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Abstract. This study examines higher vocational students’ continuance inten-
tion to use generative artificial intelligence (GAI) in computer course learning.
Drawing on the Technology Acceptance Model and continuance-use research, it
tests whether perceived usefulness, perceived ease of use, and learning engage-
ment affect continuance intention through learning satisfaction. Data from 320
students in Heilongjiang Province, China, were analyzed using structural equa-
tion modeling and bootstrap mediation analysis. The results show that perceived
usefulness, perceived ease of use, and learning engagement significantly enhance
learning satisfaction, which has the strongest direct effect on continuance inten-
tion and mediates all three antecedent effects. Perceived usefulness does not di-
rectly affect continuance intention, whereas perceived ease of use retains a small
but significant direct effect. The findings suggest that continued GAI use depends
on whether students’ perceptions and engagement are translated into satisfying,
task-oriented learning experiences.
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1 Introduction

Generative artificial intelligence (GAI) tools such as ChatGPT are increasingly used
in higher education for writing, programming, explanation generation, and learning
support[2]. Unlike earlier digital learning tools that mainly provide fixed resources or
predefined feedback, GAI can generate adaptive responses through conversational
interaction. This feature is especially relevant to higher vocational computer course
learning, where students need to complete practical tasks such as code understanding,
debugging, SQL query design, Linux command learning, and technical report
revision.
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However, initial GAI use does not necessarily lead to continued use. Initial use
may be driven by novelty, convenience, peer influence, or teacher recommendation,
whereas continued use depends more strongly on post-use experiences. Prior research
identifies perceived usefulness and perceived ease of use as key beliefs in technology
acceptance [4, 7, 12], while continuance-use research emphasizes satisfaction as a
central factor in repeated use [3]. More empirical evidence is still needed on how
students’ perceptions and engagement are transformed into continuance intention in
vocational computing education.

To address this gap, this study examines higher vocational students’ continuance
intention to use GAI for computer course learning in Heilongjiang Province, China.
Drawing on the Technology Acceptance Model and continuance-use research, it
develops a mediation model in which perceived usefulness, perceived ease of use, and
learning engagement influence continuance intention through learning satisfaction.
The study contributes by extending GAI continuance research to vocational computer
course learning and clarifying learning satisfaction as a key perception-to-experience
mechanism.

2 Theoretical Background and Hypotheses

This study draws on the Technology Acceptance Model (TAM) and continuance-use
research to explain higher vocational students’ continued use of GAI in computer
course learning. TAM identifies perceived usefulness (PU) and perceived ease of use
(PEOU) as two central beliefs shaping technology acceptance [4]. In this study, PU
refers to whether students believe that GAI helps them complete practical computing-
related tasks, while PEOU refers to whether they find it easy to interact with GAI,
understand Al-generated explanations, and apply Al-generated suggestions to
computer course tasks.

Continuance intention differs from initial adoption because it depends more
strongly on post-use evaluation. Continuance-use research emphasizes satisfaction as
a key factor in repeated use after initial adoption [3]. Therefore, this study treats
learning satisfaction (SAT) as an experiential mechanism through which students’
technology-related perceptions and learning engagement are transformed into
continuance intention.

PU is expected to improve SAT because students are more likely to be satisfied
when GALI helps them solve concrete learning problems, such as understanding code
logic, generating SQL examples, explaining Linux commands, or revising technical
reports. However, PU may not directly lead to continuance intention unless such
usefulness produces a satisfying learning experience. PEOU may affect both SAT and
continuance intention because ease of use reduces the cognitive and operational
burden of asking questions, refining prompts, testing outputs, and applying Al-
generated suggestions.

Learning engagement (ENG) is included because GAl-supported computer course
learning requires students to ask questions, refine prompts, evaluate Al-generated
responses, test outputs, and revise their work. Engagement may improve satisfaction,
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but it may not automatically lead to continuance intention unless students perceive the
engagement process as helpful and rewarding. Finally, SAT is expected to directly
increase continuance intention because satisfied students are more likely to continue
using GAI in future learning tasks.

Accordingly, this study hypothesizes that PU, PEOU, and ENG positively affect
SAT (H1-H3) and CI (H4-H6), SAT positively affects CI (H7), and SAT mediates
the relationships between PU, PEOU, ENG and CI (H8a-H&c).

The proposed mediation model is shown in Figure 1.

Fig. 1. Proposed research model.

3 Method

This study used a quantitative cross-sectional survey to examine higher vocational
students’ continuance intention to use GAI for computer course learning. Respondents
were students from higher vocational colleges in Heilongjiang Province, China, who
had used GAI tools in computer course learning contexts. GAl-supported computer
course learning referred to the use of GAI in computing-related tasks such as
programming explanation, code debugging, database query design, Linux command
understanding, algorithmic problem solving, and technical report revision.

After data screening, 320 valid responses were retained. The sample included 140
male students (43.8%) and 180 female students (56.2%). By grade level, 69 were
first-year students (21.6%), 81 were second-year students (25.3%), 96 were third-year
students (30.0%), and 74 were from other grade levels (23.1%). Regarding major
type, 117 students were from computer-related majors (36.6%), while 203 were from
other related majors (63.4%).

The questionnaire measured perceived usefulness (PU), perceived ease of use
(PEOU), learning engagement (ENG), learning satisfaction (SAT), and continuance
intention (CI). PU, PEOU, ENG, and SAT were each measured with four items, while
CI was measured with three items, using a five-point Likert scale from 1 = strongly
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disagree to 5 = strongly agree. To improve transparency and reproducibility, the full
questionnaire items are reported in Table 1.

Table 1. Measurement items used in the questionnaire.

Construct Code  Item
Perceived PUI Using GAI helps me better understand computer course content.
usefulness PU2 Using GAI improves my efficiency in completing computer course learning

PU3 Using GAI helps me solve problems related to programming, database, Linux,
PU4 Opverall, GAI is useful for my computer course learning.
Perceived ease PEOUI1 I find it easy to use GAI for computer course learning.
of use PEOU2 1t is easy for me to ask GAI questions related to computer course tasks.
PEOU3 I can easily understand the explanations or suggestions generated by GAI.
PEOU4 I can easily apply GAl-generated suggestions to my computer course learning
Learning ENGI1 Tactively use GAI to explore problems in computer course learning.
engagement ENG2 I refine my questions or prompts when using GAI for computer course
ENG3 I compare and evaluate the answers or suggestions generated by GAI.
ENG4 Tuse GAI feedback to revise my learning outputs.
Learning SAT1 Iam satisfied with my experience of using GAI for computer course learning.
satisfaction SAT2  Using GAI makes my computer course learning experience more positive.
SAT3  GAl-supported learning meets my expectations in computer course learning.
SAT4  Overall, I am satisfied with GAI-supported computer course learning.

Continuance CI1 I intend to continue using GAI for computer course learning in the future.
intention CI2 I will frequently use GAI to support my future computer course learning.
CI3 I would recommend using GAI for computer course learning to other students.

Data were analyzed using SPSS and AMOS. Following established multivariate
data analysis procedures ), reliability was assessed using Cronbach s alpha and
composite reliability, convergent validity was evaluated using standardized factor
loadings and average variance extracted, and discriminant validity was examined
using the square roots of AVE and HTMT values. The structural model was then
tested to examine the direct effects among PU, PEOU, ENG, SAT, and CI. Bootstrap
mediation analysis with 5,000 resamples was conducted to test the indirect effects of
PU, PEOU, and ENG on CI through SAT.

4 Results

Harman’s single-factor test showed that the first factor explained 41.93% of the total
variance, suggesting that common method bias was unlikely to dominate the data
structure. The measurement model showed acceptable reliability and validity:
Cronbach’s alpha = 0.839-0.874, standardized loadings = 0.714-0.851, composite
reliability = 0.840-0.876, and AVE = 0.568-0.657. Discriminant validity was
supported by the square roots of AVE and HTMT values of 0.478-0.679.

The structural model showed good fit: x2/df = 1.286, RMR = 0.009, GFI = 0.945,
AGFI = 0.926, RMSEA = 0.030, NFI = 0.947, IFI = 0.988, TLI = 0.985, and CFI =
0.988. The model explained 48.0% of SAT and 52.0% of CI. As shown in Table 2,
PU, PEOU, and ENG significantly predicted SAT; SAT had the strongest direct effect
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on CI; PU and ENG did not directly predict CI; and SAT significantly mediated all
three antecedent effects.

Table 2. Structural path and mediation results.

Hypothesis ~ Path Effect p/95% BC CI Result

H1 PU — SAT B =0.298 p <.001 Supported

H2 PEOU — SAT B=0.214 p=.003 Supported

H3 ENG — SAT B=0.326 p<.001 Supported

H4 PU—CI p=0.144 p=.055 Not supported
HS5 PEOU — CI B=0.141 p=.046 Supported

H6 ENG — CI B=0.104 p=.125 Not supported
H7 SAT — CI B=0.459 p <.001 Supported
H8a PU — SAT — CI Indirect = 0.137 [0.066, 0.229] Supported
H8b PEOU — SAT — CI Indirect = 0.098 [0.034, 0.190] Supported
H8c ENG — SAT — CI Indirect =0.150 [0.084, 0.255] Supported

4.1  Supplementary Multi-Group Analysis by Major Type

To examine whether the structural relationships differed by major type, a
supplementary multi-group analysis was conducted between computer-related majors
(n = 117) and other related majors (n = 203). An unconstrained model was compared
with a structural weights constrained model in which the seven structural paths were
constrained to be equal across the two groups. The unconstrained model showed
acceptable fit: y? = 363.896, df = 284, y2/df = 1.281, CFI = .976, TLI = .971, and
RMSEA = .030. The constrained model also showed acceptable fit: y> = 371.225, df =
291, x2/df = 1.276, CFI = 976, TLI = .972, and RMSEA = .029. The model
comparison indicated that constraining the seven structural paths did not substantially
reduce model fit, with Ay? = 7.329, Adf = 7, and ACFI = .000. Since A CFI was
below .01, the perception-to-experience mechanism was generally stable across the
two major-type groups. Therefore, the structural relationships among PU, PEOU,
ENG, SAT, and CI can be interpreted as a relatively consistent pattern among higher
vocational students using GAI for computer course learning.

5 Discussion

The findings highlight the central role of learning satisfaction in students’ continued
use of GAI for computer course learning. PU, PEOU, and ENG all significantly
predicted SAT, and SAT had the strongest direct effect on CI. This suggests that
students are more likely to continue using GAI when prior use produces a satisfying
experience in practical computing-related tasks, such as code understanding,

debugging, SQL query design, Linux command learning, and technical report revision
[1,8, 10]
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The different direct effects of PU and PEOU on CI provide a theoretically
meaningful finding. PU did not directly affect CI, whereas PEOU retained a small but
significant direct effect. This pattern suggests that perceived usefulness may influence
continuance intention mainly through satisfaction: students may recognize that GAI is
useful, but they may continue using it only when such usefulness leads to a positive
learning experience. By contrast, ease of use can directly reduce the effort required to
refine prompts, understand explanations, test generated code or commands, and apply
Al-generated suggestions. Therefore, PEOU may directly support continued use by
lowering the operational burden of GAI-supported learning.

The non-significant direct effect of ENG on CI further supports the perception-to-
experience pathway. Although engagement had the strongest effect on SAT, active
engagement may lead to continued use mainly when it results in satisfaction. The
supplementary multi-group analysis also showed that the structural relationships were
generally stable across computer-related and other related majors, as indicated by A
CFI = .000. This suggests that the proposed mechanism may reflect a relatively
general pattern among higher vocational students using GAI for computer course
learning.

Overall, the findings show that learning satisfaction is not only an outcome of GAI
use but also a key mechanism through which students’ perceptions and engagement
shape future intention to use GAI in vocational computing education [>% 11,

6 Implications and Conclusion

This study provides implications for research and practice. Theoretically, it extends
GALI continuance research to higher vocational computer course learning and shows
that learning satisfaction serves as a key mechanism linking perceived usefulness,
perceived ease of use, learning engagement, and continuance intention [3, 5, 11].
Practically, institutions and teachers should not evaluate GAl-supported learning only
by usage frequency, but should focus on whether GAI helps students understand
technical concepts, complete computing tasks, verify Al-generated outputs, and revise
their work.

It should be noted that the five-step framework is proposed as a practical
instructional implication derived from the findings, rather than as an empirically
tested process model in this study. Based on the findings, a practical GAI-supported
learning process may include task clarification, technical explanation, output
generation, verification and debugging, and reflection-based revision. Students may
use GAI to clarify technical tasks, generate initial solutions, verify outputs, and revise
their work through iterative feedback.

This study has several limitations. The cross-sectional design limits causal
inference, and the self-reported data may not fully capture actual GAI use or learning
performance. Future studies could use longitudinal designs and combine surveys with
learning diaries, prompt records, system logs, code debugging records, SQL query
accuracy, Linux command execution records, or teacher-rated technical reports. In
addition, the proposed five-step framework should be tested through experimental or
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quasi-experimental designs comparing structured GAl-supported learning with
unstructured GAI use. Because the sample was drawn from higher vocational students
in Heilongjiang Province, future studies should further examine different majors,
course types, technical skill levels, regions, and institutional contexts.

Overall, students’ continued use of GAI depends on whether technology-related
perceptions and learning engagement are translated into satisfying learning
experiences. Learning satisfaction therefore serves as the key mechanism linking
technology perceptions to continuance intention.
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