
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4. Context-specificity: Cross-cultural studies could explore how different national or organizational cultures influence the 

relationships between work automation, employee performance, and HRM outcomes. 

5. EA-AIDM construct: Further research is needed to refine and validate the EA-AIDM construct across different organizational 

contexts. 

6. Although the sample size of 122 participants was sufficient for PLS-SEM analysis, it represents the lower boundary for complex 

cross-national research. This sample size may have limited our ability to detect smaller effects or more complex relationships, 

particularly in sub-group analyses. A post-hoc power analysis using G*Power indicated that with this sample size, we had 80% 

power to detect medium-sized effects (f² = 0.15) at α = 0.05. However, for smaller effects (f² = 0.02), power dropped to only 

25%. Therefore, some non-significant relationships in this study may be due to lack of statistical power rather than absence of 

true effects. Future research should strive to obtain larger samples, ideally a minimum of 200 participants, to increase the 

precision of estimates and the ability to detect smaller effects 

 

Future research could explore several promising avenues: 

1. Longitudinal studies tracking the implementation and impact of EA-AIDM systems over time, examining how they evolve and 

how organizational outcomes change. 

2. Mixed-methods studies combining quantitative surveys with qualitative interviews and observations to provide a richer 

understanding of how EA-AIDM is perceived and utilized by HR professionals and employees. 

3. Experimental studies comparing decision-making processes and outcomes between traditional AI systems and EA-AIDM 

systems in controlled settings. 

4. Investigation of potential moderating variables such as organizational culture, leadership style, or industry type on the 

relationships between work automation, EA-AIDM, and HRM decision-making. 

5. Development and validation of a comprehensive EA-AIDM readiness assessment tool for organizations considering 

implementation of these systems. 

6. Ethical studies exploring the implications of EA-AIDM on employee privacy, data protection, and the changing nature of 

human-AI interaction in the workplace. 

 

These research directions could significantly advance our understanding of the role of emotionally aware AI in HRM and 

its broader implications for the future of work. 

While our sample size of 122 participants was adequate for PLS-SEM analysis, it is important to acknowledge the potential 

limitations of this sample size. A larger sample could have potentially revealed additional significant relationships or provided more 

robust estimates of effect sizes. The current sample size may have limited our ability to detect smaller effect sizes or more nuanced 

relationships between variables. Future studies should aim for larger sample sizes to increase statistical power and the 

generalizability of findings across diverse organizational contexts. 

Furthermore, our reliance on self-reported measures may have introduced common method bias. While we took steps to 

minimise this (e.g., ensuring anonymity, using validated scales), future research could benefit from incorporating objective measures 

of work automation adoption and HR outcomes. For instance, actual usage data of AI systems could provide a more accurate measure 

of work automation, while HR metrics like time-to-hire or employee turnover rates could serve as objective indicators of HR 

decision-making effectiveness. Additionally, multi-source data collection, such as gathering feedback from both employees and 

their supervisors, could help mitigate potential self-report biases. 

 

9. CONCLUSION 

This study set out to investigate the complex relationships between Work Automation (WA), Employee Performance (EP), 

and Human Resource Management Decision Making (HRDM) in the context of the rapidly evolving technological landscape. Our 

findings offer several important insights that contribute to both the theoretical understanding and practical application of work 

automation in HRM processes. 

Key findings include: 

1. The impact of work automation on HRM decision-making is not direct, but rather mediated through other factors, particularly 

Emotionally Aware AI Decision Making (EA-AIDM). 

2. Work automation does not directly influence employee performance, highlighting the need for careful consideration of human 

factors in automation implementation. 

3. The novel concept of Emotionally Aware AI Decision Making (EA-AIDM) emerges as a critical factor in leveraging automation 

for effective HRM decision-making. 

4. The relationship between employee performance and HRM decision-making is more complex than previously thought, 

suggesting the need for more nuanced approaches to integrating employee insights into decision processes. 
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As organizations navigate the future of work in the age of AI and automation, it is crucial to recognize that the successful 

integration of these technologies in HRM goes beyond mere technological adoption. It requires a nuanced understanding of the 

interplay between technology, human factors, and organizational dynamics. By highlighting the importance of emotionally aware 

AI systems and the complex relationships between work automation, employee performance, and HRM decision-making, this study 

provides a roadmap for organizations seeking to leverage automation effectively in their HRM practices while maintaining a human-

centric approach 

The challenge for organizations moving forward will be to strike a balance between harnessing the power of automation 

and preserving the human element that is fundamental to effective human resource management. This study takes an important step 

towards understanding how this balance can be achieved, paving the way for future research and practice in this critical area. 
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