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Abstract—Acrtificial Intelligence (AI) is being rapidly
integrated into education, and is demonstrating its
transformative potential. However, its widespread adoption
introduces psychological challenges that can amplify or
diminish its benefits. Grounded in the Technology Readiness
Index and Person-Process-Technology framework, this study
explored the intrinsic relationships among vocational college
students’ technological innovation, Al self-efficacy, learning
anxiety, literacy, and usage satisfaction. Addressing the gap in
validated psychological responses, a cross-sectional survey was
conducted among 647 Chinese vocational students (mean age:
19.50) using a 32-item 5-point Likert scale. The instrument
demonstrated robust reliability with Cronbach’s a coefficients
ranging from 0.840 to 0.923. Structural Equation Modeling
results indicated that technological innovation significantly
predicted Al self-efficacy (f = 0.678, p < 0.001) and reduced
anxiety (f = —0.332, p < 0.001). Al self-efficacy ((# = 0.561,
p <0.001) and anxiety (f = —0.230, p < 0.001) significantly
influenced Al literacy (# = 0.490), which strongly predicted
usage satisfaction (f = 0.607, p < 0.001). In conclusion, the
significant influence of psychological factors on literacy
confirms that psychological readiness is a prerequisite for
technical success. Regarding further uses, this study validates a
reliable assessment tool for educators and suggests that
vocational colleges should move beyond mere technical training
to implement curricula that enhance self-efficacy and mitigate
anxiety, empirically boosting students’ Al acceptance.

Keywords—Artificial Intelligence (AI), Al self-efficacy, Al
learning anxiety, Al literacy, Al usage satisfaction, Technology
Readiness Index (TRI), People-Process-Technology (PPT)

1. INTRODUCTION

Artificial Intelligence (AI) technology is being integrated
into the education sector at an unprecedented pace, and is
demonstrating its immense transformative potential [1]. In
vocational education, Al tools accelerate and refine skill
training through adaptive learning pathways, virtual training
scenarios, and instant feedback [2]. However, the rapid
iteration and widespread adoption of Al technologies also
bring new psychological challenges that can amplify or
diminish the benefits of the technology [3]. For instance,
while technological innovation acts as a core driver for
adopting emerging technologies [4], its excessive
development in practice-oriented vocational settings may
lead students to prioritize technological shortcuts over
solidifying foundational skills [5]. Furthermore, the lack of
transparency in Al operations often causes anxiety [6],
fueling concerns about being “replaced” or being unable to
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discern accuracy, thus creating a new form of learning
anxiety [7]. Consequently, Al usage satisfaction depends not
only on students’ confidence, or on their Al self-efficacy to
efficiently complete tasks [8, 9], but also on their Al literacy,
which is increasingly regarded as an indispensable
competency for navigating the Al-driven world [10, 11].
Therefore, understanding how these psychological variables
interact to influence students’ perceptions of technology
quality is pivotal [12, 13].

Despite the significance of these factors, there is little
systematic empirical research on how students in vocational
education—an educational setting emphasizing technical
application and practical skill development—form actual
satisfaction with Al tools amid the interplay of these key
psychological variables [14]. While recent research has
begun to uncover correlations among variables such as
technological innovation, Al self-efficacy, Al learning
anxiety, Al literacy, and Al usage satisfaction [15, 16], the
precise relationships and interactive mechanisms among
them remain unclear. Researchers are striving to understand
causal relationships [17], yet a comprehensive understanding
of the specific variables influencing the vocational Al
domain is currently lacking.

To address this research gap, this study aimed to explore
the associations among technological innovation, Al
self-efficacy, Al learning anxiety, Al literacy, and Al usage
satisfaction among students in Chinese vocational colleges.
To achieve this, we adopted the Technology Readiness Index
(TRI) and the People-Process-Technology (PPT) framework
as theoretical lenses. The TRI identifies dimensions such as
Optimism and Innovativeness as motivators, and Discomfort
and Insecurity as barriers, effectively predicting willingness
to use intelligent systems [18—20]. Concurrently, the PPT
framework emphasizes that successful application depends
on the synergistic alignment of “human” capabilities,
“process” interaction methods, and “technology”
functionality [21]. Given their combined effectiveness in
terms of interpreting acceptance and usage behavior [22],
these models provide the theoretical structure to explain the
relational mechanisms in our study.

The findings of this study offer significant theoretical and
practical contributions. Theoretically, the results not only
enhance the understanding of the TRI model’s broader
applicability beyond technology usability, but also provide a
comprehensive explanation for factors related to people,
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processes, and technology. Practically, these results help
researchers and educators gain deeper insights into the
relationship between students’ positive interactions with Al
and their Al learning anxiety. This facilitates the
development of targeted strategies to mitigate the negative
impacts of Al application, ensuring that vocational colleges
can better address students’ varying levels of technological
readiness during Al integration.

II. THEORY AND HYPOTHESES

A. Theoretical Models
1) Technology Readiness Index (TRI)

The TRI reflects an individual’s propensity to adopt
innovative technological products or services, aiming to
measure willingness to accept and use new technologies [18].
TRI assesses technological readiness by evaluating four key
personality traits: optimism, innovativeness, discomfort, and
insecurity. Optimism and innovativeness serve as motivating
factors, encouraging active acceptance and use of new
technologies, whereas discomfort and insecurity act as
barriers, reducing the likelihood of adoption [23]. Since its
development, the TRI theoretical model has been extensively
applied to study the acceptance and adoption of new
technologies, products, platforms, and service models,
demonstrating broad applicability and predictive power [24].
While general acceptance models predict usage, TRI is
particularly necessary for this study as it uncovers the
specific paradoxical psychological states—coexisting
enthusiasm and anxiety—that users experience when facing
emerging Al tools.

The TRI theoretical model has been applied to investigate
students’ attitudes toward technology across different
countries. For instance, Zhao et al. [25] identified key factors
influencing Chinese university students’ willingness to use
and satisfaction with Al tools such as ChatGPT. Other
scholar have explored the maturity levels of vocational
students in Indonesia regarding mastering digital
technologies for learning [26]. Shakeel et al. [27] examined
Bangladeshi vocational students’ readiness for blended
learning and attitudes toward online learning, while Moca
and Badulesc [28] investigated how external factors such as
learning autonomy and Al self-efficacy influence students’
willingness to adopt and use mobile devices. In this current
research, TRI complements the structural approach by
providing a micro-theoretical lens to decode the “People”
dimension. It specifically explains how the external stimulus
of technology triggers two distinct, competing psychological
paths—motivators (Al efficacy) versus barriers (Al
anxiety)—thereby enriching the analysis of student adoption
mechanisms beyond simple behavioral usage.

2) People-Process-Technology (PPT)

Integrating Al into vocational education requires a
systemic perspective. The PPT framework, rooted in
socio-technical systems theory, emphasizes that effective
system operation depends on the dynamic equilibrium of
three elements: personnel (People), processes (Process), and
technology (Technology) [29]. After evolving through
business process management concepts [30, 31], this
framework gained widespread application in information

systems,  particularly  establishing  consensus  in
cybersecurity [32, 33] and knowledge management research.
This study utilized PPT as the necessary macro-structural
framework to organize the causal path of Al adoption, which
was then deepened by TRI’s psychological insights. The
Technology dimension was operationalized as Technological
innovation, serving as the external trigger [34]. The People
dimension was investigated through the lens of TRI, focusing
on the internal cognitive conflict between Al self-efficacy
(motivator) and Al learning anxiety (barrier) [35]. The
Process dimension reflects the capability required for
implementation, represented here as Al literacy [36]. These
elements dynamically interact to influence the final outcome:
usage satisfaction. By embedding TRI within the PPT
structure, this study rigorously connected the external
technological environment to internal psychological states,
explaining how these jointly determine the “Process”
(literacy) and “Outcome” (satisfaction). This integration fills
an empirical gap by demonstrating that successful Al
adoption depends not just on technology availability, but also
on alignment between users’ psychological readiness
(People) and their operational capabilities (Process).

B. Research Hypotheses

1) The relationships between technological innovation, Al
self-efficacy, and Al learning anxiety

Technological innovation refers to an individual’s
ideological inclination toward becoming a technology
pioneer; such individuals are typically early adopters and
active explorers of new technologies [18]. Highly
technologically innovative individuals, driven by their
exploratory spirit and strong motivation to master new
technologies, proactively seek Al-related knowledge, invest
greater cognitive resources, and readily engage in practical
operations [37]. According to Bandura’s social cognitive
theory, learners experience heightened self-efficacy when
achieving personal success [38]. Consequently, highly
technologically innovative individuals significantly reinforce
their belief that “I can understand and apply AI” through
repeatedly solving Al technical problems [39, 40].

Al learning anxiety refers to a negative emotional state of
tension, unease, or even fear when -confronting Al
technology [41]. Its essence corresponds to two barrier
dimensions within TRI: “discomfort” and “insecurity.”
Discomfort stems from frustration arising when individuals
feel unable to effectively control the technology, while
insecurity originates from concerns about technological
reliability and privacy issues [37]. Individuals possessing
high levels of technological innovation perceive learning Al
as an exciting challenge and opportunity rather than as a
threat. They typically maintain more open and optimistic
trust in technology, enabling them to remain patient and
resilient when encountering difficulties, viewing obstacles as
temporary and surmountable problems [15]. This partially
mitigates excessive concerns about the uncertainties and
potential risks of Al learning (Al learning anxiety).
Therefore, we proposed the following hypotheses:

H1: Technological Innovation positively correlates with
Al self-efficacy.

H2: Technological Innovation negatively correlates with
Al learning anxiety.
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2) The relationships between Al self-efficacy, Al learning
anxiety, and Al literacy

From the TRI perspective, Al learning anxiety corresponds
to the “insecurity” dimension, manifesting as heightened
concerns and risk perception regarding new technologies. Al
self-efficacy, meanwhile, reflects an individual’s confidence
in their ability to master new technologies, aligning with the
motivational factors of “optimism” and “innovation” [18].
When individuals possess high levels of Al self-efficacy,
their perceived control over Al technology increases,
reducing insecurity stemming from uncertainty or anticipated
failure. This significantly diminishes Al learning
anxiety [42]. TRI emphasizes that “optimism” and
“innovation” as drivers of technology adoption translate into
proactive learning engagement and exploratory behavior.
Individuals with high AI self-efficacy are more inclined to
proactively seek information, experiment with new features,
and accumulate knowledge, skills, and experience through
sustained practice, thereby enhancing their Al literacy.
Conversely, those with low self-efficacy may avoid deep
learning due to the dual barriers of discomfort and insecurity,
limiting their AI literacy growth [43]. Therefore, we
proposed the following hypotheses:

H3: AI self-efficacy is negatively correlated with Al
learning anxiety.

H4: Al self-efficacy is positively correlated with Al
literacy.

3) The relationship between Al learning anxiety and Al
literacy

Previous studies have confirmed that the Iless
comprehensive people’s understanding of Al is, the poorer
their usage skills and basic judgment become, and the greater
their intimidation and anxiety regarding Al learning [44].
When learners perceive themselves as lacking foundational,
reliable Al literacy, and struggle to interact fluently with Al,
this reinforces their apprehension of Al, thereby amplifying
their Al learning anxiety [45]. Learners with higher Al
literacy demonstrate greater confidence in embracing Al
challenges and leveraging Al to enhance research efficiency
and innovation, and exhibit lower Al learning anxiety.
Therefore, we proposed the following hypothesis:

H5: Al learning anxiety is negatively correlated with Al
literacy.

4) The relationship between Al literacy and Al usage
satisfaction

Al literacy plays a crucial role in today’s digital
environment, influencing whether learners choose to
leverage Al technologies to support their learning activities.
Learners possessing high levels of Al skills can effectively
utilize these technologies for tasks such as data collection,
organization, and literature translation. This not only reduces
repetitive and labor-intensive tasks in the learning process,
but also frees up more energy and time for engaging in more
challenging and innovative research work [46]. Learners with
Al literacy typically derive greater direct benefits from the
technology, enhancing their satisfaction with Al usage [47].
Therefore, we anticipated that higher levels of Al literacy
would promote learners’ willingness to use Al and increase
their satisfaction, hypothesized as follows:

Ho6: Al literacy positively correlates with Al usage

satisfaction.

C. Hypothesis Model

We constructed a research model for Al innovative usage
experiences based on the dual theoretical perspectives of the
TRI and PPT frameworks, proposing six corresponding
research hypotheses. The model aimed to systematically
explore the intrinsic relationships among five core variables:
technological innovation, Al self-efficacy, Al learning
anxiety, Al literacy, and Al usage satisfaction. It sought to
reveal individuals’ psychological responses during the
acceptance and usage of Al technologies. The specific
research framework is illustrated in Fig. 1.
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Fig. 1. Conceptual framework illustrating the hypothesized relationships
among technological innovation, Al self-efficacy, Al learning anxiety, Al
literacy, and Al usage satisfaction.

III. RESEARCH DESIGN

A. Procedure

This study employed a cross-sectional research design
using an online questionnaire. Data collection was conducted
from September 1 to 19, 2025. The survey was distributed to
students in Chinese vocational colleges via online platforms
(Google Forms).

Regarding  ethical considerations, while formal
Institutional Review Board (IRB) approval was not
mandatory under Chinese regulations for non-interventional
social science research, the study adhered strictly to the
Declaration of Helsinki. An informed consent statement was
presented on the first page to verify eligibility (currently
enrolled students) and explicitly inform participants of their
right to withdraw at any time without penalty. To ensure data
protection, all responses were anonymized, stored on
encrypted devices, and accessible only to the research team.

B. Participants

A total of 712 questionnaires were initially collected. To
ensure data reliability, inclusion and exclusion criteria were
strictly applied. The study specifically recruited students
currently enrolled in Chinese vocational colleges,
encompassing both Higher Vocational and Vocational
Undergraduate programs. Rigorous screening eliminated
invalid entries, such as those completed in under 120 s or
exhibiting overly consistent response patterns. Consequently,
65 invalid responses were removed, yielding a final valid
sample of 647 participants (effective response rate: 90.87%;
mean age: 19.50 years, SD = 1.32). Detailed demographic
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characteristics are presented in Table 1.

Regarding sampling strategy and representativeness,
although convenience sampling was utilized, measures were
taken to mitigate selection bias. The survey was distributed
across multiple distinct vocational institutions to prevent data
clustering. Furthermore, as shown in Table 1, the sample
demonstrates significant diversity in terms of institutional
affiliation (covering both public and private schools) and
educational stages, which broadly aligns with the structural
composition of China’s vocational education sector, thereby
enhancing the study’s validity and representativeness.

Table 1. Demographic Information

Variable N %
Gender Male: 367 56.7%
Female: 280 43.3%
Educational Stage Voca.tional High School: 352 54.4%
Vocational Undergraduate: 295 45.6%
. Public schools: 405 62.6%
School Affiliation Private schools: 242 37.4%
Within six months: 92 14.2%
Usage Experience Six months to one year: 282 43.6%
Over one year: 273 42.2%
Primary Uses of Support acad@mic studies: 225 34.8%
Al Tools Expand extre.lcumcu.lar know.ledge: 242 17.4%
Look up lifestyle information: 180 27.8%

C. Measures

All questionnaires in this study were self-administered and
evaluated using a 5-point Likert scale, where 1 to 5
represented varying degrees of disagreement to agreement.
The instrument included six background variable questions
and 38 initial items across five scales.

To ensure robust validity, particularly for the newly
adapted scales, a rigorous development process was
followed. First, items were operationally defined based on
established literature to ensure theoretical grounding.
Second, the initial questionnaire was reviewed by three
educational technology experts to verify its content validity,
ensuring the completeness of constructs and logical structure.
Third, to assess face validity, a pilot test was conducted with
12 students majoring in Vocational and Technical Education.
These participants evaluated the items for difficulty and
readability, and minor wording adjustments were made based
on their feedback to ensure clarity for the target population.

1) Technological innovation

In this study, technological innovation refers to an
individual’s ideological inclination to act as a technology
pioneer and active explorer who perceives Al learning as an
exciting challenge rather than a threat. We referenced and
revised the Consumer Innovation Scale developed by
Hong et al. [48], comprising six items designed to measure
participants’ propensity to understand and adopt new
technological products within specific domains. Sample
items include: “In my social circle, I am usually the first to
use new technological products” and “I know more about the
latest technological products than others.”

2) Al Self-Efficacy (AI-SE)
In this study, AI Self-Efficacy (AI-SE) refers to the
specific belief held by an individual that I can understand and

apply Al We adapted the ChatGPT Self-Efficacy
(ChatGPT-SE) scale from Lin et al. [49]. All items use a

5-point Likert scale, comprising six questions to measure
participants’ confidence and perceived competence in using
Al to complete specific tasks or scenarios. Sample items
include: “When Al outputs unsatisfactory results, I know
how to quickly adjust instructions” and “I feel confident
handling unexpected issues with Al applications.”

3) Al learning anxiety

In this study, Al learning anxiety is defined as a
psychological  barrier = manifesting as  heightened
apprehension and risk perception regarding the uncertainty of
mastering Al technologies. We adapted the Al Learning
Anxiety Scale from Li and Huang [50], comprising six items
to measure participants’ anxiety stemming from perceived
difficulties in learning AI technologies. Sample items
include: “I worry I won’t be able to master Al applications”
and “I lack confidence in learning Al applications.” Higher
average scores indicate greater tendency toward anxiety
about learning Al tasks.

4) Al literacy

In this study, Al literacy refers to the comprehensive
capability to possess the knowledge, skills, and judgment
necessary to interact fluently with Al and leverage it for
efficient learning and innovation. A scale based on the
concept of Al literacy was developed for this study,
comprising 12 items to measure participants’ cognitive
awareness regarding understanding, application capabilities,
and related ethical considerations of Al technologies. Sample
items include: “I am aware of the ethical issues Al may
raise.” Higher average scores on this variable indicated a
higher level of Al literacy among participants.

5) Al usage satisfaction

In this study, AI usage satisfaction is defined as the
positive gratification learners derive from the direct benefits
of AI utilization. We adapted the ChatGPT Positive
Experience Scale from Ye ef al. [1], comprising eight items
to measure participants’ perceived positive impacts of Al
usage. Sample items include: “I find AI feedback to be
timely” and “I find Al responses to questions to be fluent.”
Higher average scores on this variable indicated greater
positive experiences and satisfaction since participants began
using Al

D. Data Analysis Strategy

Structural Equation Modeling (SEM) is a multivariate data
analysis method used to examine complex relationships
between latent constructs and observed indicators [51]. This
approach is widely employed in psychology and other social
sciences to test substantive hypotheses [52]. Multiple
developments in SEM have enhanced its utility across
diverse data types, research designs, research questions, and
contexts, with one core purpose being the assessment of
theoretical relationships [53]. Consistent with these
principles, this study employed SPSS 28.0 and the
SEM-based AMOS 26.0 software to validate the research
model using a systematic two-stage analytical strategy [54].

The analysis proceeded in three phases. First, data
screening was conducted, employing Harman’s single-factor
test to assess potential Common Method Variance
(CMV) [55]. Second, the measurement model was assessed
via Confirmatory Factor Analysis (CFA). This phase
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included item analysis, where indicators with standardized
factor loadings below 0.50 were considered for removal, as
well as the evaluation of reliability (Cronbach’s a, CR) and
convergent validity (AVE). To strictly verify discriminant
validity, the  Heterotrait-Monotrait ratio (HTMT)
criterion [56] was utilized alongside traditional metrics.
Finally, the structural model was analyzed to estimate the
causal relationships between exogenous and endogenous
latent variables.

IV. RESULTS

The initial instrument consisted of 38 items measuring five
constructs: Technological Innovation (6 items), Al
Self-Efficacy (6 items), Al Learning Anxiety (6 items), Al
Literacy (12 items), and Al Usage Satisfaction (8 items).
Prior to hypothesis testing, a rigorous item purification
process was conducted. Through the Assessment of Common
Method Variance (CMV) and Confirmatory Factor Analysis
(CFA), items exhibiting low factor loadings or significant
cross-loadings were removed to satisfy validity requirements
(Table Al in Appendix). Consequently, 6 items were
excluded: 1 from Technological Innovation, 3 from Al
Literacy, and 2 from Al Usage Satisfaction. The final
Structural Equation Modeling (SEM) was conducted using
the remaining 32 items.The specific results are as follows.

A. Measurement Model Assessment

Prior to conducting the final Confirmatory Factor Analysis
(CFA), a preliminary item purification process was executed
to ensure construct validity. Items exhibiting Standardized
Factor Loadings (FL) below 0.50 were identified as having
insufficient convergent validity and were consequently
removed. The detailed list of original items and the retention
results are presented in Appendix A.

Confirmatory Factor Analysis (CFA) was conducted to
assess the measurement model for each latent construct. The
results, as presented in Table 2, indicate that the measurement
model fit the empirical data well across all indices.
Specifically, the y2/df ratios for all constructs ranged from
1.21 to 3.47. These values are well below the threshold of 5.0
suggested by Hair et al. [57], indicating an acceptable model
fit. Regarding absolute fit indices, the Root Mean Square
Error of Approximation (RMSEA) values ranged from 0.02
to 0.06, satisfying the strict criterion of less than 0.08
recommended by Browne and Cudeck [58]. Furthermore,
both the Goodness of Fit Index (GFI) and the Adjusted
Goodness of Fit Index (AGFI) ranged from 0.95 to 1.00,
exceeding the 0.90 benchmark proposed by Hu and
Bentler [59]. Finally, the standardized Factor Loadings (FL)
for all observed indicators ranged from 0.68 to 0.85,
surpassing the critical 0.50 threshold required for convergent
validity [57]. These indices collectively demonstrate that the
instrument possessed sufficient measurement reliability and
validity.

Table 2. First-order confirmatory factor analysis

Fit Indices 7 df 2t RMSEA GFI AGFI FL
Threshold Values - -— <5 <.10 > (.80 > (.80 >0.50
Technological 6.028 5 1.206 0.018 0.996 0.989 0.692~0.747
Innovation

ALSE 24.136 9 2.682 0.051 0.987 0.971 0.6780.752
Al Learning Anxiety 12.937 9 1437 0.026 0.993 0.984 0.795-0.847
Al Literacy 93.666 27 3.469 0.062 0.968 0.946 0.693~0.761
Al Usage Satisfaction 26.759 9 2.973 0.055 0.986 0.968 0.686~0.786

B. Assessment of Common Method Variance

Given that all variables were collected via self-report
questionnaires in a single survey, this study implemented
both procedural and statistical remedies to control for
potential Common Method Variance (CMV) [55].

In terms of procedural controls, measures were taken
during the survey design phase to minimize bias. These
included: (1) ensuring the strict anonymity of participants to
reduce evaluation apprehension and social desirability bias;
(2) providing clear instructions emphasizing that there were
no right or wrong answers; and (3) using concise and simple
language to avoid ambiguity in item comprehension.

In terms of statistical tests, Harman’s single-factor test was
employed to examine the presence of CMV [57]. An
Exploratory Factor Analysis (EFA) without rotation was
conducted on all measurement items. The results extracted
five factors with eigenvalues greater than 1, accounting for a
total cumulative variance of 62.34%. Crucially, the first
unrotated factor explained only 37.136% of the variance,
which is well below the critical threshold of 50% [55]. These
findings indicate that common method bias was not a
significant concern in this study.

C. Data Normality Assessment
Prior to structural equation modeling, the data distribution

was examined to ensure the assumption of multivariate
normality was met. As shown in Table 3, the skewness values
ranged from —1.365 to 0.352, and the kurtosis values ranged
from —1.303 to 4.756. According to the guidelines proposed
by Kline [60], data is considered to be normally distributed if
the absolute value of skewness is less than 3.0 and the
absolute value of kurtosis is less than 10.0. All indicators in
this study fell well within these recommended thresholds,
indicating no severe violation of the normality assumption.
Therefore, the data were deemed suitable for subsequent
analysis using the Maximum Likelihood estimation method.

Table 3. Descriptive statistics and normality test

Indicators AIM AUEM LAM AIFM EPM
Skewness -0.330 —1.365 0352 0372 —0.307

Std. Error of Skewness ~ 0.096 0.096 0.096 0.096 0.096
Kurtosis 0.000 4.756  —1.303  1.661 0.692

Std. Error of Kurtosis 0.192 0.192 0.192 0.192 0.192

D. Reliability and Validity Analysis

For a quantitative research study to yield reliable and
trustworthy results, it needs to demonstrate acceptable levels
of reliability and validity. As shown in Table 4, in this study,
the Cronbach’s a values and Composite Reliability (CR)
values for each variable ranged from 0.84 to 0.92, while
Factor Loading (FL) values ranged from 0.71 to 0.82, and the
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Average Variance Extracted (AVE) values ranged from 0.51
to 0.67. These results align with the standards proposed by
Hair et al. [57], indicating acceptable numerical values.
Additionally, the variables had mean scores ranging from
2.55 to 3.99, with standard deviations ranging from 0.55 to
1.05.

Construct Discriminant Validity analysis can assist
researchers in identifying the absence of multicollinearity
issues among variables. Initially, validity was assessed using
the Fornell-Larcker criterion; as shown in Table 5, the square

root of the AVE for each construct exceeded its correlation
with any other construct [61], and all inter-construct
correlations were below the 0.85 threshold suggested by
Ahmad et al. [62]. To further ensure the robustness of
discriminant  validity, the Heterotrait-Monotrait ratio
(HTMT) was examined. As recommended by
Henseler et al. [63], HTMT wvalues below 0.90 (and
preferably below 0.85) indicate distinct constructs. As shown
in Table 6, all HTMT ratios in this study were below 0.85,
conclusively demonstrating adequate discriminant validity.

Table 4. Reliability and validity analysis

Construct Items M SD o CR AVE FL

--- --- - > (.70 > (.70 > (.50 > (.50

Technological Innovation 5 3.742 0.728 0.840 0.841 0.514 0.716

AI-SE 6 3.817 0.652 0.862 0.861 0.507 0.712

Al Learning Anxiety 6 2.554 1.048 0.923 0.923 0.667 0.817

Al Literacy 9 3.988 0.548 0.906 0.905 0.515 0.717

Al Usage Satisfaction 6 3.854 0.663 0.881 0.884 0.561 0.744
Table 5. Construct discriminant validity These wvalidation results supported all six research

Construct 1 2 3 4 5
1. Technological Innovation (0.717)
2. AI-SE 0.559 (0.712)

3. Al Learning Anxiety
4. Al Literacy

~0.441 —0.424 (0.818)
0.542  0.0554 —0.443 (0.718)

hypotheses, as illustrated in Fig. 2.

R*=0.460
ALSE

Sk
0.678%%% 0.561

R?=0.368

Al usage

R?*=0.490

0.607***

5. Al Usage Satisfaction 0.536  0.587 —0.357 0.512 (0.749)
Table 6. HTMT analysis results
Construct 1 2 3 4 5
1. Technological Innovation 1
2. AI-SE 0.656 1
3. Al Learning Anxiety 0.621  0.627 1
4. Al Literacy 0.626 0.674 0.579 1
5. Al Usage Satisfaction 0499 0474 0482 0.398 1

E. Overall Structural Model Fit Results

To ensure the adequacy of the research model, after
conducting measurement model analysis and reliability and
validity assessments, an overall structural model fit
evaluation was necessary for model validation. During this
stage, eight indicators, RMSEA, GFI, AGFI, Normed Fit
Index (NFI), Non-Normed Fit Index (NNFI), Comparative
Fit Index (CFI), Incremental Fit Index (IFI), and Relative Fit
Index (RFTI), should all be higher than 0.80. Additionally, two
indicators, Parsimonious Normed Fit Index (PNFI) and
Parsimonious Goodness of FIT index (PGFI), should be
higher than 0.50. The fit indices for this study were as
follows: % = 863.28, df = 48, ¥*/df = 1.88, RMSEA = 0.04,
GFI =0 .92, AGFI = 0.91, NFI = 0.93, NNFI = 0.96, CFI =
0.96, IF1 =0 .96, RF1 =0.92, PNFI = 0.85, PGFI = 0.80, and
Standardized RMR (SRMR) = 0.07. These results all align
with the acceptable numerical standards proposed by
Abedi et al. [64] and Hair et al. [57].

F. Structural Model Validation Results

Using the AMOS software to validate the results revealed
the following relationships: Technological innovation was
positively correlated with Al self-efficacy (f = 0.68***);
Technological innovation was negatively correlated with Al
learning anxiety (f = —0.33***); Al self-efficacy was
negatively dependent on Al learning anxiety (f = —0.25%**%*);
Al self-efficacy and Al literacy showed a positive correlation
(B = 0.56***); Al learning anxiety and Al literacy were
negatively correlated (f = —0.23***); and Al literacy and Al
usage satisfaction were positively correlated (f = 0.61%*%*),

Al literac; N
Y satisfaction

-0.230%**

R?=0.286
Al learning
anxicty

Fig. 2. Structural equation modeling results (***p < 0.001).

V. DISCUSSION

A. Technological Innovation Is Positively Correlated with
Al Self-Efficacy but Negatively Correlated with Al
Learning Anxiety

This study posited that technological innovation may
influence individuals’ cognitive and emotional responses to

Al, aligning with the core tenets of Parasuraman’s

Technology Readiness Index theory [19]. Findings revealed

that technological innovation positively correlates with Al

self-efficacy while negatively correlating with Al learning
anxiety, confirming both Hypotheses H1 and H2.

Specifically, vocational students with higher technological

readiness typically exhibit greater optimism and

innovativeness, demonstrating greater willingness to explore
and master new technologies, thereby enhancing their
self-efficacy during Al learning [38]. Simultaneously, when
encountering Al learning obstacles, vocational students are
better equipped to alleviate anxiety stemming from
uncertainty through effective cognitive and behavioral
strategies. Furthermore, the positive relationship between
technological innovation and self-efficacy can be explained
by factors such as “sense of mastery in problem-solving” and

“adaptive learning strategies.” The negative impact of

technological innovation on learning anxiety manifests in

aspects such as “higher tolerance for uncertainty” and “more
positive attribution of failure.”
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B. Al Self-Efficacy Is Negatively Correlated with Al
Learning Anxiety but Positively Correlated with Al
Literacy

Despite AI’s rapid penetration into educational settings, it
elicits polarized emotional responses. On one hand, students
experience learning substitution anxiety due to perceptions
that “Al performs tasks faster and better than I do.” On the
other hand, students who believe they ‘“can master AI”
perceive generative Al tools as extensions of their
capabilities, proactively exploring more advanced
applications [65]. This study found a significant negative
correlation between “Al self-efficacy” and “Al learning
anxiety,” validating Hypothesis H3 and aligning with Asio
and Sardina [66]. They argue that users with higher Al
self-efficacy typically possess greater confidence in their
ability to operate and comprehend Al systems. This belief
effectively mitigates uncertainty and frustration during
technology use, thereby significantly reducing anxiety levels.

Furthermore, this study found a positive correlation
between Al self-efficacy and Al literacy, validating
Hypothesis H4. This aligns with the findings of He et al. [67]
and reinforces the PPT framework, which emphasizes the
central role of the “people” factor in technology adoption. An
individual’s familiarity with technology influences their
self-efficacy [68]. Specifically, vocational college students
with higher AI literacy typically possess a deeper
understanding of Al technology. As students repeatedly
engage with and utilize Al-related tools during their learning
journey, their self-efficacy increases with practice frequency.
This boosts their willingness to tackle challenging tasks,
creating a virtuous cycle that progressively builds more
comprehensive and systematic Al literacy. This finding
empirically supports the TRI, which posits that individuals’
intrinsic beliefs are key determinants of their technology
mastery outcomes.

C. Al Literacy Correlates Negatively with Al Learning
Anxiety but Positively with AI User Satisfaction

This study confirms that Al literacy is negatively
correlated with Al learning anxiety (HS) but positively
influences user satisfaction (H6). Regarding HS, the findings
indicate that competencies acquired through learning reduce
anxiety, consistent with research suggesting that limited
knowledge fuels fear [69] whereas literacy mitigates
perceived risks [70, 71]. From a TRI perspective, enhanced
knowledge and innovation capabilities lower psychological
discomfort and perceived risk, enabling effective Al
application [19]. Regarding H6, the positive impact on
satisfaction aligns with prior evidence that technology
acceptance and skill development drive usage outcomes [72].
Specifically, anxiety hinders competence through “cognitive
avoidance,” while literacy enhances satisfaction via
“task-solving capabilities” and an “increased sense of
control” [73]. These dynamics resonate with the PPT
framework [35], illustrating how internal states (anxiety)
shape the interaction process (learning), ultimately
determining the quality of technology application.

D. Implications

This study makes several contributions to the field. First, it
focused on the specific group of vocational college students,
conducting empirical exploration under the backdrop of

national Al education strategies and industry-education
integration policies. Through empirical surveys of vocational
college students, the study validated the operational
mechanisms  linking  technological innovation, Al
self-efficacy, learning anxiety, Al literacy, and usage
satisfaction. This not only expands the applicability and
explanatory power of the TRI and PPT framework within Al
education contexts, but also provides localized empirical
support for understanding the psychological mechanisms and
behavioral patterns of vocational college students during
technological learning. This aligns with China’s policy
direction of promoting deep integration between Al and
vocational education.

Second, this study offers significant practical implications
for Al education in vocational institutions. Empirical
findings indicate that enhancing students’ Al self-efficacy
and Al literacy effectively alleviates Al learning anxiety
while increasing their acceptance of Al technology and
satisfaction with its use. Given the learning characteristics
and career-oriented focus of vocational students, institutions
should prioritize cultivating a developmental mindset of
“continuously iterating digital literacy,” encouraging
proactive engagement with technological change rather than
resistance to tech-enabled learning. Practical teaching efforts
should emphasize four main points: first, embedding
real-world enterprise cases and industry Al applications into
curricula, such as smart device fault diagnosis and
educational large-language-model-assisted  instructional
design; second, designing tiered practical training tasks,
progressing from basic Al tool usage to complex
human-machine collaborative projects, helping students
build confidence through successful experiences; third,
strengthening ethical scenario discussions and critical usage
awareness, such as incorporating privacy protection and
industry ethical standards into Al tool usage discussions to
prevent a disconnect between technology application and
professional practice; and finally, emphasizing the
integration of “Al + professional expertise” rather than mere
technical operation, truly making Al a supportive tool that
empowers vocational students’ career growth.

Finally, regarding methodological recommendations, it is
imperative to strengthen academic ethics education.
Institutions must guide students to critically evaluate
Al-generated content to prevent “cognitive outsourcing” and
technological dependency. Acknowledging that technology
is a “double-edged sword,” educators must address potential
usage barriers or psychological burdens arising from system
mismatches. Establishing clear guidelines for responsible Al
use will help mitigate these risks, ensuring that digital
transformation enhances rather than hinders educational
quality.

In summary, this study offers recommendations for
technology integration and talent cultivation in vocational
institutions during the Al era, addressing theoretical
frameworks, educational practices, and ethical standards.

E. Research Limitations and Future Study

This study has several limitations that warrant further
investigation. First, it primarily focuses on variables related
to psychological cognition and satisfaction levels, excluding
behavioral variables such as actual usage and performance
outcomes. While satisfaction serves as a key antecedent for
predicting behavioral intentions, future research should
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integrate  specific ~ behavioral models to  more
comprehensively reveal the actual impact of Al literacy on
educational outcomes. It is recommended that future studies
incorporate dynamic learning analytics models to examine
students’ Al-empowered learning performance. Second, the
sample exclusively comprised students from Chinese
vocational colleges. While this group exhibits distinct
representativeness, its homogeneity in terms of age,
educational background, and cultural context may limit the
generalizability of the findings to other populations.
Subsequent studies should validate the model’s robustness
using samples from general universities and corporate
employees. Furthermore, this research did not sufficiently
examine the moderating effects of demographic variables
(e.g., gender, age, major background) and organizational
context variables. For instance, students from different
majors may exhibit varying levels of adaptability to Al
technology, and differing anxiety thresholds. Future studies
could employ multi-group analyses to more precisely identify
associations between group differences and technology usage
outcomes.

Finally, as generative Al undergoes rapid iteration, its
social acceptance and functional maturity remain in flux.
According to Gartner’s Hype Cycle, current AIGC
technology is transitioning from the “Peak of Inflated
Expectations” toward the “Trough of Disillusionment.”
Against this backdrop, individual psychological and
behavioral mechanisms may undergo significant shifts
alongside technological evolution. Therefore, future research
could adopt longitudinal studies to compare the evolution
paths of individual cognition, Al anxiety, and Al satisfaction
across different stages of technological maturity. This
approach would sustainably reveal the dynamic relationship
between technology and humans. As an emerging
technology, Al still lacks robust evidence to explain many
educational phenomena and impacts, and the underlying
emerging variables and theories within this phenomenon

require further exploration.

VI. CONCLUSIONS

This study, grounded in the TRI and PPT frameworks,
examined the relationships among technological innovation,
Al self-efficacy, Al learning anxiety, Al literacy, and usage
satisfaction. The three major findings are as follows: (1)
Technological innovation positively correlates with Al
self-efficacy but negatively correlates with Al learning
anxiety; (2) Al self-efficacy negatively correlates with Al
learning anxiety but positively correlates with Al literacy;
and (3) Al literacy negatively correlates with Al learning
anxiety but positively correlates with Al usage satisfaction.
These findings suggest that enhancing individuals’
technological innovation and AI self-efficacy not only
alleviates anxiety during technology use but also fosters Al
literacy, ultimately leading to higher application satisfaction.
At the educational and practical levels, emphasis should be
placed on building cognitive competence and mastery
through successful experiences and contextualized task
design, enabling individuals to achieve a truly empowering
rather than dependent mode of technology use.
Simultaneously, vigilance is needed against short-sighted
behaviors that prioritize satisfaction at the expense of
competency development, advocating for responsible Al
usage ethics.

Theoretically, this study elucidates the transformation
mechanism where “psychological readiness” drives
“capability accumulation,” offering a nuanced perspective on
bridging the digital divide caused by affective barriers.
Ultimately, fostering this symbiotic human-Al relationship,
grounded in psychological adaptability rather than mere tool
proficiency, is essential for shaping a resilient vocational
workforce capable of navigating the complexities of the
intelligent era.

APPENDIX
Table Al. Measurement items and retention results
Items Results
1. In my social circle, I’'m usually the first to try new tech products. Keep
2. If I learn about the latest tech products, I’ll be interested in using them. Keep
Technological Tnnovation 3. Compared to my friends, I always use the newest tech products. Keep
4. Even if I’ve never heard of this latest tech product before, I’d still want to try it. Keep
5. In my social circle, I’'m usually the first to recognize the latest tech brands. Delete
6. My knowledge of the latest tech products surpasses that of others. Keep
1. I know how to apply Al technology effectively. Keep
2. When Al outputs are unsatisfactory, I know how to quickly adjust the instructions. Keep
3. I am confident in handling unexpected issues with Al applications. Keep
AI-SE . . .
4. With effort, I can resolve any problems arising from Al applications. Keep
5. If new Al application issues emerge, I can solve them independently. Keep
6. When facing Al application challenges, I can overcome them by dedicating more time. Keep
1. I worry that I won’t be able to master Al applications. Keep
2. I'lack confidence in learning Al applications. Keep
Al Learning Anxiety 3. l’m‘concemedithat Al technology upd'fltes too rapidly, making it. difﬁcult to legrn. Keep
4. Understanding the logic behind Al usage requires a certain aptitude, which is challenging for me. Keep
5. I’'m concerned that Al has too many auxiliary features, making it hard for me to learn. Keep
6. I worry that Al commands are overly complex, making it difficult for me to learn. Keep
1. I know how to use some basic Al tools or applications. Keep
2. I am familiar with common Al applications in daily life. Keep
3. I understand how Al operates. Delete
Al Literacy 4. I have experience interacting with Al applications in real life. Keep
5. I understand the use cases for Al applications. Keep
6. 1 am aware of the advantages and disadvantages of Al applications. Keep
7.1 am aware of the potential ethical challenges posed by Al Keep
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8. I am aware of Al’s potential societal impacts. Delete

9. I understand Al development trends. Keep

10. I comprehend AI’s influence on the future labor market. Delete

11. I can effectively use Al tools to solve everyday problems. Keep

12. I am willing to try new Al technologies or applications. Keep

1. Ifind AI’s feedback to be very timely. Keep

2.1find AD’s responses to questions to be very fluent. Keep

3. I find the information presented by Al to be very clear. Keep

. . 4.1find AI’s answers to be very reliable. Delete
Al Usage Satisfaction 5. 1find AI’s answers to be very accurate. Keep
6. 1 find AI’s responses to be logically coherent. Keep

7.1find AI’s solutions to be very dependable. Delete

8. I find AI’s solutions to be very effective. Keep
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