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 With the expansion of Sino–Thai higher education cooperation, many Chinese faculty members 
are teaching in Thai universities. The integration of artificial intelligence (AI) into teaching offers 
opportunities for innovation but also presents challenges, especially in cross-cultural contexts. 
Understanding how Attitude toward Artificial Intelligence (AIA) influence Teaching Satisfaction 
(TS) through Teachers’ Self-Efficacy of Teaching Innovation Skills (TISE) is therefore essential. 
This study surveyed 475 Chinese faculty in Thai universities to examine the relationships among 
AIA, TISE, and TS. Structural equation modeling (SEM) was employed to assess the proposed 
mediation model, in which AIA was hypothesized to exert an indirect effect on TS via TISE. 
Reliability and validity analyses were conducted to ensure the robustness of the measurement 
instruments. Findings show that AIA has a weak but significant direct effect on TS (β = 0.084, p < 
.05), but a much stronger total effect (β = 0.441, p < .001). AIA significantly predicts TISE (β = 
0.573, p < .001), and TISE strongly predicts TS (β = 0.658, p < .001). Mediation analysis indicates 
that TISE accounts for 81.6% of the total effect of AIA on TS, confirming a dominant partial 
mediation. The model demonstrates good fit indices (χ²/df = 3.959, RMSEA = 0.079, CFI = 0.936, 
SRMR = 0.042). Investigation of AI adoption among cross-cultural faculty represents the key 
contribution of this study to the literature, validating the TISE scale, and extending theoretical 
perspectives on faculty development. Practical recommendations include strengthening AI-related 
training, establishing institutional support mechanisms, and refining faculty evaluation to improve 
teaching satisfaction and facilitate the intelligent transformation of higher education in Thailand. 

© 2026 by the authors; licensee Growing Science, Canada 

Keywords: 
Attitude toward Artificial 
Intelligence  
Chinese Faculty in Thai 
Universities  
Mediating effect  
Structural Equation Modeling 
Teachers’ Self-Efficacy of 
Teaching Innovation Skills 
Teaching Satisfactioning 

 

 

 

 

1. Introduction 

 
Over the past decade, driven by China’s Belt and Road Initiative and policies promoting the opening-up of education (Ministry 
of Education et al., 2020), programs encouraging faculty mobility have gained significant momentum, with university faculty 
from China increasingly working abroad. In parallel, the Thai government has identified “expanding the scale of foreign 
faculty and students” as a core indicator of higher education internationalization (National Higher Education, Science, 
Research and Innovation Policy Council, n.d.). These two forces intersect in Southeast Asia, giving rise to the large-scale 
presence of faculty from China teaching in Thailand (Embassy of the People’s Republic of China in the Kingdom of Thailand, 
2020). Thai universities’ demand for high-quality educational resources continues to grow, while faculty from China 
increasingly regard teaching in Thailand as a strategic pathway for career advancement, collaborative research, and cultural 
exchange. This forms a sustained “Thai demand–Chinese supply” dynamic. Concurrently with this cross-border academic 
mobility, artificial intelligence (AI) has been rapidly permeating higher education. AI, heralded as a driving force of the“fourth 
education revolution,”is propelling teaching toward greater personalization, intelligence, and efficiency (Zhai et al., 2021). 
The integration of AI into teaching brings unprecedented opportunities, enabling students and educators to access information 
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more efficiently. Consequently, there is a growing need to incorporate AI applications into curriculum design, teaching 
methods, and assessment practices to achieve effective learning (Eltabakh & Ahmed Ismail, 2019). In Thailand, national-level 
initiatives such as TH AI Academy aim to train 30,000 AI-capable university faculty by 2030 to enhance the country’s higher 
education competitiveness (Microsoft, 2025). 
 
Attitude toward Artificial Intelligence(AIA) has been shown to be a key determinant of both the effectiveness of technology 
integration and their professional well-being. A positive AIA can reduce technology-related anxiety, increase classroom 
efficiency, and significantly improve Teaching Satisfaction(TS)  (Teo, 2011; Scherer et al., 2018). However, faculty from 
Mainland China working in Thailand face dual challenges: on one hand, cross-cultural adaptation pressures related to language, 
visas, and classroom cultural differences [9]; on the other, the need to quickly localize and adapt AI tools for the Thai higher 
education context. In such circumstances, TISE—the confidence in one’s capacity to redesign curricula and innovate teaching 
with AI—emerges as a critical psychological resource influencing both teaching performance and professional well-being 
(Bandura, 1997). While existing literature has explored the relationship between Attitude toward Artificial Intelligence (AIA) 
and the willingness of university faculty to adopt technology most studies focus on single cultural contexts or emphasize 
“adoption intention”rather than “Teaching Satisfaction (TS)” as the ultimate outcome (McGehee, 2024). For the specific group 
of faculty from Mainland China teaching in Thailand, empirical research examining the interplay between AIA, TISE, and 
TS remains scarce. Moreover, the chain mechanism through which AIA influences professional well-being via self-efficacy 
has not been systematically tested. Existing studies tend to stop at the cross-sectional correlation between Attitude toward 
Artificial Intelligence (AIA) and self-efficacy (Galindo-Domínguez et al., 2024) or focus solely on the psychological 
adaptation of cross-cultural faculty without integrating AI-related variables into the model (Ward, Bochner, & Furnham, 2020). 
In other words, the chain relationship AIA→TISE→TS in cross-cultural contexts with Chinese faculty remains an 
underexplored research area, with a lack of targeted strategic recommendations. Therefore, this study focuses on Chinese 
Faculty in Thai Universities. Drawing on the Technology Acceptance Model (TAM), Social Cognitive Theory (SCT), and 
Expectation-Confirmation Model (ECM), it constructs and empirically tests a mediation model of AIA→TISE→TS.  
 
The study aims to advance the literature on Attitude toward Artificial Intelligence (AIA) by incorporating”Teaching 
Satisfaction (TS)” as an outcome in cross-cultural settings; to uncover the psychological transmission mechanism of TISE 
between AIA and TS; and to provide targeted recommendations for faculty development programs, institutional support 
policies, and AI teaching platform design in the context of Sino–Thai higher education collaboration. 

2. Literature Review and Theoretical Foundations 

The conceptual pathway of Attitude toward Artificial Intelligence (AIA)→Teachers’ Self-Efficacy of Teaching Innovation 
Skills (TISE)→Teaching Satisfaction (TS) in this study is grounded in three complementary perspectives: TAM, SCT, and 
ECM. 

2.1. Technology Acceptance Model (TAM) 

Fig. 1 was first introduced by Davis (1989) in his doctoral dissertation to explain and predict the acceptance of information 
technologies by users. Specifically, TAM is rooted in the Theory of Reasoned Action (TRA) and the Theory of Planned 
Behavior (TPB), identifies Perceived Usefulness (PU) and Perceived Ease of Use (PEOU) as the two key antecedents 
influencing users’ acceptance of technology (Davis, 1989, 1993). PEOU directly affects users’ acceptance attitudes and 
indirectly enhances Usage Intention(UI) by increasing PU. 
 

 
Fig. 1. Technology Acceptance Model. 

Subsequent extensions to TAM have incorporated additional external variables and social-contextual factors. TAM2 
introduced social influence processes (e.g., subjective norms, user image) and cognitive instrumental processes (e.g., job 
relevance, output quality, result demonstrability) to further explain the formation of PU and Usage Intention (UI) (Venkatesh 
& Davis, 2000). TAM3 integrated both pre-implementation and post-implementation intervention factors (e.g., training, 
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organizational support, peer support) and refined the causal pathways of Perceived Ease of Use (PEOU), thereby enhancing 
the model’s explanatory power for organizational contexts and individual differences (Venkatesh & Bala, 2008). 
 
Accordingly, TAM and its extensions provide a robust theoretical basis for constructing the “AIA” variable in this study. In 
terms of operationalization, AIA maps onto their perceptions of AI tools’ usefulness and ease of use. Based on the TAM logic 
that PU and PEOU predict Usage Intention (UI) and behaviors, this study proposes a direct path from AIA to TS. Moreover, 
the consideration of social influence and organizational support in TAM2 and TAM3 offers theoretical support for 
incorporating TISE as a mediating variable. 

2.2. Social Cognitive Theory (SCT) 

SCT forms the theoretical foundation for the Teachers’ Self-Efficacy of Teaching Innovation Skills (TISE) in this study. Its 
core proposition, reciprocal triadic determinism, explains how personal factors, behavior, and environmental influences 
interact to shape human behavior and psychological processes (Bandura, 1997). Environmental factors (e.g., external 
conditions, social influences) shapes individual behavior and psychological states, which in turn affect behaviors; conversely, 
behaviors can modify both the environment and personal cognition specifically (Schartner et al., 2023).    
 
In this study, the “environment” refers to the cultural climate of Thai higher education institutions, AI teaching platforms, and 
organizational support. Personal cognitive factors include Attitude toward Artificial Intelligence (AIA) and Teachers’ Self-
Efficacy of Teaching Innovation Skills (TISE). Behavioral outcomes comprise actual teaching innovation behaviors and 
Teaching Satisfaction (TS). The dynamic interaction mechanism is as follows: within the Thai higher education environment, 
University faculty AIA (cognition) enhances their TISE (mediator), which in turn drives innovative teaching behaviors; these 
behaviors, through improved efficiency and positive feedback, subsequently increase TS. A positive Attitude toward Artificial 
Intelligence fosters high self-efficacy, which in turn stimulates innovation and further reinforces both attitudes and Teaching 
Satisfaction, thereby creating a virtuous cycle. 

2.3. Expectation Confirmation Model (ECM) 

 
Fig. 2. Expectation Confirmation Model. 

The Model of Fig. 2 was proposed by Oliver (1980) and has since been widely applied in information systems research to 
explain how individuals evaluate and respond to experiences with products, services, or technologies (Bhattacherjee, 2001). 
In the ECM, expectations influence perceived performance; when actual performance meets or exceeds expectations, 
confirmation occurs, resulting in increased satisfaction and continued using intention (Lee, 2010). According to Oliver (1980), 
satisfaction mediates the effect of perceived usefulness on individuals’ continued usage intentions. Moreover, ethical 
considerations—such as transparency and accountability—are recognized as factors influencing satisfaction with technology 
(Niu & Mvondo, 2024). Integrating these three theoretical perspectives, this study’s analytical pathway—AIA→TISE→TS—
aligns with the social-cognitive perspective of self-efficacy as a mediator, corresponds to the TAM’s “attitude–behavior–
outcome” pathway, and situates Teaching Satisfaction at the intersection of technological factors, internal beliefs, and work-
related emotions. 

2.4. Operational Definitions of Variables 

All constructs in this study—AIA, TS, and TISE—were measured employing validated scales. The conceptualization and 
operationalization of each variable are grounded in relevant theories and literature: 

2.4.1. Attitude toward Artificial Intelligence (AIA) 

Schank (1987) argued that artificial intelligence (AI) addresses fundamental questions about human nature and learning—
namely, “What do we know, and how can we enable machines to know it as well?” The defining essence of AI rests on its 
function of probing into the “Why,” to formulate valuable questions, to generate answers, and to explain its own actions. It 
also enables programs to continually optimize based on experience and to connect seemingly unrelated experiences—an 
ability that reflects the very nature of creativity. At the same time, AI can be described as a computer system inspired by the 
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functioning of the human nervous system, capable of understanding, learning, reasoning, and taking appropriate action (Stone 
et al., 2022). Building on this understanding, the present study adopts the definition of AI proposed by Wang, Rau, and Yuan 
(2023): technologies that enable software and machines to simulate human intelligence. In this study, Attitude toward 
Artificial Intelligence (AIA) is conceptualized as university faculty evaluations of AI technology, encompassing their 
perceptions of its potential benefits, their confidence in applying it, and their attitude toward its use in actual teaching practice. 
AIA is regarded as a critical factor influencing university faculty willingness to adopt AI, their capacity for teaching 
innovation, and their overall professional satisfaction. 

2.4.2. Teaching Satisfaction (TS) 

This study adopts the concept of Teaching Satisfaction proposed by Ho and Au (2006), which is based on Locke’s (1969) 
definition of TS as “a pleasurable emotional state resulting from the perception that one’s work fulfills or helps to fulfill one’s 
vocational values.” This definition has been widely adopted by other scholars, including Tiffin and McCormick (1965), Riggio 
(2015), Vroom (1964), and Wu and Watkins (1994). In essence, TS can be understood as a function of the perceived 
relationship between university faculty professional expectations and their actual teaching practice. This affective response 
emerges from the interaction between university faculty attitudes and emotions. 

2.4.3. Teachers’ Self-Efficacy of Teaching Innovation Skills (TISE) 

Based on Bandura’s (2012) social cognitive theory, TISE reflects university faculty’s confidence in their capacity to cultivate 
21st-century innovation skills in students, encompassing creativity, critical thinking, communication, and collaboration (the 
4Cs). TISE is conceptualized as comprising both cognitive and behavioral dimensions. The cognitive dimension pertains to 
faculty members’ cognitive processes aimed at promoting skill development, including planning, strategizing, and anticipating 
challenges in fostering student innovation. The behavioral dimension encompasses the actual instructional strategies and 
pedagogical practices employed to develop these skills in the classroom. Faculty exhibiting high levels of TISE are more 
inclined to implement innovative teaching methods, respond proactively to instructional challenges, and enhance students’ 
innovation capacities, thereby contributing to both teaching effectiveness and professional satisfaction (Al-Azmi, 2018). 

2.5. Relationships Among Variables 

2.5.1. AIA and TS 

Opportunities for AI application in education—such as intelligent content creation tools and immersive virtual classrooms—
have been shown to reduce university faculty preparation and assessment burdens (Albin-Clark et al., 2011; Loeckx, 2016). 
Chounta et al. (2022) found that university faculty Attitude toward Artificial Intelligence (AIA) are closely related to the 
perceived support AI provides in teaching. However, cross-cultural empirical research on AIA and TS remains limited, 
warranting further investigation. 

2.5.2. AIA and TISE 

Extant literature consistently demonstrates that higher levels of AIA are positively linked to TISE, highlighting the importance 
of faculty perceptions of AI in fostering innovative teaching practices. For example, Al Darayseh (2023) reported that 
university faculty in Abu Dhabi exhibited a positive correlation between AI acceptance, self-efficacy, and Attitude toward 
Artificial Intelligence. Similar findings were observed in multi-country studies (Alhwaiti, 2023; Stryftoy et al., 2024), 
supporting the notion that positive AIA enhances university faculty self-efficacy. 

2.5.3. TISE and TS 

Research by Alhwaiti (2023) and Stryftoy et al. (2024) indicates that teaching self-efficacy is significantly and positively 
related to TS. TISE serves as an important mediator between university faculty support, innovation, and satisfaction (Balgiu, 
2022), and consistently shows a strong effect on TS in cross-national contexts. 

2.5.4. The Indirect Effect of AIA on TS via TISE 

Xu et al. (2025) proposed the AI-TPACK framework, highlighting self-efficacy’s mediating role between AIA and AI 
teaching competence. Similarly, Ding, Li, and Hui (2025) reported that faculty collaboration with AI enhances teaching 
engagement, mediated by technological self-efficacy. Hazzan-Bishara et al. (2025) also found that institutional support 
indirectly influences university faculty willingness to use AI via self-efficacy. 

3. Research Framework, Hypotheses, and Measurement Instruments 

3.1. Research Framework 

Fig. 3 conceptualizes Attitude toward Artificial Intelligence (AIA) as the independent variable, Teaching Satisfaction (TS) 
as the dependent variable, and Teachers’ Self-Efficacy of Teaching Innovation Skills (TISE) as a mediating variable. 
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Fig. 3. Research Framework. 

3.2. Research Hypotheses 

Drawing upon the literature review and theoretical framework, the hypotheses formulated for this study were as follows: 

H1: AIA exerts a positive effect on TS. 

H2: AIA has a significant positive effect on TISE. 

H3: TISE positively influences TS. 

H4: TISE mediates the relationship between AIA and TS.  

3.3. Measurement Instruments 

3.3.1. Attitude toward Artificial Intelligence Scale (AIAS-4) 

The AIAS-4 is adapted from the single-factor, four-item instrument developed by Grassini (2023), with modifications 
informed by Huang and Teo (2020). Grassini’s (2023)  AIAS-4 provides a concise tool capturing key dimensions of higher 
education university faculty Attitude toward Artificial Intelligence, demonstrating strong model fit, structural validity, and 
broad applicability. The items were derived from established models, notably TAM (Davis, 1989), in which perceived 
usefulness—defined as the degree to which individuals believe technology use enhances their job performance—serves as a 
principal determinant of technology acceptance. 
 
The linguistic adaptation was also based on Huang and Teo (2020), whose instrument incorporated empirically validated 
items on perceived usefulness, attitudes, and behavioral intention, demonstrating strong reliability and validity in university 
faculty populations. The adapted scale aligns with the key elements of Attitude toward Artificial Intelligence—such as 
perceived value, usage inclination, and overall evaluation—while providing a structured framework for measuring AIA and 
reducing potential errors associated with developing a new scale. This adaptation ensures both the scientific rigor of 
measurement and the reduction of cross-cultural interpretation bias, particularly for faculty from Mainland China who are 
teaching in Thai higher education. 
 
Example items include statements such as,“I believe that AI will make work more interesting.”and “I think I will use AI 
technology in the future”. Furthermore, the original 10-point Likert scale of the AIAS-4 was simplified to a 5-point scale to 
capture university faculty general orientation toward the technology rather than overly fine-grained differences in attitude. 
This modification simplifies data collection and analysis, reduces cognitive load, and is especially suitable for cross-cultural 
surveys, minimizing misinterpretation caused by an excessive number of response options. Each item was rated on a five-
point scale (1 = “strongly disagree,” 5 = “strongly agree”). 

3.3.2. Teachers’ Self-Efficacy of Teaching Innovation Skills Scale (TISE Scale) 

 
This study employed the revised 15-item TISE scale developed by Al-Azmi (2018). Some representative items from the scale 
are: “I am able to encourage students to generate creative ideas and solutions to solve specific problems” and “I am able to 
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create student group projects depending on multiple abilities or interests.” The scale was used to evaluate the reliability and 
validity of TISE among Chinese  faculty in Thai higher education; all items were rated on a five-point Likert scale (1 = 
“strongly disagree,” 5 = “strongly agree”). 
 
Al-Azmi’s (2018) scale is grounded in the Partnership for 21st Century Skills (P21) framework and draws upon the university 
faculty Sense of Efficacy Scale by Tschannen-Moran and Hoy (2001), as well as Bandura’s (1997) self-efficacy theory. It 
focuses on four core innovation skills (4Cs): creativity, critical thinking, communication, and collaboration. Each dimension 
is further divided into a cognitive component—university faculty self-perceived ability—and a behavioral component—
university faculty confidence in actual implementation.  
 
The Al-Azmi’ (2018) scale originally comprised 16 items, with a relatively low overall reliability coefficient (α = 0.6744). 
To enhance internal consistency, the revised version removed one low-correlation item and simplified five items that were 
ambiguous or overly broad in scope, thereby improving measurement accuracy. 

3.3.3.  Teaching Satisfaction Scale (TS Scale) 

This study employed the Teaching Satisfaction Scale (TSS) developed by Ho, C. L., & Au, W. T. (2006) to assess the 
multidimensional perceptions of Teaching Satisfaction among Chinese faculty  in Thailand. Empirical studies have 
demonstrated that the TSS possesses good reliability and validity. The TSS is based on Diener et al.’s (1985) Life Satisfaction 
Scale (LSS) and was adapted to reflect the characteristics of the teaching profession. For example, the LSS item “In most 
ways, my life is close to my ideal” was modified to “In most ways, my teaching is close to my ideal.” Representative items 
of the TSS include: “My conditions of being a teacher are excellent.” The TSS consists of five items, each rated on a five-
point Likert scale (1 = “strongly disagree,” 5 = “strongly agree”). 

4. Participants and Data Gathering 

To minimize respondent burden, a survey was administered in Chinese. The introduction outlined the objectives of the study, 
assured respondents of confidentiality, and emphasized that responses were used solely for research purposes. Participation 
was entirely voluntary. This questionnaire consisted of two sections: (1) demographic information (e.g., gender, age, education 
level, teaching experience, academic rank, employment type, research responsibilities); and (2) measurement scales for the 
study variables. All English-language scales were translated into Chinese using the forward-translation method and checked 
against the originals to ensure both linguistic and conceptual equivalence. Given the geographic dispersion of the target 
population, the survey was distributed online via the “Wenjuanxing” platform. The survey link was disseminated through 
WeChat groups, with assistance from the International Exchange Office of a Thai universities. The researchers also joined 
relevant university faculty networks to ensure precise targeting. Respondents were required to complete the survey within 
three days. Data were automatically collected by Wenjuanxing, and invalid responses—such as those completed in under two 
minutes, patterned responses (e.g., identical answers for all items), or logical inconsistencies—were omitted from the analysis. 
In total, 475 valid responses remained for analysis. 

5. Results Analysis 

The study utilized the SPSSAU online platform (https://spssau.com/indexs.html) to analyze the data collected from N = 475 
valid questionnaires. The psychometric characteristics of the scales were assessed, and the suggested mediation hypotheses 
were examined. 
 
5.1. Descriptive Statistics for Sample Means 
 
Descriptive statistics for the three core variables—including mean, standard deviation, variance, skewness, and kurtosis—are 
presented in Table 1. These five fundamental indicators provide an overview of the dataset’s distributional characteristics. 
According to the descriptive statistics in Table 1 (N = 475), the following observations can be drawn: 
 
For the Attitude toward Artificial Intelligence (AIA; A1–A4) items, the mean values ranged from 4.337 to 4.432, with 
standard deviations (SD) between 0.703 and 0.774. These results indicate that faculty generally hold a high level of 
recognition and acceptance of Attitude toward Artificial Intelligence, with relatively limited variance across respondents, 
suggesting consistency within the group. 
 
For the Teaching Satisfaction (TS; B1–B5) items, mean scores ranged from 3.907 to 4.259. Among these, B2 (M = 3.907, SD 
= 0.785) was slightly lower than the other items, which may reflect comparatively weaker confidence in this particular 
dimension. However, the remaining items (B1, B3–B5) all demonstrated mean scores above 4.17, indicating that most 
university faculty reported a relatively high degree of satisfaction with their teaching performance. 
 
For TISE, 15 items, CA1–CD2,CE1,CF1–CH2)yielded mean values ranging from 4.257 to 4.394, with SDs between 0.404 
and 0.691, concentrated in the higher range. All skewness values were negative (–1.637 ≤ skewness ≤ –0.362), while most 
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kurtosis values were positive (kurtosis > 0). This pattern suggests that the response distributions were left-skewed and sharply 
peaked, reflecting a pronounced ceiling effect in which the majority of participants selected high-end response options. 
 
Table 1  
Descriptive Statistics of the Sample (N = 475) 

Name N Min Max Mean SD Median Variance Kurtosis Skewness 
A1 475 1.0 5.0 4.337 0.774 4.0 0.599 2.549 −1.321 
A2 475 1.0 5.0 4.385 0.738 5.0 0.545 2.94 −1.383 
A3 475 1.0 5.0 4.432 0.703 5.0 0.495 4.77 −1.637 
A4 475 1.0 5.0 4.398 0.714 4.0 0.51 3.994 −1.486 
B1 475 1.0 5.0 4.259 0.71 4.0 0.505 0.979 −0.775 
B2 475 1.0 5.0 3.907 0.785 4.0 0.616 0.149 −0.362 
B3 475 1.0 5.0 4.179 0.774 4.0 0.599 0.574 −0.759 
B4 475 1.0 5.0 4.192 0.743 4.0 0.552 0.601 −0.696 
B5 475 1.0 5.0 4.168 0.812 4.0 0.659 1.383 −0.982 

CA1 475 1.0 5.0 4.324 0.669 4.0 0.447 1.443 −0.824 
CA2 475 1.0 5.0 4.394 0.639 4.0 0.408 2.47 −1.011 
CB1 475 1.0 5.0 4.282 0.691 4.0 0.477 1.172 −0.785 
CB2 475 1.0 5.0 4.337 0.669 4.0 0.447 1.696 −0.895 
CC1 475 1.0 5.0 4.32 0.635 4.0 0.404 2.265 −0.836 
CC2 475 1.0 5.0 4.347 0.668 4.0 0.447 1.746 −0.919 
CD1 475 1.0 5.0 4.286 0.677 4.0 0.458 1.792 −0.872 
CD2 475 1.0 5.0 4.257 0.701 4.0 0.491 0.957 −0.735 
CE1 475 1.0 5.0 4.381 0.63 4.0 0.397 2.305 −0.918 
CF1 475 1.0 5.0 4.305 0.676 4.0 0.457 1.669 −0.87 
CF2 475 1.0 5.0 4.278 0.711 4.0 0.505 1.189 −0.849 
CG1 475 1.0 5.0 4.392 0.655 4.0 0.429 2.164 −1.021 
CG2 475 1.0 5.0 4.301 0.675 4.0 0.456 1.479 −0.82 
CH1 475 1.0 5.0 4.383 0.64 4.0 0.41 2.126 −0.937 
CH2 475 1.0 5.0 4.394 0.655 4.0 0.429 2.168 −1.027 

5.2. Psychometric Properties of the Sample Data 

5.2.1. Internal Consistency of the Scale 

Cronbach’s alpha analysis demonstrated that the scale (24 items, N = 475) exhibited excellent internal consistency. The 
standardized Cronbach’s α was 0.970, while the raw Cronbach’s α (without item deletion) was 0.969. According to 
conventional criteria (α > 0.90 = excellent), the scale’s reliability was very high, and all items demonstrated strong 
measurement stability. The corrected item–total correlations (CITC) for all items ranged from 0.596 to 0.847, far exceeding 
the minimum threshold of 0.40, indicating that each item was strongly correlated with the overall scale. Moreover, the deletion 
of any single item did not increase the α coefficient substantially, confirming that no item negatively impacted overall 
reliability. 

5.2.2. Validity: Sampling Adequacy and Factorability 

The Kaiser–Meyer–Olkin (KMO) measure was 0.968, exceeding the “excellent” threshold of 0.80, indicating that the data 
were highly appropriate for factor analysis. Bartlett’s sphericity test was significant, χ²(276) = 11,501.041, p < 0.001, strongly 
rejecting the null hypothesis of no correlations among variables and further confirming sampling adequacy. The factor 
structure aligned closely with theoretical expectations, with three extracted factors explaining 75.15% of the total variance. 
All items exhibited communalities and factor loadings at or above the recommended thresholds (≥0.40/0.50), supporting 
strong construct, convergent, and discriminant validity. Factorial Structure and Construct Validity. Following the 
eigenvalue>1 rule, three factors were extracted, accounting for a cumulative variance of 75.15% after rotation (Factor 1 = 
41.82%, Factor 2 = 16.79%, Factor 3 = 16.55%), substantially exceeding the 50% benchmark. 
 
Factor 1. All TS items (B1–B5) loaded strongly (0.706–0.826). Factor 2. All TISE items (15 items, CA1–CD2,CE1,CF1–
CH2) loaded between 0.625–0.822. Factor 3. All AIA items (A1–A4) loaded between 0.850–0.876. 
 
This clear one-to-one correspondence between factors and item groups provides robust support for the scale’s convergent and 
discriminant validity. Communality and Item Retention. Communality values ranged from 0.622 to 0.864, all well above a 
minimum threshold of 0.40, indicating that each item was adequately explained by its corresponding factor. Consequently, no 
items required deletion due to insufficient information extraction. 

 

5.2.3. Measurement Model Results 

All observed indicators for the scale demonstrated standardized factor loadings ≥ 0.72 (minimum = 0.720, maximum = 0.912), 
with the majority exceeding 0.80. These results indicate that the measurement items effectively represent their corresponding 
latent constructs. The scale therefore exhibits strong convergent validity and excellent internal consistency, supporting the 
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suitability of the measurement model. As presented in Table 2, all constructs’ AVE values surpassed the recommended 
threshold of 0.50, indicating adequate convergent validity: AIA (AVE = 0.796), TISE (AVE = 0.712), and TS (AVE = 0.640). 
These results indicate that each latent construct explained more than 50% of the variance in its respective items, thereby 
confirming satisfactory convergent validity. Furthermore, the Composite Reliability (CR) values were all greater than 0.70, 
with AIA (CR = 0.940), TISE(CR = 0.974), and Teaching Satisfaction (CR = 0.898), suggesting strong internal consistency 
and high measurement reliability. As shown in Table 3, discriminant validity was confirmed, as the square roots of AVE for 
all constructs (diagonal values) exceeded their respective inter-construct correlations. Specifically, the square root of AVE 
for AIA (√AVE = 0.892) exceeded its correlations with TISE (0.573) and TS (0.462); the square root of AVE for TISE (√AVE 
= 0.844) exceeded its correlation with TS (0.707). These findings indicate that the latent constructs were conceptually distinct, 
thereby demonstrating good discriminant validity. 
 
Table 2 
Measurement Model’s AVE and CR 

Factor Average Variance Extracted (AVE) Composite Reliability (CR) 
AIA 0.796 0.940 
TISE 0.712 0.974 
TS 0.640 0.898 

Note: All constructs exhibited AVE values above 0.50 and CR values above 0.70, indicating strong convergent validity and reliability. 
 
Table 3  
Discriminant Validity: Pearson Correlations and AVE Square Root Values 

Factor AIA TISE TS 
AIA 0.892   
TISE 0.573 0.844  
TS 0.462 0.707 0.800 

Note: Diagonal entries represent the square roots of AVE, while off-diagonal entries correspond to Pearson correlations. 
 

Taken together, the analyses confirm that the measurement scale met the requirements for convergent validity (AVE and CR) 
as well as discriminant validity (Fornell–Larcker criterion). Therefore, the measurement model can be regarded as having a 
solid validity foundation, making it suitable for subsequent structural equation modeling and mediation analysis. 

5.3. Model Fit Evaluation 

After evaluating the questionnaire’s reliability and validity, this study proceeded to evaluate and test SEM using AMOS 24.0 
software. Overall model specification and standardized path coefficients are presented. Fig. 4 all observed indicators of the 
Structural Equation Model exhibit significant factor loadings, with most values exceeding 0.80. This demonstrates that the 
three sets of measurement items possess excellent convergent validity and internal consistency, thereby supporting the 
subsequent structural relationship analysis. 

 
Fig. 4. Structural Equation Model (SEM) Diagram. 

For example, the path coefficient between A3 and AIA is 0.89, demonstrating that A3 has a strong and statistically significant 
positive effect on AIA. For AIA, the four items (A1–A4) present standardized loadings of 0.87, 0.91, 0.89, and 0.91, all 
exceeding the recommended threshold of 0.70. These results indicate that the four observed indicators effectively capture the 
latent construct of AIA. For TISE, the 15 items (CA1–CD2,CE1,CF1–CH2)) yield loadings ranging from 0.81 to 0.87, with 
the highest loading at 0.87 (CH1) and the lowest at 0.81(CA1). All factor loadings fall within the acceptable range, confirming 
that the scale demonstrates robust convergent validity for this latent construct. For TS, the five items (B1–B5) show loadings 
between 0.72 and 0.86, with the lowest being 0.72 (B2) and the highest 0.86 (B3). Although the loading for B2 is slightly 
lower than the others, it still exceeds the minimum criterion of 0.70, suggesting that the overall measurement quality of this 
construct remains satisfactory. 
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As shown in Table 4, the chi-square to degrees of freedom ratio (χ²/df = 3.959) falls within the commonly accepted range. 
The Goodness-of-Fit Index (GFI = 0.841) and Adjusted Goodness-of-Fit Index (AGFI = 0.808) are slightly below the 
conventional threshold of 0.90, indicating that overall model fit is adequate but could be improved. The Root Mean Square 
Error of Approximation (RMSEA < 0.08) indicates an acceptable level of fit. Additionally, the Comparative Fit Index (CFI = 
0.936), Normed Fit Index (NFI = 0.916), and Non-Normed Fit Index (NNFI = 0.929) all exceed the 0.90 benchmark, indicating 
that the proposed model provides substantially better fit than the independence model. Collectively, these indices demonstrate 
good model fit, providing a reliable foundation for subsequent path analysis and mediation testing. 
 
Table 4 
Structural Equation Model (SEM) Fit Indices. 

Fit Indices χ2 df p χ2/df GFI RMSEA RMR CFI NFI NNFI 
Criteria - - >0.05 <3 >0.9 <0.10 <0.05 >0.9 >0.9 >0.9 
Value 985.864 249 0.000 3.959 0.841 0.079 0.021 0.936 0.916 0.929 

Indices TLI AGFI IFI PGFI PNFI PCFI SRMR RMSEA 90% CI   
Criteria >0.9 >0.9 >0.9 >0.5 >0.5 >0.5 <0.1 -   
Value 0.929 0.808 0.936 0.698 0.826 0.844 0.042 0.074 ~ 0.084   

5.4. Path Analysis 

Table 5 to verify the direct effects among the model variables, regression analysis was conducted. The coefficient results are 
presented. 
 
Table 5  
Regression Estimates of the Model 

Path (X → Y) Unstandardized Coefficient SE z (CR) p Standardized Coefficient 
AIA→TS 0.080 0.038 2.131 0.033 0.084 
TISE→TS 0.745 0.045 16.690 0.000 0.658 

AIA→TISE 0.484 0.032 15.254 0.000 0.573 
Note: The symbol →. indicates the direction of the path relationship. 

As shown in Table 5, the direct path AIA→TS yields a standardized path coefficient of β = 0.084, with an unstandardized 
coefficient of 0.080, SE = 0.038, z = 2.131, and p = 0.033. These results suggest that AIA has a small yet statistically significant 
positive direct effect on TS. Specifically, a one standard deviation increase in Attitude toward Artificial Intelligence 
corresponds to an increase of approximately 0.08 standard deviations in TS. This result suggests that, beyond indirect effects, 
AIA also directly enhances TS, thereby supporting Hypothesis H1. 
 
For the path AIA→TISE, the standardized path coefficient is β = 0.573, with an unstandardized coefficient of 0.484, SE = 
0.032, z = 15.254, and p < 0.001. This result shows that for every one standard deviation increase in AIA , TISE rises by 
approximately 0.57 standard deviations. The effect is highly significant, demonstrating that Attitude toward Artificial 
Intelligence is a strong positive predictor of TISE, thus confirming Hypothesis H2. 
 
The path TISE→TS yielded a standardized coefficient of β = 0.658, with an unstandardized coefficient of 0.745, SE = 0.045, 
z = 16.690, and p < 0.001. These results indicate that a one-standard-deviation increase in TISE results in an approximate 
0.66 standard deviation increase in TS, reflecting a strong and statistically significant positive effect. This underscores the 
pivotal role of TISE in influencing TS, thereby supporting Hypothesis H3. 

5.5. Mediation Effect Test 

Table 6 to further investigate the mechanism and influence pathways of TISE in the relationship between AIA and TS, a 
mediation effect test was conducted. Mediation analysis was conducted using SPSSAU, employing a Structural Equation 
Modeling (SEM) framework with the Bootstrap resampling method. A total of 5,000 Bootstrap resamples were generated to 
estimate the indirect effects, and bias-corrected 95% confidence intervals (CIs) were calculated. Mediation was deemed 
statistically significant when the 95% confidence interval (CI) excluded zero. Results are reported below: 
 
Table 6 
Mediation Effect Test Results. 

Item Symbol Meaning Effect Value 95% CI 
Lower 

95% CI 
Upper SE z/t p-Value Conclusion 

AIA→TISE→TS a*b Indirect Effect 0.360 0.289 0.472 0.047 7.714 0.000 Partial Mediation 
AIA→TISE a X → M 0.484 0.422 0.546 0.032 15.220 0.000  

TISE→TS b M → Y 0.745 0.657 0.832 0.045 16.637 0.000  
AIA→TS c′ Direct Effect 0.080 0.006 0.154 0.038 2.126 0.034  
AIA→TS c Total Effect 0.441 0.364 0.517 0.039 11.316 0.000  
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As shown in Table 6, TISE has a significant partial mediating effect between AIA and TS, accounting for the majority of the 
total effect. Thus, Hypothesis H4 is supported. 
 
The total effect (c) of AIA→TS is 0.441 (SE = 0.039, z = 11.316, p < 0.001), indicating that a positive AIA is positively 
associated with TS. 
 
For path a, AIA (X)→TISE (M), the coefficient is 0.484 with a 95% CI\[ 0.422,0.546], SE = 0.032, z = 15.220, p < 0.001. 
This suggests that the more positive the AIA, the stronger their confidence in TISE. 
 
For path b, TISE (M) → TS (Y), the coefficient is 0.745 with a 95% CI\[ 0.657,0.832], SE = 0.045, z = 16.637, p < 0.001, 
indicating that higher TISE leads to greater overall TS. 
 
The indirect effect (a\*b), mediated through TISE, is 0.360 with a 95%CI\[0.289, 0.472], SE=0.047, z = 7.714, p < 0.001, 
confirming that TISE plays a significant partial mediating role in the AIA–TS relationship. 
 
Direct path effect (c′) of AIA→TS, after controlling for the mediator, remains statistically significant (coefficient = 0.080, 
95% CI \[0.006, 0.154], SE = 0.038, t = 2.126, p = 0.034), but the magnitude of the effect is substantially reduced. This 
suggests that, in addition to TISE, other factors may also contribute to this relationship. 
 
Regarding mediation strength, the indirect effect accounts for approximately 81.6% of the total effect (0.360/0.441), 
highlighting that TISE constitutes the primary pathway linking AIA to TS. 

6. Discussion 

This study, based on empirical data from Chinese faculty in Thai universities, tested the mediation model AIA→TISE→TS. 
The main findings are as follows: 

6.1. Direct and Indirect Effects of AIA 

Faculty members’ positive AIA exerts a small yet statistically significant direct effect on TS (β = 0.084, p < 0.05), while 
exerting a much stronger indirect effect through TISE (a × b = 0.360, p < 0.001). TISE accounts for approximately 82% of 
the total effect, highlighting its pivotal mediating role in the model. 

6.2. The Central Role of TISE in Cross-Cultural Teaching Contexts 

The standardized path coefficient of TISE→TS reaches 0.658 (p < 0.001), underscoring that in cross-cultural teaching 
environments, university faculty confidence in TISE constitutes the most critical psychological resource determining their TS. 

6.3. The Organic Integration of Cross-Cultural Adaptation and Technology Application 

The findings suggest that in the Thai teaching context, linguistic and cultural differences increase the adoption costs of AI-
based teaching tools, but simultaneously create opportunities for pedagogical innovation. When training and institutional 
support strengthen university faculty confidence in AI application, their TS can be substantially enhanced. 
 
In summary, these findings align with international evidence on the chained relationship between AIA, TISE, and TS, further 
validating the integrative utility of the Technology Acceptance Model, Social Cognitive Theory, and Expectation 
Confirmation Model within a cross-national faculty context. 

7. Conclusions and Recommendations 

7.1. Research Conclusions 

Based on the sample of Chinese faculty in Thai universities, the study confirms that TISE partially mediates the effect of 
Attitude toward Artificial Intelligence (AIA) on Teaching Satisfaction (TS), with TISE serving as the primary transmission 
mechanism. The SEM demonstrates satisfactory fit to the observed data (χ²/df = 3.959, RMSEA = 0.079, CFI = 0.936), thus 
providing an empirical paradigm for future research on technology acceptance among cross-cultural faculty. 

7.2. Practical Recommendations 

7.2.1. Enhancing AI Training for Chinese Faculty in Thailand 

 Universities should strengthen AI-related training, for example, by designing localized AI tool workshops and case-based 
sharing sessions. The focus should be on cultivating university faculty confidence in technology application and their capacity 
for innovative teaching. 
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7.2.2. Building a Support System in Thai Universities 

Higher education institutions in Thailand should establish comprehensive support systems for teaching innovation. This may 
include offering continuous technical support and instructional design guidance, as well as creating “AI Teaching Innovation 
Communities” to facilitate ongoing peer-to-peer exchange and collaboration. 

7.2.3. Optimizing Faculty Evaluation Mechanisms 

University faculty performance evaluations should be refined by incorporating indicators of AI-based teaching innovation. 
This would incentivize faculty to integrate AI tools into their course delivery and to continuously improve their pedagogical 
practices. 

8. Research Innovations 

8.1. Innovation in Research Subjects and Context 

By focusing on the unique cross-cultural group of Chinese faculty in Thai universities, this study extends existing research on 
AI in education and sheds light on Chinese faculty whose role has rarely been systematically examined. It reveals the 
distinctiveness of their Attitude toward Artificial Intelligence and related influencing factors within a specific educational and 
cultural context, thereby providing targeted data support and contextual insights for AI application research in Thai 
international higher education. 

8.2. Theoretical and Model Innovation 

From the perspective of integrating cross-cultural education and AIA, this study proposes a new explanatory framework for 
the impact of AIA on TS. For the first time, AIA, TS, and TISE are integrated into a single structural equation model, 
systematically examining their interactions and mediation mechanisms, thus extending the theoretical boundaries of university 
faculty development and educational technology research. 

8.3. Methodological Innovation 

Based on existing measurement scales, this study empirically validated the psychometric properties (i.e., reliability, validity, 
and structural soundness) of the TISE Scale using 475 usable responses. By employing SEM and mediation analysis, this 
study revealed the causal relationships among the variables, thereby enhancing the scientific rigor and applicability of the 
TISE measurement tool. 

8.4. Practical Application Innovation 

Drawing on the findings, the study proposes AI training and instructional innovation support strategies tailored to the Thai 
higher education context, alongside an optimized faculty evaluation mechanism. These strategies provide practical guidance 
for improving TS, promoting the effective integration of AI into teaching, and advancing the intelligent transformation of 
Thai higher education. 

9. Study Limitations and Directions for Future Research 

The present study sheds light on the associations among AIA, TISE, and TS, although several limitations remain that future 
research should address. 

9.1. Limitations 

The study covers only a subset of Chinese faculty in Thai universities, and thus its sample representativeness is limited; the 
generalizability of the results requires further verification across a broader range of institutions and disciplines. Moreover, the 
study relies on a one-time questionnaire survey, and this cross-sectional design is insufficient to capture the dynamic changes 
in AIA and TS over time. Additionally, external factors such as organizational support and peer influence were not included, 
leaving their moderating roles unexplored. 

9.2. Future Research Directions 

Future studies should adopt longitudinal research designs using multi-wave data collection to trace the trajectory and causal 
ordering of the AIA–TISE–TS relationship. They should also incorporate variables such as organizational support and cultural 
intelligence to examine their moderating roles in the mediation pathway. Furthermore, comparative research across other host 
countries for international faculty mobility should be conducted to explore cross-national differences in AI adoption among 
university faculty under varying cultural and policy contexts. 
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