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  Abstract 
This study examines the intention to use Artificial Intelligence (AI) among acad-
emicians at Guangdong Medical University in China, using the Technology Ac-
ceptance Model (TAM) as a theoretical framework. The research examines the 
association between the perceived benefits of AI in higher education and teaching 
and learning, attitudes towards AI, and the desire to employ AI in teaching and 
learning. A sample of 260 faculty members was collected via convenience sam-
pling and analyzed using Pearson correlation and multiple regression. The results 
demonstrate a significant and positive relationship between the perceived ad-
vantages of artificial intelligence (AI) in higher education and teaching and the 
inclination to utilize AI. Nevertheless, an intricate and reciprocal correlation with 
sentiments towards AI is also noted. The study emphasizes the significance of per-
ceived advantages in promoting the adoption of AI in an academic environment 
while also acknowledging the subtle influence of attitudes toward technology. This 
resource offers pragmatic insights for educational institutions to effectively pro-
mote the usage of artificial intelligence. Although the study's scope is limited to a 
specific school, which may restrict its applicability to other contexts, it provides 
valuable insights into the implementation of AI in higher education and proposes 
avenues for further investigation. These include conducting more comprehensive 
and long-term studies and considering additional elements that may influence the 
outcomes. 

Keywords 
Artificial Intelligence (AI); Technology Acceptance Model (TAM); Guangdong 
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1. Introduction 
China is a nation that leads the global Artificial Intelligece (AI) innovation and application in education sectors. The 
massive investment and collaboration among policymakers, private sectors, and research institutions have been in 
evidence since the introduction of China's AI Vision 2030 (State Council Notice, 2017). According to Hao (2019), almost 
USD 1 billion in investment fueled the development of AI applications in the Chinese education system. China's 
government also approaches and actively seeks strategy partners, particularly in countries that leading China in AI such 
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as the USA and the UK (He & Bowser, 2017). 
As a result, the partnership particularly between Chinese AI research institutes and AI-driven international institutions 

like Standford University and Carnegie Melon boosts AI innovations (Barton et al., 2017). This initiative successfully 
integrated AI experts globally and the collaboration was done in more efficient and effective ways as redundancy of 
innovations can be avoided because of the pools of data and information sharing (Alsheibani, Cheung, & Pan, 2018; Ding, 
2018). Mutual collaboration between forefront nations in AI-related industry would benefit all in terms of drafting 
international AI policy guidance, improving the AI ecosystem, and joint hand in countermeasure strategies against misuse 
of AI for cross-border crimes, cyberattacks, and terrorism(Ayanwale et al., 2022; Gunn & Mintrom, 2013; Jonathan 
Woetzel et al., 2023). 

Apart from building international strategic partnerships, China took a major step in the development of AI-related 
industries by transforming the existing education system with a new AI-integrated education ecosystem. The 
transformation process of AI tools in education is still a work in progress yet shows some remarkable results. As updated 
in June 2023, there are 97 AI tools in teaching and learning that were innovated by local startup companies since 2010 
and still operating to date (Tracxn Technologies Limited, 2023). Hence, it is deemed important to seek an understanding 
of the factors that can influence the attitude, and intention to use and adopt AI technology in teaching and learning. 
Understanding the intention to use AI will benefit the whole education ecosystem as the inputs from the investigation will 
improve not only the performance of AI applications but also the marketability aspect of it. 

To understand the phenomenon of the study, this research proposes three research questions that guide the direction 
and purpose of the study's implementation. The three research questions are as follows. 
(1) Does the perceived benefits of artificial intelligence (AI) in higher education positively influence the intention to use 

AI among Guangdong Medical University faculty members? 
(2) Does the perceived benefits of artificial intelligence (AI) in teaching and learning positively influence the intention to 

use AI among Guangdong Medical University faculty members? 
(3) Does attitude toward artificial intelligence (AI) positively influence the intention to use AI among Guangdong Medical 

University faculty members? 
This study is conducted to answer the questions posed above to achieve the following objectives. (1) To determine the 

positive influence of perceived benefits of artificial intelligence (AI) in higher education towards intention to use AI 
among Guangdong Medical University faculty members. (2) To determine the positive influence of perceived benefits of 
artificial intelligence (AI) in teaching and learning towards intention to use AI among Guangdong Medical University 
faculty members. (3) To determine the positive influence of attitude towards artificial intelligence (AI) on the intention 
to use AI among Guangdong Medical University faculty members. 

Basically, there are five (5) important concepts in this study, and to ensure readers are able to understand the discussion, 
this study proposes a definition to operationalize the concept. The operational definitions are as follows. 

Artificial Intelligence in Teaching and Learning: Artificial intelligence (AI) in teaching and learning refers to the 
computing system that can perform human-like functions, which appears to be a promising alternative to traditional class-
room instructions and sessions (Alnasib, 2023). 

Perceived Benefits of Artificial Intelligence in Higher Education: Perceived benefits of AI in higher education refer 
to the faculty members' optimism that AI use would significantly improve the standards, standing, and worth of higher 
education institutions on the educational, social, and national levels (Alnasib, 2023). 

Perceived Benefits of Artificial Intelligence in Teaching and Learning: Perceived benefits of AI in teaching and 
learning refer to the degree to which faculty members thought that using a new system would enable them to improve 
their job performance significantly (Alnasib, 2023). 

Attitude towards Artificial Intelligence: Attitude towards AI refers to the degree to which faculty members view a 
specific behavior favorably or unfavorably (Alnasib, 2023). 

Intention to Use Artificial Intelligence in Teaching and Learning: Intention to use AI in teaching and learning refers 
to the degree to which an individual feels confident about oneself in disseminating AI education (Alnasib, 2023). 

2. Literature Review 

2.1 Intention to Use Artificial Intelligence (AI) 

Understanding the intention to use new technology, in general, can help businesses tailor the consumption cues to better 
produce and market the new products. Intention to use new technology like Artificial Intelligence (AI) refers to the 
likelihood of individuals using and adopting new technologies. It is also reflected in the psychological readiness of 
individuals to engage and embrace new technologies to accomplish their goals at home and work (Parasuraman, 2000). 
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Previous literature highlights the intention to use new technology determined by many factors. For instance, Davis 
(1989), through the Technology Acceptance Model (TAM) verifies perceived usefulness and ease of use as the main 
determinants for new technology. In other words, both types of perceived benefits significantly affect the intention to use 
new technology, which later leads to the adoption of the technology, according to Davis, Bagozzi, and Warshaw (1989). 

Another key factor influencing an intention to use is attitude towards the new technology. Ajzen (1985) introduced this 
factor as part of the Theory of Reasoned Action (TRA), which later emerged as a fundamental theory in business studies. 
The theory posits that a positive attitude towards a new technology and its potential benefit will induce the intention to 
use it. Besides attitude, another predictor in TRA, subjective norm, can also influence intention to use. Subjective norm 
refers to the belief that an important person or group will approve and support a particular behaviour. In the context of AI 
usage, individuals might intend to use AI because they receive social pressure from peers, colleagues, or spouses to use 
AI technology. 

Understanding the knowledge behind the factor intention to use will help researchers and practitioners design and 
implement new technologies that are more likely to be adopted and used effectively. For this study, the perceived benefits 
of AI formulated based on TAM will be utilized to investigate the intention to use AI in teaching and learning. 

2.2 Perceived Benefits of Artificial Intelligence (AI) in Higher Education 

Alnasib (2023) defined the perceived benefits of AI in higher education as faculty members' optimism that AI use would 
significantly improve the standards, standing, and worth of higher education on the educational, social, and national levels. 
Popenici & Kerr (2017) highlighted that AI tools significantly benefit higher education in terms of services and academic 
programs. With AI, higher education is able to expand its services beyond the traditional face-to-face method. For instance, 
higher education institutions successfully adopted AI tools such as the Blackboard platform to conduct online teaching 
delivery throughout the global health crisis during the COVID-19 pandemic period (Xu, 2020). 

With the rapid growth of AI implementation in various sectors, demand for graduates with AI-related skills also 
increased. This situation benefits higher education as the institutions can further initiate new academic programs 
integrated with AI technology skill sets (Ayanwale et al., 2022). Besides, higher education may gain benefits from AI 
development because educators need to undergo training in AI-related skills as it is required for the teaching of AI-
integrated subjects. Thus, higher education with AI-equipped staff and educators will also be considered as a perceived 
benefit (Damerji & Salimi, 2021). 

2.3 Perceived Benefits of Artificial Intelligence (AI) in Teaching and Learning 

This study will borrow the definition of the perceived benefits of artificial intelligence in teaching and learning (Venkatesh 
et al., 2003). The study described the perceived benefit of AI in teaching and learning as the degree to which faculty 
members thought that using a new system would enable them to significantly improve their job performance. In other 
words, this factor is considered performance expectancy. 

Previous findings recorded significant effects of the perceived benefit of AI to teaching and learning. Among the 
benefits AI can offer in teaching and learning is a personalized learning experience. For instance, Baker, Lindsey, Malone, 
and Gowda (2015) explained AI tools can personalize online learning based on student needs and pace. The study 
explained that AI can personalize the learning experience and schedule the content appropriate for student's performance 
and mastery level. In addition, AI technology significantly enhances engagement and motivation to learn for instance 
virtual reality simulation can help students to understand complex concepts with fun learning (Wu et al., 2019). Another 
AI benefit is the ability to enhance accessibility and learning support systems. According to Paez, Chen, and Lee (2014), 
AI automatic text-to-speech and speech-to-text tools can assist students with writing and reading difficulties even if they 
are located in remote learning. 

2.4 Attitude Towards Artificial Intelligence (AI) 

Attitudes towards Artificial Intelligence (AI) in general are very complex and multifaceted. As the study is set in higher 
education institutions, we utilized the definition from Ayanwale et al. (2022) where the conducted study attitude towards 
AI is defined as the degree to which faculty members view a specific behaviour favorably or unfavorably. Previous studies 
highlight both favorable and unfavorable attitudes towards technology which lead to adoption and rejection of technology. 
Chouthai, Belkhir, and Ricard (2022) and Popenici and Kerr (2017) revealed that people generally perceived AI as having 
the potential to improve efficiency, productivity, and problem-solving in various domains like healthcare, education, and 
business. In contrast, studies by Lancelot Miltgen, Van der Ploeg, and De Reuver (2013) and Lusk, Roosen, and 
Bieberstein (2014) to name a few found that individuals have negative attitudes toward new technology because of bias, 
transparency in AI raise ethical concerns, leading to distrust and fear of potential misuse. 
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2.5 Technology Acceptance Model (TAM) 

The Technology Acceptance Model (TAM) is a prominent framework utilized in research related to information 
technology. TAM was developed by Fred Davis in 1989 and was initially used to understand why individuals choose to 
accept or reject the new technology. According to Davis, (1989) there are TWO main factors that influence a user's attitude 
towards using new technology which are perceived usefulness (PU) and perceived ease of use (PEOU). An influence in 
user's attitudes will then lead to the influence on their intention to use the new technology. 

The model also proved that both PU and PEOU have a direct positive impact on user's attitudes toward using new 
technology, and consequently, the attitude has a direct positive impact on user's intention to use new products. This model 
has been tested in numerous research settings especially relating to the adoption of new technology. For example, the 
intention to use consumer-generated media in travel (Ayeh et al., 2013), the intention to use mobile commerce (Ghazali 
et al., 2018), and the intention to use smart in-store technology (Kim et al., 2017) to name a few. As the main topic in this 
research paper concerning intention to use AI technology, TAM was chosen as the underpinning theory. 

2.6 Development of Research Framework and Hypothesis 

Within the literature review discussed previously in this chapter, the research framework has been developed to answer 
the research questions presented in Chapter 1 as presented in Figure 1. 

 
Figure 1. Research Framework. 

2.6.1 Perceived Benefits of AI in Higher Education 
Previous findings reported that the perceived benefits of Artificial Intelligence (AI) in Higher Education significantly 
influenced the technology readiness, AI adoption, and behaviour intention to use AI (Alnasib, 2023; Damerji & Salimi, 
2021; Sudaryanto et al., 2023). These studies research in the context of accounting department faculty members' intention 
to use and adopt AI technology. Based on the above argument, the study posits that: 

H1: There is a significant influence of Perceived Benefits of AI in Higher Education on the intention to use AI 
in Teaching and Learning. 

2.6.2 Perceived Benefits of AI in Teaching and Learning 
Previous studies reported that the perceived benefits of AI in Teaching and Learning significantly influenced the intention 
to use AI for teaching and learning (Baker et al., 2015; Paez et al., 2014; Wu et al., 2019; Xiong et al., 2020). These 
studies were conducted in different levels of educational institutions, from high school to college, and university. In the 
university setting, the participants' study areas are also distinct from one another, some studies focused on science-related 
faculty while others were conducted in business study programs. In this regard, this paper intends to investigate further 
perceived benefits that influence to intention to use AI. The following hypothesis is derived: 

H2: There is a significant influence of Perceived Benefits of AI in Teaching and Learning on intention to use 
AI in Teaching and Learning. 
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2.6.3 Attitude Towards AI 
Unlike two other independent variables, the previous finding on attitude towards technology in general and towards AI 
specifically results in inconsistent findings. Some recorded positive attitudes towards AI while others reported negative 
attitudes toward AI. These studies were conducted in different study settings where Ayanwale et al. (2022) and Chouthai 
et al. (2022) recorded positive attitudes towards AI in education while Goh, Suki, and Fam (2014) find that consumer has 
positive attitudes toward online banking applications. 

In contrast, Kelly, Mulvaney, and Bardone (2023), Shiohira (2021), and Bowers (2019) to name a few recorded 
negative attitudes toward new technology. The reasons behind negative attitudes vary across studies. Perceived risk, 
perceived trust, worry about job replacement by AI, transparency and lack of knowledge are among the reasons that lead 
to negative attitudes towards new technology. Based on the above discussion, the following hypothesis was developed. 

H3: There is a significant influence of Attitude towards AI on intention to use AI in Teaching and Learning. 

3. Research Methodology 

3.1 Research Design 

Research design is a strategic framework for conducting scientific studies aimed at obtaining accurate and reliable results 
(Creswell, 2009; Zikmund et al., 2010). It outlines the methods and procedures used to collect and analyze data, address-
ing the research questions effectively (Bhatti & Sundram, 2015). In this study, a quantitative research approach was 
employed to answer the research questions. This approach involves the collection of numerical data, which is then statis-
tically analyzed to draw conclusions (Hair et al., 2007). Furthermore, his approach is highly structured, often involving 
statistical techniques to analyze data collected through surveys, experiments, or secondary data sources (Sekaran & Bou-
gie, 2010). 

By using quantitative methods, the study benefits from the ability to measure and quantify variables, allowing for a 
more objective and generalizable understanding of the factors influencing the intention to use AI among faculty members 
at Guangdong Medical University. This design enables the researchers to statistically assess the relationships and effects 
among different variables related to the Technology Acceptance Model (TAM), providing a clear and concise understand-
ing of the academic members' intentions and attitudes toward AI adoption in teaching and learning. 

In this study, the quantitative research approach, utilizing a cross-sectional design and a correlational type of investi-
gation, focuses on exploring the relationship between several predictor variables and the dependent variable. A cross-
sectional design involves collecting data at a single point in time rather than longitudinally over an extended period 
(Sekaran & Bougie, 2010). This method is efficient for gathering a snapshot of the current state of intention to use AI 
among faculty members at Guangdong Medical University. It provides a timely and relevant picture of their attitudes and 
intentions regarding AI technologies. 

The predictor variables include perceived benefits of AI in higher education, perceived benefits of AI in teaching and 
learning, and attitude towards AI. These factors are crucial in understanding the faculty's perception and acceptance of 
AI technology. The dependent variable is the intention to use AI in teaching and learning. This structure allows the study 
to examine how perceptions and attitudes toward AI influence the willingness of faculty members at Guangdong Medical 
University to integrate AI into their teaching practices. By employing a cross-sectional design, the study captures a snap-
shot of these variables at a single point in time, providing a clear picture of current attitudes and intentions. The correla-
tional investigation then identifies the strength and nature of the relationships between the perceived benefits and attitudes 
towards AI and the actual intention to use AI. 

3.2 Sample and Population 

The population for this study encompasses academicians in China, representing a broad and diverse group of professionals 
engaged in higher education and research. Within this broad population, the sample selected for this study is specifically 
drawn from Guangdong Medical University, a distinguished institution ranked in the top 1% in clinical medical disci-
plines. The choice of Guangdong Medical University as the sample for this study is strategic, as it provides insights from 
a leading institution known for its excellence in a specialized field, thus offering valuable perspectives on the adoption of 
AI in a high-caliber academic environment. 

The sampling technique employed in this study is convenience sampling. This method involves selecting participants 
in a non-random manner, primarily based on their availability and willingness to participate. In this case, the study in-
volves all academic members of Guangdong Medical University who are available and willing to participate. This 
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approach, while not random, allows for a comprehensive inclusion of various viewpoints within the university, ensuring 
that the study captures a wide range of experiences and attitudes towards AI in teaching and learning. By focusing on a 
specific, well-regarded institution and using convenience sampling, the study aims to provide detailed insights into the 
perceptions and intentions of academicians regarding AI adoption in a top-tier academic setting. 

In the context of this study, the total number of employees at Guangdong Medical University is 1,900, out of which 
1,384 are academicians. Based on these numbers, Krejcie and Morgan's (1970) table suggests that a sample size of 297 is 
suitable. This size is large enough to be statistically representative of the academician population at the university, thereby 
ensuring that the study’s findings are reliable and can be generalized to the entire population of academicians. 

The sampling method used to reach this number was convenience sampling. This approach involves selecting partici-
pants who are readily available and willing to participate, rather than using random sampling methods. The sample was 
thus conveniently selected from the pool of academicians until the desired number of 297 was reached. While convenience 
sampling is less random than other methods, it is often used in practical research settings where time and resources are 
limited, and it can still provide valuable insights, especially when the sample size is calculated to be representative of 
established guidelines like those of Krejcie and Morgan (1970). 

3.3 Research Instrument 

Table 1. Research Instrument 

Construct Instrument No. of Item 

Perceived Benefits of Artifi-
cial Intelligence in Higher 

Education 

Using AI in higher education is beneficial to society. 
Using AI in higher education will make education more interactive. 
Using AI in higher education will be cost-effective. 
Using AI in higher education will make teaching and learning activities 
more interesting. 
Using AI is essential to meet the future needs of higher education. 
AI provides smart private tutoring platforms to be used in distance 
education. 
Using AI applications will help identify skills needed for the labor 
market. 

7 

Perceived Benefits of Artifi-
cial Intelligence in Teaching 

and Learning 

I can use AI technology to get things done more quickly. 
Using AI technology increases my effectiveness and professional and 
research productivity. 
AI technology is useful for teaching and learning activities. 
AI technology can be used to meet students’ differences. 
AI technology can be used to enhance student self-learning. 
AI technology can be used to answer students’ queries. 
AI technology can be used to evaluate students and provide them with 
feedback. 
AI provides automatic correction of certain types of coursework that 
frees up the teacher’s time for other tasks. 
I can present the most complex topics by employing AI in course teach-
ing. 
AI technology benefits students and me because it relates to our life-
style. 
AI technology introduces new ways to interact with information, such 
as using Google to adjust search results according to the learner’s ge-
ographic location. 
AI technology increases interaction between students and course con-
tent, for example, adding a chatbot service for content that can recog-
nize the learners’ language and have a real conversation with them. 
AI technology achieves student inclusion and better classroom manage-
ment through a virtual experience such as Classcraft. 
AI technology expands opportunities for learners to communicate and 
collaborate. 

14 
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Table 1 Continued 

Attitude to Artificial Intelli-
gence 

I think it is fun to use AI technology. 
I enjoy using AI technology. 
When I think about the capabilities of AI, I think about how difficult my 
future will be.* 
I have a feeling of discomfort when I think of AI.* 
AI technology is not easy to learn.* 
I need to put much effort into learning AI technology.* 
I think AI-powered educational content is not always right.* 

6 

Intention to Use Artificial 
Intelligence 

I can learn AI technology quickly. 
I will continue to try to know AI better. 
I will keep myself up to date with the latest emerging AI applications. 
I plan to spend some time studying AI technology in the future. 
I intend to use AI technology to help my teaching in the coming years. 

5 

 
The research instruments for this study were adapted from those developed by Alnasib (2023). A total of 32 items were 
used to measure various aspects related to the adoption and perception of AI in higher education. These items were 
measured using a 5-point Likert scale, ranging from 1 - strongly disagree to 5 - strongly agree, allowing participants to 
express their level of agreement or disagreement with each statement. This scale provides a nuanced and comprehensive 
way to gauge the attitudes, perceptions, and intentions of academicians regarding AI. 

Detailed in Table 1, these instruments cover a broad range of factors and are designed to capture the multifaceted nature 
of AI adoption in an academic setting. The reliability of these instruments is a critical aspect of the study's methodology. 
In this context, reliability refers to the consistency and dependability of the instruments in measuring what they are in-
tended to measure. To ensure reliability, the Cronbach alpha value is used as a standard measure. In this study, all instru-
ments are considered reliable and suitable for use if the Cronbach alpha value is more than 0.70 for each construct. 

3.4 Data Collection Method 

The data collection method for this study involves the use of an online survey, a choice that brings several distinct ad-
vantages. This method involves distributing questionnaires to faculty members at Guangdong Medical University through 
WeChat. The first advantage of this approach is its convenience and accessibility (Bhatti & Sundram, 2015). WeChat is 
a widely used communication platform in China, making it easy for participants to access the survey. The ability for 
faculty members to respond at their convenience potentially increases the response rate, as they can participate at times 
that suit them best. 

The online distribution of questionnaires allows for rapid dissemination and collection of responses (Bhatti & Sundram, 
2015). This study's successful collection of a sufficient number of samples within a three-week timeframe underscores 
the time efficiency of online surveys. This quick turnaround is especially valuable in time-sensitive research contexts, 
where gathering data promptly is crucial. 

Compared to traditional survey methods, such as paper-based surveys or face-to-face interviews, online surveys sig-
nificantly reduce costs associated with printing, distribution, and data entry. This cost reduction is particularly beneficial 
when dealing with a large sample size, as it makes the research more economical while still maintaining a broad reach 
(Sekaran & Bougie, 2010). 

The anonymity provided by such surveys can lead to more honest responses, as participants may feel more comfortable 
being candid without the presence of an interviewer. Additionally, the digital nature of the responses allows for straight-
forward data management and analysis. Responses collected online can be directly imported into data analysis software 
like IBM SPSS, which simplifies and streamlines the subsequent stages of data analysis. Despite some limitations, such 
as potential self-selection bias and excluding non-WeChat users, the online survey method remains an efficient, effective, 
and practical approach for this study. 

3.5 Data Analysis Techniques 

The data analysis phase of this research will be methodically conducted through a four-step process, ensuring the integrity 
and accuracy of the results. The first step involves data validation, a critical phase where data cleaning is performed. Here, 
any incomplete, inaccurate, or irrelevant data are identified and either corrected or removed from the dataset. This step is 
crucial for maintaining the quality of the data. 

Following validation, the second step is the data editing process. This stage further refines the dataset, ensuring that 
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the data is consistently formatted and error-free. The meticulous attention to detail in this phase enhances the reliability 
of the data. The third step is data coding, where responses are systematically categorized for ease of analysis. This step 
transforms raw data into a structured format that can be efficiently analyzed, facilitating a more streamlined analysis 
process. 

Finally, the fourth stage is the actual analysis of the data. The cleaned and structured dataset will be analyzed using the 
IBM SPSS 27 statistical package. This analysis involves two primary types of statistics. First, descriptive statistics such 
as mean, median, mode, frequency, and range will be calculated to provide a basic understanding of the data's distribution 
and central tendencies. Second, inferential statistics, specifically correlation analysis, will be conducted to examine the 
relationships among the observed variables. 

3.6 Summary 

In conclusion, this study about factors influencing the intention to use artificial intelligence (AI) among academic mem-
bers of Guangdong Medical University is a quantitative study. This study utilizes the convenience sampling method in 
collecting samples for the study. The number of samples was based on the recommendation of Krejcie and Morgan (1970), 
where the suggested sample size for N=1300 is n=297. This study used inferential statistical analysis to measure three (3) 
constructs and one dependent variable, intention to use AI. 

4. Results and Discussion 
4.1 Data Screening 

In the data screening phase of this study, an initial total of 287 questionnaires were collected through WeChat. However, 
before proceeding to data analysis, a thorough screening process was conducted to ensure the quality and reliability of 
the data. This process involved identifying and addressing issues such as missing data and lenient responses, which are 
common challenges in survey-based research. As a result of this rigorous screening, the number of questionnaires deemed 
suitable for analysis was reduced to 260. This step was crucial to maintain the integrity of the research findings. 

Additionally, the study conducted a reliability analysis to assess the internal consistency of the survey instruments. For 
this purpose, Cronbach's alpha was used as the primary statistical measure. The rule of thumb for acceptable reliability in 
social science research is a Cronbach's alpha value of 0.70 or above. This threshold ensures that the survey items consist-
ently measure the intended constructs, thereby contributing to the overall validity of the study. By adhering to this standard, 
the research upholds the necessary rigor in its methodological approach, enhancing the credibility and trustworthiness of 
the results. 

Table 2. Reliability Analysis 

Variable No. of Item Cronbach’s Alpha 

Perceived Benefits of AI in Higher Education 7 0.946 

Perceived Benefits of AI in Teaching and Learning 14 0.959 

Attitude to Artificial Intelligence* 5 0.637 

Intention to Use Artificial Intelligence 5 0.875 

Notes” *contains 4 negative items and ATAI2 was deleted due to poor α value. 
 

The reliability of the survey instruments is presented in Table 2. For the construct perceived benefits of AI in higher 
education, assessed through 7 items, the Cronbach’s Alpha value is very good α=0.946, indicating a very high level of 
reliability. Similarly, the perceived benefits of AI in teaching and learning, encompassing 14 items, demonstrate excellent 
internal consistency with a Cronbach’s Alpha of 0.959. 

However, the attitude to artificial intelligence construct initially posed a reliability challenge, with a Cronbach's Alpha 
of only 0.578. To increase the reliability, an item (ATAI2 – I enjoy using AI technology) was removed, which effectively 
increased the alpha value to 0.637. This adjustment, aligning with Sekaran & Bougie's (2010) guideline that a value above 
0.60 is acceptable for social science research, ensured the construct's reliability. 

Lastly, the intention to use an artificial intelligence construct, consisting of 5 items, also exhibited strong internal con-
sistency, as reflected by its Cronbach’s Alpha of 0.875. Overall, the reliability table in the thesis comprehensively demon-
strates the high degree of reliability of the survey instruments, with the exception of the initial lower value for ATAI, 
which was successfully rectified. 
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4.2 Demographic of Respondent 

In discussing the demographic profile of the respondents for this study, it's important to note that the total number of 
respondents was 260. This demographic profile provides essential insights into the characteristics of the participant group, 
such as gender, age, academic rank, college type, educational background, and teaching experience. 

Figure 2 in the study provides a detailed breakdown of the gender distribution among the 260 respondents. Out of these, 
139 are male academic members, while the remaining 121 are female. This gender distribution is an important demo-
graphic detail as it offers insights into the balance and representation of genders in the sample. 

 
Figure 2. Gender Profile. 

The age distribution of the respondents in this study is a key demographic aspect, providing valuable insights into the 
diversity of the participant group. The youngest age group, consisting of those aged 20-30 years, includes 67 respondents, 
representing a significant portion of the sample. This group is likely to include early-career academics and those recently 
introduced to the profession. 

 
Figure 3. Age of Respondents. 
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The next age bracket, 31-40 years, comprises the largest segment of the sample, with 104 respondents, indicating a 
strong representation of mid-career professionals who are potentially at a pivotal stage in their academic careers. The 41-
50 years age group, mirroring the 20-30 years category, also consists of 67 respondents. This similarity in numbers sug-
gests a balanced representation of both emerging and established academicians. Finally, the age group of over 50 years 
includes 18 respondents, providing insights from the most experienced segment of the academic community. Figure 3. 

Figure 4 in the study presents a breakdown of the respondents according to their academic ranks, offering a glimpse 
into the professional composition of the sample. The majority of respondents are teaching assistants, with 122 individuals 
falling into this category, indicating a strong presence of early-career academics or those in the initial stages of their 
academic journey. The next significant group is lecturers, comprising 88 respondents. This group likely represents indi-
viduals with some experience in academia, potentially engaged in both teaching and research activities. Associate profes-
sors, with a count of 37, form the next category, reflecting a more advanced stage of academic careers where individuals 
have established a substantial presence in their respective fields. Finally, the category with the least representation is 
professors, consisting of 13 respondents. 

 
 

Figure 4. Academic Rank. 

 
Figure 5. College Type. 
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Figure 5 in the study illustrates the distribution of respondents based on their college affiliations, highlighting the 
diversity of academic disciplines involved in the survey. The data shows that 10 respondents are from the Sciences Col-
lege, indicating a representation from fields likely focused on natural and physical sciences. This group, while smaller in 
number, provides insights from disciplines that are often at the forefront of technological integration in research and 
teaching. 

A significantly larger group of 99 respondents belongs to the Humanities College. This substantial representation sug-
gests a keen interest or engagement with AI technologies among those in disciplines traditionally less associated with 
technological advancements. Their perspectives are particularly valuable in understanding how AI is perceived and po-
tentially integrated into diverse academic areas beyond the sciences. The largest group of respondents, numbering 151, 
comes from the Medicine College. This dominance in the sample is notable, reflecting the significant interest and potential 
impact of AI in medical education and research. 

Figure 6 in the study provides an overview of the teaching experience of the respondents, which is a crucial factor in 
understanding their perspectives on AI adoption in education. The distribution of teaching experience among the partici-
pants is varied, offering insights across a range of career stages. 

The largest group, consisting of 122 respondents, has 1 to 5 years of teaching experience. This group likely includes 
many early-career educators who are relatively new to teaching. Their perspectives are particularly important as they 
represent a generation of educators who may be more familiar with and open to integrating new technologies like AI in 
their teaching practices. 

The next category, with 74 respondents, comprises those who have 6 to 10 years of teaching experience. This group 
represents mid-career educators who have substantial experience but are still in the relatively early stages of their careers. 
Their views might provide a balance between traditional teaching methods and the adoption of innovative technologies. 

Educators with 11 to 15 years of teaching experience form a smaller group of 32 respondents. This cohort is likely to 
have witnessed significant changes in educational technologies over their careers and might offer insights into the evolu-
tion and acceptance of such technologies in the academic setting. 

Finally, the group with more than 15 years of teaching experience includes 42 respondents. This group represents the 
most seasoned educators, who bring a wealth of experience and potentially a different perspective on the integration of 
AI in teaching, shaped by their long-term observation of trends and changes in educational methodologies. 

 
Figure 6. Teaching Experience. 

4.3 Hypothesis Testing 

In this chapter, the study uses two statistical methods, Pearson correlation, and multiple regression, to test the hypotheses 
and explore what influences decision-making behaviors. First, Pearson correlation is applied to identify how the different 
variables are related to each other. This step is important to make sure that the variables are appropriate for further analysis. 
Then, multiple regression analysis is conducted. This method helps to understand how four key predictor variables, when 
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considered together, impact the dependent variable. This approach provides a clearer picture of the combined effect of 
these predictors on decision-making behaviors. 

Table 3. Pearson Correlation 

 PBHE PBTL Attitude Intention 

PBHE 1    

PBTL .852** 1   

Attitude -0.084 -0.073 1  

Intention .724** .669** -.188** 1 

Notes: **Significant at the level p<0.001 
PBHE – Perceived Benefits of AI in Higher Education; PBTL – Perceived Benefits of AI in Teaching and Learning; Attitude – Attitude to AI; Intention 
– Intention to Use AI. 
 

Table 3 in the study reveals interesting correlations among four key variables: Perceived Benefits of AI in Higher 
Education (PBHE), Perceived Benefits of AI in Teaching and Learning (PBTL), Attitude towards AI, and Intention to 
Use AI. There is a very strong positive correlation (r²=.852) between PBHE and PBTL, indicating that those who see AI 
as beneficial in higher education also perceive it as beneficial in teaching and learning. However, the correlations between 
PBHE and Attitude (r²=-0.084), and PBTL and Attitude (r²=-0.073), are both very weak and negative, suggesting that 
perceiving AI as beneficial does not significantly influence attitudes towards AI. 

On the other hand, the intention to use AI is strongly positively correlated with both PBHE (r²=.724) and PBTL 
(r²=.669), implying that seeing AI as beneficial in either higher education or teaching and learning is associated with a 
greater intention to use it. Interestingly, there is a moderate negative correlation (r²=-.188) between attitude and intention 
to use AI, suggesting that more negative attitudes towards AI are linked to a lower intention to use it. These findings 
highlight the strong influence of perceived benefits on the intention to use AI, while attitudes towards AI have a lesser, 
though still significant, impact. 

Next, the multiple regression results are presented in Table 4 and Table 5. The model's R-value is 0.742, indicating a 
strong positive correlation and suggesting a substantial relationship between the combined predictors and the outcome. 
The R² value, which stands at 0.591, reveals that about 59.1% of the variance in the dependent variable is explained by 
the predictors, indicating good explanatory power of the model. 

The adjusted R square, at 0.546, is slightly lower but still robust, considering the number of predictors and the sample 
size. This suggests that the model remains a good fit after adjustment. The standard error of the estimate is 0.491, implying 
that the observed values are, on average, close to the regression line, denoting a good fit of the model. 

Crucially, the p-value of 0.0001 is highly significant, confirming the statistical significance of the model and the low 
likelihood of the results occurring by chance. Overall, these results point to a strong and significant relationship between 
the predictors and the dependent variable, underscoring the robustness of the model. 

Table 4. Model Summary 

Model R R² Adjusted R Square Std. Error of the 
Estimate p-value 

1 0.742 0.591 0.546 0.491 0.0001 
 

The table presents the results from a regression model, showcasing the influence of various predictor variables on a 
dependent variable, as indicated by their respective beta (β) coefficients, t-values, and p-values. Firstly, the constant has 
a β of 1.112 with a t-value of 3.620, and is highly significant (p = 0.000), indicating that the model has a significant 
intercept. Among the predictors, 'Perceived Benefits of AI in Higher Education' (PBHE) has the highest β coefficient at 
0.618, with a t-value of 6.908 and a p-value of 0.000, signifying a strong positive impact on the dependent variable and 
high statistical significance. This suggests that PBHE is a major contributor to the model. 

'Perceived Benefits of AI in Teaching and Learning' (PBRL) has a β of 0.216, a t-value of 2.366, and a p-value of 0.019, 
indicating a positive but comparatively smaller influence on the dependent variable than PBHE, yet it is still statistically 
significant. 'Attitude' has a β of -0.140, a t-value of -3.031, and a p-value of 0.003, showing a negative influence on the 
dependent variable, which is also statistically significant. 
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Comparing the β coefficients, PBHE emerges as the most influential predictor, having the greatest impact on the de-
pendent variable, followed by PBRL and then 'Attitude'. The negative β of 'Attitude' suggests an inverse relationship with 
the dependent variable, indicating that more positive attitudes may lead to a decrease in the value of the dependent variable. 
The significant p-values for all predictors confirm that their contributions to the model are not by chance. This analysis 
provides a clear understanding of how each variable uniquely influences the outcome, with PBHE being the most domi-
nant factor. 

Table 5. Coefficient 

Model Variable β t p-value 

1 Constant 1.112 3.620 0.000 

 PBHE 0.618 6.908 0.000 

 PBRL 0.216 2.366 0.019 

 ATTITUDE -0.140 -3.031 0.003 

4.4 Summary of Results 

The following table summarizes the results of this study. In short, all three hypotheses are statistically supported, with 
59.1% of the variance in the intention to use AI being explained by the three predictors, and the remaining variance might 
be explained by other factors which not included in this study. 

Table 6. Summary of Results 

Hypothesis Results 

H1 There is a significant influence of perceived benefits of AI 
in Higher Education on the intention to use AI. Supported 

H2 There is a significant influence of perceived benefits of AI 
in Teaching and Learning on the intention to use AI. Supported 

H3 There is a significant influence of attitude toward AI on the 
intention to use AI. Supported 

5. Conclusion 
The study's results begin with an analysis of the respondent profile, providing vital demographic insights. Out of 260 
participants, the majority were male (139), with females accounting for the remainder. In terms of age, the respondents 
were distributed across various groups, with 67 in the 20-30 age bracket, 104 between 31-40, another 67 between 41-50, 
and 18 over 50 years old. The academic ranks of respondents varied, including 122 teaching assistants, 88 lecturers, 37 
associate professors, and 13 professors, reflecting a wide range of experience levels. Additionally, the respondents came 
from diverse academic backgrounds: 10 from the Sciences College, 99 from Humanities, and 151 from the Medicine 
College. This varied demographic makeup provides a comprehensive view of different perspectives across the academic 
spectrum. 

The study then employed Pearson correlation and multiple regression analyses to explore relationships between varia-
bles. The Pearson correlation showed a strong positive correlation between perceptions of AI's benefits in higher educa-
tion and in teaching and learning. However, attitudes towards AI were weakly and negatively correlated with these per-
ceptions. In the multiple regression analysis, the model exhibited strong positive correlations among the predictors and 
the dependent variable, with an R-value of 0.742. About 59.1% of the variance in the dependent variable was explained 
by the predictors (R² = 0.591), indicating a good model fit. The regression coefficients revealed that 'Perceived Benefits 
of AI in Higher Education' had the most substantial positive impact on the dependent variable, followed by 'Perceived 
Benefits of AI in Teaching and Learning', while 'Attitude' showed a negative impact. Collectively, these findings provide 
a nuanced understanding of the factors influencing AI adoption in higher education, highlighting the significant role of 
perceived benefits and the complex relationship with attitudes toward AI. 

Next, results for H1 which posited a positive correlation between the perceived benefits of AI in higher education and 
the intention to use AI, aligns well with previous studies. Similar findings were reported by Alnasib (2023), Damerji and 
Salimi (2021), and Sudaryanto et al. (2023), who also found a significant positive correlation between the perceived 
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benefits of AI in higher education and its intended use. 
This consistency underscores the robustness of the perceived benefits as a predictor of technology adoption in academic 

settings. It suggests that when academicians perceive the clear benefits of AI in their professional context, they are more 
likely to embrace these technologies in their work. This insight is crucial for educational institutions aiming to foster AI 
adoption among faculty members, as it highlights the importance of demonstrating the tangible benefits of AI in higher 
education. 

The results for H2, which examined the relationship between the perceived benefits of AI in teaching and learning and 
the intention to use AI, are consistent with findings from Wu et al. (2019), Liu and Lu (2020), and Paez et al. (2014). 
These studies similarly found a positive correlation between the perceived benefits of AI in specific applications, such as 
teaching and learning, and the willingness to use AI. 

This agreement with prior research reinforces the idea that perceptions of utility in specific applications are crucial in 
influencing technology adoption decisions. It suggests that when academicians see how AI can concretely enhance teach-
ing and learning processes, their inclination to use AI increases. This finding has practical implications for the develop-
ment and presentation of AI tools in educational settings, as it indicates the importance of aligning AI applications with 
the specific needs and challenges of teaching and learning. 

For H3, which explored the relationship between attitudes toward AI and the intention to use AI, the findings were 
consistent with those reported by Bowers (2019), Kelly et al. (2023), and Shiohira (2021). These authors also identified 
a negative influence of attitudes on the intention to use AI, indicating that less favorable attitudes toward AI could hinder 
its adoption. This finding is particularly insightful as it highlights a potential barrier to AI adoption in higher education. 
While positive perceptions of benefits drive adoption, negative attitudes could counteract this effect. This suggests that 
for the successful implementation of AI, educational institutions must not only showcase the benefits but also address and 
mitigate any negative attitudes or misconceptions about AI among academicians. 

The findings of this study have significant implications, both theoretically and practically, in the context of AI adoption 
in higher education. From a theoretical standpoint, the strong correlation between the perceived benefits of AI in higher 
education and in teaching and learning reinforces and expands upon existing theories in technology acceptance, particu-
larly the Technology Acceptance Model (TAM). 
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