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Abstract 

While the application of artificial intelligence (AI) in education has garnered growing scholarly 

attention, research specific to vocational education remains limited. In China, vocational education 

plays a critical role in cultivating skilled workers, yet students in this context often face distinctive 

academic anxiety and mental health challenges. This study, grounded in the conservation of 

resources theory, investigates how AI usage influences academic anxiety among Chinese vocational 

students. Drawing on data from 511 questionnaires, we employed structural equation modeling 

(SEM) and fuzzy set qualitative comparative analysis (fsQCA) to examine both linear and 

configurational relationships. The results reveal that AI usage significantly and negatively predicts 

academic anxiety, with class engagement serving as a key mediating variable. Moreover, teacher 

support for AI usage, as a conditional resource, positively moderates the link between AI usage and 

class engagement. The fsQCA further identifies three distinct configurational pathways leading to 

low academic anxiety. These findings contribute to the literature on AI in vocational education by 

uncovering its psychological impact and offering theoretical and practical insights for educational 

management in this domain. 

Keywords: Chinese vocational education; AI usage; academic anxiety; class engagement; teacher 

support 

 

1. Introduction 

The rapid advancement of AI technology has made its use in education a subject of significant 

academic and practical interest [1]. As an innovative educational and learning tool, AI has become 

an important pillar of education [2]. Against this backdrop, numerous studies have begun examining 

the influence of AI on students’ learning outcomes and cognitive levels. Existing literature shows that 

in higher education, students’ academic performance, motivation, and engagement may all be 

enhanced by the application of AI [3]. Additionally, some research has shown that using AI may 

improve mental health by offering psychological support [5] in addition to learning feedback [4]. 

Nonetheless, the majority of previous studies on the combination of AI and education have been on 

either primary and secondary education or higher education institutions, with insufficient discussion 

on the vocational education. Vocational education plays a significant role in developing socially 

adept talent in China, and the academic and mental health challenges that students encounter are 

distinct [6]. Due to the influence of traditional societal and historical perspectives, the social 

recognition of vocational education may not be as high as that of higher education [7], which could 

exacerbate psychological stress among vocational education students. Additionally, influenced by 

the stratified education system, vocational education students generally have weaker academic 

foundations and insufficient learning confidence, potentially leading to greater academic anxiety [8]. 
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Therefore, the academic anxiety issues faced by vocational education students are being highly 

addressed. 

AI, as an innovative and powerful learning tool [9], may play a significant role in student 

learning within vocational education. Some studies have begun to explore the application of AI in 

vocational education, such as the introduction of intelligent training systems and virtual simulation 

platforms by some higher vocational colleges to assist in skill development [10], and preliminary 

investigations into the role of AI in optimizing class teaching [11]. However, overall, the application 

of AI in vocational education is still mostly limited to teaching tools, lacking systematic attention to 

students’ actual usage and its impact on class engagement and mental health (such as academic 

anxiety). Therefore, the first objective of this study is to explore how AI usage affects academic 

anxiety in vocational education students. 

The conservation of resources (COR) theory offers a valuable lens to explore how AI usage 

influences academic anxiety in vocational education students [12]. According to this theory, when 

faced with potential stress and challenges, individuals not only strive to prevent resource loss but 

also acquire and utilise internal and external resources to increase resources for coping with stress 

[12]. Students can obtain new learning resources and tools through the instant feedback [13], 

diversified learning content, and interactive experiences provided by AI [14]. The input of these 

external resources helps stimulate students’ class engagement. The influence of AI usage on academic 

anxiety may be significantly mediated by class engagement. Therefore, this study’s second goal is to 

investigate how class engagement mediates the effect of AI usage on academic anxiety in students 

enrolled in vocational education.. 

In addition, perceived teacher support for AI usage is considered an important moderating 

factor. In educational settings, teachers not only organise class teaching but also guide students in 

adopting new technologies [15]. Students’ perceptions of teachers’ encouragement, guidance, and 

support for AI usage directly affect their trust , enthusiasm , and ability to use AI tools [16], this could 

mitigate the association between class participation and AI usage. Prior research has shown that 

when students feel more technical support and emotional encouragement from teachers, they are 

more willing to transform external resources into class engagement, which in turn stimulates higher 

levels of learning motivation and concentration [17]. Accordingly, the third objective of this study is 

to further examine the moderating role of perceived teacher support for AI usage in the relationship 

between AI usage and class engagement. The theoretical model is illustrated in Figure 1. 

 

Figure 1. Theoretical Model Diagram. 

The AI usage has complex effects on students’ psychology and behavior [18–20], and its impact 

on academic anxiety among vocational education students may involve multiple equivalent 

pathways. While quantitative methods can objectively verify the causal relationships between 

variables, but struggle to account for other explanatory antecedent conditions, leading to overly rigid 

research logic. Thus, this research also seeks to elucidate the connection between academic anxiety 

and AI usage.Based on empirical research, we perform a configurational analysis of the antecedents 

that cause low academic anxiety using the fuzzy-set qualitative comparative analysis (fsQCA) 

method. 
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This study has certain theoretical contributions. First, this study combines COR theory to 

investigate the connection between vocational education students’ AI usage and academic anxiety. 

Second, this study explores the precise processes via which academic anxiety is impacted by the 

usage of AI among students enrolled in vocational education, exposing the pathways that link the 

two. Third, this study explores the boundary conditions of perceived teacher support for AI usage 

and conducts a configurational analysis of the antecedents that trigger low academic anxiety. This 

study extends the application of COR theory within vocational education, offering novel theoretical 

insights and actionable guidance for improving both instructional and administrative practices. 

2. Literature Review and Hypotheses Development 

2.1. AI Usage and Academic Anxiety 

In the field of education, AI usage usually refers to the extent to which AI is used to assist in 

completing learning tasks and achieving learning goals [21]. Academic anxiety usually refers to the 

emotional reactions of tension, uneasiness, and fear that individuals experience in learning activities 

due to the pressure they feel or their concerns about academic failure [22]. It is often closely related 

to learning motivation, academic self-efficacy, and academic performance [23]. In China, students in 

the vocational education system often exhibit high levels of academic anxiety due to their weak 

learning foundation, low confidence in learning, confusion about their future careers, and relatively 

low social recognition [8]. This usually manifests as concern about exam results, fear of failure, and 

high academic pressure. With the widespread use of AI in education [5], AI usage is likely to help 

reduce academic anxiety among vocational education students. On the one hand, the use of AI 

enables anytime, anywhere learning and personalised learning feedback support based on individual 

needs, thereby improving learning motivation, efficiency, and outcomes [24], which in turn alleviates 

anxiety. On the other hand, the use of AI helps to understand complex and difficult knowledge and 

helps to complete complex learning tasks [25], which further enhances learning confidence and self-

efficacy [26] and reduces anxiety levels. Therefore, we believe that the use of AI can alleviate the 

academic anxiety levels of vocational education students. 

The resource gain perspective of the COR theory [12] provides an important theoretical basis for 

our view. The COR theory initially emphasised that resource loss exacerbates an individual’s stress 

and anxiety responses. This theory was expanded in subsequent studies, pointing out the important 

role of resource acquisition, accumulation, and appreciation in an individual’s resistance to stress and 

sustained effort [27]. It also emphasises that individuals form a “resource enhancement spiral” after 

acquiring resources, meaning that those who obtain resources will continue to invest more resources 

to acquire even more, thereby experiencing less stress and anxiety [28]. In vocational education, we 

believe that AI usage itself constitutes an important technical resource [29], helping students acquire 

more knowledge and information resources [30]. The accumulation of these initial resources helps to 

form a resource value-added spiral, further increasing the cognitive and emotional resources of 

vocational education students, such as improving their sense of learning efficacy, autonomy, and 

control [31], and ultimately significantly alleviating academic anxiety. Therefore, we propose the first 

hypothesis: 

H1: AI usage is negatively correlated with academic anxiety. 

2.2. AI Usage and Class Engagement 

Class engagement refers to the degree to which students show focus and actively interact in 

class, and is a key indicator of the quality of the learning process [32]. Higher class engagement not 

only helps students master knowledge but also helps improve teacher-student relationships, promote 

critical thinking, and enhance problem-solving skills [33]. However, Chinese vocational education 

students are often reluctant to participate in class [6]due to weak learning foundations and self-

directed learning abilities [7]. The emergence of AI can help improve this situation. First, the use of 

AI helps students develop personalised learning plans based on their learning situations [34], thereby 
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improving learning relevance and confidence [35]. Research shows that increased learning 

confidence helps students participate more actively in class [6]. Second, the use of AI provides timely 

feedback, which helps reduce learning difficulties and associated anxiety [36] and enhances the 

willingness to express in class. Finally, for vocational education students, the use of AI helps improve 

the efficiency of answering questions in class [15]. It further strengthens the willingness of students 

and teachers to interact, stimulates students’ interest in practice and motivation to explore, and 

encourages them to participate more actively in class activities [37,38]. Therefore, we believe that the 

use of AI by vocational education students can increase their class engagement. 

According to COR theory, the reason why AI usage can effectively enhance vocational education 

students’ class engagement is mainly because it positively influences students’ resource systems [12]. 

Individuals tend to cope with stress and challenges by acquiring, accumulating, and protecting 

resources [12]. When vocational education students use AI technology to obtain more cognitive, 

emotional, and control resources, it not only reduces their to feel nervous and anxious tendency when 

facing learning, but also increases their willingness to participate further in the class, thus forming a 

virtuous cycle of resource accumulation. First, the use of AI can provide timely feedback and help 

individuals think about the questions posed by teachers [16], significantly enhancing students’ 

cognitive and skill resources, helping them to master knowledge and skills more efficiently, and 

thereby reducing the stress caused by insufficient ability in the class. Second, the use of AI can 

provide targeted learning support [25], enhancing students’ emotional resources and psychological 

support, further enhancing their self-confidence and sense of control in the class, and ultimately 

making them more willing to participate in class. This process of acquiring and accumulating 

resources encourages students to engage in class tasks and interactions with a more positive attitude, 

further accumulating key resources such as knowledge, skills, and social interaction, and forming a 

virtuous cycle. Therefore, from the perspective of resource preservation, we believe that AI usage 

helps to stimulate students’ willingness and behavior to actively participate in the class by increasing 

their various individual resources. Therefore, we propose the second hypothesis: 

H2: AI usage and class engagement are positively correlated. 

2.3. The Mediating Role of Class Engagement in The Relationship Between AI Usage and Academic Anxiety 

According to the COR theory, individuals facing learning pressures and challenges will strive 

to acquire, accumulate, and maintain various resources to reduce the threats posed by resource loss 

and maintain mental health [12]. The use of AI by vocational education students not only helps them 

acquire rich cognitive resources (such as personalized knowledge and instant feedback) [21], but also 

provides them with intelligent support and real-life vocational skill practice scenarios [24], 

strengthening their feeling of control and self-efficacy as well as building psychological and 

emotional resource. The acquisition and accumulation of these resources enable students to exhibit 

more positive engagement behaviors in the class, such as being more willing to ask questions, discuss, 

operate, and present [39], thereby continuously acquiring new knowledge, skills, and social 

interaction resources in the learning process and forming a virtuous cycle of resource gains. 

At the same time, class engagement can also be regarded as a process of resource acquisition 

[35]. When students actively engage in class activities through interactions with teachers and peers 

[40], as well as practical operations in real or simulated scenarios, they continuously accumulate 

knowledge resources and emotional support resources, thereby enhancing their confidence and 

ability to cope with academic challenges [16,41]. This continuous accumulation of resources helps 

alleviate uncertainty and feelings of helplessness in the learning process, thereby reducing academic 

anxiety caused by fears of failure or falling behind. Therefore, class engagement plays a key 

mediating role between the resource acquisition effect stimulated by AI usage and students’ 

academic anxiety. AI usage indirectly helps students accumulate more resources in learning 

situations by promoting their class engagement, thereby effectively reducing academic anxiety. 

Consequently, our research posits the third theory.: 
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H3: Class engagement mediates the relationship between AI usage and academic anxiety. 

2.4. The Moderating Effect of Perceived Teacher Support for AI Usage 

Perceived teacher support denotes the degree to which students feel that educators are 

concerned for their well-being and capable of offering aid when required [42]. In vocational 

education, teacher support significantly enhances students’ learning motivation and engagement 

[43]. This study argues that perceived teacher support for AI usage can be defined as the extent to 

which students subjectively feel that teachers encourage, support, guide their use of AI tools to aid 

learning. On the one hand, teachers who actively guide and support can make students feel that the 

use of AI is understood and encouraged [17]. This emotional support can significantly reduce 

students’ doubts and stress about the use of technology [44] and enhance their confidence and interest 

in class learning. On the other hand, the specific guidance and help provided by teachers is seen as 

key instrumental and informational support, which improves students’ motivation and ability to 

engage in class [41]. 

According to COR theory, perceived teacher support for AI usage can be seen as an important 

social resource. When vocational education students feel that their teachers support AI usage, they 

are more likely to feel resource security when using AI for learning [27]. Teacher research indicates 

that when teachers express recognition and affirmation of students’ learning behaviors, students are 

more likely to invest their resources (such as attention, time, and emotional commitment) into related 

learning activities [39]. This “additional security resource” provided through teacher support can 

significantly alleviate students’ anxiety and uncertainty when trying new learning tools [17,45]. And 

can reduce the negative consequences of overreliance on technology, thereby reinforcing the 

resource-enhancing effects of AI usage and making students more actively engaged in class 

discussions and practices. In addition, teacher support for AI usage is not only an external emotional 

social resource, but can also be specifically regarded as a conditional resource and instrumental 

resource [27]. Conditional resources refer to external conditions that help individuals obtain other 

resources, such as supportive norms in the environment [28]. Teachers actively encourage students’ 

use of AI tools, creating a learning atmosphere that allows for experimentation and encourages 

exploration, further reducing students’ psychological burden of worrying about being 

misunderstood or blamed for using AI [46]. At the same time, by providing specific guidance on AI 

usage, teachers can help students master AI applications more efficiently and confidently through 

these direct instrumental resources, providing the necessary conditions for students to acquire 

cognitive, skill, and control resources [47], thereby enabling them to focus their resources on class 

engagement. Based on this, we believe that the higher the level of perceived teacher support for AI 

usage, the easier it is for the cognitive, emotional, and control resources brought about by AI usage 

to be transformed into class engagement and interaction, forming a virtuous cycle of resources. 

Therefore, we propose the following hypothesis: 

H4: Perceived teacher support for AI usage serves as a moderator in the relationship between AI 

usage and class engagement, such that this positive association is strengthened when perceived 

teacher support for AI usage is higher. 

Moreover, given that class engagement mediates the link between AI usage and academic 

anxiety, and perceived teacher support for AI usage moderates the relationship between AI usage 

and class engagement, it follows that perceived teacher support may also influence the strength of 

this indirect pathway. Accordingly, this study posits the following hypothesis: 

H5: Perceived teacher support for AI usage moderates the indirect effect of AI usage on academic 

anxiety via class engagement. Specifically, as perceived teacher support increases for AI usage, the 

indirect impact of AI usage on academic anxiety through class engagement becomes stronger. 

3. Methods 
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3.1. Sample and Collection 

This study adopted random sampling and distributed electronic questionnaires via the 

“QuestionStar” platform to students from vocational colleges in Sichuan, Chongqing, Henan, and 

Shanghai. At the beginning of the survey, participants were informed of the research purpose, the 

voluntary nature of participation, and that all data would be used solely for academic purposes with 

strict confidentiality. Those unwilling to participate could exit the survey at any time. 

To ensure relevance, a screening question—“Do you utilize AI in your daily learning and 

life?”—was included at the outset; respondents who answered “no” were excluded. As an incentive, 

participants received a 4-yuan red envelope after manual review. To reduce common method bias, 

data were collected in three waves at two-week intervals. Demographic variables and AI usage were 

collected at TIME 1 (T1); perceived teacher support for AI usage and class engagement at TIME 2 

(T2); and academic anxiety at TIME 3 (T3). Questionnaires were matched using the last four digits of 

participants’ phone numbers, resulting in 564 matched cases. After removing responses with 

patterned answers (e.g., selecting the same option 10 consecutive times), 511 valid questionnaires 

remained, yielding a response rate of 90.6%. 

Among the 511 questionnaires, 54.6% were from males and 45.4% from females. First-year 

students accounted for 16.2%, second-year students for 52.1%, and third-year students for 31.7%. The 

average age was 20.4 years. Other demographic information is detailed in Table 1. 

Table 1. Descriptive statistics of demographic variables. 

Variable Categories Code Frequency Percentage 

Sex 
Male 1 279 54.6 

Female 2 232 45.4 

Grade 

Freshman  1 83 16.2 

Sophomore  2 266 52.1 

Junior 4 162 31.7 

Subject 

Natural Sciences  1 59 11.5 

Agricultural Sciences  2 69 13.5 

Pharmaceutical Sciences  3 39 7.6 

Engineering and Technology Sciences  4 153 29.9 

Humanities and Social Sciences 5 191 37.4 

Note. N=511. 

3.2. Measurement 

The measurement tools used in this study were selected based on the following criteria: (1) They 

were sourced from internationally recognised, authoritative journals and widely accepted. (2) 

Validated across multiple cultural contexts, including China, demonstrating good reliability and 

validity. Additionally, to enhance the accuracy and adaptability of the measurement items, this study 

employed the widely used “back-translation method” to repeatedly revise and refine the wording of 

the original scale, ultimately developing a 5-point Likert-scale questionnaire incorporating core 

variables. Scores range from 1 to 5, indicating varying degrees of agreement, with 1 representing 

“completely disagree” and 5 representing “completely agree.” 
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AI usage. AI usage was assessed with a three-item scale from Pok et al. [48], including items like 

“I use AI to fulfil most of my learning functions.” The scale demonstrated good reliability in this 

study, with a Cronbach’s α of 0.812. 

Perceived teacher support for AI usage. This construct was measured using an eight-item scale 

developed by Patrick et al. [49]. An example item is “I have a teacher I can count on when I need 

help with the usage of AI.” The Cronbach’s α in the current study was 0.950. 

Class engagement. Class engagement was evaluated using a 12-item scale from Reeve and Lee 

[32], with items such as “I try hard to do well in the class.” The scale showed high reliability, with a 

Cronbach’s α of 0.927. 

Academic anxiety. Academic anxiety was measured using a seven-item scale developed by Liu 

and Lu [23]. A sample item reads, “To finish my homework makes me feel pressure.” The Cronbach’s 

α for this scale in this study was 0.915. 

Control variables. Referring to existing research on academic anxiety among vocational education 

students [50], this study controlled for gender, age, grade, and subject as variables to avoid 

interference with the conclusions of this study. 

3.3. Data Analysis 

This study utilised SPSS 27.0 software to examine descriptive statistics, including means, 

standard deviations, and common method bias. AMOS 24.0 software was employed for confirmatory 

factor analysis, structural equation modelling, path coefficient testing, and mediation and 

moderation effect testing. Among them, the mediation and moderation effect tests used the bias-

corrected nonparametric percentile Bootstrap estimation method to perform 2,000 random repeated 

samples on the sample (n=511). The fsQCA 4.1 was used to perform fuzzy set qualitative comparative 

analysis to test the configuration path of low academic anxiety. 

4. Results 

4.1. Common Method Bias Test 

Despite utilizing a multi-time point methodology for data collection, common method bias may 

persist owing to the self-reported characteristics of the data. This study employed SPSS 27.0 to 

perform Harman’s single-factor analysis on four principal variables. The findings indicated that the 

initial principal component accounted for 39.172% of the variation, falling short of the 40% threshold 

[51]. This study utilized a common method latent factor test by integrating the common method factor 

as a latent variable into the structural equation model. The findings indicated that the model fit 

indices did not exhibit substantial improvement (ΔCFI = 0.008, ΔTLI = 0.006, ΔRMSEA = 0.002, 

ΔSRMR = 0.005). These methodologies suggest that the common method bias in this study is not 

significant. 

4.2. Confirmatory Factor Analysis 

This study employed confirmatory factor analysis to assess the discriminant validity of the 

variables. The findings are presented in Table 2. The results indicate that the four-factor model has 

superior fit compared to alternative models, demonstrating that the four factors possess strong 

discriminant validity, implying that the variables pertain to distinct constructs. 

Table 2. Results of confirmatory factor analyses. 

Model Factors χ2 df χ2/df CFI TLI RMSE

A 

SRMR 

4-factor 

model 

AIU; PS; CE; AA 811.452 399 2.034 0.959 0.956 0.450 0.033 

3-factor 

model 

AIU+PS; CE; AA 1258.21

4 

402 3.130 0.916 0.909 0.064 0.063 
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2-factor 

model 

AIU+PS+CE; AA 3236.91

3 

404 8.012 0.723 0.702 0.117 0.124 

1-factor 

model 

AIU+PS+CE+AA 4756.97

2 

405 11.746 0.575 0.544 0.145 0.145 

Note. AIU= AI usage; PS= Perceived teacher support for AI usage, CE= Class engagement; AA= Academic 

anxiety. 

4.3. Descriptive Statistical Analysis 

Table 3 presents the findings of the correlation analyze for each variable. The results demonstrate 

that the correlation coefficients among the primary variables are significant, so offering first support 

for our hypothesis. 

Table 3. Means, standard deviations, and correlations of variables. 

Variables 1 2 3 4 5 6 7 8 

1. Gender -        

2. Age -0.038 -       

3. Grade 0.012 0.022 -      

4. Subject -0.028 0.055 0.046 -     

5. AI usage 0.028 0.061 -0.021 0.122** 0.770    

6. Perceived teacher support for AI 

usage 
0.036 -0.022 0.051 0.066 0.382** 0.783   

7. Class engagement -0.066 0.074 0.077 0.082 0.366** 0.432** 0.778  

8. Academic anxiety -0.008 -0.007 0.019 -0.105* -0.382**- -0.435** -0.412** 0.957 

Mean 
1.454 20.370 2.155 3.681 3.290 3.345 3.414 2.698 

SD 
0.498 1.838 0.676 1.390 0.980 0.947 0.928 0.942 

Cronbach’s α - - - - 0.812 0.950 0.927 0.915 

AVE - - - - 0.593 0.613 0.606 0.608 

CR - - - - 0.814 0.927 0.959 0.916 

Note. N=511; Bolding indicates the square root of AVE; **p < .01. 

4.4. Hypothesis Testing 

This research employed AMOS 24.0 software to evaluate the fit indices and associated 

hypotheses of the structural equation model. Table 4 presents the outcomes of the fit index 

assessments for the structural equation model. The principal fit indices of the structural equation 

model are within acceptable ranges (χ2/df = 2.224; CFI = 0.929; TLI = 0.924; RMSEA = 0.049; SRMR = 

0.041), indicating a satisfactory overall fit of the model. 
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Table 4. Summary of path-analytic results. 

Variables 
Class engagement Academic anxiety 

B SE B SE 

AI usage 0.257*** 0.053 -0.281*** 0.054 

Perceived teacher support for AI usage 0.345*** 0.047   

Perceived teacher support for AI usage×

Class engagement 
0.155** 0.049   

Class engagement   -0.335*** 0.048 

Gender -0.133* 0.061 -0.041 0.062 

Age 0.029 0.017 0.015 0.017 

Education 0.078 0.046 0.049 0.046 

Subject 0.020 0.022 -0.030 0.022 

Note. B= Path coefficients; SE=Standardized errors; Path coefficients are standardized; model fit statistics: χ2/df 

= 2.224; CFI = 0.929; TLI = 0.924; RMSEA = 0.049; SRMR = 0.041; *p < .01; **p < .05; ***p < .001. 

As can be seen from Table 4, AI usage and academic anxiety show a significant negative 

correlation (B = -0.281, SE = 0.054, p < 0.001), supporting Hypothesis 1. AI usage and class engagement 

showed a significant positive correlation (B = 0.257, SE = 0.053, p < 0.001), supporting Hypothesis 2. 

This study used the Bootstrap method to test the mediating and moderating effects. The test 

results at Bootstrap=2000 are shown in Table 5. The indirect effect of AI usage on academic anxiety 

through class engagement is significant (B=-0.086, SE=0.020, p<0.05), and the 95% confidence interval 

is [-0.129, -0.050], which does not include 0, indicating that the mediating effect is valid. Hypothesis 

3 is supported. 

Table 5. Bootstrapping results for testing mediation effect and moderated mediation effect. 

Items B SE 95% Boot CI 

Indirect effect -0.086** 0.020 [-0.129, -0.050] 

Direct effect -0.281** 0.053 [-0.382, -0.172] 

High (+CE) 0.468** 0.057 [0.362, 0.585] 

Low (-CE) 0.222** 0.063 [0.100, 0.347] 

Difference 0.245** 0.079 [0.095, 0.400] 

Note. B= Path coefficients; SE=Standardized errors; CI that excludes zero indicates that the indirect effects are 

significant; Path coefficients are standardized; Number of bootstrap sCEples are 2000; Level of confidence is 

95%; **p < .05. 

Table 4 indicates that the interaction between AI usage and perceived teacher support for AI 

usage significantly influences class engagement (B = 0.155, SE = 0.049, p < 0.05), hence corroborating 

Hypothesis 4. This study performed a simple slope test, with findings illustrated in Figure 2. A high 

perceived teacher support for AI usage correlates strongly with class engagement, whereas a low 

perceived teacher support for AI usage correlates little. 
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Figure 2. The moderation effect of Class engagement on the relationship between Perceived teacher support for 

AI usage and Academic anxiety. 

This study used the Bootstrap method within structural equation modeling to conduct 2,000 

resampling tests of the moderated mediation effect. As shown in Table 5, when perceived teacher 

support for AI usage was high, the indirect effect of AI usage on academic anxiety through class 

engagement was 0.468 (95% CI [0.362, 0.585]), excluding zero, indicating a significant mediation. 

Conversely, when perceived teacher support was low, the indirect effect was 0.222 (95% CI [0.100, 

0.347]), also excluding zero, but representing a weaker mediation. The difference between high and 

low support groups was significant (B = 0.245, SE = 0.079, p < 0.05, 95% CI [0.095, 0.400]), confirming 

the presence of a moderated mediation effect and supporting Hypothesis 5. 

4.5. fsQCA 

4.5.1. Variable Selection and Calibration 

In the aforementioned study, we demonstrated that there is a significant correlation between AI 

usage, perceived teacher support for AI usage, and class engagement and academic anxiety. 

Therefore, this section conducts a configurational analysis of low academic anxiety using AI usage, 

perceived teacher support for AI usage, and class engagement as antecedent conditions. 

Based on previous research (Kang et al., 2024), we first calculated the mean values of the 

variables AI usage, perceived teacher support for AI usage, class engagement, and academic anxiety, 

and then used the quartile method to calculate the 75%, 50%, and 25% measurement values as the 

three anchor thresholds. 

After data calibration, an analysis of the necessity and sufficiency of each single antecedent 

condition revealed that, as shown in Table 6, none of the single antecedent conditions met the 

absolute necessity criterion (consistency scores were all less than 0.9); simultaneously, none of the 

antecedent conditions were sufficient conditions for the outcome. Therefore, this study required 

combining multiple antecedent conditions for configurational analysis. 

Table 6. Results of the necessary conditions analysis. 

Conditional variables Consistency Coverage 

AI usage 0.718 0.712 
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~AI usage 0.739 0.546 

Perceived teacher support for AI usage 0.719 0.738 

~Perceived teacher support for AI usage 0.746 0.538 

Class engagement 0.687 0.744 

~Class engagement 0.754 0.525 

Note. N=511; Dependent variable is low academic anxiety. 

4.5.2. fsQCA Results 

This study utilised the fsQCA 4.1 software for analysis and constructed a truth table. First, the 

consistency threshold was set to 0.8, the PRI consistency threshold to 0.75, and the case frequency 

threshold to 1 to construct the truth table. ““ signifies the presence of the antecedent condition, ““ 

denotes its absence, and “blank” indicates that the condition may or may not be present in the 

configuration. The results are shown in Table 7. This study found three patterns of low academic 

anxiety. The first is the combination of AI usage and perceived teacher support for AI usage, the 

second is the combination of AI usage and class engagement, and the third is the combination of 

perceived teacher support for AI usage and class engagement. The consistency level of each path in 

the three configurations of this study was higher than 0.8, and the overall consistency was also greater 

than 0.8, with an overall coverage of 0.821 (>0.5), indicating that the three combination paths are 

sufficient conditions for low academic anxiety among students, that is, all configurations are effective 

forms of result realization. The overall model has strong explanatory power. The above findings 

indicate that AI usage, perceived teacher support for AI usage, and class engagement do not all need 

to reach high levels; the realisation of any two conditions can still lead to low academic performance. 

Table 7. Configuration analysis results. 

Conditional variables Low academic anxiety 

Path P1 P2 P3 

AI usage    

Perceived teacher support for AI usage    

Class engagement    

Raw coverage 0.583 0.554 0.562 

Unique coverage 0.093 0.065 0.073 

Consistency 0.824 0.825 0.838 

Solution coverage 0.821 

Solution consistency 0.865 

4.5.3. Robustness Test 

To test the robustness of the configuration paths influencing low academic anxiety and 

determine whether the explanatory power of the analysis results is stable, this study used a variable 

consistency threshold value to verify this, that is, by raising the original consistency threshold level 
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of the case to test the robustness. We raised the consistency value from 0.8 to 0.9, ran the software 

again, and obtained new conditional configuration results for low academic anxiety, which were 

consistent with the results in Table 7, indicating that the results had not changed. The obtained 

conditional configuration path has good robustness in explaining low academic anxiety. 

5. Discussion 

5.1. Theoretical Implication 

Firstly, AI technology has been highly touted in the field of education due to its powerful 

functions [52]. However, existing studies have mostly focused on the promotional role of AI in 

teaching effectiveness, student academic performance, creativity, and innovative behavior [53], while 

the discussion of the mechanism of AI’s role in student mental health, especially academic anxiety, 

remains relatively weak. This study systematically examined the impact of AI usage on academic 

anxiety among vocational education students, expanding the research on educational technology in 

the field of mental health and providing a new perspective for interdisciplinary research on AI and 

educational psychology. In addition, using vocational education students as a sample, we further 

enriched the research landscape of AI technology in the field of vocational education, responding to 

recent calls for attention to the special characteristics of vocational education students’ learning and 

psychological adaptation. 

Secondly, we explored the mediating role of class engagement in the impact of AI usage on 

academic anxiety among vocational education students. Currently, vocational education students 

generally face multiple pressures, such as weak learning foundations and insufficient learning 

confidence [8]. The class has become the core arena for shaping their skills and building their career 

confidence. A high level of class engagement not only affects learning outcomes but also directly 

affects their psychological adaptation and future career development. Our research shows that with 

the increasing integration of AI into vocational education, the use of AI can provide rich external 

resources such as personalised tutoring, instant feedback, and simulated vocational teaching [15], 

shifting class engagement from traditional passive listening to active exploration and in-depth 

interaction [54]. This study verifies the important bridging role of class engagement between AI usage 

and academic anxiety, enriching the understanding of educational psychological mechanisms in a 

digital learning environment. 

Thirdly, this study expands on related research on teacher support in the context of educational 

technology by revealing the moderating effect of perceived teacher support for AI usage. Our study 

validates that teacher support, as an important external resource, can influence students’ AI usage 

positivity and ability by encouraging, supporting, and guiding students in their use of AI [16], 

providing a positive boost for students to transform AI usage resources into learning benefits [17]. 

This finding highlights the critical role of teachers as “AI learning facilitators” and confirms the key 

role of external support factors in the effectiveness of educational technology [40]. 

Finally, this study used the fsQCA method to reveal the multiple conditions that trigger low 

academic anxiety, enriching the understanding of the complexity of the causes of academic anxiety 

among vocational education students. The results show that low academic anxiety can be achieved 

through three main paths: first, the combination of AI usage and perceived teacher support for AI 

usage; second, the combination of AI usage and class engagement; and third, the combination of 

perceived teacher support for AI usage and class engagement. This result demonstrates the 

importance of resource diversity, i.e., different types of resources (technical resources, contextual 

support, and classroom learning engagement) can work together in multiple ways to significantly 

reduce academic anxiety without requiring all resources, namely AI usage, class engagement, and 

perceived teacher support for AI usage, to reach high levels simultaneously. This also reflects the 

principle of “equifinality” emphasised in educational psychology research. This not only 

complements previous research that has focused on single or linear mechanisms, and further 
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introduces a novel conceptual approach to unpack the complex pathways of academic anxiety in 

digitally mediated learning environments. 

5.2. Practical Implication 

Firstly, we found that in the context of insufficient class engagement and obvious academic 

anxiety among vocational education students, AI usage provides an important resource that can help 

alleviate this situation. This suggests that vocational education administrators should attach 

importance to AI technology as an important learning aid [47] and give full play to its positive role 

in improving student class engagement and academic anxiety. First, students should be encouraged 

and guided to recognize the positive effects of using AI to assist in classroom and learning, so that 

they can actively use AI in the classroom with confidence and an open attitude [25], make full use of 

the vast learning resources provided by AI, help enhance classroom interaction, and alleviate their 

academic anxiety. Second, administrators also need to provide the necessary technical support to 

help students use AI more reasonably and efficiently [55]. For example, AI cognitive skills training 

courses and lectures can be conducted, AI learning spaces or interactive groups can be set up, and 

resources can be invested to provide the necessary equipment support to create a favourable 

environment for students to use AI. Third, the fsQCA results reveal three configurations that trigger 

low academic anxiety, reminding administrators to pay attention to the characteristics of different 

classes or student groups and to focus on improving AI usage, class engagement, and teacher support 

for AI usage in order to achieve the goal of alleviating academic anxiety. 

Secondly, we found that teacher support for AI usage can strengthen the positive effect of AI 

usage on class engagement. Therefore, teachers should improve their cognitive attitudes and 

technical capabilities regarding AI tools, encourage and support students’ use of AI, thereby 

increasing students’ class engagement and alleviating academic anxiety. On the one hand, teachers 

should maintain an open and supportive attitude toward AI, allowing and encouraging students to 

use AI in classroom learning [47], creating an open and inclusive classroom learning atmosphere, and 

reducing students’ concerns about not daring to use AI for fear of criticism [1]. For example, when 

evaluating students’ classroom performance, teachers should positively express their recognition of 

the use of AI to assist in the learning process. On the other hand, in addition to attitudinal and 

emotional support, teachers should also provide technical guidance and demonstrations on the 

standardised and efficient use of AI tools to reduce students’ barriers to using technology [46]. For 

example, teachers can demonstrate in class how to use AI tools for intelligent question and answer 

sessions, translation, writing, and learning plan development. They can also set up special AI usage 

teaching and classroom sessions to better understand students’ usage and provide targeted guidance. 

Finally, for vocational education students, it is important to proactively understand and use AI 

technology to assist learning, take the initiative to use intelligent technology to improve their learning 

foundation and class engagement confidence, and alleviate their academic anxiety. On the one hand, 

they should correctly understand the role and functions of AI, overcome their fear of the unknown 

and the threat of technical barriers to using AI technology [56], recognize that AI-assisted learning 

can play a positive role, and embrace AI with an open and confident attitude [10]. On the other hand, 

they should actively learn how to use AI technology, such as by watching online courses and 

consulting teachers and classmates, to understand the diverse tools and related search commands of 

AI, so as to give full play to the powerful functions of AI technology in assisting learning and class 

engagement. 

5.3. Limitations and Future Research 

The main limitations of this study are as follows, and they should be given full consideration in 

future research. The first limitation of this study is that all data were obtained from student self-

reports. Although this study employed multiple methods to verify that CMV was not severe, CMV 

cannot be eliminated. Future research should adopt more scientific measurement methods, such as 

teacher evaluations for class engagement and academic anxiety, to enhance the robustness of the data. 
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Second, although we endeavoured to obtain student survey samples from vocational education 

schools in multiple regions, including Sichuan, Chongqing, and Shanghai, which enhanced the 

representativeness and generalizability of the research conclusions, the coverage of the sample areas 

still needs to be improved, and future research can consider this. Third, although we used a multi-

time point approach to collect data and used the fsQCA analysis method to infer causal relationships, 

the data we used was still cross-sectional data, which cannot reveal the causal relationships of the 

entire model. Future research may consider using longitudinal research designs or experimental 

methods to investigate the dynamic changes in academic anxiety and better infer causal relationships. 

Finally, we examined the important moderating role of perceived teacher support for AI usage. 

Future research may explore other factors at the individual and organisational levels to broaden the 

boundaries of the study. 
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