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Abstract 

This study investigates the factors that affect project managers' intentions to use artificial intelligence (AI) technology in Malaysia's 

Electronics Manufacturing Services (EMS) sector. The study, which is based on the Technology Acceptance Model (TAM), looks at how 

project managers' attitudes on the adoption of AI are influenced by perceived usefulness and awareness. A structured survey was used to 

gather data from 291 project managers using a non-probability critical case sampling technique. Partial Least Squares Structural Equation 

Modeling (PLS-SEM) was used to examine the data. The results support the central tenet of TAM by confirming Perceived Usefulness as a 

strong, positive driver of a favorable adoption attitude. The findings, however, show that broad awareness of AI does not statistically affect 

attitude, indicating that adoption decisions in a technologically advanced industry like EMS are motivated more by a strategic evaluation of 

practical utility than by fundamental knowledge. By prioritizing role-specific benefits and measurable project outcomes over general 

awareness efforts, the study adds to the body of knowledge on technology adoption in high-stakes manufacturing environments and offers 

useful insights for firms looking to speed AI integration. 
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1.    Introduction  
Perceived usefulness, defined as the degree to which an individual believes that using a particular system will enhance job performance, is a 

central construct in the Technology Acceptance Model (TAM) and a key determinant of AI adoption in manufacturing environments (Davis, 

1989). In the manufacturing industry, particularly within Electronics Manufacturing Services (EMS), AI technologies such as predictive 

maintenance, machine learning-based quality inspection, and intelligent automation are perceived as useful due to their ability to improve 

operational efficiency, reduce downtime, enhance product quality, and lower production costs (Ghobakhloo & Fathi, 2019; Kamble et al., 

2020). The integration of AI with enabling technologies such as the Internet of Things (IoT), big data analytics, and cloud computing further 

strengthens perceived usefulness by enabling real-time monitoring, data-driven decision-making, and enhanced supply chain visibility, which 

are critical in complex and fast-paced manufacturing environments (Zhou et al., 2020). 

From a project management perspective, AI-based digital management systems are perceived as useful because they support improved 

planning accuracy, resource optimisation, and timely decision-making. AI-enabled project management tools automate routine tasks and 

provide predictive insights, allowing project managers to respond more effectively to changing project requirements and tight production 

schedules (Marr, 2021; Marnewick & Marnewick, 2022). As digital transformation investment in the manufacturing sector continues to grow, 

project managers increasingly recognise AI technologies as essential for sustaining competitiveness, innovation, and operational resilience 

(Kamble et al., 2020). However, concerns related to system reliability, training requirements, and disruption to established workflows may 

influence perceived usefulness, highlighting the importance of organisational support and effective change management in encouraging AI 

adoption (Bain & Company, 2022). 

Malaysia’s Electronics Manufacturing Services (EMS) sector is a major contributor to national GDP, exports, and employment, and remains 

a key driver of economic growth as the country restructures its economy towards high-value and high-growth industries. To ensure long-term 

competitiveness and business sustainability, EMS organisations are increasingly adopting project-based approaches to manage change and 

achieve strategic objectives. Government policies under the 12th Malaysia Plan (12MP) have strengthened confidence among large firms in 

Malaysia’s technological capabilities and aim to move the EMS industry up the value chain towards higher-value upstream activities (Ikram 

& Nyen Yiau, 2023). Despite these efforts, project management practices in the EMS sector remain largely manual, relying heavily on 

paperwork, email, and limited digital coordination, which hinders effective digitalisation and information flow. Although artificial 

intelligence (AI) is identified as a core pillar of the Fourth Industrial Revolution and a key enabler of Malaysia’s ambition to become a high-

tech nation by 2030, AI adoption among organisations remains limited, with most allocating less than 5% of their budgets to AI-related 

initiatives as shown in Figure 1 (Ministry of Science, Technology and Innovation [MOSTI], 2021). 

 

 
Figure 1. Digital Transformation In Manufacturing Market Size 

This study investigates the intention of project managers in Malaysia’s Electronics Manufacturing Services (EMS) sector to adopt artificial 

intelligence (AI) technologies by examining key determinants such as perceived usefulness, perceived ease of use, awareness, perceived risk, 

trust, and the perceived benefits and concerns associated with AI adoption. Grounded in established technology adoption theories, particularly 

the Technology Acceptance Model (TAM), the study seeks to explain how these factors influence adoption intentions among project managers 

(Davis, 1989; Venkatesh et al., 2003). Primary data will be collected through structured survey questionnaires distributed to approximately 

300 project managers employed in EMS organisations across Peninsular Malaysia. 
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2.    Literature Review 

This literature review examines the Technology Acceptance Model (TAM) as the theoretical foundation for understanding AI adoption among 

project managers, highlighting Behavioural Intention (BI) as the primary predictor of actual technology use (Davis, 1989). The model posits 

that Perceived Usefulness (PU) is a critical independent variable that directly and indirectly influence adoption through the mediating role of 

user attitudes (Algerafi et al., 2023; Thanomsing & Sharma, 2022). While traditional TAM focuses on utility and effort, contemporary 

research extends this framework by incorporating mediators such as trust, risk perception, and social norms, which are particularly salient in 

the context of automation and artificial intelligence (Katebi et al., 2022; Venkatesh et al., 2003). By integrating these core constructs with 

context-specific variables like organizational readiness, this study establishes a conceptual framework to identify the drivers and barriers to 

AI integration within project management practices. 

2.1 Technology Acceptance Model (TAM) 

Since its inception in the late 1980s, the Technology Acceptance Model (TAM) has become one of the most reliable and adaptable frameworks 

for predicting user adoption of contemporary technologies (Davis, 1989; Al-Qaysi et al., 2023). The model posits that Behavioural Intention 

(BI), the primary driver of actual technology usage, is "jointly determined" by an individual’s attitude, which is shaped by two core cognitive 

assessments: Perceived Usefulness (PU) and Perceived Ease of Use (PEOU) (Schultz & Slevin, 1975; Thanomsing & Sharma, 2022). While 

PU measures the extent to which a user believes a tool enhances job performance, PEOU evaluates the perceived simplicity of mastering and 

operating the technology (Santini et al., 2019). Although the original model focused strictly on these predictors, modern scholarship advocates 

for augmenting TAM with individual or technical specifications—such as psychological judgments or decision-maker subjectivity—to better 

reflect complex adoption processes (Algerafi et al., 2023; Cai et al., 2022; Katebi et al., 2022). Consequently, this research utilizes TAM as 

a foundational architecture, further enhanced by supplemental variables to address the specificities of the current technological landscape. 

2.2 Perceive Usefulness 

Perceived usefulness refers to an individual’s belief that using a technology will enhance task performance and remains a central construct 

in technology adoption research. Originally proposed by Davis (1989), this concept continues to be validated in contemporary studies 

examining user acceptance of emerging technologies such as artificial intelligence, the Internet of Things, and blockchain (Dwivedi et al., 

2023; Venkatesh et al., 2021). Perceived Usefulness (PU), defined as the user’s belief that a system will enhance job performance, remains a 

foundational construct in the Technology Acceptance Model for predicting technology adoption (Davis, 1989). While traditionally measured 

by its impact on productivity and effectiveness, PU has become particularly significant in the context of AI-driven project management tools 

(Rahman et al., 2022). Research indicates that AI applications—including machine learning and predictive analytics—significantly improve 

project outcomes by streamlining data processing, enhancing resource allocation, and providing accurate forecasting (Algerafi et al., 2023). 

When project managers recognize these tangible benefits, such as improved decision-making and heightened Key Performance Indicators 

(KPIs), their intention to integrate AI into their professional workflows increases (Moses et al., 2013; Thanomsing & Sharma, 2022). 

Consequently, emphasizing the utility of AI through evidence-based results and training is essential for fostering broader acceptance within 

complex project environments. 

2.3 Awareness 

Awareness serves as the primary stage in the innovation decision-making process, representing the extent to which potential users understand 

a technology's existence, features, and benefits (Rogers, 2003). While models like TAM prioritize perceptions of utility and ease of use, 

awareness acts as a critical prerequisite; users cannot form attitudes toward a technology’s usefulness without initial knowledge of its 

capabilities (Venkatesh et al., 2021). In complex fields such as AI and the Internet of Things (IoT), inadequate awareness often creates a 

"knowledge divide" that hinders the adoption of even the most sophisticated solutions (Dwivedi et al., 2023). In project management, 

particularly within the electronics manufacturing services (EMS) sector, a lack of understanding regarding AI’s specific applications and 

implications remains a significant barrier to acceptance (Abaddi, 2024; Basit et al., 2024). Ultimately, higher levels of awareness—facilitated 

through strategic communication, training, and knowledge sharing—enable users to accurately evaluate risks and benefits, thereby driving 

higher adoption rates and informed decision-making (Neves et al., 2022; Rahman et al., 2022). 

Awareness in the context of AI represents a user’s level of familiarity with the technology and its specific applications. Literature suggests 

that a primary barrier to AI implementation is a lack of understanding regarding its tangible benefits, often stemming from insufficient 

exposure or a general aversion to change (Abaddi, 2024). To transition from awareness to adoption, organizations must implement multimodal 

strategies that bridge the "knowledge gap." These strategies include comprehensive training programs to reduce complexity, addressing 

ethical and cost concerns to build trust, and showcasing success stories to provide practical evidence of improved project outcomes (Rahman 

et al., 2022). Furthermore, external facilitators such as leadership support and trial opportunities are essential for reducing perceived risk and 

increasing user confidence. Because an informed user is better equipped to evaluate the relevance of AI to their professional goals, awareness 

serves as a critical prerequisite for shaping a favorable evaluative judgment. 

2.4 Perceive Usefulness influenced Attitude 

Attitude toward technology adoption represents an individual’s evaluative judgment, comprising both cognitive and affective components 

that dictate how one approaches innovation (Al Teneiji et al., 2024). Grounded in the Theory of Reasoned Action (TRA) and the Technology 

Acceptance Model (TAM), attitude serves as a pivotal psychological state where perceptions of utility and ease of use are transformed into 

behavioral intentions (Venkatesh et al., 2003). In project management, a positive attitude among leaders and teams fosters a collaborative 

environment essential for overcoming technical setbacks and ensuring project success. Empirical evidence suggests that while attitude is 

shaped by external factors such as management support, training, and communication, it also functions as a critical mediator; for instance, in 

the banking sector, the transition from recognizing AI’s usefulness to actually intending to use it is heavily dependent on the user’s internal 

attitude (Kelley, 2022; Rahman et al., 2022). To capture these nuanced perceptions, researchers typically utilize Likert scales to quantify the 

degree of agreement regarding feelings and beliefs toward specific technological tools (Höhne et al., 2021). 

 

Perceived Usefulness (PU) is defined as the extent to which an individual believes that employing a specific system will enhance their job 

performance and efficiency (Algerafi et al., 2023). Within the context of project management, PU represents a project manager’s recognition 

of the tangible benefits offered by AI-based solutions, such as automated routine tasks, real-time insights, and optimized resource allocation 

(Katebi et al., 2022). This construct is multifaceted, encompassing not only immediate productivity gains but also long-term professional 

growth and organizational success (Fearnley & Amora, 2020). Research indicates that when users perceive a clear alignment between a 

technology’s capabilities and their personal or professional goals, they develop a more favorable attitude toward its integration. This 

perception is often bolstered by external factors, including organizational support, peer influence, and hands-on demonstrations that highlight 

practical applications. Ultimately, because a strong understanding of AI’s utility is essential for fostering a positive evaluative judgment, this 

study posits that PU is a critical antecedent to adoption attitudes. 
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3.   Methodology 

The study's methodological approach is described in this chapter. It starts with a discussion of the paradigm, philosophy, and approach of the 

research, then moves on to research design, sampling design, sample size, population, instrument development, and measurement model. 

The research onion (Saunders, Lewis, & Thornhill, 2019) served as the model for the methodology used in this study. Six layers or stages 

comprise the research onion, each representing a distinct step in the research process. Starting with the fundamental research philosophy and 

working outward to the research approach to theory development, research methodology, research strategy, time horizon, and the actual 

application of data collection and analysis, these layers are built upon one another.In research methodology, the population serves as the total 

set of items selected to support research objectives and address specific study questions (Becker, 1998). For the purposes of this investigation, 

the broad population is defined as all project managers operating within Malaysia's electronics manufacturing services (EMS) industry. To 

ensure the validity of causal inferences and the generalizability of findings, researchers must further refine this into a target population—a 

specific subset sharing characteristics pertinent to the research goals (Etikan & Bala, 2021; Taherdoost, 2023). In this study, the target 

population is precisely defined as project managers in the EMS sector who have not yet adopted AI technology but are seeking methods to 

enhance productivity and competitiveness (Alvi, 2021). Clearly delineating these characteristics is essential for improving both the internal 

and external validity of the study (Saunders et al., 2023; Bhattacherjee, 2022). 

This research utilizes a non-probability sampling design, specifically the critical case purposive sampling method, as the absence of a 

comprehensive sampling frame precludes the use of probability techniques (Heckathorn, 1997). This approach is increasingly common in 

contemporary research involving online surveys and is deemed appropriate for studies where statistical inference to the entire population is 

not the primary goal (Schillewaert et al., 1998; Saunders et al., 2019). Critical case sampling is particularly relevant here because it focuses 

on a specific group—project managers in the EMS industry—whose specialized knowledge of AI technology applications makes them 

essential "information-rich" cases (Patton, 2015). To maintain the integrity of the sample and ensure data quality, the study applies rigorous 

inclusion and exclusion criteria through preliminary screening questions within the survey instrument, ensuring that only qualified 

respondents who meet the study's research objectives are included (Zimmerman et al., 2020). 

The sample size (N) for this study was determined using the Krejcie and Morgan (1970) sampling table, a standardized method for finite 

populations frequently employed in social science research (Vehovar et al., 2016; Taherdoost, 2022). Based on a 95% confidence level and 

a 5% margin of error, this framework ensures statistical rigor while accounting for potential Type I and Type II errors (Bartlett et al., 2021; 

Saunders et al., 2023). Industry data from the Malaysian Investment Development Authority (MIDA) and the Department of Statistics 

Malaysia (2023) estimate the total population of project managers in the Electronics Manufacturing Services (EMS) sector to be 

approximately 5,000 professionals. This sector is a critical pillar of Malaysia's industrial economy, particularly in regions like Penang and 

Selangor (MITI, 2023). According to the Krejcie and Morgan parameters, a population of 5,000 requires a minimum sample of 357 

respondents. To account for potential non-responses and to support robust multivariate analysis, this study aims to collect data from a sample 

exceeding this minimum threshold.To ensure that respondents possess the requisite professional expertise and to maintain sample uniformity, 

this study employs a rigorous screening mechanism based on defined inclusion and exclusion criteria (Taherdoost, 2023; Alvi, 2021). 

Methodological coherence is maintained by utilizing four validated screening questions adapted from Rahman et al. (2023), specifically 

targeting project managers within the Electronics Manufacturing Services (EMS) industry. The criteria require participants to be currently 

employed in a project management role and to have at least one year of practical experience, ensuring they are familiar with the day-to-day 

complexities of project management tools (Saunders et al., 2023). This screening process functions as a gatekeeper; only those who satisfy 

the professional and sector-specific requirements are permitted to proceed to the core sections of the survey (Etikan & Bala, 2021). By 

excluding unqualified individuals, the study enhances the integrity of its data and ensures that the findings accurately reflect the perspectives 

of the intended professional demographic.The unit of analysis for this study is the individual, specifically focusing on the decision-making 

processes and perceptions of project managers (Saunders et al., 2019). While research can be conducted at various levels—such as groups or 

organizations—selecting the individual level allows for a precise examination of the cognitive and emotive factors that influence the intention 

to adopt AI applications. By collecting data directly from practitioners within the Malaysian Electronics Manufacturing Services (EMS) 

sector, the study can capture granular insights into how personal attitudes, awareness, and perceived utility shape professional behavior. This 

focus is essential for generating meaningful findings regarding individual technology acceptance and for understanding the specific drivers 

behind the integration of AI into daily project management workflows. 

This research explained the study's philosophy, approach, technique, goal, plan, and time frame. The selection of project managers for the 

study's samples and the application of critical case purpose sampling techniques are justified. The method used to collect the data is an online 

questionnaire survey. The tools for data analysis, measurements, and structural model tests will be covered in detail in the last section. 

4.   Analysis 

To ensure the raw survey data met rigorous analytical standards, a systematic preparation process was conducted using IBM SPSS Statistics 

30 for preliminary processing and SmartPLS 4 for structural equation modeling (IBM Corp., 2021; Ringle et al., 2022). Following established 

methodological guidelines, the dataset underwent structural transformation, which included reorganizing raw inputs, classifying variables to 

ensure consistency across platforms, and standardizing measurement scales to ensure comparability (Hair et al., 2022; Saunders et al., 2019). 

This transition from raw data to a refined analytical format was essential to satisfy the distinct technical requirements of both statistical 

programs. 

4.1 Normality Test 

To evaluate the suitability of the dataset for structural modelling, a comprehensive normality assessment was conducted using univariate and 

multivariate criteria (Cain et al., 2017). While the univariate analysis indicated a normal distribution with values falling within the prescribed 

skewness (±1) and kurtosis (±7) limits, Mardia’s test revealed significant multivariate non-normality. Specifically, multivariate skewness (β 

= 95.29) and kurtosis (β = 454.93) far exceeded the acceptable thresholds of ±1 and ±20, respectively. Because PLS-SEM is a non-parametric 

approach that does not require normally distributed data, these findings provide a strong statistical justification for utilizing SmartPLS to 

analyze the complex relationships within this study’s non-standard dataset. 

4.2 Descriptive Analysis 

Descriptive analysis of the study's constructs, measured on a seven-point Likert scale, reveals varying levels of respondent agreement across 

the theoretical framework. The highest levels of agreement were observed in Attitude Toward Adoption (M = 5.622), and Perceived 

Usefulness (M = 5.603), suggesting a generally positive inclination toward technology integration among project managers. Conversely, 

Awareness (M = 4.879) recorded the lowest mean scores. This hierarchy indicates that while project managers recognize the utility and hold 

positive intentions, lower levels of awareness and the presence of perceived risks remain distinct characteristics of the sample's perspective. 
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Table 1 Descriptive Analysis 

Description Mean Standard deviation Excess kurtosis Skewness 

Attitude Toward Adoption 5.622 1.085 1.765 -1.033 

Perceived Usefulness 5.603 1.059 1.012 -0.859 

Awareness 4.879 1.411 0.027 -0.660 

4.3 Demographic Profile 

The demographic profile of the participants reveals a seasoned and highly educated workforce, primarily concentrated in Malaysia’s major 

industrial hubs. The sample is predominantly male (61%), which may reflect broader industry trends or gender disparities in leadership 

within the EMS sector. Academically, the cohort is strong, with 77% holding either a bachelor's or postgraduate degree, supplemented 

by various diploma and professional certifications. Occupationally, the sample is heavily weighted toward operational project managers 

(87%) rather than senior directors, with over half the respondents (53%) possessing more than five years of experience. Geographically, 

the findings are largely driven by professionals in Penang (44%) and Selangor (26%), aligning with the high density of manufacturing 

activity in these regions. While these results provide a robust "seasoned professional" perspective, the researchers note that the urban and 

male-centric bias suggests a need for future stratified sampling to better capture the viewpoints of rural practitioners and female leaders. 

Table 2 Demographic Profiling 

Category Sub-Category  Frequency Percent (%) 

Education Level Diploma or equivalent 57 20% 

  Others (Professional certificates) 9 3% 

  Postgraduate qualifications (e.g., Masters/Doctorates 

degree) 

79 27% 

  University graduate (Bachelor’s degree) 146 50% 

Job Position Project Director 37 13% 

  Project Manager 254 87% 

Working Experience 2years 80 27% 

  3years 30 10% 

  4years 27 9% 

  > 5years 154 53% 

Location Penang 128 44% 

  Selangor 76 26% 

  Kedah 30 10% 

  Perak 16 5% 

  Johor 13 4% 

  Melaka 7 2% 

  Negeri Sembilan 5 2% 

  Pahang 6 2% 

  Terengganu 6 2% 

  Kelantan 2 1% 

4.4 Measurement Model 

The evaluation of the measurement model rigorously assessed eight reflective constructs to establish their psychometric integrity before 

proceeding to hypothesis testing. Using Partial Least Squares Structural Equation Modeling (PLS-SEM), the model was validated through 

four critical metrics: indicator reliability, which verified that each item accurately measured its intended variable; internal consistency 

reliability, which confirmed the stability and reliability of participant responses; convergent validity, ensuring that items within a specific 

construct were sufficiently correlated; and discriminant validity, which proved that each construct remained empirically distinct from the 

others (Hair et al., 2022). The successful validation of these constructs—including core variables such as Perceived Usefulness, Awareness, 

and Intention to Adopt—confirms that the measurement instruments are robust and provide a statistically sound foundation for the subsequent 

structural model analysis. 

Table 3 Measurement Model Analysis 

Variable Items Loadings Composite Reliability 

(rho_c) 

Average Variance Extracted 

(AVE) 

Attitude ATT1 0.949 0.968 0.91 

ATT2 0.963 

ATT3 0.950 

Awareness AWS1 0.960 0.957 0.882 

AWS2 0.945 

AWS3 0.912 

PT2 0.938 

PT3 0.912 

PT4 0.922 

Perceived Usefulness PU1 0.942 0.966 0.876 

PU2 0.944 

PU3 0.934 

PU4 0.923 

4.5 Reliability 

The psychometric assessment of the measurement model demonstrated exceptional robustness, with all reflective constructs meeting or 

exceeding established reliability benchmarks. Indicator reliability was confirmed as the majority of outer loadings surpassed the 0.708 

threshold, ensuring that each indicator explains more than 50% of its latent construct's variance (Hair et al., 2019). Furthermore, internal 

consistency reliability was validated through Composite Reliability (CR) values ranging from 0.899 to 0.968, significantly higher than the 



MSW MANAGEMENT -Multidisciplinary, Scientific Work and Management Journal 

ISSN: 1053-7899 

Vol. 36 Issue 1, 2026, Pages: 1978-1984 

https://mswmanagementj.com/ 1982 

  
 

  
 

standard 0.7 cut-off (Nunnally & Bernstein, 1994). These high intercorrelations and CR values—many exceeding 0.9—indicate superior 

dependability and minimal measurement error, satisfying the stringent criteria for confirmatory research in behavioral science and providing 

a statistically sound foundation for subsequent structural model analysis (Hair et al., 2021; Ramayah et al., 2018). 

4.6 Validity 

The measurement model's validity was confirmed through an assessment of convergent and discriminant validity. Convergent validity was 

established as all constructs recorded an Average Variance Extracted (AVE) value exceeding the 0.50 threshold, signifying that each latent 

construct explains at least half of the variance in its respective indicators (Hair et al., 2021). Furthermore, discriminant validity was evaluated 

using the Heterotrait-Monotrait (HTMT) ratio of correlations, which is considered a more stringent criterion than traditional methods. All 

HTMT values fell below the conservative benchmark of 0.79, demonstrating that each construct is empirically unique and captures 

phenomena not represented by other variables in the model (Henseler et al., 2015). Collectively, these results confirm that the measurement 

scales are both accurate in their representation and distinct in their conceptualization. 

Table 4 Heterotrait-Monotrait Criterion 

Variable ATT AWS PU 

ATT    

AWS 0.516   

PU 0.791 0.464  

4.7 Analysis Summary 

This chapter details a rigorous systematic analysis of a 291-respondent dataset using Partial Least Squares Structural Equation Modeling 

(PLS-SEM). The process commenced with normality testing and a pilot study to confirm the psychometric adequacy and clarity of the 

measurement instrument (Hair et al., 2022). A detailed demographic and descriptive analysis established the sample’s representativeness, 

highlighting key trends in professional experience and regional distribution among project managers. The measurement model was validated 

through strict adherence to internal consistency and discriminant validity standards, providing a robust foundation for the structural model 

evaluation. By examining path coefficients (β), p-values, effect sizes ( f ), and predictive metrics (R2 and Q2), the analysis successfully 

mapped the complex relationships between latent variables (Ringle et al., 2022). This methodical approach ensures that the resulting 

theoretical contributions and practical implications are grounded in statistically sound and methodologically transparent evidence. 

5.0 Findings and Discussion 

This section discusses the theories addressed in this study, their relationship to current literature, analysis results, and practical applications. 

The explanations helped to address the three research questions. The hypotheses are presented in the following subsections to help explain 

the study's findings. 

5.1 Project Managers’ Willingness to Adopt AI: The Influence of Perceived Usefulness 

The study confirms that Perceived Usefulness (H1) is a significant driver of positive attitudes toward AI adoption among project managers, 

reinforcing the core tenets of the Technology Acceptance Model (TAM) (Davis, 1989). Respondents identified high-value applications—

such as predictive analytics and real-time decision support—as critical for improving performance and resource optimization. While previous 

research in broader manufacturing contexts (e.g., Kamble et al., 2020) aligns with these findings, this study highlights a unique professional 

perspective: project managers evaluate AI through a strategic lens, prioritizing its impact on risk reduction, cost management, and scheduling 

over mere operational efficiency. Interestingly, the strong correlation found here contrasts with some traditional manufacturing studies 

(Ghobakhloo & Ching, 2019) that reported lower utility impact due to workforce resistance. This suggests that tech-savvy project managers 

are more influenced by strategic utility, necessitating adoption strategies and training programs that move beyond generic efficiency to 

demonstrate measurable, role-specific project outcomes. 

5.2 The Effect of AI Awareness on Project Managers’ Inclination to Adopt AI Solutions 

The study found that general awareness of AI technology does not statistically influence the attitudes of project managers toward adoption. 

This surprising result challenges traditional technology acceptance models, which historically posited awareness as a primary driver (Davis 

et al., 1989). Several sector-specific factors explain this shift: first, in advanced industries like EMS, AI knowledge has become ubiquitous, 

meaning awareness no longer serves as a competitive differentiator (McKinsey, 2023). Second, a critical "competency gap" exists where 

project managers may be aware of AI's theoretical potential but lack the domain-specific skills required for practical implementation (Jarrahi, 

2022). Furthermore, the high-stakes, risk-averse nature of electronics manufacturing means that general awareness cannot overcome caution 

unless paired with proven reliability and clear ROI (Wong et al., 2023). These findings suggest an industrial evolution from awareness-based 

to value-based adoption. Consequently, organizations should pivot from broad awareness campaigns to targeted, hands-on training and peer-

learning opportunities that demonstrate tangible solutions to real-world manufacturing challenges. 

6. Summary 

This research concludes that AI adoption among Malaysian EMS project managers is driven by a complex interplay of cognitive and 

psychological factors, notably extending the Technology Acceptance Model (TAM) by incorporating trust and risk perception. The findings 

identify Attitude as a central mediator, where adoption decisions are formed only after project managers weigh AI's strategic benefits against 

perceived organizational and infrastructural risks (Wamba-Taguimdje et al., 2023). Currently, the Malaysian sector remains in a 

developmental stage compared to global leaders like South Korea, facing unique hurdles such as data governance issues and a scarcity of in-

house expertise (Lee et al., 2023). To transition from skepticism to implementation, the study advocates for a collaborative ecosystem 

involving public-private partnerships, targeted workforce upskilling, and the use of pilot demonstrations to provide evidence of Return on 

Investment (ROI). Ultimately, accelerating AI integration is framed not merely as a technical upgrade, but as a strategic economic imperative 

essential for Malaysia to maintain its competitive edge in the global manufacturing landscape (World Economic Forum, 2023). 
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