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Abstract 

As artificial intelligence (AI) technologies rapidly integrate into higher education, they 

impose increasing demands on the teaching approaches and digital competence of 

physical education teachers. However, the relationship between physical education 

teachers’ behavioral intention to use AI and their digital competence remains under-

explored. This study focuses on college physical education teachers and exam-

ines the relationship between their intention to use AI and their digital competence. 

Grounded in Social Cognitive Theory (SCT) and the Unified Theory of Acceptance 

and Use of Technology (UTAUT), the study proposes a structural equation model 

incorporating behavioral intention, self-efficacy, social influence, and digital compe-

tence, with gender as a moderating variable. A questionnaire survey was conducted 

among 479 physical education teachers from ten universities in mainland China, and 

the model was tested using AMOS and SPSS. The results indicate that teachers’ 

behavioral intention to use AI is positively associated with their self-efficacy, per-

ceived social influence, and digital competence, with both self-efficacy and social 

influence serving as significant mediators. Furthermore, self-efficacy is positively 

related to social influence, while gender does not exert a significant moderating effect 

on any of the proposed paths. This study contributes to the integrated application of 

SCT and UTAUT in the context of physical education in higher education and offers 

theoretical and practical implications for enhancing digital competence and promoting 

intelligent transformation among college physical education teachers.

Introduction

In recent years, artificial intelligence (AI) technologies have rapidly permeated the 
field of higher education, driving profound transformations in teaching and learning 
[1]. A U.S.-based survey reported that approximately 40% of teachers use ChatGPT 
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weekly and 10% use it daily, primarily for lesson planning (30%), classroom design 
(30%), and providing supplementary background knowledge (27%) [2]. In parallel, 
China’s national policy document Educational Modernization Plan (2024–2035) 
explicitly calls for the digital upgrading of academic disciplines and the transformation 
of research paradigms, aiming to optimize the structure of higher education. How-
ever, successful AI integration in university teaching depends largely on teachers’ atti-
tudes and their willingness to adopt these technologies [3,4]. Many educators remain 
hesitant or unprepared to incorporate AI into their teaching practices, and institutional 
integration remains relatively slow [5,6]. Against this backdrop, the acceptance of AI 
technologies by educators and its influencing factors has emerged as a focal point in 
educational technology research.

Several studies have adopted structural equation modeling to empirically examine 
the factors shaping teachers’ and students’ intentions to use AI [7]. Wu et al. [8] found 
that university students’ acceptance of AI-assisted learning environments is signifi-
cantly influenced by performance expectancy, effort expectancy, and social influence, 
while multidimensional perceived risk negatively affects their attitudes. In contrast, 
Chatterjee and Bhattacharjee [9] focused on university teachers and found that effort 
expectancy and facilitating conditions positively predicted intention, while perfor-
mance expectancy had no significant effect, indicating that educators place greater 
emphasis on accessibility and support infrastructure. In specific domains, the appli-
cation of AI in education is expanding, including accounting [10], medical education 
[11], and engineering education [12]. In the digital era, AI technologies are increas-
ingly seen as enablers of educational innovation, and teachers’ digital competence 
(TDC) has become a fundamental prerequisite for achieving high-quality education 
[13]. TDC is a multifaceted construct encompassing technological skills, pedagogical 
knowledge, instructional design, ethical awareness, and professional growth, and 
represents a teacher’s capacity to teach effectively and responsibly in digital contexts 
[14]. Whether teachers possess adequate digital competence to flexibly and effec-
tively integrate AI into their teaching and support students’ adaptation to intelligent 
learning environments is now recognized as a critical factor in the successful adop-
tion of emerging technologies [15].

Physical education teacher relies heavily on embodied practice, intensive interac-
tion, and targeted feedback, which presents unique challenges for AI integration [16]. 
Existing research has explored the role of AI in physical education instruction [17], 
physical activity interventions [18], exercise addiction [19], and sports industry devel-
opment [20]. However, empirical studies specifically examining university PE teach-
ers’ behavioral intention (BI) to adopt AI technologies remain scarce. At the same 
time, traditional social cognitive theory (SCT) and the Unified Theory of Acceptance 
and Use of Technology (UTAUT) emphasize the influence of self-efficacy on behav-
ioral intentions in the application of technology adoption pathways [21,22]. Previous 
study has shown that college students’ computer self-efficacy significantly predicts 
their willingness to use AI translation technology [23]. But in the current context of 
educational intelligence, university physical education teachers have demonstrated 
greater technological sensitivity and proactive adaptation. Their acceptance of AI is 
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not only reflected in their willingness to use it, but also accompanied by continuous improvement in their digital compe-
tence. This research gap could theoretically provide new insights for traditional theories and practical experience for pro-
moting the professional development of college physical education teachers. Its significance lies in its positive implications 
for improving the AI teaching abilities of college physical education teachers and optimizing the institutional environment.

To address this research gap, this study focuses on the relationship between college physical education teachers’ 
willingness to use AI and their own digital competence, attempting to break through the single perspective of traditional 
theoretical models and re-examine the driving effect of behavioral intention as a positive cognitive tendency on the 
construction of teachers’ digital competence, thereby expanding the explanatory boundaries of the theory. The purpose 
of this study is to systematically clarify the current status of college physical education teachers’ willingness to use AI in 
teaching contexts. Based on an integrated perspective of SCT and UTAUT, a predictive path model centered on behav-
ioral intention is constructed to empirically test its mechanisms of influence on self-efficacy (SE), social influence (SI), and 
TDC, thereby revealing the moderating effect of gender factors in this mechanism. This study aims to provide theoreti-
cal support and practical evidence for promoting teachers’ AI capability development. Furthermore, the study adopted a 
questionnaire survey format, with physical education teachers from mainland Chinese universities as the sample popula-
tion. Structural equation modeling was used to validate the structural relationships between relevant variables, providing 
empirical support and strategic recommendations for the precise enhancement of teachers’ professional capabilities in the 
context of the intelligent development of physical education.

Literature review

Theoretical foundation

The relationship between college physical education teachers’ intention to use AI and their digital competence is shaped 
by a complex interplay of multiple factors. To explain and predict this relationship, it is essential to draw upon robust the-
oretical foundations. In this study, we adopt SCT and UTAUT as the primary theoretical frameworks. These two theories, 
respectively emphasizing individual cognition, environmental interaction, and technology acceptance factors, offer valu-
able perspectives for understanding how behavioral intention toward AI use relates to digital competence among college 
physical education teachers.

Social cognitive theory

SCT, first proposed by Bandura in 1986, serves as a foundational framework for understanding human motivation, learn-
ing, and behavioral change [21]. SCT has been widely applied across diverse domains, including education, health behav-
ior, organizational dynamics, and technology adoption [24,25]. The theory proposes a triadic reciprocal causation model, 
where personal factors, behaviors, and environmental influences continuously interact. At the core of SCT is the construct 
of self-efficacy, defined as an individual’s belief in their capability to perform a specific behavior, which is regarded as a 
key determinant of behavioral intention and persistence [24]. By emphasizing human agency and the cognitive processes 
embedded in social contexts, SCT has evolved into a robust psychological mechanism for explaining how individuals 
adopt and sustain the use of new technologies.

In recent years, scholars have begun applying SCT to physical education contexts. For instance, Li et al. [26] identified 
innovation as a critical factor in the development of physical education and found that teachers’ self-efficacy significantly 
influences their psychological workload, decision-making processes, and intention to innovate. Similarly, Lin and Zhu [27] 
demonstrated that self-efficacy is a key factor influencing students’ interest in learning physical education. Students with 
higher self-efficacy tend to show greater enthusiasm for physical education. Despite its widespread application in educa-
tional technology research, empirical studies using SCT in the field of physical education remain limited. Physical edu-
cation teaching is deeply contextualized and embodied, requiring intense physical interaction and real-time feedback. As 
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such, physical education teachers’ adoption of digital technologies like AI is shaped not only by cognitive judgments but 
also by environmental support and experiential constraints [28].

Given this complexity, the formation of physical education teachers’ behavioral intentions toward AI adoption remains 
insufficiently understood. Emerging research suggests that such intentions may be influenced by a combination of digital 
competence, familiarity with technological platforms, and institutional support systems [29]. These findings highlight the 
limitations of relying solely on cognitive predictors to explain teachers’ AI adoption behavior. Although classical theoret-
ical frameworks have predominantly emphasized the predictive influence of SE on BI, emerging evidence suggests the 
possibility of a dynamic or even reversed causal relationship between these two constructs [30]. In certain specific behav-
ioral contexts, a clearly formed intention to act may, in turn, reinforce individuals’ perceptions of their own competence 
and confidence. This view is supported by the following mechanisms: (a) Psychological Empowerment Theory: Once 
individuals develop a strong behavioral intention, it may activate their intrinsic motivation and sense of agency, thereby 
enhancing perceived self-efficacy [31]. (b) Self-enhancement and Feedback Mechanisms: When a person is already moti-
vated to perform a behavior, they are more likely to engage in preparatory actions, seek relevant resources, and formulate 
action plans. These proactive behaviors can contribute to a heightened sense of capability and control [32,33]. Therefore, 
while we do not dismiss the theoretical soundness of the traditional SE to BI pathway, we argue that, within the particular 
empirical context of the present study, the alternative path from BI to SE in college physical education is both conceptually 
grounded and worthy of scholarly consideration.

UTAUT theory

UTAUT, proposed by Venkatesh et al. [22], aims to integrate key theoretical perspectives in the domain of technology 
adoption into a unified and more predictive model. Drawing on core constructs from established frameworks such as 
the Technology Acceptance Model Theory of Planned Behavior, and Innovation Diffusion Theory, UTAUT examines how 
users’ perceptions and attitudes influence their behavioral responses toward emerging technologies. The model identifies 
four primary determinants of technology acceptance: performance expectancy, effort expectancy, social influence, and 
facilitating conditions. Among these, the first three primarily predict BI, while facilitating conditions that directly influence 
actual usage. Additionally, the model incorporates four moderators: gender, age, experience, and voluntariness of use. 
These factors to account for individual differences in these relationships [22].

Due to its clarity and generalizability, UTAUT has been widely validated across domains such as higher education [34], 
healthcare [35], and architecture [36]. Within the model, BI serves as the central outcome variable to gauge individuals’ 
willingness to adopt new technologies, while SI has been consistently shown to exert a significant positive effect on BI 
[37]. In the context of mobile payment, for example, SI was found to significantly predict users’ adoption intentions, which 
in turn influenced actual usage behavior [38]. Notably, SI is closely linked with SE, as encouragement and social support 
from others can enhance users’ confidence in engaging with technology [39], thus suggesting a potential pathway con-
necting these constructs.

In UTAUT, SI is traditionally conceptualized as an antecedent of BI. However, considering the specific context of 
university physical education teachers and the multifaceted nature of their attitudes toward adopting AI technologies, 
this study proposes a reverse pathway from BI to SI and provides justification from two complementary perspectives. 
First, from the standpoint of experiential learning and feedback mechanisms, once teachers develop a clear intention 
to use AI (i.e., high BI), they are more likely to actively seek peer support, technical guidance, and social recognition. 
Second, based on the theory of reciprocal influence, BI is not only shaped by external social factors but can also modu-
late an individual’s sensitivity to and interpretation of those social cues. For instance, when college PE teachers openly 
express a strong intention, their social counterparts may respond with supportive behaviors, which in turn contributes 
to a more socially reinforcing environment [40]. Therefore, although the original UTAUT model adopts a unidirectional 
SI to BI structure, we argue that within the initial stage of AI adoption among university physical education teachers, 
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BI can serve as a meaningful predictor of SI. This alternative pathway holds both theoretical plausibility and contextual 
relevance.

In summary, considering that college physical education teachers exhibit a high degree of instructional autonomy while 
also being influenced by organizational policies, prevailing social norms, and peer expectations, this study integrates 
SCT and UTAUT to construct a more adaptable and explanatory theoretical framework. SCT emphasizes individual self-
regulation and cognitive motivation, with particular attention to the role of SE in shaping behavioral intention, making it 
well-suited to capture the internal drivers behind teachers’ AI adoption decisions. In contrast, UTAUT focuses on the influ-
ence of external social factors, such as SI and performance expectancy, thereby complementing SCT by accounting for 
contextual determinants of behavioral intention in educational settings. The joint application of these frameworks not only 
enhances the overall fit and explanatory power of the proposed structural equation model but also offers a theoretically 
grounded and empirically testable approach for analyzing AI adoption behaviors. This integrative perspective contributes 
to both theoretical enrichment and practical insights in the context of AI integration within higher physical education.

Development and assessment of teachers’ digital competence

TDC typically refers to the integrated knowledge, skills, and attitudes necessary for the effective use of digital technologies 
in educational contexts. Internationally, the concept is most commonly grounded in the European Commission’s “Digital 
Competence Framework for Educators” (DigCompEdu), which emphasizes the pedagogical integration of digital technol-
ogies rather than merely technical proficiency [41]. Unlike traditional models focused on operational skills, DigCompEdu 
highlights how technology can enhance and transform teaching and learning. Its structured and adaptable framework has 
demonstrated applicability across diverse educational levels, from early childhood to higher education, offering a robust 
theoretical and practical basis for assessing and developing digital competence among university physical education 
teachers.

A growing body of research has explored TDC across disciplines and countries, revealing a rich array of findings. Most 
research relies on self-reported measures and views digital competence as a multidimensional construct including knowl-
edge, technical skills, and attitudinal readiness [42]. Empirical evidence consistently shows significant differences in com-
petence levels across subject areas and educational stages [43]. For example, a large-scale survey of Portuguese STEM 
teachers found that biology teachers scored significantly higher in digital competence than their peers in mathematics and 
other subjects [44]. Regionally, countries differ in their emphasis and progress regarding the development of teachers’ dig-
ital skills. In China, digital competence among university teachers is often assessed using the TPACK model or local ICT 
competency standards. Studies have identified various influencing factors, including personal attributes (e.g., age, digital 
confidence) and contextual conditions (e.g., policy support, infrastructure) [45].

Despite this progress, research on digital competence among physical education teachers remains limited. Studies 
from Spain, for example, indicate that most primary school physical education teachers demonstrate relatively low levels 
of digital teaching capability [46]. Moreover, generational disparities are evident: younger physical education teachers gen-
erally exhibit stronger digital proficiency than older ones [47]. External constraints such as inadequate digital infrastructure 
and limited professional training opportunities are also frequently cited as major barriers [48]. With the increasing incor-
poration of AI technologies in PE instruction, the question of whether university physical education teachers possess the 
necessary digital competence to effectively use such technologies is becoming increasingly critical. However, empirical 
studies that examine the relationship between AI use and digital competence in this context remain scarce, highlighting a 
meaningful and timely research gap.

Conceptual model and hypotheses

To further explore the relationship between university physical education teachers’ willingness to use AI and their digital 
competence, this study integrates SCT and UTAUT to develop a comprehensive theoretical model (Fig 1). This model 
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incorporates direct effects, dual mediation effects, and gender as a moderating variable. Specifically, teachers’ AI usage 
intention is conceptualized as the antecedent variable, while SE and perceived SI function as mediators influencing digital 
competence. Gender is introduced as a moderator to examine whether it affects the strength or direction of these path-
ways. By establishing this integrated model, the study aims to clarify the underlying mechanisms linking AI usage inten-
tion, SE, SI, and TDC, thereby shedding light on how physical education teachers’ willingness to adopt AI may impact their 
digital competence in the context of higher education.

Behavioral intention, self-efficacy, social influence, teachers’ digital competence

(1)	 Behavioral intention and self-efficacy

Prior research has consistently demonstrated that BI serves as a proximal predictor of actual engagement behaviors in 
technology adoption contexts [22]. When teachers hold strong intentions to integrate AI into their instruction, they are 
more likely to seek learning opportunities, engage in trial-and-error practices, and interact with digital tools, all of which 
are known contributors to enhancing self-efficacy beliefs [47]. In particular, physical education teachers with high AI usage 
intention may accumulate positive experiences in lesson planning, data interpretation, or feedback generation through AI 
systems, reinforcing their confidence in using such technologies [48]. This aligns with the tenet of SCT, which posits that 
intentional actions and sustained effort are essential mechanisms for developing perceived competence [25]. Accordingly, 
we hypothesize that:

H1: College physical education teachers’ behavioral intention to use AI positively influences their self-efficacy.

(2)	 Behavioral intention and social influence

Teachers who exhibit strong behavioral intention to adopt AI technologies are more likely to engage in visible, consistent, 
and proactive usage behaviors, which, in turn, shapes how others within their professional environment perceive and 
respond to such adoption efforts. In organizational settings such as universities, individuals with high intention to use 
educational technology tend to receive increased social recognition, encouragement, and normative support from peers, 
administrators, and students [49]. As BI translates into observable actions, such as AI tool implementation in lesson 

Fig 1.  Conceptual model.
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planning or assessment, teachers’ practices become a model for others, thereby reinforcing perceived SI through peer 
affirmation and institutional endorsement [50]. Particularly in the context of university physical education teaching, where 
AI is an emerging but not yet normalized instructional tool, early adopters with strong intention may experience heightened 
social expectations and validation, further solidifying their perception of SI. Based on these considerations, we propose 
the following hypothesis:

H2: College physical education teachers’ behavioral intention to use AI positively influences their perceived social influence.

(3)	 Self-efficacy and teachers’ digital competence

Teachers with higher levels of AI-related self-efficacy are more likely to approach technology integration with confidence, 
persistence, and proactive learning behaviors, which are foundational to the development of digital competence. In partic-
ular, SE positively influences teachers’ motivation to experiment with emerging tools, seek feedback, and resolve technical 
challenges independently [51]. In university physical education contexts, where the integration of AI remains in its early 
stages, such confidence becomes essential for teachers to explore AI-based instructional design, performance analytics, 
and student-adaptive feedback systems. As they gain experience through successful implementation, their digital com-
petence. It is defined as the ability to select, apply, and evaluate digital tools for pedagogical purposes [52]. Moreover, 
studies show that teachers’ self-belief in managing AI technologies can predict their willingness to adopt innovations in 
instructional contexts, which in turn contributes to broader competence development [53]. Based on this reasoning, we 
propose the following hypothesis:

H3: College physical education teachers’ self-efficacy in using AI positively influences teacher digital competence.

(4)	 Social influence and teacher digital competence

SI has been found to play a crucial role in shaping teachers’ engagement with digital innovations [54]. When college physical 
education teachers perceive strong support or expectations from colleagues, administrators, and institutional policies concern-
ing AI adoption, they are more likely to conform to these normative pressures. This perceived encouragement not only rein-
forces their willingness to experiment with AI technologies but also fosters continuous learning and skill acquisition. Empirical 
studies have confirmed that higher levels of perceived social influence are associated with increased motivation to integrate 
digital tools, which in turn contributes to the development of digital competence [55]. In the context of university physical 
education, where AI-supported instruction is still emerging, teachers who sense a supportive culture around AI use, such as 
recognition from peers or endorsements from school leadership, tend to adopt AI more confidently and innovatively, ultimately 
enhancing their ability to embed such technologies effectively into their teaching practices [56]. Thus, we hypothesize:

H4: College physical education teachers perceived social influence in using AI positively influences teacher digital 
competence.

(5)	 Behavioral intention and teacher digital competence

BI is widely recognized as a central psychological predictor of technology adoption in education. Research in STEM edu-
cation has shown that educational innovations are not only associated with students’ competency development but also 
with their career aspirations, indicating that the interaction between competence and intention is a pervasive phenomenon 
in education [57]. When college physical education teachers possess a strong intention to use AI, they are more likely to 
engage in continuous exploration, experimentation, and integration of AI tools into their teaching routines. This proactive 
engagement fosters opportunities to practice, reflect, and refine their digital pedagogical strategies, ultimately enhancing their 
digital competence. Empirical studies have shown that teachers with stronger behavioral intention toward technology use 
exhibit higher levels of confidence and adaptability in applying digital tools for instruction [58]. Particularly in higher education 
contexts, intentional engagement with educational technology has been found to be a significant driver of professional digital 
competence development [59]. In the evolving landscape of AI-supported physical education, where technological demands 
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intersect with instructional innovation, behavioral intention acts not only as a motivational catalyst but also as a developmen-
tal pathway for improving digital proficiency. Based on this reasoning, we propose the following hypothesis:

H5: College physical education teachers’ behavioral intention to use AI positively influences teacher digital competence.

(6)	  Self-efficacy and social influence

Teachers’ self-efficacy in using artificial intelligence shapes how others perceive them within their professional community. 
Educators with high SE tend to act as initiators of technological innovation, which positions them as opinion leaders or role 
models in their institutional environment. This elevated visibility often translates into increased recognition and approval 
from colleagues, administrators, and even students, key sources of SI in educational settings. Empirical research has 
shown that teachers with higher digital SE are more likely to engage in professional discourse, share best practices, and 
influence peer behavior regarding technology use [60]. In contexts where AI is being introduced into physical education, 
those who are confident in their ability to use AI are more likely to attract positive social expectations and encouragement, 
which strengthens their perceived SI. Moreover, SE plays a critical role in forming social normative beliefs, particularly in 
collaborative environments where peer endorsement and administrative support are central to innovation adoption [61]. 
Hence, it is reasonable to hypothesize the following:

H6: College physical education teachers’ self-efficacy in using AI positively influences their perceived social influence.

Mediating effects of self-efficacy and social influence

In the context of higher education physical education instructors, the relationship between their BI to use AI and their tech-
nological digital competence is influenced by multiple factors. A focus solely on direct effects may fail to fully explain the 
underlying mechanisms, necessitating an exploration of potential mediating variables.

First, SE, as a critical psychological mechanism, may serve as a bridge between BI and TDC. Research in educational 
technology shows that self-efficacy significantly influences teachers’ technology adoption behaviors. For instance, An et 
al. [62] found that technological self-efficacy mediated the relationship between technology acceptance and student auton-
omous learning, suggesting that individuals’ confidence in technology can enhance their motivation and proactive learn-
ing behaviors. Similarly, in physical education settings, teachers’ self-efficacy plays a vital role in technology integration. 
Studies show a significant positive correlation between physical education teachers’ technological self-efficacy and their 
technology integration ability. Factors such as technical training and social persuasion positively influence self-efficacy 
[63]. Therefore, as an intrinsic psychological mechanism, self-efficacy may mediate the relationship between physical edu-
cation instructors’ AI usage intention and digital competence. When teachers develop a positive intention to use AI, their 
self-efficacy can drive active learning and practice of AI technologies, thereby enhancing their digital competence.

H7: College physical education teachers’ self-efficacy mediates the relationship between their behavioral intention to 
use AI and teacher digital competence.

Second, SI is regarded as a key external mechanism affecting teachers’ technology adoption behaviors. Research sug-
gests that social influence not only directly strengthens BI but also indirectly facilitates technology adoption by boosting 
confidence and readiness. For example, in higher education, social factors such as peer recommendations and institu-
tional support have been found to significantly influence teachers’ adoption of educational technology [64]. In physical 
education teaching, studies indicate that during the COVID-19 pandemic, SI significantly affected physical education 
teachers’ behavioral intention toward remote teaching [65]. Additionally, Saiz-González et al. [66] highlighted that physical 
education teachers primarily rely on peer advice and informal learning channels when integrating technology, underscor-
ing the importance of SI in the technology adoption process. Thus, when physical education instructors develop a positive 
intention to use AI, SI from colleagues, leaders, and institutions can enhance their confidence and readiness, thereby 
improving their digital competence. This underscores the mediating role of social influence between physical education 
teachers’ AI usage intention and digital competence.
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H8: College physical education teachers perceived social influence mediates the relationship between their behavioral 
intention to use AI and teacher digital competence.

The moderating effects of gender

In the context of AI-assisted instruction, gender (as a key demographic variable) may significantly moderate individuals’ 
psychological responses and social influences. Both the UTAUT model and SCT provide theoretical frameworks for under-
standing gender differences [22,67].

Research on educational technology adoption has extensively explored gender disparities. For instance, Xia et al. [68] 
found that in AI-assisted learning environments, female students reported significantly higher satisfaction in psychological 
needs (e.g., autonomy and competence) than males, with gender exhibiting a notable moderating effect on self-regulated 
learning (SRL) processes. This suggests that females may perceive psychological variables more sensitively in AI system 
usage, where extrinsic motivations more readily translate into learning drivers.

Among educators, Scherer and Siddiq [69] observed that while male teachers scored higher in self-efficacy for basic 
and advanced computer operations, no significant gender differences emerged in teaching-oriented technology use 
self-efficacy.

Overall, existing studies generally support gender’s moderating role in technology adoption. However, current research 
primarily focuses on K-12 or general academic settings, with limited systematic empirical investigation into higher educa-
tion PE instructors’ behavioral intentions toward AI technology. Thus, this study hypothesizes that:

H9: Gender moderates the relationship between college physical education teachers’ behavioral intention to use AI and 
their self-efficacy.

H10: Gender moderates the relationship between college physical education teachers’ behavioral intention to use AI 
and their perceived social influence.

Materials and methods

Research instruments

The measurement scales used in this study were adapted from existing validated instruments and modified to fit the 
specific context of AI adoption behavioral intentions among university physical education instructors. All variables were 
measured using a 7-point Likert scale ranging from 1 (strongly disagree) to 7 (strongly agree).

(1)	 Behavioral Intention (BI)

BI reflects the degree to which university physical education instructors are willing to adopt AI-assisted teaching technolo-
gies. This construct was measured using three items adapted from UTAUT by Venkatesh et al. [22], tailored to the con-
text of AI-assisted physical education instruction. In the current study, the scale demonstrated good reliability and validity 
(Cronbach’s α = 0.831; McDonald’s ω = 0.899; CR = 0.832; AVE = 0.623).

(2)	 Self-Efficacy (SE)

SE represents teachers’ confidence in their ability to use AI tools effectively in teaching. Three items were adopted from 
Chao [70], grounded in Bandura’s SCT [21]. In the study, the items were modified to reflect AI usage in the context of 
physical education teaching (Cronbach’s α = 0.820; ω = 0.893; CR = 0.821; AVE = 0.604).

(3)	 Social Influence (SI)

SI was measured using four items adapted from the UTAUT model, focusing on perceived encouragement from col-
leagues, administrators, and the broader educational environment toward AI integration [71]. The measurement exhibited 
strong psychometric properties in this study (α = 0.864; ω = 0.908; CR = 0.864; AVE = 0.615).
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(4)	 Teacher’s Digital Competence (TDC)

Teacher’s Digital Competence refers to the ability of physical education instructors to integrate digital tools and resources 
effectively into instructional practice. It was assessed using ten items adapted from the DigComp2.1 framework [72]. 
The instrument demonstrated excellent reliability and convergent validity (Cronbach’s α = 0.931; ω = 0.942; CR = 0.931; 
AVE = 0.575).

Data collection

To ensure the scientific validity of the sample size for hypothesis testing, this study employed G*Power 3.1 software [73] 
for sample size estimation. With three predictor variables, a significance level of α = 0.05, the statistical power of 0.95, 
and an anticipated medium effect size (f2 = 0.15), the minimum sample size calculated by G*Power was 119 participants. 
Additionally, referencing classical recommendations in structural equation modeling (SEM) methodology suggesting a 
minimum sample size of 200 [74], and accounting for potential invalid responses and missing data during questionnaire 
administration, the study ultimately set the target sample size at no fewer than 200 to enhance the robustness of parame-
ter estimation and the statistical reliability of the findings.

Participants were recruited between June 1, 2025 and June 7, 2025 through the Wenjuanxing online survey platform 
(www.wjx.cn). Prior to accessing the questionnaire, all participants were presented with a bilingual electronic informed 
consent statement outlining the purpose of the study, the anonymous and confidential nature of data collection, and their 
rights to voluntary participation and withdrawal. Participants provided informed consent electronically by proceeding to 
complete the questionnaire. The study did not include minors, therefore, parental or guardian consent was not required. A 
combination of stratified and convenience sampling was employed, with universities categorized into comprehensive and 
sports-specialized institutions. Ten universities (five comprehensive and five sports-specialized) in mainland China were 
selected, and physical education teachers from these institutions were invited to participate via faculty communication 
platforms (e.g., WeChat and QQ groups). The study was approved by the Ethics Committee of Hunan Normal University 
(Approval No.: [2025507]), with all procedures involving human participants adhering to the principles outlined in the Dec-
laration of Helsinki.

To ensure linguistic accuracy and conceptual equivalence in scale translation, the research team employed 
back-translation and expert review procedures, with three bilingual researchers (including one professor of physical edu-
cation) independently translating the items followed by multiple rounds of discussion and revision to finalize the Chinese 
version. Prior to formal data collection, the research team conducted a pilot test with 25 university physical education 
instructors and refined the wording of certain items based on feedback to improve clarity and response experience, 
with pilot test data excluded from the final analysis. A total of 502 questionnaires were collected (Table 1), with 479 
valid responses retained after excluding invalid entries, yielding an effective response rate of 95.42%. Among the valid 
responses, 220 (45.9%) were from male participants and 259 (54.1%) from female participants, indicating a relatively 
balanced gender distribution. The highest behavioral intention was reported for text-generation AI technologies (e.g., 

Table 1.  The demographic information of the samples.

Variables Description N %

Gender Male 220 45.9

Female 259 54.1

Types of AI applications Text generation (e.g., Deepseek) 350 73.1

Image generation (e.g., Midjourney) 310 64.7

Video generation (e.g., Sora) 254 53.0

Audio generation (e.g., Jukebox) 285 59.5

https://doi.org/10.1371/journal.pone.0334699.t001

www.wjx.cn
https://doi.org/10.1371/journal.pone.0334699.t001
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Deepseek) at 73.1%, followed by image generation (64.7%), audio generation (59.5%), and video generation (53.0%). 
These results demonstrate strong behavioral intentions among university physical education teachers toward AI adop-
tion, particularly for text-generation AI tools.

Data analysis

First, exploratory factor analysis (EFA) was conducted using SPSS 26.0 to preliminarily examine the underlying factor 
structure of each scale. The suitability of data for factor analysis was assessed through the Kaiser-Meyer-Olkin (KMO) 
test and Bartlett’s test of sphericity. In addition, variance inflation factors (VIF) were computed to assess potential mul-
ticollinearity, while McDonald’s ω coefficients were examined to evaluate internal consistency reliability alongside other 
indicators. Subsequently, confirmatory factor analysis (CFA) was performed using maximum likelihood estimation (MLE) 
to further evaluate the measurement model’s goodness-of-fit. Model fit was comprehensively assessed through multi-
ple indices, including the Goodness-of-Fit Index (GFI), Adjusted Goodness-of-Fit Index (AGFI), Normed Fit Index (NFI), 
Incremental Fit Index (IFI), Tucker-Lewis Index (TLI), Comparative Fit Index (CFI), Relative Fit Index (RFI), and Root 
Mean Square Error of Approximation (RMSEA). Second, internal consistency was examined using Cronbach’s α coeffi-
cient, while convergent validity was assessed through composite reliability (CR) and average variance extracted (AVE) 
[75]. Additionally, Harman’s single-factor test was employed to check for common method bias (CMB) by verifying whether 
the variance explained by the first factor was below the empirical threshold of 40% [76]. Third, in the SEM analysis, the 
bootstrap resampling method with 5000 subsamples was used to calculate standardized path coefficients and their signif-
icance levels for testing direct and mediating effects. The moderating role of gender in the pathways between behavioral 
intention and both self-efficacy and social influence was further examined using SPSS’s PROCESS macro (Model 7), 
systematically evaluating the statistical significance and directionality of each path relationship.

Results

Exploratory factor analysis

To ensure the validity of subsequent EFA, CFA, and SEM analyses, preliminary data diagnostics were conducted. Nor-
mality was assessed using skewness and kurtosis indices, all of which fell within the acceptable range (|skewness| < 2, 
|kurtosis| < 7), indicating no significant departure from normal distribution [77]. In addition, Mardia’s multivariate kurtosis 
coefficient was C.R. = 6.980, which exceeds the conventional threshold of 5.0 but remains below the flexible cutoff of 10 
recommended for large samples (n > 200) [78,79], indicating acceptable multivariate normality for SEM. Boxplot inspec-
tion revealed no extreme outliers, which is consistent with the discrete nature of Likert-scale data. All missing responses 
were excluded during data cleaning, resulting in a complete dataset of 479 valid cases. Additionally, VIF values for all 
latent constructs were below 3.0, confirming the absence of multicollinearity issues [74]. These results suggest the dataset 
meets the assumptions required for robust multivariate analysis.

EFA was conducted using the Principal Component Analysis (PCA) method combined with varimax rotation. PCA, a 
widely adopted extraction technique, aims to reduce data dimensionality while retaining as much variance as possible in 
the dataset [80]. To facilitate interpretability, the factor solution was subjected to varimax rotation, an orthogonal method 
designed to maximize the variance of squared loadings within each factor, thereby producing a more distinct factor struc-
ture [81]. Based on the eigenvalue-greater-than-one criterion, the four factors respectively explained 30.595%, 14.552%, 
11.347%, and 11.155% of the variance, and together accounted for 67.649% of the total variance, indicating a satisfactory 
factor structure. As shown in Table 2, all measured items exhibited factor loadings greater than 0.7, indicating that each 
item in the measurement model met statistical requirements and confirming good convergent validity of the research 
model. Second, internal consistency reliability was evaluated using Cronbach’s alpha, CR, and McDonald’s ω. Results 
showed that all latent variables had Cronbach’s alpha values ranging from 0.820 to 0.931 and CR values ranging from 
0.821 to 0.931, all exceeding the recommended threshold of 0.7. McDonald’s ω values were also high, with 0.899 for 
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BI, 0.893 for SE, 0.908 for SI, and 0.942 for TDC, further confirming the strong internal consistency of the measurement 
scales. Third, the AVE values for each latent variable ranged from 0.575 to 0.623, surpassing the critical value of 0.5, 
demonstrating that over 50% of the variance could be explained by the constructs and further supporting the measure-
ment model’s adequate convergent validity. Additionally, Harman’s single-factor test was conducted to examine potential 
common method bias. The results extracted four factors with eigenvalues greater than 1, with the first factor explaining 
only 38.07% of the variance, below the 40% threshold, indicating no severe common method bias in this study [76].

Confirmatory factor analysis

To evaluate the model fit and generalizability of the proposed pathway structure, this study conducted CFA comparing 
the traditional theoretical model with the proposed structural model. (a) The traditional theoretical model, referred to as 
M1 (see Fig 2), conceptualizes SE and SI as independent variables, BI as a mediating variable, and TDC as the depen-
dent variable. (b) The proposed path model in this study, labeled as M2 (see Fig 3), positions BI as the independent 
variable, with SI and SE serving as mediators, and TDC as the dependent variable. Specifically, the comparative anal-
ysis of model fit indices was conducted to demonstrate that the path model linking college physical education teachers’ 
behavioral intention to use AI with their digital competence outperforms the traditional theoretical framework. The result 
shows the traditional path model (M1) yielded the following fit indices: GFI = 0.958, AGFI = 0.947, NFI = 0.959, CFI = 0.991, 
RMSEA = 0.024, and SRMR = 0.074. In contrast, the proposed model (M2) demonstrated superior fit indices: GFI = 0.965, 
AGFI = 0.955, NFI = 0.966, CFI = 0.998, RMSEA = 0.011, and SRMR = 0.028 (see Table 3). All indices for both models fall 
within the commonly accepted thresholds for good model fit [82]. The comparison of fit indices between M1 and M2, how-
ever, reveals that the proposed path model (M2) demonstrates superior performance over the traditional model (M1) in 

Table 2.   Measurement model validity and reliability.

Construct Items Loading VIF Cronbach’s α McDonald’s ω CR AVE

BI BI_1 0.766 1.984 0.831 0.899 0.832 0.623

BI_2 0.776 1.986

BI_3 0.825 2.149

SE SE_1 0.801 2.102 0.820 0.893 0.821 0.604

SE_2 0.759 2.110

SE_3 0.770 2.125

SI SI_1 0.778 2.301 0.864 0.908 0.864 0.615

SI_2 0.773 2.021

SI_3 0.788 1.913

SI_4 0.797 1.914

TDC TDC_1 0.752 2.173 0.931 0.942 0.931 0.575

TDC_2 0.746 2.143

TDC_3 0.766 2.231

TDC_4 0.774 2.283

TDC_5 0.770 2.338

TDC_6 0.753 2.170

TDC_7 0.753 2.223

TDC_8 0.774 2.303

TDC_9 0.744 2.120

TDC_10 0.750 2.163

Note. BI: Behavioral intention; SE: Self-efficacy; SI: Social influence; TDC: Teachers’ digital competence.

https://doi.org/10.1371/journal.pone.0334699.t002

https://doi.org/10.1371/journal.pone.0334699.t002
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key metrics such as CFI, RMSEA, and SRMR. This suggests that, compared to the traditional model which treats BI as a 
mediating variable, the reverse specification of BI as an exogenous predictor in the present study provides a theoretically 
more compelling explanation.

Direct path effects

As shown in Table 4, all direct hypotheses (H1–H6) were supported by the data, demonstrating strong model stability. 
Specifically, BI had a significant positive effect on SE (β = 0.431, t = 7.722, p < 0.001), supporting H1. This indicates that 
higher behavioral intention to use AI among university PE teachers enhances their self-efficacy in AI-assisted teaching. 
For H2, BI also positively influenced SI (β = 0.214, t = 3.744, p < 0.001), suggesting that stronger AI adoption intentions 
increase perceived social norms and peer/organizational support. In H6, SE significantly predicted SI (β = 0.365, t = 6.129, 
p < 0.001), implying that greater self-confidence in AI competence strengthens perceived social encouragement and nor-
mative pressure. Additionally, the analysis of digital competence (TDC) revealed that SE (β = 0.181, t = 3.029, p = 0.002), 
SI (β = 0.200, t = 3.569, p < 0.001), and BI (β = 0.233, t = 4.137, p < 0.001) all exerted significant positive effects on TDC, 

Fig 2.  Classical theoretical structural equation model (M1) analysis.

https://doi.org/10.1371/journal.pone.0334699.g002

https://doi.org/10.1371/journal.pone.0334699.g002
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Fig 3.  Proposed structural equation model (M2) analysis. Note. **p < .01, ***p < .001.

https://doi.org/10.1371/journal.pone.0334699.g003

https://doi.org/10.1371/journal.pone.0334699.g003
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supporting H3, H4, and H5. These findings demonstrate that university PE teachers’ digital competence is driven not only 
by behavioral intention but also jointly shaped by self-efficacy and social influence.

Mediation and moderation effects

Building upon the latent variable modeling and CFA validation of the structural equation model (SEM), this study adopted 
an observed variable modeling strategy to further examine the mediating pathways and moderating mechanisms between 
BI and TDC. Following the “two-step modeling approach” [77], confirmatory factor analysis (CFA) was first conducted 
in AMOS to validate the measurement model, confirming good construct validity. Additionally, the squared multiple cor-
relations (R2) from the SEM results indicated that the model explained 18.6% of the variance in SE, 24.6% in social 
influence (SI), and 23.1% in TDC, supporting the structural paths’ explanatory power and providing a solid foundation for 
subsequent analysis using observed variables. Subsequently, the mean values of each latent variable were extracted as 
observed variables and input into SPSS’s PROCESS v3.5 macro (Model 7) for analysis. In this model, BI was specified as 
the independent variable, TDC as the dependent variable, SI and SE as two parallel mediators, and Gender as the moder-
ator affecting the paths from BI to the mediators (M1: SI and M2: SE). A 5000-sample bootstrap resampling method was 
employed to estimate path coefficients and confidence intervals (CI) at a 95% confidence level, with results presented in 
Table 5.

The regression models demonstrated satisfactory explanatory power across all pathways. BI showed significant pre-
dictive effects on both SI (R2 = 0.102, F = 17.899, p < .001) and SE (R2 = 0.131, F = 23.786, p < .001), while the final TDC 
prediction model achieved R2 = 0.192 (F = 37.545, p < .001), indicating that BI, SI, and SE collectively explained significant 
variance in TDC. The R2 results from both AMOS and SPSS PROCESS jointly support the model’s structural stability and 
explanatory validity, reinforcing the central roles of BI, SE, and SI in accounting for variations in TDC within AI-supported 
physical education contexts. In addition, results (Table 6) revealed a direct effect of BI on TDC (β = 0.185, p < .001), with 
significant indirect effects through SE (β = 0.056, BootSE = 0.017, 95% CI [0.026, 0.090]) and SI (β = 0.055, BootSE = 0.017, 
95% CI [0.025, 0.090]), confirming the existence of stable parallel mediation effects and supporting H7 and H8.

Regarding gender moderation, the interaction terms in the mediation pathways showed non-significant effects for both 
BI × Gender on SI (b = 0.011, p = 0.896) and on SE (b = –0.043, p = 0.605), indicating no significant moderating role of gen-
der in the first-stage mediation paths. Thus, H9 and H10 were not supported.

Table 3.  Comparative fit indices of the traditional and proposed path models.

Model DF X2 X2/df GFI AGFI NFI CFI RMSEA SRMR

M1 166.000 210.043 1.265 0.958 0.947 0.959 0.991 0.024 0.074

M2 164.000 174.360 1.063 0.965 0.955 0.966 0.998 0.011 0.028

https://doi.org/10.1371/journal.pone.0334699.t003

Table 4.  Path coefficient results (H1–H6).

H Relationships Standardized path (β) T-value p-value Results

H1 BI → SE 0.431 7.722 <.001 Accepted

H2 BI → SI 0.214 3.744 <.001 Accepted

H3 SE → TDC 0.181 3.029 0.002 Accepted

H4 SI → TDC 0.200 3.569 <.001 Accepted

H5 BI → TDC 0.233 4.137 <.001 Accepted

H6 SE → SI 0.365 6.129 <.001 Accepted

Note. BI: Behavioral intention; SE: Self-efficacy; SI: Social influence; TDC: Teachers’ digital competence.

https://doi.org/10.1371/journal.pone.0334699.t004

https://doi.org/10.1371/journal.pone.0334699.t003
https://doi.org/10.1371/journal.pone.0334699.t004
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In summary, the findings validate robust indirect pathways through which university physical education teachers’ 
BI influences TDC via SI and SE, advancing the integrated understanding of UTAUT and SCT in technology adoption 
contexts.

Discussion

This study employed a questionnaire survey based on the UTAUT model and SCT theory to investigate the relationship 
between university physical education teachers’ behavioral intention to use AI and their digital competence. We developed 
a structural model including behavioral intention, self-efficacy, social influence, and teachers’ digital competence, and 
proposed ten research hypotheses tested through data analysis.

Direct effects of behavioral intention on self-efficacy, social influence, and teacher digital competence

The findings demonstrate that BI plays a pivotal driving role in university physical education teachers’ AI adoption path-
ways. First, BI is significantly and positively related to SE, indicating that when physical education teachers develop strong 
intentions to use AI, it reflects cognitive preparation and mobilization, thereby enhancing their perceived capability to 
execute the task. Although mainstream research typically treats SE as an antecedent of BI [22,47], this study reveals that 
in the context of AI adoption in education, forming clear behavioral intentions may, through cognitive activation and situa-
tional expectations, be associated with greater self-perceived competence. This challenges the unidirectional causality in 
traditional SCT and warrants further longitudinal research to explore its underlying mechanisms and boundary conditions.

Table 5.  Model coefficients for the conditional process analysis (PROCESS Model 7).

Antecedents Consequent

M1 (SE) M2 (SI) Y (TDC)

Coeff. StdError p 95% CI Coeff. StdError p 95% CI Coeff. StdError p 95% CI

Constant 4.364 0.059 <.001 [4.248, 4.481] 4.371 0.06 <.001 [4.253, 4.490] 2.985 0.219 <.001 [2.556, 3.415]

BI 0.353 0.042 <.001 [0.270, 0.435] 0.311 0.043 <.001 [0.227, 0.395] 0.185 0.04 <.001 [0.107, 0.263]

Gender –0.033 0.119 0.784 [-0.266, 0.201] 0.064 0.121 0.598 [-0.174, 0.302]

BI × Gender –0.043 0.084 0.605 [-0.208, 0.121] 0.011 0.086 0.896 [-0.157, 0.179]

SE 0.156 0.042 <.001 [0.074, 0.238]

SI 0.176 0.041 <.001 [0.095, 0.256]

R2 = 0.131, F = 23.786, p < .001 R2 = 0.102, F = 17.899, p < .001 R2 = 0.192, F = 37.545, p < .001

Note. StdError: Standard error; BI: Behavioral intention; SE: Self-efficacy; SI: Social influence; TDC: Teachers’ digital competence.

https://doi.org/10.1371/journal.pone.0334699.t005

Table 6.  Results of mediation and moderated mediation analyses (H7–H10).

H Relationships Effect (b) BootSE 95% CI p-value Results Proportion of effect

H7 Indirect (BI → SE → TDC) 0.056 0.016 [0.026, 0.090] <.001 Accepted 18.90%

H8 Indirect (BI → SI → TDC) 0.055 0.017 [0.025, 0.090] <.001 Accepted 18.60%

H9 Gender moderates (BI → SE) –0.043 0.084 [–0.208, 0.121] 0.605 Rejected

H10 Gender moderates (BI → SI) 0.011 0.086 [–0.157, 0.179] 0.896 Rejected

Direct effect (BI → TDC) 0.185 0.040 [0.107, 0.263] <.001 62.50%

Total indirect mediation effect 0.111 37.50%

Total mediation effect 0.296

Note. b = Unstandardized coefficient; BootSE = Bootstrap standard error. BI: Behavioral intention; SE: Self-efficacy; SI: Social influence; TDC: Teachers’ 
digital competence.

https://doi.org/10.1371/journal.pone.0334699.t006

https://doi.org/10.1371/journal.pone.0334699.t005
https://doi.org/10.1371/journal.pone.0334699.t006
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Second, BI is also significantly connected with SI, suggesting that once teachers establish firm usage intentions, 
they become more receptive to positive organizational evaluations of AI technology, highlighting the proactive interplay 
between individual agencies and external environments. Although SI is commonly viewed as an antecedent of BI, emerg-
ing studies, such as Ishaq et al. [30], propose that technology adoption behaviors may reciprocally be related to user 
beliefs, supporting the existence of feedback mechanisms in technology acceptance. This aligns with and substantiates 
the potential role of physical education teachers’ AI usage intentions in influencing perceived social norms.

Furthermore, BI is directly and significantly associated with TDC, implying that with clear AI adoption intentions, PE 
teachers are more likely to proactively explore, learn, and integrate relevant technologies, thereby being related to 
improved digital capabilities [83]. Concurrently, SE shows a positive relationship with TDC, underscoring that highly 
efficacious teachers are more willing to experiment with AI and invest in skill development [84]. The positive association 
of SI with TDC further validates the importance of external support, as organizational endorsement fosters competency 
building. De la Calle et al. [85] emphasize that teachers’ digital competence benefits not only students but also community 
social cohesion and quality of life, underscoring the importance of sociocultural factors in competency development.

Additionally, SE is significantly related to SI, revealing a critical psychological mechanism: when teachers believe 
in their technical abilities, they are more likely to perceive organizational climates as supportive, creating a synergistic 
reinforcement between internal and external motivators. This finding aligns with Sung et al. [86], who reported that higher 
self-efficacy is associated with stronger perceived social influence. Collectively, these results demonstrate that PE teach-
ers’ self-efficacy and social influence jointly contribute to their digital competence advancement.

Mediating effects of self-efficacy and social influence

This study reveals that BI is indirectly associated with university physical education teachers’ digital competence through 
SE, suggesting a robust internal psychological mechanism. From the perspective of social cognitive theory, Bandura 
[87] posits that mastering new technologies and gaining successful experiences most effectively strengthen self-efficacy, 
aligning with our findings. Teachers willing to adopt AI actively engage with the technology, and their confidence strength-
ens upon successful mastery, thereby being linked to digital competence improvement. A Chinese study corroborates this, 
showing that higher self-efficacy among university teachers is significantly related to their digital capabilities in technolog-
ical contexts [84]. Thus, PE teachers’ AI usage intention is associated with digital competence by reinforcing self-efficacy, 
with this mediation mechanism playing a pivotal role.

Simultaneously, BI is significantly related to TDC through SI, forming an externally motivated pathway. Teachers with 
stronger AI adoption intentions actively participate in technology-oriented teaching communities, perceiving and internal-
izing support and validation from peers, leaders, and institutional environments, which further motivates their AI learning 
and usage. Relevant studies indicate that teachers in supportive social influence contexts more readily adopt and inte-
grate digital technologies into their teaching practices [88]. Additionally, Jere and Mpeta [89] found that supportive social 
norms in organizational culture are critical for facilitating teachers’ technology integration. Consequently, this study uncov-
ers a less-explored dual mediation structure (psychological and social), showing that PE teachers’ AI usage intention is 
associated with higher digital competence both through internalized SE and externalized SI. This emphasis on indirect 
pathways aligns with evidence that the SMART program improves students’ cognitive, academic, personal, and social 
outcomes, which collectively shape career decisions rather than exerting direct effects [90].

It is worth emphasizing that, although the proposed path model in this study demonstrates a high level of statistical fit, 
this does not necessarily indicate model overfitting or a saturated structural configuration. On the one hand, the model 
structure is derived from the integrative logic of SCT and UTAUT, with theoretically grounded path specifications that avoid 
empirically driven path proliferation, thereby retaining essential degrees of freedom and ensuring theoretical rigor. On the 
other hand, to ensure the robustness and credibility of the model results, we implemented rigorous procedures throughout 
the questionnaire design and administration process. Specifically, the development of the measurement instruments was 
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carefully contextualized to reflect the actual working scenarios of university physical education teachers, ensuring a high 
degree of relevance and applicability to the target population. During the questionnaire administration phase, the research 
team implemented a combination of online and offline supervision strategies to monitor and screen responses. Following 
data collection, rigorous data cleaning and validation procedures were carried out in accordance with established statisti-
cal standards to ensure data integrity. I addition, we conducted robustness verification of the path coefficients using Boot-
strap resampling (n = 5000). The confidence intervals of key paths did not cross zero, indicating that the relationships were 
both statistically significant and stable. In summary, the study indicates methodological rigor and theoretical coherence in 
both model construction and empirical implementation, thereby minimizing the risk of model overfitting.

Explanation of non-significant moderation

The study found that gender did not significantly moderate the relationship between university physical education teach-
ers’ BI and either SE or SI. Recent research suggests the moderating effect of gender among higher education faculty is 
diminishing, particularly as teaching roles become more professionalized and digital skills more ubiquitous. For instance, 
Konukman and Filiz’s [91] study of Turkish PE teachers similarly found no significant gender differences in technology 
innovation adoption and diffusion.

Notably, university PE teachers, as practice-oriented educators with strong contextual adaptability, appear more related 
to pedagogical needs and organizational culture than by gender when adopting technology. Research indicates that in 
contexts of rapid technological advancement and educational digital transformation, teachers’ technology adoption is 
more closely associated with perceived usefulness and institutional support [92]. This is further supported by Amoako and 
Anane’s [93] Ghanaian study, which found no significant gender moderation between digital teaching competence and 
teacher resilience.

These findings collectively suggest a gender-neutral trend in university physical education teachers’ AI adoption inten-
tions, with gender no longer serving as a critical factor in digital competence development. The results align with broader 
patterns of decreasing gender disparities in technology adoption among education professionals. Nevertheless, given the 
cross-sectional design, these relationships should be interpreted as correlational rather than causal. Future longitudinal or 
experimental research is required to determine the temporal and causal sequence of these associations, thereby provid-
ing more definitive evidence regarding the underlying mechanisms for teachers’ adoption of artificial intelligence and the 
development of digital competencies.

Conclusion

Summary of key findings

This study employs an integrated framework combining SCT and UTAUT to examine the relationship between university 
physical education teachers’ behavioral intention to use AI and their digital competence. The findings indicate that physi-
cal education teachers’ BI significantly and positively predicts their SE, perceived SI, and TDC, indicating that those with 
stronger AI adoption intentions exhibit greater intrinsic motivation and external connectivity awareness, thereby being 
linked to higher digital competence. SE and SI function as strong mediators between BI and TDC, forming a dual “psycho-
logical–social” pathway in which internal and external factors work together. Furthermore, SE amplifies teachers’ sensi-
tivity to social support, creating a mutually reinforcing mechanism. Moderating effect analysis reveals that gender does 
not show a significant association with the relationships between BI and SE/SI, suggesting gender-neutral patterns in AI 
adoption pathways within higher education physical education contexts. Collectively, this research elucidates the mecha-
nisms linking physical education teachers’ AI usage intentions with digital competence development, providing theoretical 
foundations and practical insights for advancing digital transformation in physical education pedagogy. The results high-
light the importance of fostering both psychological empowerment and social-environmental support to facilitate technol-
ogy integration in specialized educational settings.
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Theoretical and practical implications

This study makes three primary theoretical contributions. First, this study constructed a structural model integrating 
SCT and UTAUT, providing a more comprehensive theoretical framework for systematically understanding the correla-
tion mechanism between college physical education teachers’ willingness to use AI and their digital competence. Unlike 
traditional models that treat self-efficacy and social influence as predictors of behavioral intention, this study reverses the 
logic by positioning behavioral intention as an independent variable to examine its mediating effects on self-efficacy and 
social influence. This novel approach helps clarify the link between teachers’ AI usage intention and their digital compe-
tence. Furthermore, it effectively expands the theoretical scope of SCT and UTAUT in educational technology research, 
particularly demonstrating good theoretical adaptability and model explanatory power in the specific group of college 
physical education teachers. Second, this study further clarified the indirect causal pathways between self-efficacy, social 
influence, and digital competence, enriching our understanding of the mediating mechanisms in educational technology 
adoption behavior. This indicates that AI usage intention can indirectly be related to technical capabilities by strengthen-
ing individual beliefs and social recognition, further expanding the mediating role of self-efficacy and social influence in 
explaining physical education teachers’ AI usage intention. Third, this study empirically tested the moderating effect of 
gender. The results showed that gender did not have a significant effect on the path from behavioral intention to SE and 
SI. This finding provides theoretical inspiration for re-examining demographic variables in studies related to teachers’ 
adoption of AI technology.

At the practical level, the study offers practical implications for promoting AI integration in physical education. First, 
universities need to establish a stable and feasible institutional support system to promote teachers’ adoption of AI, 
enhancing their initiative and enthusiasm in using AI in teaching and education through infrastructure improvements and 
policy implementation. Second, universities should enhance physical education teachers’ self-efficacy in using AI through 
a structured, progressive training system. This involves designing tiered training programs tailored to teachers’ job roles, 
skill levels, and instructional responsibilities. For example, combining virtual simulation classrooms, AI tool application 
training, and peer review mechanisms can continuously strengthen teachers’ confidence and competence in using AI in 
the teaching process. Third, universities should enhance teachers’ understanding of AI usage by establishing AI teaching 
demonstration positions, organizing interdisciplinary teaching and research collaboration groups, and promoting open 
class exchanges among teachers. This will facilitate technical transfer and mutual learning among teachers in the use of 
AI. Fourth, universities should incorporate AI technology into their overall strategy for innovating sports course content and 
restructuring teaching models. They should establish AI-based intelligent sports assessment platforms, build dynamic stu-
dent feedback mechanisms, and promote personalized adjustments to teaching objectives. These measures will contrib-
ute to the effectiveness of AI technology in education and teaching, and help physical education teachers achieve digital 
transformation.

Study limitations and future prospects

While this study establishes a theoretically grounded and methodologically robust analytical framework, yielding system-
atic findings on the mechanisms linking university physical education teachers’ AI usage intentions with digital compe-
tence, several limitations warrant attention in future research. First, this study integrates SCT and UTAUT to provide a 
new research perspective for understanding the mechanism relationship between college physical education teachers’ 
willingness to use AI and their digital competence. But this integration approach can be further enriched in future research 
by incorporating the Innovation Diffusion Theory (IDT) and the Technology-Organization-Environment (TOE) framework, 
thereby contributing to the multidimensionality of theoretical construction and expanding the explanatory power of AI 
technology adoption behavior in the education sector. Second, though the sample represents Chinese mainland university 
physical education teachers, generalizability remains constrained by regional cultural and institutional contexts. Compar-
ative studies across diverse national education systems would help strengthen the universality and external validity of the 
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findings. Third, the quantitative approach, while validating pathway relationships, lacks depth in capturing teachers’ sub-
jective experiences and behavioral logics in real-world AI implementation. Mixed-methods designs integrating interviews 
or classroom observations could provide richer, more holistic insights. Lastly, although this study theoretically constructed 
the structural path between college physical education teachers’ willingness to use AI and their digital competence, and 
revealed the mediating role of self-efficacy and social influence, there is still room for improvement in terms of further 
expansion in specific practical dimensions. Future research could incorporate action research or intervention-based 
research approaches, integrating variables such as educational management policies, resource allocation efficiency, and 
technical support conditions. This would enable a systemic exploration of diverse strategies that may support the AI adop-
tion capabilities of university physical education teachers, thereby facilitating the effective translation of theoretical models 
into educational practice. Addressing these limitations would strengthen both theoretical and practical contributions to 
understanding technology adoption in specialized educational contexts.
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