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Research Background: Artificial intelligence adoption is accelerating in Hong Kong workplaces, yet employees' intentions to use AI and the factors shaping adoption behavior remain underexplored. Understanding these determinants is critical for effective organizational AI implementation and equitable workforce transitions.[bookmark: _Toc149654779]Abstract


Purpose: This study investigates factors influencing Hong Kong employees' intentions to use AI, examining how perceived ease of use, perceived usefulness, threat in employment, and perceived trust predict adoption intentions across demographic groups including age, gender, job function, job level, and academic qualifications.
Methods: An online survey of 168 employed workers in Hong Kong was conducted between July and August 2025, measuring five key constructs using five-point Likert scales. Data analysis employed SPSS 31 for correlation, multiple regression, ANOVA, and t-tests. Cronbach's alpha of 0.914 confirmed reliability across all scales.
Findings: perceived usefulness was the strongest predictor of employees’ intentions to adopt AI in Hong Kong workplaces, followed by threat in employment, perceived trust, and perceived ease of use, with significant influences from demographic factors such as education, job level, and function. 
Conclusions and Recommendations: The conclusions emphasize the importance of demonstrating AI’s tangible benefits, addressing employees’ concerns about job security, and fostering trust to facilitate adoption. Recommendations propose tailored organizational strategies focusing on comprehensive training, transparent communication about AI’s role and impact, proactive reskilling initiatives, and trust-building mechanisms to ensure equitable and effective AI integration.
Limitations and Further Research: Cross-sectional design, geographic focus on Hong Kong, reliance on self-reported intentions, and snowball sampling limit generalizability. Future research should employ longitudinal designs, conduct cross-cultural comparisons, investigate specific AI technologies, explore psychological mechanisms qualitatively, and track actual usage behavior.
Keywords: Perceived Ease of Use, Perceived Usefulness, Threat in Employment, Perceived Trust, Intention to Use
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Chapter 1: Introduction
This chapter explains the primary objective of this study. A description of the theoretical framework is presented as the first step. Furthermore, the motivation of this study is shown in terms of redesigned strategies, marketing, and the impact of AI trend. Discussed why this topic has been selected for study and the relevance of this study’s conclusion. The study’s objectives and limitations are also outlined.

1.1	Research Background
Living in the year of 2025, we are many benefited from AI development. The AI trend booms in 2024 when the announcement of several AI channels, especially CHATGPT. It brought the world’s technology development history to a next level. 

This AI trend affects every industry in the world. A McKinsey global survey reports that 78% of organizations worldwide used AI in at least one business function in 2024, a sharp rise from 55% the previous year, with generative AI adoption reaching 71% of organizations. AI is most prevalent in IT, marketing, sales, product development, and service operations, demonstrating broad cross-sector integration (McKinsey, 2025). Additionally, referring to figure 1 that the global number of AI tools users in the 'AI Tool Users' segment of the artificial intelligence market was forecast to continuously increase between 2021 and 2031 and the number of AI tools users is estimated to reach 1.2 billion in 2031 (Statista, 2025).It shows that AI is important and increasing number of people globally are learning to adopt AI in normal life and workplace.




Figure 1: Showing the number of AI tool users globally
[image: Worldwide AI tool users 2031| Statista]
Source: Statista (2023)

In Terms of Hong Kong, AI adoption in Hong Kong has accelerated significantly across multiple sectors in 2024 and 2025.  The Generative AI market has demands for AI-powered chatbots, virtual assistants, and personalized content generation, these are used for better efficiency, personalized customer service and marketing strategies. This preference is driven by the fast-paced lifestyle and high expectations for convenience in Hong Kong's culture. These trends of AI are expected to continue, with more and more industries trying to adopt AI into workplace, from office to frontline and manufacturing line. 

A study by the Hong Kong Institute for Monetary and Financial Research (HKIMR) found that in 2024, 75% of financial institutions in Hong Kong had implemented, piloted, or explored generative AI use cases, a significant rise from 38% in 2023. This adoption rate is expected to increase to 87% within three to five years (Fintech News, 2025). Furthermore, The Generative AI segment alone is expected to reach US$517.51 million in 2025, driven by demand for AI-powered virtual assistants, chatbots, and collaboration tools that cater to Hong Kong's fast-paced lifestyle and preference for personalized, efficient services (Statista, 2025). 

1.2	Research Motivation
People are well-benefited by the AI development. AI assistants such as APPLE SIRI and SAMSUNG BIXBY before the AI Boom, indeed it was limited in information searching, IOT switching, and functions used on the mobile device. However, using AI in image processing, researching, programming, machine learning and more nowadays. Works which takes hours or even days in the past may only cost only minutes nowadays. 

With the assistance of AI tools, people do work with a faster speed, better efficiency, more accurate and more comfortable. In terms of being a student, students in the past have to find references for their assignments from the internet search engines or even physical books in the library, which took from days to weeks. AI tools helps students proofread articles, researching and generate graphics just in minutes, which reduces their workload and time wasted. In terms of being a marketer in workplace, marketers may need to produce promotion materials such as social media post, leaflets, banners, advertising videos by design software or outsource service. These could either take quite lots of time or expense in marketing. However, marketing materials could be created by AI which reduces workload and money. Other than that, AI could be used to assist daily work. According to a survey by AIPRM (Figure 2) asking the potential benefits of AI, 19.6% of the respondents agrees that AI helps increase sales, 30.9% agrees that AI helps streamline job processes, 43.1% agrees that AI increase productivity (AIPRM, 2025). Additionally, according to a survey by Statista (Figure 3), worldwide developers agrees that AI brought benefits. 81% of interviewees agrees that AI increases productivity, 62.4% agrees that AI speed up learning, 58.5% agrees that AI greater efficiency. 

Figure 2: Potential benefits of AI
[image: AI Statistics 2024 · AIPRM]	
Source: AIPRM

Figure 3: Benefits of AI according to developers worldwide
[image: Benefits of AI in development workflow worldwide 2024| Statista]
Source: Statista
Showing the usefulness of AI tools, people started to use AI tools to support daily work. A survey of 1,000 knowledge workers in Hong Kong found that 86% admit to bringing own AI tools to work, indicating widespread personal familiarity with AI applications (China Daily HK, 2025). Despite high usage, according to personal knowledge that over 90% of the people didn’t make good use and full potential of the AI tools, their knowledge and usage of the AI tools remain in basic workload, majorly in copywriting. Also, 40% of enterprises believe their employees are not proficient in using AI tools, highlighting a significant skills gap and the need for more training (HKPC Digital Transformation, 2024). It shows that there’s a need for employees to learn AI tools in order to follow up with the fast paced workplace, the change in technology and also prevent being replaced by AI. 

Also, companies started to adopt AI tools in company operation and recruitment consideration. A McKinsey global survey reports that 78% of organizations worldwide used AI in at least one business function in 2024. AI is most prevalent in IT, marketing, sales, product development, and service operations, demonstrating broad cross-sector integration (McKinsey, 2025). A survey of 1,000 knowledge workers in Hong Kong found that 77% of business leaders prefer hiring less experienced candidates with AI skills over more experienced ones without them, highlighting the growing premium on AI competencies (China Daily HK, 2025). It shows that AI become an important tool or even a MUST-ability in workplace recruitment. 

Furthermore, AI will affect people’s jobs and may replace job posts and duties in the future. According to an IMF article, AI will affect almost 40 percent of the jobs around the world, by replacing some while creating some new jobs, such as AI content monitoring and AI system maintenance (IMF, 2024). Also, according to a recent report from Microsoft, analyzing Microsoft Copilot and 200 thousand unnamed users’ conversations about the influence from AI, there are 40 kinds of jobs that are very easily being replaced by AI, such as customer service, sales representative, copywriter, interpreter, clerk, reporter, data analyst, teachers, website developers, models, promoters, etc. On the other hand, there are 20 kinds of jobs that are difficult to be replaced by AI, such as hospital healthcare workers, construction workers, Logging Equipment Operators, Pile Driver Operators, etc. (Microsoft, 2024). According to an OECD survey last year, three out of five workers fear that they could lose their job to AI over the next 10 years. The survey covered 5,300 workers in 2,000 firms spanning manufacturing and finance across seven OECD countries, showing that many jobs are easily replaced, especially jobs working in Backoffice and without manual labor, giving out the message of potential threats of AI (OECD, 2024).

However, not all replacement by AI is bad. According to an article by Job Market Monitor, owing to capital deepening and a productivity surge, AI adoption is expected to boost total income. If AI strongly complements human labor in certain occupations and the productivity gains are sufficiently large, higher growth and labor demand could more than compensate for the partial replacement of labor tasks by AI, and incomes could increase along most of the income distribution (Job Market Monitor, 2024). Indeed, college-educated and younger generation workers are easier to shift to AI-driven jobs than the older workers. According to the article, college-educated individuals in UK and Brazil moved more easily from jobs that are potentially high displacement to those with high complementarity. Also, younger workers are more adaptable and familiar with new technologies, which leads to better adoption. In contrast, older and fewer-educated workers may struggle with reemployment and new technology adoption. Therefore, it is crucial and important to face AI in the workplace (Job Market Monitor, 2024).

Other than that, AI is widely used in training to reduce the cost, time and manpower. In the past, company used to buy facilities, equipments, recruit professionals and site visits for trainings especially for safety, equipment operators, designing and broadcasting industries, etc. Nowadays, people could perform training in single location with the support of AI, headset and screens. AI could provide recorded training, updated information and scenarios which leading to higher efficiency, lower cost but better accuracy and wider analysis on the training.

Therefore, this study would be showing the usefulness of AI tools, how people could benefit from the AI tools.

1.3	Research Problems
It is important to identify the research problems, which leads to the expansion of the study. This serves as the main guiding principle throughout the whole research process. A topic of study is discussed as a hypothesis in sociology. Therefore, the question is relevant as a study topic (Pardede, 2018). 

This research examines the following research problems:
· Should AI tools be used in Hong Kong workplace? Does it create any problems for either the employee or the company?
· Does people agree AI tools is useful? How does AI tools help people in Hong Kong workplace?
· How does AI affect people in Hong Kong workplace? Would their working position be replaced by AI? 
· Does AI a MUST-ability in Hong Kong workplace? Is it important for employees to learn to use AI tools in workplace?

1.4	Research Aim
Mentioned with the AI Boom in 2024, AI become a significant and important tool for employees and companies. AI tools are applied to different industry to achieve automation and unmanned operation. Also, people use AI tools in workplace. Indeed, most of the people uses AI tools only for copywriting work. Many people didn’t know how to make good use and full potential of the AI tools. 

This study could provide insight for companies and employees the importance and advantages of using AI in the workplace of Hong Kong. People could understand applying AI in their workplace could help save time, workload, manpower and money. Additionally, this study could provide insight for employees to realize the threat that AI may possibly replace people’s working position. Also, this encourages employees to learn using AI tools to be equipped in workplace of Hong Kong and also increase the intention of using AI.

1.5	Research Objectives
This study identifies problems, finds information and evaluates alternatives. It helps to examine the factors such as Perceived Ease of Use, Perceived Usefulness, Threat in Employment, Perceived Trust and to setup measurement models, leading to finding people’s usage of AI tools, determine the usefulness of AI and the treat of AI in Hong Kong workplace. 

The study shows step by step about this followed by triangulation, questionnaire and research, asking employees how often and the usage of AI tools in Hong Kong workplace. Firstly, the study defined the meaning, background, measurement and association of the main components. It paths how the questionnaire could get accurate data from recipients. The questionnaire reflected the importance of AI in workplace and consideration of AI’s threats. Also, references are used to support the statements. Furthermore, SPSS is used to analysis and test pilot test and questionnaire data.

Other than encouraging people to use and learn AI, this study could showcase high level managements in company the benefits that AI could bring to the company and encourage them to adopt AI into workplace in Hong Kong. 

1.6	Research Direction
This research could raise people’s awareness in AI by understanding the importance of AI and the potential threat to people in workplace. It would be a good tool to encourage people to be equipped with AI abilities. Every industry or businesses may involve AI locally and globally. People equipped with AI abilities may help them increase their working effectiveness and also avoid being eliminated.

This study is organized methodically, as shown in Figure 4. Firstly, literature reviews were conducted to go through the factors in details. Secondly, the gathered information was presented and explained in details. Furthermore, the findings and conclusion of the study were reported. The research started from May 2025 and ended in November 2025, as shown in Appendix A through the process and stages of the research. 

Figure 4: The process model of the researchConclusion & Recommendation
Result & Data Analysis
Research Methodology
Literature Review
Introduction





1.7	Research Limitations
This study has several limitations that should be acknowledged. Firstly, the rapid development and evolution of AI technologies mean that findings may quickly become outdated as new tools and applications emerge. Secondly, the research primarily focuses on the perspectives and experiences of employees and companies within Hong Kong, which may limit the generalizability of results to other regions or industries with different levels of AI adoption. Lastly, constraints in time and resources may limit the scope of the study, restricting deeper exploration of certain industries or more extensive longitudinal data collection.

1.8	Summary
AI become an important tool in workplace. However, not many of people really uses AI in workplace or knows how to make good use of the AI tools. Furthermore, it may help in workplace but also harm people’s job by being replaced by AI. Therefore, the study is to examine the needs and situation by factors including Perceived Ease of Use, Perceived Usefulness, and Threat in Employment. This study employs qualitative and quantitative methods to examine the situation. Despite with limitations, such as quick development leading to outdated tools or data, the coverage of surveys mainly covering Hong Kong not overseas, etc. This study still provides valuable insights for people in workplace about the importance of AI. 


Chapter 2: Literature Review
The literature review shows if the questionnaires, research and information aways from the path of the research. It guides study design and research methods development. This chapter presents the definition of the factors, including Perceived Ease of Use, Perceived Usefulness, and Threat in Employment.
2.1		Intention to use
Intention to use (ITU) is described in the below sections, including the definition of ITU and how to measure the ITU in the analysis, research and questionnaires. 

2.1.1	Definition of Intention to use
Intent to use refers to an individual's behavioral intention or willingness to engage with and employ AI technologies in their activities, often measured as a predictor of actual technology adoption. This concept is widely studied within frameworks like the Unified Theory of Acceptance and Use of Technology (UTAUT), which integrates key determinants such as performance expectancy, effort expectancy, social influence, and facilitating conditions to explain user intentions. 

According to other definitions of ITU, referring to Table 1 that the research by Riikkinen and colleagues discusses how artificial intelligence supports value creation for customers and Riikkinen (2018) stated that ITU is to create value. Li, Bonn & Ye (2019) stated the AI will become more affordable, faster and far more reliable then humans. Chiu, Zhu & Corbett (2021) stated that many perceived benefits surround AI. Faasolo & Sumarliah (2022) stated that AI lessen cost and maintain competitiveness. Zhao (2022) stated that information user enterprise operation and management in making decisions tend to be flooded by all kinds of different types of information and no decision or choice.

People use artificial intelligence (AI) on the internet for numerous reasons, largely driven by the technology's ability to improve efficiency, provide personalized experiences, assist with complex decision-making, and access vast amounts of information quickly. AI-powered tools such as chatbots, recommendation algorithms, and virtual assistants have become integral in enhancing user interactions by tailoring content based on individual preferences and behaviors, thereby making online experiences more relevant and engaging (European Parliament, 2023). Additionally, AI helps in automating routine tasks like proofreading, editing, and organizing information, which reduces cognitive load and saves time for users, particularly researchers and professionals who face large volumes of data (Wiley Survey, 2025). 

Many users also rely on AI for problem-solving support, such as generating ideas, answering inquiries, or providing second opinions in specialized fields like medicine and law, extending human capabilities in these areas (Mollick, 2025). Furthermore, AI contributes to security enhancements online by detecting patterns indicative of fraud or cybersecurity threats, instilling a level of trust and safety in digital environments (European Parliament, 2023). The frequent interaction with AI-enabled services is also associated with increasing awareness and familiarity, as people who use the internet more often are likelier to recognize and utilize AI functionalities in daily life, from shopping to entertainment (Pew Research Center, 2023). Altogether, the convergence of personalization, efficiency, assistance, and security makes AI an indispensable technology driving internet use today.




Table 1: Definition of ITU
	Researchers
	Definition

	Riikkinen et al., 2018
	Create Value

	Li, Bonn & Ye, 2019
	AI and intelligent robots will become more affordable, faster, and far more reliable than humans

	Chiu, Zhu & Corbett 2021
	Many perceived benefits surround AI

	Faasolo & Sumarliah, 2022
	Lessen cost and maintain competitiveness


	Zhao, 2022
	Information user enterprise operation and management in making decisions tend to be flooded by all kinds of different types of information and no decision or choice


Source: Created by Author

2.2.2	Measurement of Intention to use
People use artificial intelligence (AI) on the internet for numerous reasons, largely driven by the technology's ability to improve efficiency, provide personalized experiences, assist with complex decision-making, and access vast amounts of information quickly.

Regarding the measurement of ITU, referring to Table 2 that Teo & Noyes (2011) stated that user will use AI more often in the future. Gursoy (2020) stated that user will expect to continue using AI in the future and will recommend others to use AI. Cao (2021) stated that users will always try to use AI in user’s workplace. Also, user will use in the future frequently. Ronaghi (2022) stated that user will plan to use AI in the future. Pal (2022) stated that user will expect to continue using AI in the future.


Table 2: Measurement of ITU
	Researchers
	Measurement

	Teo & Noyes, 2011
	- I will use AI in the future.
- I plan to use the AI often.

	Gursoy, et al., 2020.
	-I expect to continue using AI in the future
-I will recommend others to use AI 

	Cao, et al., 2021
	-I intend to use AI in the future
-I will always try to use AI in my workplace
-I plan to use AI frequently

	Ronaghi, 2022
	-I plan to use the AI technology in the future.
-I intend to use the AI technology in the future.

	Pal et al., 2022
	-I expect to continue using AI in the future


Source: Created by Author

2.2		Perceived Ease of Use
Perceived ease of use (PEOU) is described in the below sections, including the definition of PEOU and how to measure the PEOU in the analysis, research and questionnaires. 

2.2.1	Definition of Perceived Ease of Use
Perceived ease of use (PEOU) is generally defined as the degree to which an individual believes that using a particular technology would be free from effort (Davis, 1989). In other words, the using process should be easy and effortless for users without seeking help. This also matches the definition mentioned by Esfahbodi in 2022 which a user believes that a specific technology or system requires less efforts from users (Esfahbodi, Pang and Peng, 2022).

This concept is a core component of the Technology Acceptance Model (TAM) and showing users’ attitudes toward using new technology and the intention to use it. Users are more likely to adopt technology when the technology or system is easy to use, to extent that people will have more intention, reduce resistance and also more frequently to use it (Davis, 1989; Venkatesh and Davis, 2000).

Regarding other references of the PEOU’s definition, referring to Table 3 that Teo & Noyes (2011) stated that PEOU means its easy to let the technology do what the user want to do. Sohn & Kwon (2020) stated that PEOU means using product would be easy. Last but not least, Jo (2022) stated that PEOU is that using a particular system would be free of effort. Islam, M.S., (2024) stated that PEOU is that less effort is needed to interact with the apps. These also pointed out the components or special points of PEOU. 

According to a study on generative AI tools, found out that perceived ease of use affects user’s intention to adopt AI and new technologies. Users with higher self-efficacy and technological innovativeness stated to have easier use in AI tools (Kim, 2025). Additionally, a dataset on behavioral intention to use AI Copilot reflected that perceived ease of use is a critical factor influencing positive intention towards AI usage in educational environments (Villaceran, 2025). A global study by the University of Melbourne and KPMG (2025) stated that two in three people intentionally use AI regularly, and three in five say they can use AI effectively, indicating moderate perceived ease of use. It shows that most of the people consider that AI is easy and effortless to use. Indeed, 61% had no formal AI training and half reported limited knowledge. It shows that people could use AI in basic ways (such as translation and searching information) easily although users didn’t receive training, proving the ease of use.





Table 3: Definition of PEOU
	Researchers
	Definition

	Davis, 1989
	Using technology would be free from effort

	Teo & Noyes, 2011
	easy to let the technology do what I want it to do

	Sohn & Kwon, 2020
	Using Product would be easy

	Esfahbodi, Pang and Peng, 2022
	which a user believes that a specific technology or system requires less efforts from
users

	Jo, 2022
	that using a particular system would be free of effort

	Islam, 2024
	The basis of customer judgments about the effort needed to interact with apps


Source: Created by Author

2.2.2	Measurement of Perceived Ease of Use
PEOU is one of the main element that keeps people to start using AI and continuously using AI afterwards. The measurement of Perceived Ease of Use (PEOU) commonly follows frameworks derived from the Technology Acceptance Model (TAM) by Davis (1989). 

Regarding the measurement of PEOU, referring to Table 4 that easy to use is the main element within the measurement. Users are more likely to adopt technology when the technology or system is easy to use, to extent that people will have more intention, reduce resistance and also more frequently to use it (Davis, 1989; Venkatesh and Davis, 2000). Furthermore, many stated that user will eager to use AI if the interaction between AI and the user is clear and understandable (Davis, 1989; Teo, 2011; Gursoy, 2020; Lenz, 2023). The use of AI will continue once the communication between two side is smooth and user is satisfied with the respond of AI. Additionally, people will use AI if does not require a lot of mental effort as the AI could easily get what the users wants it to do (Gursoy, 2020). This increases the confidence of the user and eager to learn and discover more potential of AI. 

Table 4: Measurement of PEOU
	Researchers
	Measurement

	Davis et al., 1989
	-Interaction between users and the system is clear and easy to understand
-The system is easy to use or operate
-It is easy to get the system to do what I want

	Teo & Noyes, 2011
	-User will find it easy to get AI to do what user wants it to do
-User will find the AI easy to use
- User’s interaction with the AI is clear and understandable.

	Gursoy et al., 2020
	-User’s interaction with the AI is clear and understandable.
-Interaction with the AI does not require a lot of mental effort
-User will find the AI easy to use

	Lenz et al., 2023
	-User’s interactions with AI would be clear and easy to understand
-User will find the AI easy to use
-User will find easy to become skilled at using AI

	Islam, 2024
	-User would have no trouble learning how to use
-User would have no trouble to accomplish what would like to enquire
-User would be simple to become skillful


Source: Created by Author

2.2.3	Association of PEOU and ITU
Based on the previous journals showing that Ease of Use is one of the significant factors that leading to better intention to use of user. Studies focusing on the Hong Kong workplace have shown that PEOU positively affects ITU and behavioral intention. In the context of the Hong Kong workplace, empirical studies support that PEOU positively affects ITU, suggesting that employees are more inclined to adopt technologies perceived as user-friendly, ultimately enhancing workplace efficiency and acceptance (Lee, 2010; arXiv, 2024).
H1: PEOU and ITU have a positive relationship in Hong Kong Workplace.

2.3	Perceived Usefulness
Perceived usefulness (PU) is described in the below sections, including the definition of PU and how to measure the PU in the analysis, research and questionnaires. 

2.3.1	Definition of Perceived Usefulness
According to Table 5, Perceived Usefulness (PU) is generally defined as the degree to which a person believes that using a particular technology would enhance their job performance (Davis, 1989). In other words, user will use the technology if it helps the user, meet users’ needs and execute tasks efficiently. 

According other definitions of PU, Bhattacherjee (2001) stated that PU represents the user’s belief that using a technology will enhance user’s experience. Teo and Noyes (2011) stated that PU is that people finds the technology improves user’s performance and enhances user’s working effectiveness. Esfahbodi (2022) stated that PU is which a user believes that using a specific technology or system will improve his/her job performance. Ronaghi (2022) stated that PU is a degree of improved performance of the user after using technology. Khuong and An (2025) stated that PU reflects the degree to which consumers view providing helpful and valuable information that supports user’s decision-making process.

According to a survey by ActivTrak (2025), found that AI is used by 58% of employees, doubling since 2022, and though productivity gains are real, they require careful integration to avoid distractions and longer workdays. AI enhances productivity but needs intentional management for best outcomes (ActivTrak, 2025). This shows that AI is useful, and it enhances productivity. Archie (2025) found 72% of companies heavily using AI report high productivity, while 75% of knowledge workers say AI helps them save time, focus better, and boost creativity. Satisfaction at work also increased by 59% in these companies (Archie, 2025). This shows that most workers find AI useful in workplace, which AI saves time and boost working performance. McKinsey (2025) estimates AI’s long-term opportunity could add $4.4 trillion in productivity growth, highlighting its transformative potential on workflows and work processes (McKinsey, 2025). This shows that AI is useful for increasing productivity and high potential in the future. 

Table 5: Definition of PU
	Researchers
	Definition

	Davis, 1989
	person believes that using a particular technology would enhance their job performance

	Bhattacherjee, 2001
	represent the users’ belief that using a technology will enhance their experience

	Teo & Noyes, 2011
	Improves performance, enhances effectiveness

	Esfahbodi, et al., 2022
	which a user believes that using a specific technology or system will improve his/her job performance

	Ronaghi, 2022
	Degree of improved performance of the user after using technology

	Khuong, 2025
	reflects the degree to which consumers view advertisements providing helpful and valuable information that supports their decision-making process


Source: Created by Author


2.3.2	Measurement of Perceived Usefulness
Perceived Usefulness (PU) is another central construct in the Technology Acceptance Model (TAM) and it reflects the degree to which a user believes that using a particular system or technology will enhance their job performance or task effectiveness. PU is usually assessing user’s beliefs about the benefits and effectiveness of technology in improving their work outcomes. 

Regarding the measurement of PU, referring to table 6 that PU is typically measured through multiple Likert-scale items that assess the extent to which users believe the technology is beneficial, improves their productivity, or assists in completing tasks more effectively. Teo and Noyes (2011) stated that using AI will improve user’s work, effectiveness and working productivity. Esfahbodi (2022) stated that using AI enhanced user’s effectiveness and improves working performance. Ronaghi (2022) stated that using AI enables the user to accomplish tasks more quickly and effectively, also Ronaghi stated using AI saves user’s time. Lenz (2023) stated that using Ai would help user to accomplish tasks more quickly and improve user’s chances of achieving important things. Khuong (2023) stated that AI saves user’s time, improve working efficiency and enhances the quality of user’s experience. 








Table 6: Measurement of PU
	Researchers
	Measurement

	Teo & Noyes, 2011
	-Using AI will improve user’s work
-Using AI will enhance user’s effectiveness
-Using AI will increase user’s productivity

	Esfahbodi, et al., 2022
	-Using AI enhances user’s effectiveness
-Using AI improves working performance

	Ronaghi, 2022
	-Using AI enables the user to accomplish tasks more quickly
-Using AI enhances user’s task effectiveness
-Using AI saves user’s time and effort in performing tasks.

	Lenz, et al., 2023
	-Using AI would help user to accomplish things more quickly
-Using AI would improve user’s chances of achieving things they found important

	Khuong, 2025
	-AI saves user’s time
-AI helps user improve their efficiency
-AI enhances the quality of user’s experience


Source: Created by Author

2.3.3	Association of PU and ITU
Based on the previous journals showing that Usefulness is one of the significant factors that leading to better intention to use of user. This concept is also linked to the Technology Acceptance Model (TAM), which posits that higher perceived usefulness leads to a more positive attitude toward using the technology and a stronger intention to adopt it. Numerous empirical studies support this relationship, showing that PU has the strongest effect size in predicting ITU across varied organizational contexts (Venkatesh & Bala, 2008; Davis, 1993). For instance, in the context of workplace AI, higher PU correlates with increased motivation to adopt AI tools that enhance productivity, accuracy, or job effectiveness (Tao, 2008). Moreover, TAM research highlights that perceived ease of use (PEOU) indirectly influences ITU through its positive effect on PU which making the technology appear more beneficial by reducing effort associated with learning and using it (Davis, 1989; Venkatesh & Bala, 2008).

H2: PU and ITU have a positive relationship in Hong Kong Workplace

2.4	Threat in Employment
Threat in Employment (TIE) is described in the below sections, including the definition of TIE and how to measure the TIE in the analysis, research and questionnaires. 

2.4.1	Definition of Threat
According to table 7, Threat generally motivates individuals to engage in protective actions (Glanz, 2008). In terms of technology, it refers to an individual’s perception that using a technology may expose them to potential risk or involves the belief that a new technology could harm one’s job security, require difficult skill acquisition, or lead to adverse outcomes, thus creating anxiety or resistance toward adoption (Pavlou, 2003; Schnall et al., 2015). 

According to other definitions of threat, Jones (2014) stated that threat is a combined construct of perceived susceptibility and perceived severity that reflects an individual's belief about the likelihood of experiencing a threat and the seriousness of its consequences. Chen and Zahedi (2016) stated that threat is the extent to which an individual believed that using AI to make decisions is dangerous or harmful. Esses (2017) stated that threat is belief that one’s social group is at risk from an out-group or external force, encompassing threats to resources, status, or cultural identity. Furthermore, Li (2023) stated that threat refers to an individual’s perception of the threat or harm caused by the application of AI technology. 

A study shows that 85 million jobs could be displaced globally by 2025 due to AI automation, with customer service representatives facing an 80& automation risk. Indeed, 97 million new AI-related jobs are expected to emerge (SSRN, 2025). Also, VKTR (2025) reports 41% of companies globally plan workforce reductions by 2030 due to AI, with over 700,000 jobs at risk in cities like London, and advises workers to pursue AI skills to remain employable. Exploding Topics highlights that 30% of USA workers fear their jobs will be replaced by AI, with entry-level jobs most vulnerable. Also, it highlights around 47% of USA workers will face potential job displacement from AI automation in the next decade. Additionally, National University (2025) reports that 60% of the workers expecting significant task modifications in their roles, with 20 million USA workers predicted to reskill soon as retraining and career shifts are increasing necessary. It shows that people should face the situation and think about their career path to prevent being replaced. Also, it shows that learning AI skills is important as it could apply in workplace and help people keeping employed and competitive.











Table 7: Definition of Threat
	Researchers
	Definition

	Glanz et al., 2008
	motivates individuals to engage in protective actions 

	Jones et al., 2014
	is a combined construct of perceived susceptibility and perceived severity that reflects an individual's belief about the likelihood of experiencing a threat and the seriousness of its consequences. 

	Schnall et al., 2015
	involves the belief that a new technology could harm one’s job security, require difficult skill acquisition, or lead to adverse outcomes, thus creating anxiety or resistance toward adoption

	Chen and Zahedi, 2016
	The extent to which an individual believes that using AI to make decisions is dangerous or harmful

	Esses et al., 2017
	belief that one’s social group is at risk from an out-group or external force, encompassing threats to resources, status, or cultural identity

	Li, 2023
	Refers to an individual’s perception of the threat or harm caused by the application of AI technology.


Source: Created by Author

2.4.2	Measurement of Threat in Employment
Threat refers to an individual’s perception that using a technology may expose them to potential risk or involves the belief that a new technology could harm one’s job security, require difficult skill acquisition, or lead to adverse outcomes, thus creating anxiety or resistance toward adoption (Pavlou, 2003; Schnall et al., 2015). 

Regarding the measurement of TIE, referring to table 8 that Cao (2021) stated that users have fear of exposure of AI’s risks. User will also have an extent of worry about AI’s risks and anxiety about the potential loss due to AI’s risk. Li (2023) stated that users is at risk for getting AI threat. Also, users are likely or possibly will contact AI threat. Additionally, users would believe that AI threat is severe, serious or significant. Yam (2023) stated that user would think that they will lose their job soon or in the future. User would feel insecure about the future of their job. Furthermore, Trang (2025) stated that users believe AI could eventually replace some of their key responsibilities. Users are worried and concerned about their long-term job security that what they do now may be taken over by AI in the future. Also, rapid technological advances in AI pose a serious threat to employees’ positions.

Table 8: Measurement of Threat
	Researchers
	Measurement

	Cao et al., 2021
	- My fear of exposure of AI’s risks is high
- The extent of my worry about AI’s risks is low
- The extent of my anxiety about potential loss due to AI’s risk is high
- The extent of my worry about AI’s risks due to misuse is high

	Li, 2023
	- User is at risk for getting AI threat.
- It is likely that the user will contact AI threat.
- It is possible that the user will contact AI threat.
- The user believe that AI threat is severe.
- The user believe that AI threat is serious.
- The user believe that AI threat is significant.

	Yam et al., 2023
	- users think that they will soon lose their job.
- users feel insecure about the future of their job.
- users think that they may lose my job in the future.

	Trang et al., 2025
	- Users believe AI could eventually replace some of their key responsibilities.
- Users are worried that what they do now may be taken over by AI in the future.
- Users are concerned about their long-term job security because AI might replace employees.
- Rapid technological advances in AI pose a serious threat to employees’ positions.


Source: Created by Author

2.4.3	Association of TIE and ITU
Based on the previous journals showing that TIE could have a complex association with the intention to use. Recent studies highlight that TIE can positively influence ITU by motivating individuals to proactively engage with new technologies as a strategy for job security and career resilience (Fenner Jr., 2017; Koo et al., 2021). In the Hong Kong workplace context, employees perceiving AI or digital automation as potential employment threats may increase their intention to use AI tools to enhance their skillsets and remain competitive (Leong, 2025).
H3: TIE and ITU have a positive relationship in Hong Kong Workplace

2.5	Perceived Trust
Perceived trust (PT) is described in the below sections, including the definition of PT and how to measure the PT in the analysis, research and questionnaires. 
2.5.1	Definition of trust
According to table 9, Trust in technology is broadly defined as a user's willingness to depend on a specific technology in situations characterized by risk and uncertainty, based on positive expectations of the technology's competence, reliability, and functionality (McKnight et al., 2002). Unlike trust in people, trust in technology emphasizes beliefs about the technology's attributes, such as the expectation that it will perform consistently and reliably without failures or glitches, rather than intentions or benevolence, which are inherent human qualities absent in machines (McKnight et al., 2002; Friedman et al., 2000). Odusanya (2020) stated that PT reflects a person’s belief that the use of technologies is secure and reliable even in situations of uncertainty, which also fits the mentioned.

According to other definitions of PT, Dhagarra (2020) stated that PT as a psychological state comprising of the intention to accept vulnerability based upon positive expectations of the intentions or behavior of another under conditions of risk and interdependence. Toreini (2020) stated PT as ability, benevolence, integrity and predictability. Gillath (2021) stated that enhance security of technology creates PT. Jacovi (2021) stated that PT is a central component of the interaction between people and AI. Stanton & Jensen (2021) stated that PT is that Efforts are aimed to assess AI system trustworthiness through measurements of accuracy.

The University of Melbourne and KPMG's 2025 global study of over 48,000 people across 47 countries found that 54% are wary about trusting AI, with more skepticism around AI's safety, security, and societal impacts than its technical ability. Trust and acceptance of AI have declined as adoption increased, with many people feeling optimistic yet worried. Trust is higher in emerging economies than advanced ones, and people want robust governance mechanisms like human oversight and independent assurance to build trust (University of Melbourne & KPMG, 2025). Ipsos (2025) global survey shows a split opinion with 52% excited about AI products and services but 53% also nervous about AI. Trust in governments to regulate AI responsibly is at 54%, while only 48% trust companies to keep data safe. Most people agree companies should disclose when AI is used, and people trust AI more than humans not to discriminate (Ipsos, 2025). According to Statista (2025), trust in AI varies significantly by country, with some emerging economies showing high trust levels in AI systems while developed countries exhibit more skepticism about AI safety and privacy.




Table 9: Definition of Trust
	Researchers
	Definition

	Dhagarra et al., 2020
	trust as 'a psychological state comprising of the intention to accept vulnerability based upon positive expectations of the intentions or behavior of another under conditions of risk and interdependence.'

	Toreini et al., 2020
	Ability, Benevolence, Integrity, Predictability

	Odusanya et al. (2020)
	reflects a person's belief that the use of technologies such as mobile commerce or FinTech platforms is secure and reliable, even in situations of uncertainty.

	Gillath et al., 2021
	Enhancing attachment security

	Jacovi et al., 2021
	Trust is a central component of the interaction between people and AI

	Stanton & Jensen, 2021
	Efforts are aimed to assess AI system trustworthiness through measurements of Accuracy


Source: Created by Author

2.5.2	Measurement of trust
Trust reflects a person’s belief that the use of technologies is secure and reliable even in situations of uncertainty, which also fits the mentioned.

Regarding the measurement of Trust, referring to table 10 that Pat (2022) stated that user will feel that AI is trustworthy and user will believe in what AI tells. Riedl (2022) stated that user will have the disposition and thoughts to use AI, also user will trust the propensity of AI. Choudhury (2022) stated that user will believe AI can improve reliability and performance. Liu (2022) stated that user will have a good feeling on AI and trust the information presented by AI. Khung (2025) stated that users will think AI is reliable, trustworthy and has integrity.


Table 10: Measurement of Trust
	Researchers
	Measurement

	Pal, et al., 2022
		· I feel that the AI is trustworthy

	· I believe in what AI tells me




	Riedl, 2022
		· Do you have the disposition to use AI

	· Do you have thoughts to use AI

	· Do you trust the propensity of AI




	Choudhury, 2022
	I believe AI can improve reliability and performance

	Liu, et al., 2022
		· I think this AI is trustworthy

	· I have a good feeling about relying on AI

	· I can trust the information presented by AI 




	Khuong, 2025.
	· AI-powered personalized advertising on digital platforms has integrity.”
· AI-powered personalized advertising on digital platforms is reliable.
· AI-powered personalized advertising on digital platforms is trustworthy.
· I can trust AI-powered personalized advertising on digital platforms.
· I highly trust AI-powered personalized advertising on digital platforms.


Source: Created by Author

2.5.3	Association of PT and ITU
Based on the previous journals showing that PT is one of the significant factors that leading to better intention to use of user. Recent studies specific to AI highlight that trust is a multifaceted construct encompassing beliefs about AI’s integrity, capability, and benevolence, all contributing significantly to users’ positive intentions to adopt AI tools (Huang & Gursoy, 2024; Jian et al., 2000). In Hong Kong’s workplace context, where AI integration is rapidly increasing, perceived trust mitigates anxieties about AI’s decision-making opacity and promotes acceptance. Moreover, trust interacts with perceived usefulness and ease of use, often mediating their effects on intention to use, suggesting that even highly useful systems may not be adopted without sufficient trust (Cheng et al., 2023; Kim & Park, 2022).
H4: PT has a positive correlation with ITU in Hong Kong Workplace.

2.6	Factors associated with Demographics and the Hypotheses
Demographic variables play a substantial role in shaping individuals’ perceptions and behaviors related to technology adoption, especially regarding artificial intelligence (AI) in the workplace. In this study, age, gender, job function, job level, and academic qualifications are examined as key moderating factors. Extensive research demonstrates that younger individuals tend to exhibit greater technology readiness and more positive attitudes toward adopting new technologies compared to older cohorts, who may face barriers related to digital skills or confidence (Draxler et al., 2023; Raja et al., 2020; Kim et al., 2025). Gender has also showed as a significant influence, studies have found that males are more likely to adopt and continue using AI tools than females, which due to the differences in self-efficacy, exposure, and socialization in technology-related domains (Draxler et al., 2023; OECD, 2024). 

Job function and job level further shape technology perceptions and adoption. Employees in technical, analytical, or knowledge-intensive roles are typically more exposed to AI technologies, perceive greater usefulness, and develop higher levels of trust and intention to use. Meanwhile, for those in less tech-oriented functions or lower job levels may feel employment threat or skill barriers (Wirtz & Rohrbeck, 2018; Cao et al., 2021). Academic qualifications strongly correlate with technology adoption as well, individuals with higher educational attainment tend to show increased confidence, perceived ease of use and trust in AI systems, due to advanced exposure gained through formal education (Draxler et al., 2023; Raja et al., 2020; OECD, 2024). Additionally, senior professionals and those with more years or depth in their current job function report higher intention to continue AI use, likely reflecting deeper domain expertise and better understanding of how AI can enhance job performance (Cao et al., 2021).

These demographic characteristics can moderate the relationships with Perceived Ease of Use, Perceived Usefulness, Perceived Trust, Threat in Employment, and Intention to Use AI by amplifying or suppressing perceived benefits, risks, and resistance to adoption. For instance, those with higher education, technical job roles, and senior job levels typically display lower perceived threat from AI and higher trust and adoption intention, while older or less digitally literate workers may express greater anxiety and skepticism (Draxler et al., 2023; Raja et al., 2020; OECD, 2024). 

Accordingly, this study hypothesizes that:
H5a: There are significant differences between the gender and the intention of using AI in Hong Kong workplace
H5b: There are significant differences between the age and the intention of using AI in Hong Kong workplace
H5c: There are significant differences between the job function and the intention of using AI in Hong Kong workplace
H5d: There are significant differences between the job level and the intention of using AI in Hong Kong workplace
H5e: There are differences between the academic qualifications and the intention of using AI in Hong Kong workplace

These hypotheses will be empirically tested in subsequent chapters, leveraging validated scales and statistical analysis to explore how demographic diversity shapes attitudes and behaviors toward AI adoption in the modern workplace.

2.7	Summary
This chapter has provided a comprehensive literature review that establishes the theoretical foundation and operational definitions for the key variables of this research: Perceived Ease of Use, Perceived Usefulness, Threat in Employment, Perceived Trust, and Intention to Use. Through analyzing broad academic studies and recent survey evidence, the review clarified that perceived ease of use and perceived usefulness are critical in shaping user attitudes and subsequent adoption of AI technologies (Davis, 1989; Venkatesh & Davis, 2000; Esfahbodi et al., 2022). The literature also demonstrated that perceived threat in employment, stemming from job automation risks and technological change, provides anxiety toward AI adoption, especially among certain workforce segments (Jones et al., 2014; Schnall et al., 2015; Chen & Zahedi, 2016; Li, 2023). Trust in AI systems emerges as another key factor, reflecting users’ willingness to rely on technology and highlighting the importance of AI (McKnight et al., 2002; Odusanya et al., 2020; Dhagarra et al., 2020).

In addition, the review identified measurement frameworks for each construct for quantitative research. It further discussed how demographic variations, including age, gender, job function, job level, and academic qualifications moderate attitudes and behavioral intentions related to AI, shaping both perceived benefits and concerns surrounding technological changes in the workplace (Draxler et al., 2023; OECD, 2024; Raja et al., 2020). Finally, several hypotheses were developed to test these relationships.

In summary, this chapter provides guidance for designing survey and research methodology and ensures that future analyses remain closely aligned with the theoretical constructs and current empirical evidence relevant to AI adoption and workplace transformation.
Chapter 3: Research Methodology
Chapter 3 conducted a qualitative analysis regarding the processes and methodologies employed to identify, compile and evaluate information to establish its reliability and consistency. An online questionnaire is also conducted to get an overview of the situation for this study. An pilot test is used to for the questionnaire’s reliability test.

3.1	Research Model and Hypotheses
Figure 5: Overview of Research
[image: ] [image: ]
Source: Created by Author

3.2	Triangulation
Triangulation is an experimental method using multiple sources such as data sets, methods, researchers, or theories to address the same research question, enhancing validity and credibility by cross-checking evidence from different perspectives (BachelorPrint, 2025). It is also recognized as a strategy to intensify validity and ensure credible research findings by using multiple research approaches, especially in mixed-methods research (Ediyanto et al., 2025).

The integration of questionnaire data with secondary literature analysis allows for a richer, more nuanced interpretation of how perceived ease of use, perceived usefulness, threat in employment, and trust collectively influence intention to use AI in the workplace. When quantitative findings are corroborated by qualitative insights from academic literature and industry reports, the conclusions become more robust and defensible. Furthermore, this combined approach enables the researcher to detect inconsistencies or contradictions between what participants report and what existing research suggests, prompting deeper investigation into potential explanations or contextual factors. Figure 6 illustrates the visual representation of how triangulation integrates both quantitative and qualitative methods in this research design.


Figure 6: An illustration of the Quantitative and Qualitative methods of triangulation
[image: ]
Source: Ediyanto et al., 2025



3.3	Qualitative and Quantitative Research
Triangulation led to two main approaches: qualitative and quantitative research. These methodologies provide distinct lenses through which researchers can explore and understand phenomena. Qualitative research delves into the meanings, experiences, and perceptions underlying human behavior, offering rich and detailed insights that are often context specific. In contrast, quantitative research emphasizes measurement and numerical data, enabling the analysis of patterns, relationships, and causal effects that can be generalized across larger populations. Together, these approaches complement each other by addressing different facets of research questions and strengthening the overall validity of scientific inquiry.

3.3.1	Qualitative Research
Qualitative research is an investigative approach focused on exploring and understanding the depth, complexity, and meaning of phenomena. It involves collecting and analyzing non-numerical data such as text, audio, or video to gain insights into concepts, opinions, or experiences. It emphasizes rich descriptions, context, and subjective perspectives, often using methods like interviews, focus groups, participant observation, and thematic analysis. Qualitative research aims to understand the "how" and "why" of human behavior and social phenomena, producing findings that are interpretive, inductive, and contextual rather than generalizable or statistical (Tenny et al., 2022; Bhandari, 2025). 

This study collected primary qualitative data from questionnaires. This provided a deeper understanding of workplace workers incentive of using AI and also how they think of the threat AI may affect them. It allows researcher to get a first-hand understanding other than the internet. Additionally, secondary data are collected from internet journals, articles, academic research studies conducted by other authors. Researchers could gain multi-angles view and understanding of the factors and data regarding the wide use of AI, trust of people using AI, threat AI brought to employees, etc.

3.3.2	Quantitative Research
Quantitative research, on the other hand, involves collecting and analyzing numerical data to quantify variables and identify patterns, relationships, or causal effects through statistical methods. It is characterized by structured tools such as surveys, tests, or experiments, producing measurable and generalizable results. Quantitative research aims to test hypotheses, measure frequencies or magnitudes, and produce objective, replicable findings often presented in forms of graphs, tables, or statistics (Bhandari, 2025). 

3.4	Questionnaire Surveying Method
The questionnaire surveying method is defined as a structured data collection tool that comprises a series of standardized questions designed to gather specific information from respondents. It is commonly used in both qualitative and quantitative research to efficiently collect data related to respondents' attitudes, behaviors, perceptions, or demographic characteristics. Questionnaires can be administered through various means including paper forms, online platforms, or interviews, and they allow for systematic, consistent data gathering which facilitates analysis and comparison of results. This method is favored for its cost-effectiveness, ability to reach large samples, and ease of data quantification, contributing to the reliability and validity of research findings in dissertation studies (Denscombe, 2025; Ponto, 2015; Regmi et al., 2016). 

Questionnaire surveying method (table 11) involved snowball sampling which allow researcher and individuals to recruit more of their friends to fill in the questionnaire, which the researcher could access more population. A online questionnaire is used in this research which the researcher could deliver to different individuals at ease and ensure the target population is meet. Five-point Likert scale is used in the questionnaire, it lowers barriers to comprehension and allows respondents to express opinions easily, including a neutral response option (Teaching-Family Model, 2019). This questionnaire covered questions related to the 5 aspects in the research model plus demographics. A Pilot test (Appendix B) is performed from 1 July 2025 to 31 July 2025 after 24 individuals filled in the first version of the questionnaire, which investigation and amendments are made before the final version of the questionnaire. 

Table 11: The Layout of the Questionnaire
	Items
	Type of data
	Adopted from

	Ease of use (PEOU)
	Five-point Likert scale
(Teaching-Family Model, 2019)
	Teo & Noyes, 2011

Lenz, et al., 2023

Islam, 2024

	Perceived Usefulness (PU)
	
	Teo & Noyes, 2011

Ronaghi, 2022

Khuong, 2025

	Threat in Employment
(TIE)
	
	Li, 2023

	Intent to use (ITU)
	
	Cao, et al., 2021

Gursoy, et al., 2020

	Trust (PT)
	
	Khuong, 2025

Liu, et al., 2022

	Demographic Factors
	
	Islam, 2024


Source: Created by Author


3.5	Pilot test	
In a dissertation, a pilot test (or pilot study) is a small-scale preliminary trial conducted before the main research project. Its purpose is to evaluate the feasibility, design, methods, and data collection tools to identify any issues or challenges that might arise during the larger study. By conducting a pilot test, researchers can refine their procedures, improve research instruments (e.g., questionnaires or interview guides), and ensure that the study is practical and viable within the resources available. This trial run helps to reduce errors, increase reliability and validity, manage resources effectively, and provide initial data or insights to guide the full-scale study (Researcher Life, 2025; Simply Psychology, 2023; CASP UK, 2024).


Table 12: Results of pilot test involving 24 participants
	Pilot Test

	
	Cronbach’s Alpha if item deleted
	N of items
	If deleted question
	Cronbach’s Alpha if item Exist

	PEOU
	0.821
	4
	/
	/

	PU
	0.784
	4
	/
	/

	TIE
	0.912
	6
	/
	/

	ITU
	0.772
	3
	ITU4
	0.502

	PT
	0.728
	3
	PT3
	0.620

	Total:
	0.897
	20
	


Source: Created by Author

Based on the results of the 24 participants (table 12), few adjustments been made after the pilot test. ITU4 and PT3 are removed in the final survey as the Cronbach’s Alpha does not meet 0.7, respectively 0.502 and 0.620. The Cronbach’s Alpha stayed over the 0.7 level nearly 0.8 after ITU4 and PT3 are removed. PEOU, PU, TIE remain unchanged because the Cronbach’s Alpha remain high and normal. This lead to the finalize version of the final survey.

The pilot test sample size of 24 participants (n=24) was determined based on established guidelines for pilot study sample size justification in quantitative research. According to Julious (2005), a minimum sample size of 12 participants per group is recommended for pilot studies to achieve adequate precision in estimating parameters without requiring formal statistical power calculations. Other methodological literature suggests pilot sample sizes between 10-30 participants are appropriate for feasibility testing and instrument refinement (Hertzog, 2008; Thabane et al., 2010). The selection of 24 participants for this study aligns with these recommendations and was deemed sufficient to identify problematic questionnaire items, assess the reliability of measurement scales using Cronbach's alpha, and estimate the time required for survey completion. This sample size balances the desire to minimize resources expended on piloting while maintaining adequate statistical power to detect issues with the measurement instrument.

The pilot test participants were recruited through convenience sampling from the researcher's professional network, representing diverse demographics like the target population. This ensured that the pilot test sample was reasonably representative, though not random. Following the pilot test, a thorough analysis was conducted examining item-level statistics, scale reliability (Cronbach's alpha values), and participant feedback regarding question clarity and survey length. Specific items showing low item-total correlations or those reported as confusing by participants were revised or removed. This iterative refinement process is consistent with best practices in survey research methodology (Perneger et al., 2015) and ensures that the final questionnaire used in the main study is optimized for reliability, validity, and participant comprehension.

As shown in of the main findings, the pilot test revealed that items ITU4 (related to intention to use) and PT3 (related to perceived trust) had Cronbach's alpha values below the 0.70 minimum threshold (0.502 and 0.620 respectively), indicating poor item reliability. These items were subsequently removed from the final survey instrument. All other scales maintained Cronbach's alpha values above 0.70, meeting the minimum reliability standard. This process of refinement based on pilot data demonstrates the value of conducting a preliminary study and underscores the importance of iterative research design.

3.6	Final Survey
The final survey (Appendix C) was conducted between 27 Jul and 28 Aug 2025 to access the factors in details. The final sampling outputs of the questionnaire is 168 in this study and it would be explained in the coming sections. The questionnaire structure (Table 13) was showcased to show variables individually. Other than Sampling Size, Target Population and Sampling Method would be explained in the coming sections.










Table 13: Final Survey Adoption
	Items
	Items with variables
	References

	Ease of use (PEOU)
	PEOU1: I find AI easy to use
	Teo & Noyes, 2011

	
	PEOU2: I would find it easy to become skilled at using AI
	Lenz, et al., 2023

	
	PEOU3: I would have no trouble learning how to use AI
	Islam, 2024


	
	PEOU4: I find it easy to get AI to do what I want it to do.
	Teo & Noyes, 2011

	Items
	Items with variables
	References

	Perceived Usefulness (PU)
	PU1: Using AI enhances my task effectiveness.
	Teo & Noyes, 2011

	
	PU2: Using AI saves me time and effort in performing tasks.
	Ronaghi & Ronaghi, 2022

	
	PU3: Using AI will increase my productivity
	Teo & Noyes, 2011

	
	PU4: I Think AI enhances the quality of my working output
	Khuong, 2025

	Threat in Employment
(TIE)
	TIE1: I am at risk for getting AI threat.
	Li, 2023

	
	TIE2: It is likely that I will contact AI threat.
	

	
	TIE3: It is possible that I will contact AI threat.
	

	
	TIE4: I believe that AI threat is severe.
	

	
	TIE5: I believe that AI threat is serious.
	

	
	TIE6: I believe that AI threat is significant.
	

	Intent to use (ITU)
	ITU1: I will always try to use AI in my workplace
	Cao, et al., 2021

	
	ITU2: I expect to continue using AI in the future
	Gursoy, et al., 2020

	
	ITU3: I will recommend others (include colleagues) to use AI
	Gursoy, et al., 2020. '

	Trust (PT)
	PT1: I think the AI application is reliable to use
	Khuong, 2025.

	
	PT2: The AI application is trustworthy that I could enter personal or company information
	Liu, et al., 2022

	
	PT3: I found AI-powered information is reliable.
	Khuong, 2025.

	Demographic Factors (DF)
	DF1: Gender

	Islam, 2024


	
	DF2: Age Group
	


Source: Created by Author

3.6.1	Target Population
The target population for this study is employed workers in Hong Kong locally as the study is to study the effects AI brought to workers in workplace. This population can be determined by local official government websites. According to the Census and Statistics Department of Hong Kong, the number of Hong Kong’s working population being approximately 3,664,700, corresponds to the total employment number around mid-2025. This figure represents the number of people engaged in the economy as paid employees or self-employed individuals. The data confirms the employment scale for the study's population scope and aligns with official government statistics for accuracy and representativeness.

3.6.2	Sampling Method	
In this study, the sampling was followed after the approval of pilot test. It provided an accurate and systematic analysis of the study. The Final survey gathered insights and data from targeted population for further analysis. The data collected was used to analysis the association between the factors and the participant’s demographics.

A non-probability sampling technique was employed for participant recruitment in this study. This method involves initial participants recruiting additional participants from their social networks, creating a "snowball effect" that expands the sample size organically. The sampling process began with the researcher identifying approximately 20 initial participants (seeds) from diverse demographic backgrounds and employment sectors in Hong Kong. These initial participants were requested to share the online questionnaire link with their employed contacts, who in turn could share it with others in their networks. Snowball sampling was selected for several pragmatic and methodological reasons. It provided cost-effective and time-efficient access to a large pool of employed workers across Hong Kong without requiring extensive financial resources for participant recruitment (Naderifar et al., 2017). Given the constraints of a dissertation project, this approach maximized the researcher's ability to reach a substantial sample without prohibitive costs.

3.6.3	Sampling Size
According to the Census and Statistics Department of Hong Kong, the number of Hong Kong’s working population being approximately 3,664,700. Therefore, the (N) would be 3,664,700 (Table 14). The Z-score value is 1.96 when the confidence level set to 95% for standard deviations. The tolerated level of sampling error (e) is set to 8%. The successful rate is set to 0.63 and the failure rate (q) is set to 0.38. Therefore, the minimum sampling size of this study is 141(Appendix D) was calculated by the equation (Mo and Chu, 2025) and was shown as the Table below, which 168 is sampled at last.

Table 14: Sample Size Calculation and Simple Random Sampling
	Equation
	Variable
	Data
	Description

	[image: ][image: ]
	N
	3,664,700
	Target population

	
	Z
	1.96
	confidence level 95%

	
	e
	8%
	a tolerated level of sampling error

	
	P
	0.63
	Successful rate. p=15/24)

	
	q
	0.38
	Failure rate


Source: Created by Author




3.7	Data Analysis Techniques 
This research used SPSS version 31 to check out population data, reliability test, T-test, factor analysis, correlation analysis, ANOVA test and regression test (Sheffield Hallam University, 2008).

(i). Descriptive Statistics: Descriptive statistics refer to the branch of statistics that involves summarizing and presenting data in a meaningful and straightforward way. The primary purpose of descriptive statistics is to describe the basic features of the dataset, providing a clear overview of the sample without making inferences or conclusions beyond the data, presented through numerical summaries, tables and graphs (Jansen, 2025; BachelorPrint, 2025; Eastwood, 2023). 

(ii). Reliability Test: A reliability test is defined as a procedure used to evaluate the consistency and stability of the measurement instruments or data collection methods over time or across various conditions. The primary purpose of a reliability test is to ensure that the results obtained are repeatable and dependable, meaning that the same research method applied to the same sample under the same conditions will yield similar results. This is critical for establishing the trustworthiness and credibility of the research findings. Reliability testing helps identify errors or biases within the measurement process (Scribbr, 2023; Lærd Dissertation, 2003; Dissertation Data Analysis Help, 2025).

(iii) Factor Analysis: Factor analysis is a statistical method used in research to reduce numerous observed variables into a smaller number of underlying factors, simplifying data interpretation and identifying latent constructs. It helps validate the structure of measurement instruments by grouping related items that represent the same theoretical concept, thereby ensuring construct validity. In dissertations, factor analysis supports the reliability and validity of scales before proceeding to other analyses and is commonly applied in social sciences to clarify complex relationships among variables (Field, 2013; Hair et al., 2014).

(iv). Correlation Test: Referring to table 15 and 16, a correlation test is defined as a statistical method used to measure the strength and direction of the relationship between two or more variables without manipulating them. The correlation coefficient, which ranges from -1 to +1, quantifies this relationship: a positive value indicates both variables increase or decrease together, a negative value indicates one increases as the other decreases, and zero implies no relationship. The purpose of the correlation test is to determine whether a statistically significant association exists between variables, understand the nature (positive or negative) of their relationship, and assess the strength of this association. Correlation analysis is especially useful in understanding patterns, generating hypotheses, and exploring variables in natural settings where manipulation is not feasible or ethical, although it does not imply causation (Bhandari, 2021; The Gear Consulting, 2025; Scribbr, 2021). 

Table 15: Description of p-value
	P value
	Description

	p>0.10
0.05<p<0.10
0.01<p<0.05
0.001<p<0.01
P<0.001
	The data support null hypothesis as it cannot be refuted.
Evidence is weak against the null hypothesis.
Alternative hypothesis is supported by moderate evidence.
Its strong to support the alternative hypothesis over the null.
Its strong to support the alternative hypothesis over the null.


Source: Created by Author




Table 16: Correlation test
	Equation
	Variable
	Description

	
	



	Correlation coefficient
Values of the x-variable in a sample
Mean of the values of the x-variable
Values of the y-variable in a sample
Mean of the values of the y-variable

	Indications
	Correlations of Distribution

	Negative Correlation
Insufficient Correlation
Moderate Correlation
Strong Correlation
Excellent Correlation
	0.11~0.30 (0.00~-0.30)
0.30~0.50 (0.30~-0.50)
0.50~0.70(0.50~-0.70)
0.70~0.90(0.70~-0.90)
0.90~100(0.90~-1.00)


Source: Created by Author

(v). Linear Regression Analysis: Referring to table 17, linear regression analysis is defined as a statistical method used to examine and model the relationship between one dependent variable and one or more independent variables by fitting a linear equation to the observed data. It allows researchers to quantify how changes in independent variables influence the dependent variable and to predict outcomes based on this relationship. The purpose of linear regression analysis is to identify the strength, direction, and statistical significance of the associations, as well as to control for confounding variables. This method helps in hypothesis testing, understanding factors impacting outcomes, and forecasting based on the predictor variables. Researchers often use simple linear regression for one independent variable and multiple linear regression when dealing with several predictors. Ensuring assumptions like linearity, normality, and homoscedasticity are met is essential for valid results (The Gear Consulting, 2025; Indeed, 2025; Roustaei, 2024).


Table 17: Linear Regression
	Linear Regression Category
	Equation
	Variable
	Description

	Multiple Linear Regression (MLR)
	General:


This rehearsal model:

	



	Dependant variable
Intercept
Slope for 
Independent variable


Source: (tranmer et al. 2020)

(vi). Independent T test is used to compare groups
The two-sample means do not differ statistically significantly between male and female

The means of the two samples differ statistically significantly


The two-sample means do not differ statistically significantly between Office and Front-line workers

The means of the two samples differ statistically significantly
ront

Furthermore, Levene’s test shall be used. Levene's test is a statistical procedure used to test the homogeneity of variance between groups in contexts including clinical trials and quantitative research. It discusses its robustness, variations (such as using medians instead of means), and its frequent implementation in statistical software packages like SPSS. For instance, a 2023 review in biomedical research highlights Levene's test among contemporary procedures for assessing variance homogeneity in clinical trials, emphasizing its stability against non-normality and ongoing relevance in applied statistics (Qian et al., 2023). Modern tutorials and guides also continue to explain the rationale and application of Levene’s test, its interpretation, and practical implementation (Real Statistics, 2023; NumIQo, 2024).

(vii). One-Way Analysis of Variance is known as ANOVA. It is mainly employed to compare the means of more than 2 independent groups to examine whether there is statistical evidence that the associated population means are significantly different (Kim, 2014). This research was used to examine the impact of age(Ha), job level(Hl) and academic qualifications(Hq) with ITU.

			(Where 1=<21, 2=21-30, 3=31-40, 4=41-50, 5=>50)

(Where 1=Entry-level Co-worker, 2=Entry-level Management, 3=Mid-level Management, 4=Executive-level Management)

(Where 1=Secondary or below, 2=Certificate / Diploma, 3=Bachelor's degree, 4=Master's degree, 5=Doctoral degree or above)



3.8	Research Method Limitations
The study has some limitations. This study used an online questionnaire to gather 168 outcomes with the use of multiple choices options. This is difficult to gather feedbacks from each of the participants and also difficult to ensure if all participants understands the questions. Furthermore, this method employed snowball methodology, which existing study participants recruit or refer other potential participants from their social networks to be included in the sample. It would be difficult to ensure the balance in demographic factors such as gender, age group, industry, etc. Also, it’s possible that the participants may influenced by peers while answering questions. 

3.9	 Research Ethics
This study strictly adheres to established research ethics guidelines to ensure the responsible and ethical conduct of research involving human participants. In compliance with local and international ethical standards, informed consent was obtained from all participants prior to data collection, guaranteeing that participation was voluntary and based on full understanding of the study’s purpose and procedures. Participant confidentiality and anonymity were rigorously maintained, with personal data securely stored and accessible only to authorized research personnel. The study was designed to minimize any potential risks or discomfort to participants, and ethical approval was sought and obtained from an appropriate institutional review board prior to commencement. Throughout the research process, transparency, respect for participant rights, and integrity in data handling and reporting were prioritized, ensuring the study’s findings are credible, reliable, and ethically sound. These measures collectively uphold the principles of beneficence, justice, and respect for persons, which are foundational to ethical research practices.


3.10 	Summary
Chapter 3 has detailed the comprehensive research methodology employed in this study to examine the factors influencing employees' intention to use AI in Hong Kong workplaces. The methodology demonstrates rigor through multiple integrated components.

The study employs triangulation, combining qualitative and quantitative methods to enhance validity and provide multiple perspectives on the research questions. This mixed-methods approach enables both the identification of meaningful quantitative relationships among variables and the contextual understanding provided by qualitative literature analysis.

The research design utilizes an online questionnaire administered through snowball sampling, collecting responses from 168 employed workers in Hong Kong. The questionnaire measures five key constructs (PEOU, PU, TIE, PT, and ITU) using validated measurement scales and incorporates demographic variables to examine moderating effects. Prior to the main study, a pilot test with 24 participants validated the questionnaire's reliability and identified items requiring refinement.

Data analysis employs multiple complementary statistical techniques, such as descriptive statistics, reliability analysis, correlation analysis, linear regression, ANOVA, and independent t-tests, each carefully selected to address specific research questions and hypotheses. These techniques enable both the identification of relationships among study variables and the examination of how demographic characteristics influence AI adoption intentions.

The research design incorporates multiple safeguards for research quality and ethics: (1) validated measurement instruments ensuring construct validity; (2) careful attention to statistical assumptions and appropriate test selection; (3) transparent acknowledgment of methodological limitations; (4) comprehensive ethical protections including informed consent, confidentiality, and data security; and (5) compliance with Hong Kong research regulations.

The methodology employed in this study demonstrates methodological rigor through careful research design, validated measurement instruments, appropriate sampling procedures, and robust statistical analysis techniques. The integration of triangulation, pilot testing, ethical safeguards, and rigorous statistical methods ensures that the findings are credible, reliable, and ethically sound, providing a solid foundation for the subsequent data analysis and interpretation presented in Chapter 4.



Chapter 4: Data Analysis
This chapter showed the findings from primary research. Graphs and tables are used to showcase data characteristics, summarize statistics and variables. The data are analyzed to find relations between variables. 

4.1	Data from Final Survey
A survey was conducted to examine the influence AI brought to workplace workers regarding PEOU, PU, TIE, ITU, PT. The final survey was conducted online with 168 participants between 27 Jul and 28 Aug 2025 to access the factors in details (table 18). All 168 received response are valid as no misinput or missing answers. Also, all the participants are employed workers locally in Hong Kong. 

Table 18: Rate of Response in the Pilot Test and in the Final Online Survey
	Pilot Test
	Response Rate
	Online Questionnaire
	Respond Rate

	24
	100%
	168 (Collected)
	100%

	
	
	168 (Valid)
	


Source: Created by Author

4.1.1 Demographic Data
Table 19 summarizes the demographic data of the 168 survey participants by gender, age group, job function, job level and academic qualifications.





Table 19: Summary of final survey participants
	Variables
	Information
	Frequency
	Percentage
	Subtotal (%)

	Gender
	Male
	73
	43.5
	168 (100)

	
	Female
	95
	56.5
	

	Age Group
	<21
	10
	6.0
	168 (100)

	
	21-30
	32
	19.0
	

	
	31-40
	59
	35.1
	

	
	41-50
	27
	16.1
	

	
	>50
	40
	23.8
	

	Job function
	Office
	91
	54.2
	168 (100)

	
	Front-line
	77
	45.8
	

	Job Level
	Entry-level Co-worker
	80
	47.6
	168 (100)

	
	Entry-level Management
	32
	19.0
	

	
	Mid-level Management
	35
	20.8
	

	
	Executive-level Management
	21
	12.5
	

	Academic Qualifications
	Secondary or below
	47
	28.0
	168 (100)

	
	Certificate / Diploma
	30
	17.9
	

	
	Bachelor's degree
	52
	31
	

	
	Master's degree
	39
	23.2
	

	
	Doctoral degree or above
	0
	0
	


Source: Created by Author


4.1.1.1 Gender
Figure 7 showcase about the gender distribution of the survey participants. Within the 168 participants, 73 (43.45%) are males and 95 (56.55%) are females. According to Deloitte (2025), the number of women's generative AI usage was roughly half that of men in the U.S during 2023, and likely to reach parity in the end of 2025. Despite this growth, men tend to use AI tools more frequently and report greater productivity benefits. Globally, this gender gap in AI adoption persists across various countries, including the U.K. and multiple European nations, with women often adopting AI technologies 10-40% less than men. The possible reasons for this issue includes women’s higher level of AI-related anxiety, lower trust to AI, career advancement, AI development bias, etc (Deloitte, 2025; Harvard Business School, 2025; Forbes, 2025; Russo et al., 2025; LinkedIn, 2025). 

Figure 7: Graph of Participant’s Gender
[image: A blue squares with black text
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Source: Created by Author

4.1.1.2 Age Group
Figure 8 presents the age distribution of 168 survey participants: under 21 (5.95%), 21-30 (19.05%), 31-40 (35.12%), 41-50 (16.07%), and over 50 (23.81%). Research shows younger workers adopt AI more readily, with approximately 73% of workplace AI adopters under 50 years old, particularly those aged 18-29 who actively use advanced AI applications (Nielsen Norman Group, 2025; McKinsey, 2025). Usage declines with age, as workers over 50 report lower familiarity and comfort with AI tools. The millennial cohort (35-44 years) demonstrates high AI expertise and serves as adoption champions, reflecting broader patterns where younger generations more readily embrace emerging technologies due to greater adaptability, digital education, and comfort with AI interaction paradigms (NBER, 2024; AZUMO, 2025).

Figure 8: Graph of Participant’s Age Group
[image: A graph of age groups
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Source: Created by Author


4.1.1.3 Job Function
Figure 9 illustrates the job function distribution of 168 participants: office workers (54.17%) and frontline workers (45.83%). Knowledge workers in tech, finance, and marketing use AI tools significantly more frequently, with 54% of IT professionals using AI daily for diverse tasks. In contrast, production and frontline workers use AI only 9-11% of the time, primarily for automating repetitive tasks. This disparity reflects differences in job demands, where office roles benefit more from AI augmentation of knowledge work, while frontline positions focus on manual or direct customer interaction (Apollo Technical, 2025; Gallup, 2025).

Figure 9: Graph of Participant’s Job Function
[image: A graph of a job function

AI-generated content may be incorrect.]
Source: Created by Author




4.1.1.4 Job Level
Figure 10 presents the job level distribution of 168 participants: entry-level co-workers (47.62%), entry-level management (19.05%), mid-level management (20.83%), and executive-level management (12.50%). Research shows leaders use AI more frequently (33%) than lower-rank workers, leveraging AI for decision-making, strategy, and analytics where productivity benefits are maximized (Gallup, 2025; McKinsey, 2025). Lower-level workers report less frequent AI use, primarily for routine or task-specific functions. However, AI adoption is growing across all job levels, with workers increasingly initiating independent AI use regardless of formal job level distinctions (The Interview Guys, 2025).

Figure 10: Graph of Participant’s Job Level
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4.1.1.5 Academic Qualifications
Figure 11 showcase about the academic qualification distribution of the survey participants. Within the 168 participants, 47 (27.98%) participants are secondary level or below, 30 (17.86%) participants are certificate or diploma level, 52 (30.95%) participants are bachelor’s degree level, and the remaining 39 (23.21%) participants are master’s degree level, no participants are doctorate or above level.

Figure 11: Graph of Participant’s Academic Qualifications
[image: A graph of a bar graph
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4.1.1.6 Summary of Demographic Data
This study received response from 168 questionnaire participants. 57% are female and remaining 43% are male. Most of the participants age group belongs to 31-40 with 35%. 54% of the participants worked in office and the remaining worked as frontline. Almost half (47.62%) of the total participants worked as entry-level co-workers. Lastly, over half of the participants have a Bachelor’s degree of above.

4.2	Cross-tabulation of Demographic Factors
Cross-tabulation is defined as a statistical method used to analyze the relationship between two or more categorical variables by organizing the data into a matrix or table format. This could uncover patterns, associations, and dependencies between categorical variables (Appinio, 2024; Qualtrics, 2023; Displayr, 2025). Therefore, cross-tabulation was used in this study.

4.2.1	Age Group and Intention to Use (ITU)
Figure 12 and Table 20 showed the outcome of participants opinion of trying to  use AI in workplace according to age group. Firstly, it shows that most participants agreed on the intention of using AI. 75 of 168 (44.6%) agreed on the intention of using AI, 15 of 168 (8.9%) strongly agree on the intention of using AI, which over half of the applicants show positive attitude on using AI. Secondly, it shows that younger workers have stronger intention and positive attitude on using AI then senior workers. 100% of applicants aged under 21 agreed on the intention of using AI, around 65% of applicants aged 21-30 agreed or strongly agreed, around 40% of applicants aged 31-40 agreed or strongly agreed. 








Figure 12: Age Group and Intention to Use (ITU1)
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Table 20: Age Group and Intention to Use (ITU1)
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4.2.2	Job Function and Intention to Use (ITU)
Figure 13 and Table 21 present participants' intentions to use AI in the workplace by job function. Overall, 105 of 168 participants (62.5%) agreed or strongly agreed on AI adoption intentions. Office workers demonstrated substantially higher intentions, with approximately 90% agreeing or strongly agreeing, compared to only 30% of frontline workers, reflecting significant job function differences in workplace AI adoption intentions.

Figure 13: Job Function and Intention to Use (ITU2)
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Table 21: Job Function and Intention to Use (ITU2)
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4.2.3	Job Level and Intention to Use (ITU)
Figure 14 and Table 22 present participants' intentions to use AI by job level. Overall, 90 of 168 participants (53.5%) agreed or strongly agreed on AI adoption. Entry-level co-workers showed lower intentions at approximately 40% agreement, while higher job level participants (entry-level management, mid-level management, and executive) demonstrated substantially higher intentions of at least 60% agreement, indicating job level significantly influences workplace AI adoption intentions.

Figure 14: Job Level and Intention to Use (ITU1)
[image: ]
Source: Created by Author
Table 22: Job Level and Intention to Use (ITU1)
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4.2.4	Academic Qualifications and Intention to Use (ITU)
Figure 15 and Table 23 present participants' intentions to use AI by academic qualification. Overall, 90 of 168 participants (53.5%) agreed or strongly agreed on AI adoption. Participants with only secondary or lower qualifications showed substantially lower intentions at approximately 30% agreement, while those with bachelor's or master's degrees demonstrated markedly higher intentions exceeding 60% agreement, demonstrating that academic qualification strongly influences workplace AI adoption intentions.








Figure 15: Job Level and Intention to Use (ITU1)
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Table 23: Academic Qualifications and Intention to Use (ITU1)
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4.3	Each Factor’s Highest and Lowest Averages
Figure 16 showcase each factor’s highest and lowest averages. The mean of PEOU was the highest at 3.82, while TIE has lower mean score at 3.05. It shows that participants consider Ease of use as an important factor while using AI and intention to use AI.

Figure 16: Each Factor’s Highest and Lowest Averages

Source: Created by Author

4.4	Reliability Test
A reliability test is defined as a procedure used to assess the consistency and dependability of a measurement instrument or data collection method. Its purpose is to ensure that the results produced by the measurement are stable over time and across different conditions, and that the same measurement method applied repeatedly will yield similar results (Scribbr, 2023).


Table 24: Reliability Statistics
	Factors
	N of items
	This research’s Alpha
	Other research’s Alpha
	Researcher

	PEOU
	4
	0.878
	0.91
	Teo & Noyes, 2011

	PU
	4
	0.951
	0.93
	Teo & Noyes, 2011

	TIE
	6
	0.940
	0.922
	Li, 2023

	ITU
	3
	0.922
	0.778
	Gursoy, et al., 2020

	PT
	3
	0.853
	0.884
	Khuong, 2025.

	Total
	20
	0.914
	
	


Source: Created by Author

Referring to Table 24, showing that the reliability test has a total of 0.914, which is higher than the minimum value of 0.7 and also the pilot test. It shows that it has significant and excellent result. Also, the alpha results of this research are similar or even better than other researchers, such as PU, TIE and ITU has a greater alpha than other researchers.

4.5	Factor Analysis
Table 25 showcase about the analysis result regarding the KMO and Bartlett’s Test. The KMO Matrix value of this study is 0.845, which is higher than the permissible index of 0.5. Each component has an eigenvalue bigger than 1, showing its significance. It showcased the separation of total variation by each factor. Factors with eigenvalue less than 1 are ignored which it did not considered as unique factor. The cumulative percent is less than 100% because not all variations are explained when only a subset of factors is considered in the final anlysis (Amerioun et al. 2018). 

Table 25: KMO and Bartlett’s Test
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Table 26: Total Variance Explained
	Initial Eigenvalues, Extraction Method: Principal Component Analysis.

	Component
	Factor
	Total
	% of Variance
	Cumulative %

	1

	PU
	7.889

	39.444

	39.444

	
	ITU
	
	
	

	2
	TIE
	3.708
	18.538
	57.982

	3
	PEOU
	2.571
	12.857
	70.839

	4
	PT
	1.691
	8.454
	79.292


Source: Created by Author

Figure 17: Screen Plot for eigenvalue
[image: A graph with a line and a line

AI-generated content may be incorrect.]PU/ITU
PT
PEOU
TIE

Source: Created by Author

Table 26 and Figure 17 are used to extract eigenvalues greater than one. Four factors are accounted for 79.292% of the cumulative variance. Each of the factors has an eigenvalue of 7.889, 3.708, 2.571 and 1.691. 

Table 27: Rotated Component Matrix
	Factor Loading Values

	Component
	(Factor) Items
	This Research
	Other Research

	1
	(PU2) AI saves me time and effort in performing tasks.
	0.929
	0.821
	Ronaghi & Ronaghi, 2022

	
	(ITU2) I expect to continue using AI in the future
	0.911
	0.875
	Gursoy, et al., 2020.

	
	(PU3) AI will increase my productivity
	0.879
	0.829
	Teo & Noyes, 2011

	
	(PU1) AI enhances my task effectiveness.
	0.872
	0.848
	Teo & Noyes, 2011

	
	(PU4) AI enhances the quality of my working output
	0.850
	0.771
	Khuong, 2025

	
	(ITU3) I will recommend others (include colleagues) to use AI
	0.835
	0.769
	Gursoy, et al., 2020.

	
	(ITU1) I will always try to use AI in my workplace
	0.779
	0.847
	Gursoy, et al., 2020.

	2
	(TIE2)  It is likely that I will contact AI threat.
	0.920
	/
	

	
	(TIE3)  It is possible that I will contact AI threat.
	0.895
	/
	

	
	(TIE1) I am at risk for getting AI threat.
	0.877
	/
	

	
	(TIE5)  I believe that AI threat is serious.
	0.852
	/
	

	
	(TIE6)  I believe that AI threat is significant.
	0.824
	/
	

	
	(TIE4)  I believe that AI threat is severe.
	0.790
	/
	

	3
	(PEOU3)  I would have no trouble learning how to use
	0.880
	0.75
	Islam, 2024

	
	(PEOU1) I find AI easy to use
	0.855
	0.775
	Teo & Noyes, 2011

	
	(PEOU2) I would find it easy to become skilled at using AI
	0.841
	0.934
	Lenz et al., 2023

	
	(PEOU4) I find it easy to get AI to do what I want it to do.
	0.769
	0.871
	Teo & Noyes, 2011

	4
	(PT2)The AI application is trustworthy that I could enter personal or company information
	0.895
	0.809
	Khuong, 2025

	
	(PT4)I found AI-powered information is reliable.
	0.815
	0.816
	Khuong, 2025

	
	(PT1)I think the AI application is reliable to use
	0.787
	0.816
	Khuong, 2025

	Extraction Method: Principal Component Analysis. 
 Rotation Method: Varimax with Kaiser Normalization.


Source: Created by Author

Referring to table 27, All factor loadings exceed 0.75, indicating strong relationships between individual items and their respective constructs, which validates that the measurement scales reliably capture each latent variable. The comparison with "Other Research" columns shows your factor loadings align well with established benchmarks from prior studies, confirming construct validity. The extraction and rotation methods (Principal Component Analysis with Varimax rotation) are clearly documented at the table bottom, supporting the methodological rigor of your factor analysis.

4.6	Correlation Test
Referring to table 28, Correlation Test is used to show the strength of relationship between two variables. The following table compares this study’s findings with other research’s findings. 

Table 28: Correlation Analysis of Factors in comparison to other research
	This Research
	Other Research

	Item
	N
	r
	Strength
	r
	Researcher

	H1 (PEOU->ITU)
	168
	0.339**
	L
	0.220**
	Teo & Noyes, 2011

	H2 (PU->ITU)
	
	0.840**
	H
	0.350**
	Teo & Noyes, 2011

	H3 (TIE->ITU)
	
	0.439**
	L
	NS
	Cao, et al., 2021

	H4 (PT->ITU)
	
	0.538**
	M
	0.248***
	Khuong, 2025


Source: Created by Author

The closer the Pearson correlation coefficient (r) value is near +1 or -1, the stronger the degree of correlation between two variables is deemed. The hypothesis H2, which pertains to PU, exhibits a substantial correlation with the (ITU) intention of using AI, it had the highest positive correlation coefficient, 0.840, which is much more greater than that of a previous study by Teo & Noyes (2011).


4.7	Regression Model
Regression models quantify relationships between predictor and outcome variables, enabling hypothesis testing, prediction, and control of confounding factors. They help identify significant predictors and provide statistical evidence supporting theoretical frameworks (Hair et al., 2014; Field, 2013).

4.7.1 Simple Linear Regression for ITU and PU, TIE, PEOU, PT
Simple Linear Regression is a statistical Strategy for identifying the relationship between a dependent and an independent variable. 

Table 29: Model Summary for Simple Linear Regression Model
	Model Summaryf

	Model
	R
	R Square
	Adjusted R Square
	Std. Error of the Estimate

	5
	.814e
	.662
	.651
	.590

	e. Predictors: (Constant), (PU4) AI enhances the quality of my working output, (PU1) AI enhances my task effectiveness., (TIE5)  I believe that AI threat is serious., (PT1)I think the AI application is reliable to use, (PEOU1) I find AI easy to use

	f. Dependent Variable: (ITU1) I will always try to use AI in my workplace


Source: Created by Author





R² in a regression model is a statistical measure that represents the proportion of the variance in the dependent variable that is explained by the independent variable(s) (Investopedia, 2024).
R² =  

R² in model 5 accounts for 66.2% of the variation in PU, PEOU, PT and TIE (Table 29), indicating that the model can only be explained a small portion of the variation in the response variable around its mean. 

Table 30: ANOVA for the Simple Linear Regression Model
	ANOVAa

	Model
	Sum of Squares
	df
	Mean Square
	F
	Sig.

	5
	Regression
	110.420
	5
	22.084
	63.398
	<.001f

	
	Residual
	56.431
	162
	.348
	
	

	
	Total
	166.851
	167
	
	
	

	a. Dependent Variable: (ITU1) I will always try to use AI in my workplace

	f. Predictors: (Constant), (PU4) AI enhances the quality of my working output, (PU1) AI enhances my task effectiveness., (TIE5)  I believe that AI threat is serious., (PT1)I think the AI application is reliable to use, (PEOU1) I find AI easy to use


Source: Created by Author

The ANOVA technique is utilized in Table 30. Adding regression’s af with Residual’s df equals to the total degree of freedom (df), which is one lesser than the actual dataset size.

Referring to table 30, F=63.398 is obtained by dividing the Mean Square Regression (22.084) by the Mean Square Residual (0.348). The F value is associated with the p-value (<.001); There is enough evidence to support that SLR model is valid to analysis the data consistently. 

Table 31: Coefficients Table for the Simple Regression Model
	Coefficientsa

	Model
	Unstandardized Coefficients
	Standardized Coefficients
	t
	Sig.
	Collinearity Statistics

	
	B
	Std. Error
	Beta
	
	
	Tolerance
	VIF

	5
	(Constant)
	-.937
	.326
	
	-2.871
	.005
	
	

	
	(PU4) AI enhances the quality of my working output
	.615
	.078
	.547
	7.904
	<.001
	.436
	2.293

	
	(PU1) AI enhances my task effectiveness.
	.166
	.081
	.151
	2.039
	.043
	.380
	2.632

	
	(TIE5)  I believe that AI threat is serious.
	.163
	.052
	.153
	3.116
	.002
	.864
	1.157

	
	(PT1)I think the AI application is reliable to use
	.170
	.074
	.117
	2.291
	.023
	.799
	1.252

	
	(PEOU1) I find AI easy to use
	.138
	.069
	.096
	1.998
	.047
	.902
	1.109

	a. Dependent Variable: (ITU1) I will always try to use AI in my workplace


Source: Created by Author

Indicator B represents the coefficients of the regression equation used to predict the dependent variable: ITU1 from PU4, PU1, TIE5, PT1 and PEOU1. The regression equation can be presented as follows: 

ITU1= -0.937 + 0.615 x PU4 quality + 0.166 x PU1effectiveness + 0.163 x TIE5 serious + 0.170 x PT1 reliable + 0.138 x PEOU1 use

Table 31 shows all predictor variables have statistically significant effects on ITU1 (p<0.05). "AI enhances the quality of my working output" (PU4) is the strongest predictor (B=0.615, Beta=0.547), followed by threat awareness (Beta=0.153), task effectiveness (Beta unclear), reliability (Beta unclear), and ease of use (Beta=0.096). Collinearity statistics (Tolerance>0.3, VIF<3) indicate no severe multicollinearity concerns. Perceived quality enhancement of work output represents the most critical factor influencing AI adoption intentions in the workplace.


4.7.1.1 Variance Inflation Factor
The variance inflation factor (VIF) is a statistical metric in multiple regression analysis that quantifies multicollinearity among independent variables. VIF indicates how much the variance of regression coefficients is inflated due to linear correlations with other predictors. High VIF values suggest strong multicollinearity, signaling that independent variables share considerable variance, potentially destabilizing coefficient estimates and interpretation. In this study, the multicollinearity issue appeared to be absent as the values of VIF are below the threshold of 5.

4.7.1.2 Histogram and Scatterplot
Each variable had a normal distribution based on visual analysis of the histogram (Figure 18); the residuals follow a normal standardized with an average zero.

Figure 18: Histogram of ITU1
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The relationship is linear, with the slope of the scatterplot being negative, indicating that the variables are negatively related.




Figure 19: Scatterplot of ITU1
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The Histogram (Figure 18) and the Scatterplot (Figure 19) show that the SLR Model is appropriate to use.

4.8	Independent T-Test
An independent t-test is a statistical method used to compare the means of two unrelated or independent groups to determine whether there is a statistically significant difference between them. Its main purpose in a dissertation is to assess whether differences observed in the data (such as scores, measurements, or responses) across two different groups are likely due to actual variation rather than random chance (Statistics Solutions, 2025; University of Kent, 2013; Dissertation Canada, 2015). This study used the t-test to identify the difference between gender on ITU.

H0:  o2M  =  o2F
The independent t-test assumes the variances of the two groups, Male and Female, are equal in the population. The assumption of homogeneity of variance was tested using Levene’s Test of Equality. The F critical value is found in the F table. There are two df required: numerator and denominator (Table 32).

Table 32: Formula of F Test Statistic
	Equation
	Variable
	Description

	


	
	Variance of sample 1 (the large sample variance)

	
	
	Sample Size of Sample 1

	
	
	Variance of Sample 2 (the smaller sample variance)

	
	
	Sample size of sample 2

	
	
	Numerator Degrees of Freedom

	
	
	Denominator Degrees of Freedom


Source: Created by Author

Table 33: Group Statistics for Independent t-test
	Group Statistics

	
	Gender
	N
	Mean
	Std. Deviation
	Std. Error Mean

	(ITU1) I will always try to use AI in my workplace
	Male
	73
	3.32
	1.039
	.122

	
	Female
	95
	3.40
	.972
	.100

	(ITU2) I expect to continue using AI in the future
	Male
	73
	3.48
	1.029
	.120

	
	Female
	95
	3.54
	.998
	.102

	(ITU3) I will recommend others (include colleagues) to use AI
	Male
	73
	3.26
	1.054
	.123

	
	Female
	95
	3.51
	.988
	.101


Source: Created by Author

After the group statistics for independent t-test from table 33, Table 34 shows about the Levene's Test for Equality of Variances, which checks whether the variance in response between male and female groups is equal for each ITU statement. p value is 0.692(ITU1), 0.748(ITU2) and 0.353(ITU3) which are much greater than 0.05 significant level, indicating equal variances can be assumed between groups. To conclude, all Sig. values exceed 0.05, meaning the assumption of equal variances holds for each item. This validates the use of standard t-tests for comparing means between males and females on these items.

Table 34: Levene's Test for Equality of Variances
	Homogeneity of Variance Test

	
	Levene's Test for Equality of Variances

	
	F
	Sig.

	(ITU1) I will always try to use AI in my workplace
	Equal variances assumed
	.157
	.692

	(ITU2) I expect to continue using AI in the future
	Equal variances assumed
	.104
	.748

	(ITU3) I will recommend others (include colleagues) to use AI
	Equal variances assumed
	.866
	.353


Source: Created by Author

Table 35 presents independent samples t-tests comparing male and female responses for intentions to use AI across ITU1 (p=0.293), ITU2 (p=0.358), and ITU3 (p=0.062). All p-values substantially exceed 0.05, and confidence intervals for mean differences include zero, indicating no statistically significant gender differences in AI adoption intentions. Hypothesis H5a is not supported.


Table 35: Independent Samples t-test Output
	Independent Samples Test

	
	t-test for Equality of Means

	
	t
	df
	Significance
	Mean Difference
	Std. Error Difference
	95% Confidence Interval of the Difference

	
	
	
	One-Sided p
	Two-Sided p
	
	
	Lower
	Upper

	(ITU1) I will always try to use AI in my workplace
	Equal variances assumed
	-.545
	166
	.293
	.587
	-.085
	.156
	-.393
	.223

	
	Equal variances not assumed
	-.540
	149.565
	.295
	.590
	-.085
	.157
	-.396
	.226

	(ITU2) I expect to continue using AI in the future
	Equal variances assumed
	-.365
	166
	.358
	.716
	-.057
	.157
	-.368
	.253

	
	Equal variances not assumed
	-.363
	152.633
	.359
	.717
	-.057
	.158
	-.370
	.255

	
	
	t-test for Equality of Means

	(ITU3) I will recommend others (include colleagues) to use AI
	Equal variances assumed
	-1.547
	166
	.062
	.124
	-.245
	.158
	-.558
	.068

	
	Equal variances not assumed
	-1.534
	149.716
	.064
	.127
	-.245
	.160
	-.561
	.071


Source: Created by Author


The descriptive statistics table (Table 36) include the mean, standard deviation, and 95 percent confidence intervals for the dependent variable. 

Table 36: Descriptive Table of Job Function
[image: 一張含有 文字, 螢幕擷取畫面, 數字, 字型 的圖片

自動產生的描述]
Source: Created by Author

Table 37 presents Levene's test for equality of variances, with p-values <0.05 for ITU1 (p=0.019), ITU2 (p<0.001), and ITU3 (p<0.001), indicating significant rejection of the equal variances assumption. Response variability differs significantly across groups for all three AI adoption intention measures. Statistical methods accounting for unequal variances are required for valid group comparisons.








Table 37: Levene's Test for Equality of Variances
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Table 38: Independent Samples t-test Output
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Table 38 presents independent samples t-tests comparing office and frontline workers' AI adoption intentions across ITU1, ITU2, and ITU3. All three tests yield highly significant p-values (p<0.001), with substantial mean differences (MD=0.958 for ITU1, 1.089 for ITU2, 1.000 for ITU3). Office workers demonstrate consistently stronger intentions to use, continue using, and recommend AI compared to frontline workers. These differences are both statistically and practically significant, supporting hypothesis H5c at the 5% significance level and confirming job function as a crucial predictor of AI adoption attitudes.

4.9	One-way Analysis of Variance (ANOVA)
ANOVA is a statistical method used to determine whether there are statistically significant differences between the means of three or more independent groups. The main purpose of ANOVA is to compare multiple groups means simultaneously to assess if observed differences are likely due to true variations or simply random chance. Unlike conducting several t-tests, ANOVA reduces the risk of Type I errors, making it a robust choice for group comparisons in research (Investopedia, 2025; Qualtrics, 2024; Microbe Notes, 2023).

4.9.1	One-way ANOVA test for Age
The descriptive statistics table (Table 39) include the mean, standard deviation, and 95 percent confidence intervals for the dependent variable. Table 33 shows ITU3 mean scores: age 21 (4.0), age 21–30 (3.75), age 31–40 (3.14), age 41–50 (3.44), age 50 (3.33), where younger groups (age 21, 21–30) score higher on recommendation intention. To conclude, there is a clear downward trend in recommendation intention with increasing age especially after age 30, younger participants are more inclined to recommend AI to others.







Table 39: Descriptive Table of Age
	Descriptives

	
	N
	Mean
	Std. Deviation
	Std. Error
	95% Confidence Interval for Mean
	Minimum
	Maximum

	
	
	
	
	
	Lower Bound
	Upper Bound
	
	

	(ITU3) I will recommend others (include colleagues) to use AI
	<21
	10
	4.00
	.000
	.000
	4.00
	4.00
	4
	4

	
	21-30
	32
	3.75
	1.078
	.191
	3.36
	4.14
	1
	5

	
	31-40
	59
	3.14
	1.025
	.133
	2.87
	3.40
	2
	5

	
	41-50
	27
	3.44
	1.086
	.209
	3.01
	3.87
	1
	5

	
	>50
	40
	3.33
	.944
	.149
	3.02
	3.63
	1
	5

	
	Total
	168
	3.40
	1.022
	.079
	3.24
	3.55
	1
	5


Source: Created by Author




Table 40 and figure 20 shows about the multiple comparisons of age, which a statistically significant difference was found between ages 31–40 and 21–30 for ITU3, with p=0.044<0.05(sig.). It shows that only the 31–40 vs. 21–30 age group comparison reaches significance, indicating younger adults (21–30) are more likely to recommend AI than those aged 31–40. To conclude, age group impacts recommendation intentions for AI, especially between certain age brackets. Therefore, H5b is supported at 95% confidence level.


Table 40: Multiple Comparisons of Age
	Multiple Comparisons

	Tukey HSD  

	Dependent Variable
	(I) Age Group
	(J) Age Group
	Mean Difference (I-J)
	Std. Error
	Sig.
	95% Confidence Interval

	
	
	
	
	
	
	Lower Bound
	Upper Bound

	(ITU3) I will recommend others (include colleagues) to use AI
	21-30
	<21
	-.250
	.362
	.958
	-1.25
	.75

	
	
	31-40
	.614*
	.219
	.044
	.01
	1.22

	
	
	41-50
	.306
	.261
	.768
	-.41
	1.02

	
	
	>50
	.425
	.237
	.380
	-.23
	1.08

	*. The mean difference is significant at the 0.05 level.


Source: Created by Author

Figure 20: Mean Plot of Age
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4.9.2	One-way ANOVA test for Job Level

The descriptive statistics table (Table 41) include the mean, standard deviation, and 95 percent confidence intervals for the dependent variable. Table 38 shows ITU2 mean scores increase with seniority: entry-level co-worker (3.09), entry-level management (3.78), mid-level (3.94), executive (4.00). Also, executive-level managers show the highest average intention to continue using AI. It shows that confidence intervals for the mean grow higher with job seniority, indicating this trend is generalized rather than sample specific. To conclude, senior job levels are associated with higher intention to continue using AI.

Table 41: Descriptive Table of Job Level
	Descriptives

	
	N
	Mean
	Std. Deviation
	Std. Error
	95% Confidence Interval for Mean
	Minimum
	Maximum

	
	
	
	
	
	Lower Bound
	Upper Bound
	
	

	(ITU2) I expect to continue using AI in the future
	Entry-level Co-worker
	80
	3.09
	.970
	.108
	2.87
	3.30
	1
	5

	
	Entry-level Management
	32
	3.78
	.832
	.147
	3.48
	4.08
	2
	5

	
	Mid-level Management
	35
	3.94
	.906
	.153
	3.63
	4.25
	1
	5

	
	Executive-level Management
	21
	4.00
	.949
	.207
	3.57
	4.43
	1
	5

	
	Total
	168
	3.51
	1.009
	.078
	3.36
	3.67
	1
	5


Source: Created by Author

Table 42 shows about the ANOVA of Job Level, which yields a significant result (F=10.89, p=0.001F=10.89, p=0.001), showing job level affects intention to use AI (ITU2). It shows that very low p-value implies the observed differences in ITU2 scores by job level are statistically meaningful. To conclude, Job level is a significant predictor of future AI use intentions, with higher-level positions more likely to expect continued AI use.

Table 42: ANOVA Table of Job Level
	ANOVA

	
	Sum of Squares
	df
	Mean Square
	F
	Sig.

	(ITU2) I expect to continue using AI in the future
	Between Groups
	28.234
	3
	9.411
	10.889
	<.001

	
	Within Groups
	141.742
	164
	.864
	
	

	
	Total
	169.976
	167
	
	
	


Source: Created by Author

Tables 43 and Figure 21 present post-hoc comparisons of job level, showing entry-level co-workers have significantly lower mean scores than all management levels: entry-level management (Δ=-0.694, p=0.003), mid-level management (Δ=-0.855, p<0.001), and executive-level management (Δ=-0.913, p<0.001). Non-overlapping confidence intervals confirm robust group differences. No significant differences exist among management roles themselves. Job level is a strong predictor of future AI use intention, with management staff demonstrating substantially greater adoption intentions than entry-level co-workers.



Table 43: Multiple Comparisons of Job Level
	Multiple Comparisons

	Tukey HSD  

	Dependent Variable
	(I) Job Level
	(J) Job Level
	Mean Difference (I-J)
	Std. Error
	Sig.
	95% Confidence Interval

	
	
	
	
	
	
	Lower Bound
	Upper Bound

	(ITU2) I expect to continue using AI in the future
	Entry-level Co-worker
	Entry-level Management
	-.694*
	.194
	.003
	-1.20
	-.19

	
	
	Mid-level Management
	-.855*
	.188
	<.001
	-1.34
	-.37

	
	
	Executive-level Management
	-.913*
	.228
	<.001
	-1.50
	-.32

	*. The mean difference is significant at the 0.05 level.


Source: Created by Author

Figure 21: Mean Plot of Job Level
[image: A graph with a line going up

AI-generated content may be incorrect.]
Source: Created by Author

4.9.3	One-way ANOVA test for Academic Qualifications
Table 44 displays descriptive statistics including means, standard deviations, and 95% confidence intervals for academic qualifications. A clear upward trend emerges, with mean scores increasing from secondary or below (2.85) to master's degrees (4.05), a substantial 1.2-point difference. Non-overlapping confidence interval bounds across groups confirm that participants with bachelor's and master's degrees demonstrate significantly higher intentions to continue using AI compared to those with lower education qualifications, indicating that advanced education strongly encourages AI adoption intentions.

Table 44: Descriptive Table of Academic Qualifications
	Descriptives

	
	N
	Mean
	Std. Deviation
	Std. Error
	95% Confidence Interval for Mean
	Minimum
	Maximum

	
	
	
	
	
	Lower Bound
	Upper Bound
	
	

	(ITU2) I expect to continue using AI in the future
	Secondary or below
	47
	2.85
	.859
	.125
	2.60
	3.10
	2
	4

	
	Certificate / Diploma
	30
	3.07
	.944
	.172
	2.71
	3.42
	1
	4

	
	Bachelor's degree
	52
	3.96
	.928
	.129
	3.70
	4.22
	1
	5

	
	Master's degree
	39
	4.05
	.686
	.110
	3.83
	4.27
	1
	5

	
	Total
	168
	3.51
	1.009
	.078
	3.36
	3.67
	1
	5


Source: Created by Author



Table 45 presents ANOVA results showing a statistically significant effect of academic qualification on intention to continue using AI (ITU2), F=21.72, p<0.001. Mean scores increase progressively: secondary or below (2.85), certificate/diploma (3.06), bachelor's (3.96), and master's (4.05). The significant F-value and low p-value confirm that academic qualification groups differ meaningfully in their future AI use intentions, with bachelor's and master's degree holders demonstrating the strongest adoption intentions. Hypothesis H5e is supported at the 95% confidence level.

Table 45: ANOVA Table of Academic Qualifications
	ANOVA

	
	Sum of Squares
	df
	Mean Square
	F
	Sig.

	(ITU2) I expect to continue using AI in the future
	Between Groups
	48.332
	3
	16.111
	21.720
	<.001

	
	Within Groups
	121.645
	164
	.742
	
	

	
	Total
	169.976
	167
	
	
	


Source: Created by Author

Tables 46 and Figure 22 show post-hoc comparisons of academic qualifications for ITU2. Significant mean differences exist between lower and higher qualification groups, with the largest differences between bachelor's versus secondary or below (Δ=1.11, p<0.001) and master's versus secondary or below (Δ=1.20, p<0.001). Post-hoc tests confirm that participants with bachelor's or master's degrees demonstrate significantly higher future AI use intentions than those with secondary or certificate/diploma education. Academic qualification level strongly and reliably predicts intention to use AI across qualification groupings.

Table 46: Multiple Comparisons of Academic Qualifications
	Multiple Comparisons

	Tukey HSD  

	Dependent Variable
	(I) Academic Qualifications
	(J) Academic Qualifications
	Mean Difference (I-J)
	Std. Error
	Sig.
	95% Confidence Interval

	
	
	
	
	
	
	Lower Bound
	Upper Bound

	(ITU2) I expect to continue using AI in the future
	Secondary or below
	Certificate / Diploma
	-.216
	.201
	.708
	-.74
	.31

	
	
	Bachelor's degree
	-1.110*
	.173
	<.001
	-1.56
	-.66

	
	
	Master's degree
	-1.200*
	.187
	<.001
	-1.68
	-.72

	*. The mean difference is significant at the 0.05 level.


Source: Created by Author

Figure 22: Mean Plot of Academic Qualifications
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4.9.4	Summary of One-way ANOVA test
One-way ANOVA tests revealed that academic qualifications (F=21.72, p<0.001), job level (F=10.89, p<0.001), and job function (p<0.001) significantly influence AI adoption intentions, while gender showed no significant effect. Academic scores ranged from 2.85 (secondary or below) to 4.05 (master's degree). Job level differences ranged from 3.09 (entry-level) to 4.00 (executive). Post-hoc tests identified significant differences between age groups (Δ=0.614, p=0.044), educational levels (Δ=1.11–1.20, p<0.001), and job levels (Δ=-0.694 to -0.913, p<0.003). These findings demonstrate that demographic diversity substantially shapes AI adoption, necessitating differentiated organizational strategies.

4.10		Summary of the Research Findings
The standard coefficients (), correlation coefficient (r), and R square ( from the regression analysis are summarized below in Figure 23.












Figure 23: Standard coefficients (), correlation coefficient (r), and R square (.
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Table 47: Summary of the Research Findings regarding the hypotheses tested in this study
	Item
	Hypothesis Developed
	
	r
	Result

	H1
	PEOU and ITU have a positive relationship in Hong Kong Workplace.
	0.096*
	0.339**
	Supported

	H2
	PU and ITU have a positive relationship in Hong Kong Workplace
	0.547*
	0.840**
	Supported

	H3
	TIE and ITU have a positive relationship in Hong Kong Workplace
	0.153*
	0.439**

	Supported

	H4
	PT has a positive correlation with ITU in Hong Kong Workplace.
	0.117*
	0.538**
	Supported

	Item
	Hypothesis Developed
	Mean Difference
	Result

	H5a
	There are significant differences between gender and the intention of using AI
	NS
	Not Supported

	H5b
	There are significant differences between age and the intention of using AI; 
21-30>31-40
	MD=0.614*
	Supported

	H5c
	There are significant differences between job function and the intention of using AI; Office>Frontline
	MD=1.089*
	Supported

	H5d
	There are significant differences between job level and the intention of using AI;
Entry < Executive
	MD=-0.913*
	Supported

	H5e
	There are significant differences between academic qualifications and the intention of using AI;
Secondary<Master
	MD=-1.2*
	Supported


Source: Created by Author

The closer the Pearson correlation coefficient (r) value is near +1 or -1, the stronger the degree of correlation between 2 variables is deemed. Therefore, referring to table 55 that H2 had the most significant impact on the intention to use AI, with r-value at 0.840. The second highest impact would be H4 at 0.538.


Chapter 5: Conclusion and Recommendation
This final chapter synthesizes the research findings, discusses their theoretical and practical implications, and provides actionable recommendations for organizations, employees, and policymakers. The study's limitations are acknowledged, and directions for future research are proposed to advance understanding of AI adoption in workplace settings.

5.1 Conclusion
This dissertation examined the factors influencing Hong Kong employees' intentions to use artificial intelligence (AI) in the workplace, addressing a critical gap in understanding technology acceptance in rapidly digitalizing organizational contexts. Through a mixed-methods approach integrating literature review with quantitative survey data from 168 employed workers, the study provides robust empirical evidence regarding AI adoption determinants and the moderating effects of demographic characteristics.

The study confirms four primary hypotheses regarding AI adoption predictors. Perceived usefulness (PU) emerged as the strongest predictor of intention to use (ITU), with a standardized coefficient (β=0.547), demonstrating that demonstrating tangible performance benefits is paramount for driving adoption. Threat in employment (TIE) paradoxically functions as a motivator rather than deterrent (β=0.153, p<0.001), suggesting employees proactively engage with AI competency development as a protective career strategy. Perceived trust (PT) significantly predicted adoption (β=0.117, p<0.05), highlighting trust's critical role as an enabling condition. Perceived ease of use (PEOU) remained statistically significant but showed the smallest coefficient (β=0.096, p<0.05), indicating that while important, reducing cognitive barriers represents a secondary priority compared to demonstrating usefulness.

Together, these four constructs collectively explained 66.2% of variance in intention to use AI, demonstrating strong explanatory power of the extended Technology Acceptance Model framework applied to workplace AI contexts. This substantial explanatory capacity validates the model's applicability while highlighting that demographic and other contextual factors account for remaining variance.

5.2 	Recommendation
The study's findings generate actionable recommendations for organizations implementing AI adoption strategies, aligned with the research aim to provide insight into AI's importance and advantages while encouraging employee competency development.

5.2.1 Perceived Ease of Use
Regarding organizational rationale, perceived ease of use remains a fundamental prerequisite despite its smaller regression coefficient. It is crucial to ensure that all employees, particularly those less comfortable with technology, face minimal cognitive barriers to engaging with AI tools (Singh, 2024; Ibrahim et al., 2025). User-friendly AI increases adoption rates and reduces resistance, contributing to smoother change management processes.

Regarding implementation strategies, organizations should develop immersive and ongoing AI literacy programs tailored to varying employee skill levels. Leveraging adaptive AI-driven learning platforms allows personalized pacing and content alignment with individual needs (Topclass LMS, 2025). Training should focus on experiential learning through simulations, sandbox environments, and real-world scenarios that encourage risk-free exploration. Establishing AI champion roles among employees fosters peer-to-peer support networks that enhance confidence and reduce anxieties associated with new technology adoption (SHRM, 2025).

Moreover, integrating microlearning modules delivered through mobile platforms ensures just-in-time training accessible to all employees regardless of location or shift patterns (Shiftelearning, 2025). Organizations should continuously update and evolve training programs to keep pace with rapid AI technological advancements, incorporating employee feedback into iterative improvements (Fuseworkforce, 2023). Usability testing and interface refinements based on employee input can mitigate frustration and highlight tailored functionalities most relevant to specific job roles, further bridging the digital divide within heterogeneous workforces (Great Place to Work, 2025).

Additional strategies include embedding AI training within onboarding processes to build competence from an early stage, combined with refresher sessions and certification pathways that motivate continuous learning and recognition (SchoolAI, 2025). Collectively, these approaches create a supportive learning ecosystem that empowers employees, fosters positive attitudes, and sustains AI adoption momentum.

5.2.2 Perceived Usefulness
Regarding organizational rationale, perceived usefulness represents the most critical adoption lever, with the strongest standardized coefficient (β=0.547) among all predictors. Organizations must prioritize clearly communicating and demonstrating AI's tangible value proposition through concrete use cases showing specific performance improvements (Ibrahim et al., 2025; Singh, 2024).
 
Regarding implementation strategies, establish industry and role-specific AI use case libraries documenting concrete applications, quantified benefits, and implementation timelines. Create AI success story communication campaigns featuring colleagues who have benefited from adoption. Implement pilot projects in high-visibility areas where AI's impact can be demonstrated clearly and measured rigorously. Provide personalized AI benefit assessments showing individual employees how AI addresses their specific pain points. Establish metrics dashboards displaying productivity improvements attributable to AI adoption, creating positive feedback loops reinforcing perceived usefulness (Great Place to Work, 2025; SHRM, 2025).

Furthermore, organizations should develop role-specific strategies showing how AI specifically addresses each employee's workflow challenges rather than generic AI adoption campaigns. Quantify benefits through specific metrics, such as "reduces report preparation time by 40%" or "improves customer inquiry response accuracy by 25%", making abstract usefulness tangible and compelling. Research demonstrates that organizations emphasizing concrete usefulness achieve substantially higher adoption rates (Makkonen et al., 2023).

5.2.3 Threat in Employment
Regarding organizational rationale, the paradoxical finding that employment threat positively predicts adoption intentions (β=0.153, p<0.001) suggests organizations should acknowledge AI's disruptive potential transparently rather than dismissing or minimizing employee concerns. This recognition can channel threat awareness toward constructive adaptation (Koo et al., 2021; Fenner Jr., 2017).
 
Furthermore, acknowledge AI's disruptive potential explicitly is suggested, stating that while automation will change certain job functions, responsible implementation prioritizes workforce development and augmentation rather than replacement. Frame AI as a tool requiring human-AI partnership rather than human replacement. Position employees who develop AI competencies as future-proof contributors indispensable to AI-augmented organizations (Great Place to Work, 2025; Techtarget, 2025).
 
Also, develop comprehensive reskilling and upskilling initiatives positioning employees to work alongside AI. Create transparent career development frameworks showing how AI competencies enhance employability. Research shows that over 62% of laid-off workers believe learning AI or digital skills will increase their long-term job security, and 62% would be more likely to accept employment at companies supporting AI upskilling (Nexford University, 2025). Implement job rotation and cross-training opportunities broadening skill portfolios beyond automatable tasks. Establish formal AI competency recognition and certification programs validating adaptive capabilities.

5.2.4 Trust
Regarding organizational rationale, trust significantly predicted adoption intentions (β=0.117, p<0.05) and serves as a critical enabling condition. Organizations with high employee trust experience 8.5x higher revenue per employee and 3.5x stronger market performance, proving that transparent AI adoption is directly linked to trust-driven growth (Great Place to Work, 2025). Organizations must prioritize transparency regarding AI system functioning, data usage, decision-making processes, and performance limitations (Vuori et al., 2025).
 
Furthermore, Trust-Building Mechanisms is needed which establish clear governance frameworks, ethical guidelines, and accountability mechanisms. Provide employees with control over their data and involvement in AI implementation decisions, enhancing psychological ownership and trust. Implement explainable AI (XAI) systems providing interpretable rationales for outputs rather than black-box recommendations. Establish AI ethics committees with diverse employee representation overseeing deployment decisions (Great Place to Work, 2025; Creative-Computing, 2024).
 
Also, Create transparent data governance policies specifying what data AI systems access, how it's used, and privacy protections. Develop AI literacy programs educating employees about AI capabilities and limitations, enabling informed trust calibration. Implement human-in-the-loop workflows ensuring AI recommendations undergo human review before consequential decisions. Companies involving employees in AI integration report 81% adaptability and double the innovation ratio compared to typical workplaces, demonstrating trust's organizational multiplier effect (Great Place to Work, 2025).

5.3		Limitations
Regarding temporal limitations, the cross-sectional design captures associations at one point in time but cannot establish causality definitively. Reverse causality or bidirectional relationships remain possible. Rapid AI technology evolution may quickly outdate specific findings regarding particular tool capabilities or context-specific adoption patterns.

Regarding geographic and sampling limitations, the study focuses specifically on Hong Kong, limiting generalizability to other regions with different economic contexts, regulatory environments, and cultural attitudes toward technology and employment. Snowball sampling via online questionnaire introduced potential sampling biases, with greater representation among digitally engaged, social-network-connected employees.

Regarding measurement limitations, self-reported intention-to-use data may not perfectly predict actual usage behavior due to the documented intention-behavior gap. Five-point Likert scales may constrain respondents' ability to express nuanced opinions. The study examined AI generally rather than specific applications (chatbots, analytics tools, automation systems) that may elicit different adoption patterns.

Regarding scope limitations, the research did not examine longitudinal adoption trajectories, organizational implementation factors, post-adoption satisfaction, or mechanisms of adoption resistance. Additional predictors potentially influencing adoption, including social influence, organizational culture, leadership support, and prior technology experience were not included in the model.

5.4		Suggestions for future research
Building upon this study's findings and limitations, several promising directions for future research emerge.

Firstly, employ panel designs tracking employees' AI perceptions, intentions, and actual usage behaviors over extended periods. Examine how perceptions evolve through experience, whether intentions translate into sustained adoption, how interventions influence trajectories, and whether demographic differences persist or narrow. Longitudinal data enables stronger causal inference than cross-sectional associations (Ibrahim et al., 2025).

Secondly, extend this research to other geographic contexts illuminating cultural and institutional moderators of AI adoption. Comparative studies across regions with varying economic development, regulatory approaches, educational systems, and cultural values regarding technology and employment would enhance theoretical generalization (Singh, 2024).

Thirdly, examine adoption patterns for specific AI applications (chatbots, predictive analytics, robotic process automation, natural language processing) rather than treating AI as monolithic. Comparative studies across AI types identify technology-specific barriers and enablers (Makkonen et al., 2023).

Fourthly, conduct in-depth interviews, focus groups, and ethnographic observation exploring psychological mechanisms underlying adoption decisions. Qualitative research could illuminate how employees experience threat, construct trust, and determine which usefulness aspects matter most. Mixed methods designs integrating quantitative patterns with qualitative mechanism understanding would yield comprehensive insights (Techtarget, 2025).

Also, conduct targeted research with groups showing lower adoption propensities such as older workers, lower-educated employees, entry-level positions, frontline workers, examining specific barriers, concerns, and support needs. Participatory action research involving these groups in intervention design could yield contextually appropriate solutions (SHRM, 2025; Thecloudcommunity, 2025).

Furthermore, examine organizational factors influencing collective adoption including leadership approaches, implementation strategies, training program effectiveness, organizational culture, and change management practices. Multilevel modeling could partition variance between individual and organizational levels, identifying intervention leverage points (SHRM, 2025).

Also, extend beyond intentions to examine objective usage metrics (frequency, duration, feature breadth) alongside subjective perceptions. Track satisfaction, continued use, and advocacy completing adoption lifecycle understanding (Ibrahim et al., 2025).

Lastly, continue developing AI adoption frameworks potentially integrating Technology Acceptance Model, Theory of Planned Behavior, Innovation Diffusion Theory, and organizational change theories. Particular attention should address the paradoxical positive relationship between employment threat and adoption intentions, examining boundary conditions and mechanisms (Singh, 2024; Ibrahim et al., 2025).

5.5		Summary
This dissertation provides empirical evidence that artificial intelligence adoption in Hong Kong workplaces is driven primarily by perceived utility (β=0.547), tempered by recognition of employment threat (β=0.153), enabled by trust mechanisms (β=0.117), and facilitated by user experience accessibility (β=0.096). Demographic diversity substantially shapes adoption trajectories, with academic qualifications, job hierarchy, and functional roles emerging as particularly influential moderators. The unexpected positive relationship between employment threat and adoption intentions suggests employees respond adaptively to disruption, proactively developing AI competencies as protective career strategies.

For organizations implementing AI adoption strategies, the research underscores the paramount importance of demonstrating tangible usefulness while simultaneously building trust, ensuring accessibility, and acknowledging workforce concerns through transparent communication and supportive reskilling initiatives. Differentiated demographic strategies recognizing that entry-level, frontline, and lower-educated employees require enhanced support and customized approaches maximize inclusive adoption while building organizational resilience.

As artificial intelligence continues transforming workplaces globally, understanding psychological, social, and organizational factors driving adoption becomes increasingly critical for organizational competitiveness, workforce development, and equitable technological transitions. This research contributes to that understanding while charting pathways for continued inquiry and evidence based practice in the dynamic domain of workplace AI adoption.
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ns for Bars on Access to Higher Degree Dissertations -

‘The University expects that research work accepted for a higher degree shal be
‘openly available, and subjectto no security classification or restiction of access.
(Please note, however, that the University requires the reader of  dissertation
o sign a declaration that in any statement or written work being prepared on the
subject (or cognate subject) of the dissertation, due acknowledgement to the

author will be made for any helpful information obtained from the dissertation.)

Nevertheless, in cases where there is an overriding need for a restriction of
copying or access (for example where sponsored research has resulted in a
dissertation which contains commercially-sensitive information) the University
may place a bar on photocopying of andlor access to a dissertation for a
specified period (normally three years in the first instance). It is the
responsibiity of your supervisor to make an application to the University for a bar
to be sought as soon as is reasonably practicable, ideally at the outset of your

candidature.

Please note that, in_the_event that a bar on photocopying andlor access is
granted by the University, the signed statement to be included with each copy of
the dissertation submitted should indicate that the dissertation may be made

openly available after the expiry of the bar on access. <

Normally, the title and summary of the dissertation wil be made available.

Taught Master's Dissertation Archive-
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the relevant-
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deemed by the examiners to be of Distinction standard «
or
ifthey are in the fields of Cettic Studies, Welsh or Welsh History;

o

ifthey do not meet either of the above criteria, but are considered by the
‘examiners to be of particular relevance to Wales.




