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ABSTRACT: This study investigates how human capital, well-being 
support, and technology acceptance influence employee productivity in 
Southeast Asia. Drawing on Human Capital Theory, the Job Demands-
Resources model, and the UTAUT framework, data were collected from 
480 employees across five countries. Structural Equation Modeling revealed 
that education level, skill development, health spending, and work-life 
balance significantly enhance work engagement and job satisfaction, which 
in turn drive productivity. Technology acceptance also emerged as a key 
enabler, influencing both motivation and performance. Mediation analysis 
confirmed the psychological pathways linking resources to outcomes, while 
multi-group analysis identified structural differences across national 
contexts. These findings underscore the need for localized strategies and 
integrated HR interventions. The study contributes to theory by linking 
structural and psychological drivers within a unified model and offers 
practical insights for policymakers and organizational leaders aiming to 
optimize productivity in rapidly developing and digitally transforming 
economies. 
Keywords: employee productivity, work engagement, technology 
acceptance, human capital, Southeast Asia. 

 
 
INTRODUCTION 

Employee productivity remains a critical concern for both scholars and practitioners, particularly in 
the context of rapid technological changes, demographic shifts, and economic transitions occurring across 
Southeast Asia. As countries in this region continue to compete in a globalized labor market, understanding 
the drivers of productivity at the employee level becomes essential for achieving sustainable economic 
development. The fourth industrial revolution, characterized by digital technologies and smart work systems, 
has fundamentally altered workplace dynamics and expectations (Schwab, 2017). However, in many 
Southeast Asian countries, productivity growth has lagged despite rising investment in infrastructure and 
technology, pointing to deeper human-centered challenges (Asian Development Bank, 2021). 

A growing body of literature has examined individual factors such as education, health, and 
technology use in isolation. Education, long regarded as a cornerstone of human capital, enhances cognitive 
ability and workplace adaptability, thereby contributing to productivity (Hanushek & Woessmann, 2020). 
Similarly, employee well-being, often supported through health spending and work-life balance initiatives, 
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has been shown to reduce absenteeism and increase job satisfaction, ultimately enhancing performance 
(Zacher & Rudolph, 2021). At the same time, technology acceptance has emerged as a key variable in 
determining whether digital tools lead to meaningful performance outcomes, with models such as the 
Unified Theory of Acceptance and Use of Technology (UTAUT) providing a robust framework for analysis 
(Venkatesh et al., 2003). 

Despite the importance of these factors, empirical research that integrates them into a comprehensive 
model of employee productivity remains limited. Much of the existing work has treated education, health, 
and technology adoption as separate streams, with few studies combining these domains to explore their 
interactive and mediated effects on productivity. Moreover, research in the Southeast Asian context often 
lacks comparative analysis across countries, ignoring the diversity of labor markets, social policy investments, 
and technological readiness that characterizes this region (Nguyen & Nguyen, 2023). These gaps leave 
unanswered questions regarding how education and skill development, health-related support, and 
technology acceptance jointly shape productivity outcomes across national contexts. 

To address these gaps, this study aims to investigate the integrated effects of human capital (education 
and skill development opportunities), well-being factors (health spending and work-life balance support), 
and UTAUT-based technology acceptance variables (performance expectancy, effort expectancy, social 
influence, and facilitating conditions) on employee productivity. The study also examines the mediating 
roles of work engagement, job satisfaction, and technology acceptance, and applies multi-group analysis to 
compare structural relationships across Southeast Asian countries. 

This research makes several contributions. Theoretically, it extends the UTAUT model by 
incorporating human capital and well-being factors, thus presenting a more holistic framework for 
understanding productivity. It also integrates mediation and moderation mechanisms to capture indirect and 
country-specific variations. Practically, the findings offer actionable insights for employers and policymakers 
seeking to enhance employee productivity through targeted investments in education, health, and digital 
capability development. 

 
LITERATURE REVIEWS 
Employee Productivity 

Employee productivity is a multidimensional construct that reflects the efficiency and effectiveness 
with which individuals perform their job-related tasks to contribute to organizational goals. It encompasses 
not only the quantity of output produced within a given time but also the quality, accuracy, and relevance 
of that output to organizational performance (Drucker, 1999; Bakker, 2011). In contemporary workplaces, 
employee productivity is increasingly linked to cognitive performance, adaptability, emotional engagement, 
and technological competence, especially in knowledge-intensive and service-based industries (Ilmarinen, 
2019). 

Numerous studies have underscored the importance of employee productivity for national 
competitiveness, firm sustainability, and economic growth. For instance, OECD (2020) highlights that 
productivity growth at the employee level contributes substantially to aggregate labor productivity, especially 
in emerging economies where workforce quality and skills remain unevenly distributed. In Southeast Asia, 
the issue of employee productivity is particularly salient due to rapid digitalization, demographic shifts, and 
evolving employer expectations. According to the World Bank (2023), while countries such as Singapore 
and Malaysia have made significant strides in enhancing productivity, others continue to face structural 
barriers including limited human capital investment, health disparities, and unequal access to workplace 
technologies. 

The measurement of employee productivity often includes self-reported performance evaluations, 
objective task metrics, and supervisor assessments. However, productivity should not be viewed solely as 
an outcome but also as a process influenced by a range of individual, organizational, and contextual factors. 
Recent literature has identified key antecedents such as education level, health status, skill development 
opportunities, employee engagement, and technology acceptance as significant predictors of productivity 
outcomes (Hanushek & Woessmann, 2020; Zacher & Rudolph, 2021; Tarhini et al., 2016). 

In this study, employee productivity is conceptualized as the dependent variable, representing the 
outcome of interactions among human capital investments, well-being support mechanisms, and 
technological engagement. By examining how these domains jointly shape productivity through both direct 
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and indirect pathways, this research provides a more integrative perspective on what drives employee 
performance across diverse Southeast Asian contexts (See figure 1 for the full model). 

 

 
 

Figure 1. Research Framework  
 
Human Capital and Productivity 

Human capital theory serves as a foundational lens in understanding how investments in individuals 
particularly in the form of education and skills development translate into enhanced work performance and 
organizational outcomes. Becker (1993) emphasized that knowledge and skills acquired through education 
and training improve an individual’s productivity by increasing their capacity to perform tasks more 
efficiently and respond effectively to new challenges. In the context of contemporary workplaces, 
particularly in developing regions such as Southeast Asia, human capital is increasingly seen as a key 
determinant of adaptability, innovation, and sustained competitiveness. 

Education level represents a core component of human capital and is widely acknowledged as a driver 
of employee performance. Individuals with higher educational attainment are more likely to possess critical 
thinking abilities, problem-solving skills, and digital literacy, all of which are essential in today’s knowledge-
based economies. Moreover, education enhances an individual’s openness to learning, capacity for 
teamwork, and readiness to engage in complex tasks (Hanushek & Woessmann, 2020). In Southeast Asia, 
however, disparities in educational access and quality continue to shape labor market outcomes, highlighting 
the importance of understanding how educational attainment influences employee behaviors such as 
engagement. 

Alongside formal education, access to continuous skill development is vital for maintaining 
employability and performance. Skill development opportunities including training programs, workshops, 
and mentorship equip employees with up-to-date competencies while also signaling organizational support 
and commitment to employee growth. These opportunities have been found to increase intrinsic motivation, 
organizational commitment, and willingness to engage more fully in one’s work (Collings et al., 2018; Noe 
et al., 2017). In rapidly evolving technological and service environments, particularly in Southeast Asia, 
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organizations that invest in employee development are more likely to sustain high levels of workforce 
engagement and adaptability. 

Work engagement, defined as a positive, fulfilling, work-related state characterized by vigor, 
dedication, and absorption (Schaufeli et al., 2002), is one of the most important mediators through which 
human capital exerts its influence on productivity. Employees who are well-educated and have frequent 
opportunities for skill development tend to experience higher levels of engagement, which in turn enhances 
their effectiveness at work. Based on these arguments, the following hypotheses are proposed: 

 
H1: Education level has a positive effect on work engagement. 
H2: Skill development opportunities have a positive effect on work engagement. 
H15: Work engagement mediates the relationship between education level and employee productivity. 
H16: Work engagement mediates the relationship between skill development opportunities and employee 
productivity. 

 
Health and Well-being Factors and Job Satisfaction 

Employee well-being has emerged as a central focus in contemporary human resource management 
and organizational behavior research, particularly due to its strong association with performance, retention, 
and psychological health. Drawing upon the Job Demands-Resources (JD-R) theory, health-related 
resources such as medical benefits and work-life balance support are considered vital in reducing employee 
stress, improving morale, and fostering favorable work attitudes (Demerouti et al., 2001). These resources 
play a compensatory role by helping employees manage job demands more effectively, ultimately leading to 
higher job satisfaction and productivity. 

Health spending, often represented through employees’ perceived access to healthcare services, 
wellness programs, or employer-sponsored health benefits, is an important organizational investment in 
employee well-being. When employees believe their organization supports their health, they are more likely 
to feel valued, experience reduced stress and demonstrate positive workplace behaviors. Empirical research 
has shown that such investments are linked to lower absenteeism, reduced burnout, and improved job 
satisfaction, all of which are precursors to enhanced performance (Grawitch et al., 2006; Zacher & Rudolph, 
2021). In Southeast Asia, where public health infrastructure and private health benefits vary widely across 
countries, the presence or absence of such support can significantly shape employees’ psychological and 
behavioral outcomes. 

In addition to physical health considerations, psychological well-being plays a critical role in shaping 
employee satisfaction. One of the most influential organizational practices in this regard is work-life balance 
support, which refers to the extent to which organizations provide flexible schedules, family-friendly policies, 
and emotional support that enables employees to effectively manage personal and professional 
responsibilities. When employees perceive their organization as supportive of their non-work lives, they 
tend to report higher levels of job satisfaction, organizational commitment, and work engagement (Kossek 
et al., 2011). In Southeast Asian cultures, where family obligations are often strongly emphasized, 
organizational sensitivity to work-life balance can significantly enhance employee attitudes and reduce 
turnover intentions. 

Job satisfaction, defined as a positive emotional state resulting from one’s appraisal of job experiences 
(Locke, 1976), serves as a key attitudinal outcome in this framework. It not only enhances workplace morale 
but also influences behaviors such as organizational citizenship and productivity. In this study, both health 
spending and work-life balance support are posited to have direct positive effects on job satisfaction. 
Furthermore, job satisfaction is expected to mediate the relationship between these well-being factors and 
employee productivity, acting as a motivational mechanism that channels organizational support into 
individual performance gains. Based on these discussions, the following hypotheses are proposed: 

 
H3: Health spending has a positive effect on job satisfaction. 
H4: Work-life balance support has a positive effect on job satisfaction. 
H17: Job satisfaction mediates the relationship between health spending and employee productivity. 
H18: Job satisfaction mediates the relationship between work-life balance support and employee productivity. 
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UTAUT-Based Technology Acceptance and Productivity 
Technology acceptance has become an essential component of employee productivity in modern 

organizations, especially as workplaces across Southeast Asia undergo digital transformation. The Unified 
Theory of Acceptance and Use of Technology (UTAUT), developed by Venkatesh et al. (2003), provides a 
comprehensive framework for understanding how individuals come to accept and use new technologies. 
The model integrates multiple constructs from previous technology acceptance theories and identifies four 
core predictors of behavioral intention and usage: performance expectancy, effort expectancy, social 
influence, and facilitating conditions. 

Performance expectancy refers to the degree to which an employee believes that using a particular 
technology will improve their job performance. It is consistently identified as the strongest predictor of 
technology acceptance across various work settings and cultures (Venkatesh et al., 2012). In the context of 
Southeast Asian economies, where digital tools are increasingly used for communication, workflow, and 
service delivery, employees who perceive clear benefits in using these tools are more likely to adopt them 
and integrate them into their daily work routines. 

Effort expectancy captures the perceived ease of using the technology. If employees find a system 
intuitive and user-friendly, they are more likely to embrace it. Particularly in sectors with varying levels of 
digital literacy, minimizing technological complexity becomes critical to encouraging adoption. Social 
influence represents the extent to which individuals perceive that important others such as supervisors or 
peers—believe they should use the new technology. In collectivist cultures common in Southeast Asia, peer 
and managerial expectations can strongly shape behavioral intentions (Tarhini et al., 2016). Facilitating 
conditions refer to the perceived availability of organizational and technical support that enables the use of 
technology. When employees are confident that adequate infrastructure and assistance are available, they 
are more inclined to explore and adopt new systems (Venkatesh et al., 2003). 

Technology acceptance is not only an outcome of these antecedents but also a crucial enabler of 
employee productivity. Employees who accept and effectively utilize digital tools are more likely to work 
efficiently, make data-driven decisions, and collaborate seamlessly in both remote and physical workspaces. 
Furthermore, in this study, technology acceptance is expected to serve as a mediator that translates the 
influence of UTAUT factors into actual productivity improvements. By understanding how these constructs 
operate across different Southeast Asian countries, this research also offers insights into regional variations 
in digital readiness and workplace innovation. Based on this framework, the following hypotheses are 
proposed: 

 
H5: Performance expectancy has a positive effect on technology acceptance. 
H6: Effort expectancy has a positive effect on technology acceptance. 
H7: Social influence has a positive effect on technology acceptance. 
H8: Facilitating conditions have a positive effect on technology acceptance. 
H11: Technology acceptance has a positive effect on employee productivity. 
H19: Technology acceptance mediates the relationship between performance expectancy, effort expectancy, 
social influence, facilitating conditions, and employee productivity. 
 

The Roles of Work Engagement and Job Satisfaction as Motivational Mediators 
Work engagement and job satisfaction are two of the most widely studied motivational constructs in 

organizational behavior, often linked to individual performance, organizational commitment, and reduced 
turnover intentions. While both concepts are related, they reflect distinct psychological mechanisms through 
which external and internal factors influence employee productivity. Work engagement refers to a persistent, 
positive, work-related state of mind characterized by vigor, dedication, and absorption (Schaufeli et al., 2002). 
Job satisfaction, on the other hand, is defined as a positive evaluative judgment about one’s job or job 
experiences (Locke, 1976). 

The Social Exchange Theory (Blau, 1964) provides a useful framework for understanding how 
employees reciprocate organizational support such as education, health benefits, or digital infrastructure 
through attitudinal and behavioral outcomes. When employees perceive that their organization invests in 
their growth, well-being, and workplace tools, they are more likely to respond with higher levels of emotional 
engagement and satisfaction. These motivational states, in turn, become key mediators that translate 
organizational inputs into actual productivity outcomes. 
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Work engagement is often stimulated by personal development opportunities and supportive work 
environments. Engaged employees exhibit higher levels of energy, focus, and persistence, making them 
more productive in achieving work-related goals (Bakker & Demerouti, 2008). Similarly, job satisfaction 
reflects the extent to which employees feel fulfilled in their roles, which enhances their commitment and 
discretionary effort. Both constructs not only influence employee productivity directly but also interact with 
one another in meaningful ways. Previous studies have found that work engagement can enhance job 
satisfaction by reinforcing a sense of purpose and accomplishment (Shimazu & Schaufeli, 2009). 

In the context of this study, work engagement and job satisfaction are positioned as parallel and 
sequential mediators. Work engagement is hypothesized to have a direct effect on productivity and to 
influence job satisfaction, which in turn also affects productivity. This dual pathway highlights the layered 
psychological processes that underlie employee performance. Accordingly, the following hypotheses are 
proposed: 

 
H9: Work engagement has a positive effect on employee productivity. 
H10: Job satisfaction has a positive effect on employee productivity. 
H12: Work engagement positively influences job satisfaction. 
H20: Job satisfaction mediates the relationship between work engagement and employee productivity. 
 

Technology Acceptance as a Psychological Driver of Motivation 
While technology acceptance is traditionally viewed as an outcome of various beliefs and perceptions, 

recent studies have emphasized its role as a psychological enabler that shapes motivational states such as 
work engagement and job satisfaction. Employees’ willingness to embrace workplace technologies not only 
facilitates task completion but also enhances their confidence, perceived autonomy, and sense of 
competence, factors that are closely tied to intrinsic motivation. This perspective aligns with the Self-
Determination Theory (Deci & Ryan, 2000), which posits that psychological empowerment and 
technological fluency can increase both cognitive engagement and affective satisfaction. 

Technology acceptance becomes particularly influential in organizational settings where digital tools 
and systems are central to workflow and collaboration. When employees perceive that technology is easy to 
use, beneficial, and supported by the organization, they are more likely to feel empowered in their roles. 
This empowerment can generate higher levels of engagement, as employees become more immersed in and 
enthusiastic about their tasks (Saks, 2006). Moreover, a positive experience with workplace technologies 
contributes to job satisfaction by reducing frustration, streamlining communication, and improving 
perceived job performance (Tarhini et al., 2016). 

In the Southeast Asian context, where technological infrastructure and digital skill levels vary widely 
across sectors and countries, the motivational impact of technology acceptance is especially relevant. 
Organizations that promote digital readiness and support technology adoption can indirectly boost 
productivity by cultivating more engaged and satisfied employees. Therefore, in addition to its direct effect 
on productivity, technology acceptance is expected to positively influence both work engagement and job 
satisfaction, positioning it as a key driver of motivational outcomes within this research model. 

Based on this reasoning, the following hypotheses are proposed: 
 
H13: Technology acceptance positively influences work engagement. 
H14: Technology acceptance positively influences job satisfaction. 
 

Moderation Effects of Human Capital on Technology Adoption 
While the UTAUT model has been widely validated across different organizational contexts, its 

predictive strength may vary depending on individual characteristics such as education level and skill 
development exposure. In this regard, human capital factors can serve not only as direct predictors of 
employee behavior but also as moderators that shape the strength of relationships between technology-
related perceptions and technology acceptance. This approach recognizes that employees’ capacity to 
understand, evaluate, and adopt technology is not uniform and may be conditioned by their learning history 
and developmental exposure (Venkatesh et al., 2012). 

Skill development opportunities, in particular, may strengthen the link between effort expectancy and 
technology acceptance. When employees receive regular training or professional development opportunities, 
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they are likely to perceive new technologies as less burdensome and more approachable, thereby enhancing 
the ease-of-use effect. Such employees are better equipped to navigate new systems and adapt to changing 
technical requirements with confidence (Noe et al., 2017). In contrast, employees who lack sufficient 
training may experience anxiety or resistance, even if the technology is objectively simple to use. 

Similarly, education level may amplify the effect of facilitating conditions on technology acceptance. 
Well-educated employees often have stronger digital literacy and problem-solving abilities, which allow them 
to make better use of available resources such as technical support, user manuals, or IT infrastructure. This 
increased capability enables them to convert organizational support into actual behavioral intention and 
adoption. In settings where educational attainment varies significantly, such as in Southeast Asia, 
understanding these moderating roles provides valuable insight into how to tailor digital transformation 
efforts for different workforce segments. 

Therefore, this study examines how two key human capital variables, skill development opportunities 
and education level moderate the influence of UTAUT constructs on technology acceptance. The following 
hypotheses are proposed: 

 
H21: Skill development opportunities moderate the effect of effort expectancy on technology acceptance. 
H22: Education level strengthens the effect of facilitating conditions on technology acceptance. 

 
Multi-Group Analysis Across Southeast Asian Countries 

Southeast Asia is a region marked by remarkable diversity in economic development, technological 
infrastructure, education systems, and workforce policies. These differences can significantly influence how 
key constructs such as human capital, well-being support, and technology acceptance interact to shape 
employee productivity. For example, the availability and quality of healthcare benefits, access to skill 
development programs, and organizational readiness for digital transformation vary considerably between 
countries such as Singapore, Indonesia, Vietnam, and the Philippines (Asian Development Bank, 2021; 
World Bank, 2023). Consequently, a one-size-fits-all model of productivity determinants may overlook 
important cross-national variations that are critical to understanding how interventions work in different 
contexts. 

Multi-Group Analysis (MGA) within a Structural Equation Modeling (SEM) framework allows for 
the systematic comparison of structural relationships across different groups, in this case, across countries. 
By applying MGA, this study can assess whether the strength or direction of hypothesized relationships 
differs based on national context. This approach not only enhances the generalizability of findings but also 
provides valuable insights for tailoring policies and strategies to specific national conditions. For example, 
the mediating role of work engagement may be more pronounced in countries with higher levels of 
workplace autonomy, while the impact of technology acceptance may depend on the level of digital 
infrastructure and employee digital literacy. 

Understanding such variations is essential for policymakers, HR managers, and organizational leaders 
seeking to improve employee productivity in regionally diverse environments. It enables more effective 
allocation of resources and the design of context-sensitive interventions that address the unique challenges 
and opportunities in each country. Given these considerations, the following hypothesis is proposed: 

 
H23: The structural relationships among the variables differ significantly across countries in Southeast Asia. 

 
METHOD  
Research Design 

This study adopted a quantitative, cross-sectional design to examine the relationships among human 
capital factors, well-being support, technology acceptance, and employee productivity in the Southeast Asian 
context. Structural Equation Modeling (SEM) using SmartPLS 4 was employed due to its suitability for 
simultaneously estimating complex relationships involving multiple latent variables, mediators, and 
moderators. In addition to structural path analysis, this study conducted a multi-group analysis (MGA) to 
explore whether structural relationships varied significantly across countries in the region. 
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Sample and Data Collection 
The data for this research were collected through an online self-administered questionnaire 

distributed to employees working in various industries across five Southeast Asian countries: Indonesia, 
Vietnam, Thailand, Malaysia, and the Philippines. Purposive sampling was used to ensure the respondents 
represented a diversity of educational backgrounds, industries, and organizational settings. The final sample 
consisted of 480 valid responses. Participants were eligible to participate if they were full-time employees 
with at least one year of work experience and regular exposure to workplace technologies. The online survey 
was conducted over a two-month period, and participation was voluntary. 

Measurement Items 
The questionnaire was designed using established scales from prior literature, with minor 

modifications to align with the Southeast Asian work environment. All constructs were measured using a 
seven-point Likert scale ranging from 1 (strongly disagree) to 7 (strongly agree). The construct of education 
level was measured using a single-item indicator asking respondents to select their highest level of formal 
education. Skill development opportunities were assessed using items adapted from Noe et al. (2017), 
including statements such as “My organization provides opportunities for me to improve my professional 
skills.” Health spending was measured using items that reflected perceived employer support for employee 
health, such as “My employer supports my health through accessible healthcare benefits,” based on work 
by Zacher and Rudolph (2021). Work-life balance support was measured using adapted items from Kossek 
et al. (2011), such as “My organization provides sufficient flexibility to balance work and personal 
responsibilities.” 

The constructs related to technology acceptance followed the original UTAUT framework developed 
by Venkatesh et al. (2003). Performance expectancy was measured with items such as “Using digital tools 
helps me accomplish tasks more efficiently,” while effort expectancy included items such as “Learning to 
use new workplace technologies is easy for me.” Social influence was assessed with items like “People who 
influence my behavior think I should use new technologies at work,” and facilitating conditions included 
items such as “I have the resources necessary to use the technology at my job.” Technology acceptance was 
measured using items adapted from Davis (1989), including “I find the technologies used in my workplace 
useful and acceptable.” 

Work engagement was measured using the scale by Schaufeli et al. (2002), with representative items 
such as “I am enthusiastic about my job.” Job satisfaction was assessed using Spector’s (1985) Job 
Satisfaction Scale, including items like “I feel satisfied with my current job.” Finally, employee productivity 
was measured using items adapted from Bakker (2011), such as “I can complete my work tasks on time with 
high quality.” 

Common Method Bias 
To address the risk of common method variance (CMV), both procedural and statistical remedies 

were implemented. Procedurally, the survey ensured participant anonymity and confidentiality to reduce 
evaluation apprehension and social desirability bias. The questionnaire items were also randomized to reduce 
consistency artifact and common rater effects. Statistically, Harman’s single-factor test was used to detect 
CMV by loading all items into an unrotated factor solution. The results showed that the first factor 
accounted for less than 50 percent of the total variance, indicating that common method bias was not a 
major concern in the data. 

Data Analysis 
The analysis was conducted using Partial Least Squares Structural Equation Modeling (PLS-SEM) in 

SmartPLS 4. The analytical process involved assessing both the measurement model and the structural 
model. For the measurement model, internal consistency reliability was evaluated through Cronbach’s alpha 
and composite reliability, while convergent validity was assessed using average variance extracted (AVE). 
Factor loadings were also reviewed to ensure indicator reliability. For the structural model, the relationships 
among latent variables were examined using path coefficients, with bootstrapping (5,000 resamples) used to 
determine the significance of direct, indirect, and moderating effects. 

To assess the explanatory power of the model, R-squared (R²) values were computed for all 
endogenous constructs. Effect sizes (f²) were also calculated to assess the contribution of each predictor 
variable. In addition, the overall model fit was evaluated using the Goodness-of-Fit (GoF) index, which was 
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calculated as the geometric mean of the average AVE and the average R². This index provided a global 
assessment of the model’s performance, as recommended by Tenenhaus et al. (2005). Finally, Multi-Group 
Analysis (MGA) was conducted to test for statistically significant differences in path coefficients between 
countries. Country was used as a grouping variable to determine whether relationships between constructs 
differed across national contexts. 

Ethical Considerations 
This research adhered to ethical principles throughout the design and implementation phases. Ethical 

approval was obtained from the institutional review board of the lead author’s university. Prior to 
participation, respondents were informed about the purpose of the study, the voluntary nature of 
participation, and the assurance of data confidentiality. Informed consent was obtained digitally before 
beginning the survey, and no personally identifiable information was collected. Respondents had the right 
to withdraw at any stage without consequence. 
 
RESULTS AND DISCUSSION 
Descriptive Statistics 

The demographic profile presented in Table 1 reveals a balanced distribution of respondents by 
gender, with nearly equal representation of male and female participants. The age distribution shows a 
concentration in the 26–35 age group, which reflects a workforce in the early to mid-career stage. Over 70 
percent of the respondents possess at least a bachelor’s degree, indicating a relatively high level of education 
among participants. The sample includes employees from five Southeast Asian countries, with Indonesia 
and Vietnam accounting for the largest shares. Industries were well-represented, with respondents from 
manufacturing, service, and IT sectors making up the majority, followed by public sector and education. 

 
Table 1. Respondent Demographic Profile (N = 480) 

Demographic Variable Category Frequency Percentage (%) 

Gender 
Male 240 50.0 

Female 238 49.6 
Prefer not to say 2 0.4 

Age Group 

18–25 years 120 25.0 
26–35 years 190 39.6 
36–45 years 100 20.8 

Over 45 years 70 14.6 

Educational Level 

High school or below 50 10.4 
Diploma/Associate degree 88 18.3 

Bachelor’s degree 245 51.0 
Master’s/Doctoral degree 97 20.2 

Country 

Indonesia 130 27.1 
Vietnam 110 22.9 
Thailand 85 17.7 
Malaysia 80 16.7 

Philippines 75 15.6 

Industry 

Manufacturing 140 29.2 
Services (e.g., hospitality) 120 25.0 

Education 70 14.6 
IT/Telecommunications 80 16.7 

Public Sector 70 14.6 
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Table 2 presents the descriptive statistics of the key constructs in the study. Most variables reported 
mean scores above the midpoint of 4.00, suggesting generally positive perceptions among respondents. For 
instance, technology acceptance (M = 5.42, SD = 1.06), work engagement (M = 5.35, SD = 1.00), and 
employee productivity (M = 5.44, SD = 0.97) recorded some of the highest means, reflecting strong 
engagement and perceived effectiveness in digital environments. The relatively low standard deviations 
across variables suggest a moderate level of agreement among respondents. The results also indicate that 
the respondents perceive their organizations to be supportive in terms of training, work-life balance, and 
digital infrastructure, which aligns with the theoretical expectations of the study. 

 
Table 2. Descriptive Statistics for Study Variables (N = 480) 

Construct Mean Standard Deviation (SD) Minimum Maximum 
Education Level (EDU) 3.81 0.92 1.00 5.00 

Skill Development (SDO) 5.23 1.14 1.00 7.00 
Health Spending (HS) 4.87 1.21 1.00 7.00 

Work-Life Balance (WLBS) 5.02 1.18 1.00 7.00 
Performance Expectancy (PE) 5.36 1.09 2.00 7.00 

Effort Expectancy (EE) 5.10 1.17 1.00 7.00 
Social Influence (SI) 4.92 1.23 1.00 7.00 

Facilitating Conditions (FC) 5.18 1.10 2.00 7.00 
Technology Acceptance (TA) 5.42 1.06 2.00 7.00 

Work Engagement (WE) 5.35 1.00 2.00 7.00 
Job Satisfaction (JS) 5.19 1.14 1.00 7.00 

Employee Productivity (EP) 5.44 0.97 2.00 7.00 
 
Measurement Model 

As shown in Table 3, all factor loadings exceeded the recommended threshold of 0.70, indicating 
strong indicator reliability. Cronbach’s alpha values ranged from 0.84 to 0.89, demonstrating high internal 
consistency. Composite Reliability (CR) values ranged from 0.88 to 0.92, confirming the overall reliability 
of each construct. The Average Variance Extracted (AVE) values were all above 0.50, which confirms the 
convergent validity of the constructs. These results collectively support the adequacy of the measurement 
model for further structural analysis. 

 
Table 3. Measurement Model Result 

Construct Item Code Loading Cronbach’s Alpha CR AVE 

Skill Development (SDO) 

SDO1 0.81 

0.86 0.90 0.64 SDO2 0.78 
SDO3 0.84 
SDO4 0.76 

Health Spending (HS) 
HS1 0.83 

0.85 0.89 0.68 HS2 0.86 
HS3 0.79 

Work-Life Balance (WLBS) 
WLBS1 0.82 

0.84 0.89 0.67 WLBS2 0.83 
WLBS3 0.80 

Performance Expectancy (PE) 
PE1 0.84 

0.88 0.91 0.72 PE2 0.85 
PE3 0.88 

Effort Expectancy (EE) 
EE1 0.81 

0.85 0.89 0.68 EE2 0.83 
EE3 0.82 
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Social Influence (SI) 
SI1 0.79 

0.84 0.88 0.65 SI2 0.81 
SI3 0.84 

Facilitating Conditions (FC) 
FC1 0.85 

0.86 0.90 0.69 FC2 0.81 
FC3 0.83 

Technology Acceptance (TA) 
TA1 0.84 

0.87 0.91 0.72 TA2 0.88 
TA3 0.82 

Work Engagement (WE) 
WE1 0.85 

0.89 0.92 0.75 WE2 0.87 
WE3 0.88 

Job Satisfaction (JS) 
JS1 0.83 

0.86 0.90 0.70 JS2 0.84 
JS3 0.86 

Employee Productivity (EP) 
EP1 0.82 

0.85 0.89 0.67 EP2 0.81 
EP3 0.85 

 
Table 4 presents the HTMT values among the latent constructs. All values are below the conservative 

threshold of 0.85, suggesting that each construct is empirically distinct from the others. These results 
confirm that the model satisfies the criterion for discriminant validity, supporting the appropriateness of 
the constructs for further structural analysis. 

 
Table 4. HTMT 

Construct SDO HS WLBS PE EE SI FC TA WE JS EP 
SDO – 

          

HS 0.53 – 
         

WLBS 0.49 0.62 – 
        

PE 0.45 0.41 0.48 – 
       

EE 0.48 0.39 0.46 0.70 – 
      

SI 0.50 0.44 0.43 0.68 0.66 – 
     

FC 0.52 0.45 0.50 0.66 0.64 0.68 – 
    

TA 0.55 0.46 0.49 0.71 0.69 0.68 0.72 – 
   

WE 0.62 0.52 0.55 0.60 0.58 0.57 0.56 0.63 – 
  

JS 0.60 0.66 0.70 0.57 0.55 0.53 0.54 0.59 0.68 – 
 

EP 0.58 0.51 0.50 0.63 0.60 0.58 0.57 0.65 0.66 0.67 – 
 

Structural Model 
 As shown in Table 5, the model demonstrates strong explanatory power, with R² values of 0.59 for 

technology acceptance, 0.55 for work engagement, 0.61 for job satisfaction, and 0.64 for employee 
productivity. These values exceed the recommended threshold of 0.26 for substantial explanatory strength 
(Hair et al., 2019). The effect size (f²) values indicate that several predictors, particularly performance 
expectancy, work-life balance support, and work engagement, have medium to large effects on their 
respective endogenous variables. 

 
Table 5. Structural Model Evaluation 

Endogenous Variable R² f² – Selected Predictors Model Fit 
TA 0.59 PE (0.21), EE (0.16), SI (0.12), FC (0.18) 

0.64 WE 0.55 EDU (0.15), SDO (0.20), TA (0.14) 
JS 0.61 HS (0.19), WLBS (0.22), WE (0.13), TA (0.12) 
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EP 0.64 WE (0.24), JS (0.18), TA (0.21) 
 

The Goodness-of-Fit (GoF) index was computed using the geometric mean of the average AVE 
(≈0.68) and the average R² (≈0.60), resulting in a GoF of approximately 0.64, which exceeds the 
recommended cutoff of 0.36 for a large model fit (Tenenhaus et al., 2005). This indicates that the structural 
model has a high overall fit and predictive relevance. 
 

Table 5. Hypothesis Testing 
Hypothesis Path β t-value p-value Decision 

H1 EL → WE 0.24 4.21 <0.001 Supported 
H2 SD → WE 0.31 5.02 <0.001 Supported 
H3 HS → JS 0.28 4.56 <0.001 Supported 
H4 WLB → JS 0.35 5.44 <0.001 Supported 
H5 PE → TA 0.33 6.01 <0.001 Supported 
H6 EE → TA 0.27 5.14 <0.001 Supported 
H7 SI → TA 0.21 4.11 <0.001 Supported 
H8 FC → TA 0.29 4.89 <0.001 Supported 
H9 WE → EP 0.35 6.48 <0.001 Supported 
H10 JS → EP 0.29 5.07 <0.001 Supported 
H11 TA → EP 0.26 4.76 <0.001 Supported 
H12 WE → JS 0.38 6.73 <0.001 Supported 
H13 TA → WE 0.28 4.39 <0.001 Supported 
H14 TA → JS 0.25 4.12 <0.001 Supported 
H15 EDU → WE → EP 0.08 3.29 0.001 Supported 
H16 SDO → WE → EP  0.11 3.97 <0.001 Supported 
H17 HS → JS → EP  0.09 3.41 0.001 Supported 
H18 WLBS → JS → EP  0.12 3.88 <0.001 Supported 
H19 UTAUT → TA → EP  0.10 3.51 <0.001 Supported 
H20 WE → JS → EP  0.10 3.76 <0.001 Supported 
H21 SDO × EE → TA  0.06 1.79 0.074 Not Supported 
H22 EDU × FC → TA  0.08 2.01 0.045 Supported 

 
The structural model results provide strong empirical support for the proposed hypotheses, 

indicating robust relationships among human capital, well-being, technology acceptance, and employee 
productivity. Both education level (β = 0.24, p < 0.001) and skill development opportunities (β = 0.31, p < 
0.001) were found to significantly influence work engagement. These findings suggest that employees with 
higher educational attainment and greater access to developmental resources tend to exhibit stronger 
psychological involvement in their work. This supports the assumptions of human capital theory and aligns 
with previous findings by Hanushek and Woessmann (2020), who emphasized the role of education in 
shaping not only cognitive ability but also motivational commitment. Similarly, Collings et al. (2018) 
highlighted that access to learning opportunities fosters engagement and enhances individual contributions 
in dynamic work settings. 

Health-related variables also played a key role in shaping employee attitudes. Health spending (β = 
0.28, p < 0.001) and work-life balance support (β = 0.35, p < 0.001) were both positively associated with 
job satisfaction, underscoring the importance of well-being resources in promoting favorable work attitudes. 
These findings reinforce the Job Demands-Resources (JD-R) model, which posits that organizational 
support functions as a resource that mitigates stress and enhances satisfaction (Demerouti et al., 2001). The 
results also align with prior research by Zacher and Rudolph (2021), who demonstrated that employees are 
more satisfied when they perceive strong organizational commitment to their health. Moreover, the strong 
effect of work-life balance echoes Kossek et al. (2011), who found that flexibility and work-family 
integration are key predictors of job satisfaction in culturally diverse workforces. 
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The UTAUT constructs also demonstrated strong predictive power for technology acceptance. 
Performance expectancy (β = 0.33), effort expectancy (β = 0.27), social influence (β = 0.21), and facilitating 
conditions (β = 0.29), all with p-values below 0.001, were found to significantly influence employees’ 
acceptance of workplace technologies. These findings validate the UTAUT model (Venkatesh et al., 2003) 
within the Southeast Asian context, where digital transformation is rapidly advancing but remains unevenly 
distributed. Among these constructs, performance expectancy had the strongest impact, indicating that 
perceived usefulness is the most critical determinant of technology acceptance in the region. These results 
are consistent with Tarhini et al. (2016), who confirmed UTAUT’s applicability in non-Western contexts 
and emphasized the importance of perceived performance gains in driving adoption. 

Technology acceptance, work engagement, and job satisfaction were also found to directly enhance 
employee productivity, with path coefficients of β = 0.26, β = 0.35, and β = 0.29 respectively (all p < 0.001). 
This highlights the importance of both motivational and technological factors in determining performance 
outcomes. Among these, work engagement exerted the strongest influence, reinforcing its role as a central 
driver of productivity. This finding resonates with the work of Bakker and Demerouti (2008), who identified 
engaged employees as more energetic, focused, and productive. Likewise, Judge et al. (2001) found that job 
satisfaction significantly contributes to higher performance, while Davis (1989) and subsequent UTAUT 
research confirmed that acceptance of technology positively affects work quality and efficiency. 

The results also revealed meaningful psychological linkages among motivational constructs. Work 
engagement positively influenced job satisfaction (β = 0.38, p < 0.001), while technology acceptance 
significantly predicted both work engagement (β = 0.28, p < 0.001) and job satisfaction (β = 0.25, p < 
0.001). These findings suggest a layered motivational process wherein engaged and tech-empowered 
employees derive more satisfaction from their roles. This supports Self-Determination Theory (Deci & Ryan, 
2000), which posits that psychological needs for competence and autonomy drive engagement and well-
being. The linkage between engagement and satisfaction is also consistent with Shimazu and Schaufeli (2009), 
who demonstrated that engaged employees are more likely to experience job-related fulfillment. 

All six mediation paths tested in this study were supported. Specifically, education and skill 
development influenced productivity indirectly through work engagement (H15, H16), health spending and 
work-life balance influenced productivity through job satisfaction (H17, H18), and UTAUT constructs 
influenced productivity through technology acceptance (H19). Additionally, work engagement influenced 
productivity through job satisfaction (H20), revealing a sequential mediation effect. These findings affirm 
the theoretical view that organizational resources must first impact psychological states to generate 
behavioral outcomes. The mediating roles of engagement and satisfaction reflect mechanisms of 
internalization and affective response, in line with Social Exchange Theory (Blau, 1964), where supportive 
environments elicit reciprocal performance behaviors. These mediation effects are echoed by studies such 
as Collings et al. (2018) and Bakker et al. (2020), which emphasize the importance of indirect pathways in 
explaining employee behavior. 

Regarding moderation, only one of the two hypotheses was supported. Education level significantly 
moderated the relationship between facilitating conditions and technology acceptance (β = 0.08, p = 0.045), 
indicating that employees with higher education were better able to leverage organizational support systems. 
However, the moderation of skill development on the effort expectancy–technology acceptance path was 
not statistically significant (β = 0.06, p = 0.074). This may suggest that training programs alone are 
insufficient to alter perceived ease of use unless paired with user-friendly system design or prior digital 
familiarity. This nuanced finding partially aligns with Noe et al. (2017), who stressed the contextual 
importance of aligning skill development with real technology use cases. 

 
Table 7. Multi Group Analysis 

Path Ind. Viet. Thai. Malay. Philip. Diff. p-value Result 
EDU → WE 0.28 0.18 0.22 0.26 0.20 0.10 0.041 Yes 
SDO → WE 0.35 0.27 0.31 0.28 0.32 0.08 0.087 No 

HS → JS 0.32 0.26 0.30 0.27 0.29 0.06 0.105 No 
WLBS → JS 0.39 0.36 0.34 0.30 0.28 0.11 0.049 Yes 
PE → TA 0.36 0.30 0.32 0.29 0.27 0.09 0.063 No 
EE → TA 0.30 0.26 0.28 0.24 0.23 0.07 0.082 No 
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SI → TA 0.24 0.19 0.22 0.18 0.20 0.06 0.120 No 
FC → TA 0.33 0.30 0.29 0.28 0.27 0.06 0.095 No 
TA → WE 0.29 0.26 0.25 0.23 0.24 0.06 0.118 No 
TA → JS 0.28 0.24 0.23 0.20 0.22 0.08 0.094 No 
WE → JS 0.40 0.36 0.33 0.32 0.30 0.10 0.050 Yes 
WE → EP 0.38 0.31 0.35 0.33 0.32 0.07 0.072 No 
JS → EP 0.30 0.27 0.26 0.25 0.28 0.05 0.109 No 
TA → EP 0.28 0.25 0.22 0.24 0.23 0.06 0.084 No 

 
Finally, the results of the multi-group analysis (H23) revealed significant structural differences across 

countries. Paths such as education level to work engagement and work-life balance to job satisfaction 
differed significantly in strength between Indonesia, Vietnam, Thailand, Malaysia, and the Philippines. These 
variations highlight the importance of contextualizing HR practices and digital strategies to local norms and 
infrastructure. Such differences mirror findings by Nguyen and Nguyen (2023), who emphasized that socio-
institutional conditions and workforce maturity shape the effectiveness of HR interventions in ASEAN 
countries. 

Overall, the model demonstrated strong explanatory power and consistent theoretical support. The 
integration of human capital, well-being, and technology acceptance into a unified framework provides 
valuable insights into what drives employee productivity in a region undergoing rapid economic and digital 
transformation. 

 
Implications 

This study offers valuable implications for both theory and practice by integrating human capital, 
well-being, and technology acceptance into a comprehensive framework of employee productivity. The 
findings not only advance theoretical understanding but also provide real-world guidance for improving 
workforce performance across Southeast Asian countries. 

From a theoretical perspective, this study contributes to the literature in several important ways. First, 
it extends the Unified Theory of Acceptance and Use of Technology (UTAUT) by positioning technology 
acceptance not only as a behavioral outcome but also as a psychological driver that influences engagement, 
satisfaction, and ultimately productivity. This reframing adds motivational depth to a traditionally rational 
model of technology use. Second, the study demonstrates the integrative value of combining UTAUT, 
Human Capital Theory, and the Job Demands-Resources (JD-R) model within a single framework. By 
modeling both direct and mediated pathways, the study confirms that human capital and well-being 
resources exert their impact through motivational constructs such as work engagement and job satisfaction. 
Third, the application of multi-group analysis (MGA) offers a nuanced contribution to cross-cultural HRM 
literature, showing that productivity drivers are not uniform across Southeast Asia and must be analyzed in 
relation to local context. Finally, the study empirically supports sequential mediation effects and moderation, 
offering a more granular understanding of how and when these variables operate together. 

From a practical perspective, the findings provide concrete guidance for organizations and 
policymakers seeking to enhance workforce productivity in real-world settings. First, the strong influence 
of skill development opportunities and education on work engagement highlights the need for continuous 
learning ecosystems within companies. HR departments should go beyond compliance training and offer 
structured, personalized learning paths that align with employee aspirations and job requirements. In 
countries where access to formal education is uneven, companies could partner with local universities or 
online education platforms to upskill employees affordably and flexibly. 

Second, the significant effect of health spending and work-life balance on job satisfaction calls for 
investment in employee well-being programs. Organizations should consider implementing workplace 
health insurance schemes, mental health support, flexible working hours, and family care initiatives. In 
practical terms, offering hybrid work models, stress management workshops, or subsidized medical 
checkups could be low-cost, high-impact interventions especially in industries where burnout and 
absenteeism are prevalent. 

Third, the validated impact of technology acceptance on both motivation and productivity suggests 
that digital transformation should not only be an IT-driven initiative but a people-centered change process. 



  

295 
 

Managers should ensure that new tools are introduced with adequate support, intuitive interfaces, and visible 
links to performance improvement. In emerging markets, digital literacy programs may be necessary to 
boost comfort with technology before deployment. For example, firms rolling out cloud-based HR systems 
or collaborative platforms should provide onboarding sessions, peer support forums, and help desks to 
reduce resistance and increase uptake. 

Moreover, the differences revealed through multi-group analysis underscore the importance of 
tailoring HR strategies to national or cultural contexts. For instance, in Indonesia and Vietnam, education 
had a stronger impact on work engagement, suggesting that recruiting graduates from top institutions and 
supporting their career development could yield high returns. In contrast, in countries where work-life 
balance showed stronger effects, such as the Philippines, policies focusing on flexibility and family support 
may be more effective in enhancing productivity. 

Finally, the fact that engagement and satisfaction serve as core mediators implies that productivity 
gains cannot be achieved by infrastructure alone. Organizations must invest in the employee experience 
including meaningful work, recognition, empowerment, and inclusion—if they want to fully realize the 
benefits of technology and development programs. Without attention to these psychological states, even 
well-intentioned HR policies may fail to translate into tangible performance outcomes. 

In sum, this study provides actionable strategies for enhancing employee productivity through a 
thoughtful combination of training, well-being, digital readiness, and engagement practices. By grounding 
these recommendations in empirical evidence and adapting them to local realities, organizations across 
Southeast Asia can build more resilient, motivated, and high-performing workforces. 

 
CONCLUSION 

This study examined how human capital factors, well-being support, and technology acceptance 
influence employee productivity across Southeast Asian countries. The results confirmed that education 
level, skill development opportunities, health spending, and work-life balance significantly enhance work 
engagement and job satisfaction, which in turn drive higher productivity. Technology acceptance was also 
found to be a crucial enabler, both directly and indirectly influencing performance outcomes. The findings 
underscore the value of integrating structural resources with psychological mechanisms, offering practical 
insights for workforce development and digital transformation. Multi-group analysis further revealed cross-
country differences, emphasizing the importance of localized strategies in diverse organizational contexts. 

Despite its contributions, the study has several limitations. First, the cross-sectional design restricts 
causal inference, and future research could adopt longitudinal approaches to examine changes over time. 
Second, data were self-reported, which may introduce bias due to common method variance, although 
statistical controls were applied. Third, while the study focused on five countries, the findings may not be 
generalizable to all sectors or regions within Southeast Asia. Lastly, cultural and organizational variables 
such as leadership style, national values, or firm size were not considered and could be incorporated in 
future research to deepen contextual understanding and enhance theoretical robustness.  
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