
Impact of generative AI interaction 
and output quality on university 
students’ learning outcomes: 
a technology-mediated and 
motivation-driven approach
Yun Bai1 & Shaofeng Wang 2

This study investigates the influence of generative artificial intelligence (GAI) on university students’ 
learning outcomes, employing a technology-mediated learning perspective. We developed and 
empirically tested an integrated model, grounded in interaction theory and technology-mediated 
learning theory, to examine the relationships between GAI interaction quality, GAI output quality, 
and learning outcomes. The model incorporates motivational factors (learning motivation, academic 
self-efficacy, and creative self-efficacy) as mediators and creative thinking as a moderator. Data from 
323 Chinese university students, collected through a two-wave longitudinal survey, revealed that 
both GAI interaction quality and output quality positively influenced learning motivation and creative 
self-efficacy. Learning motivation significantly mediated the relationship between GAI output quality 
and learning outcomes. Furthermore, creative thinking moderated several pathways within the 
model, with some variations observed across the two time points. These findings provide theoretical 
and practical insights into the effective integration of GAI tools in higher education, highlighting the 
importance of both interaction and output quality in optimizing student learning experiences.
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The rapid emergence of Generative Artificial Intelligence (GAI) is transforming multiple sectors, with particularly 
profound implications for education and learning1. GAI encompasses advanced artificial intelligence systems 
that produce human-like content across various modalities in response to complex prompts and tasks2,3. Recent 
empirical investigations have documented numerous potential benefits of integrating GAI tools like chatbots 
into educational contexts. As technologies such as ChatGPT gain prominence in higher education settings, we 
are witnessing the emergence of more personalized, adaptive, and interactive learning environments4.

The scientific community continues to debate GAI’s influence on student engagement, learning processes, 
and academic outcomes5. Experimental studies indicate that GAI can provide tailored, responsive support that 
enhances overall educational experiences6. However, concerns have been raised regarding potential misuse, 
particularly instances where ChatGPT serves as a cheating mechanism, potentially undermining authentic 
learning if implemented inappropriately7. According to Duffy and Weil, educators and students utilizing 
generative AI for experimentation and learning must consider multiple factors including data security, privacy 
regulations, ethical compliance, copyright issues, and academic integrity8. Given these divergent perspectives in 
the literature, comprehensive empirical research is necessary to elucidate how GAI tools impact student learning 
across different contexts.

GAI presents novel opportunities for AI-augmented instruction, assessment, and learning design. These 
technologies are engineered to support learners through personalized feedback mechanisms, immediate 
responses, and innovative pedagogical approaches1. GAI tools like ChatGPT are designed with interaction 
capabilities that motivate students to utilize these systems for achieving learning objectives9. However, their 
educational efficacy depends on consistent high-quality outputs throughout the learning process10, highlighting 
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the critical importance of developing users’ critical evaluation skills for assessing GAI-generated content. 
While discourse around GAI integration in higher education shows promise, it remains in nascent stages. 
Existing research has primarily emphasized learning motivation and technical characteristics11  rather than 
implementation strategies and measurable outcomes. Empirical investigations examining the concrete impacts 
of GAI tools on learning remain relatively scarce12 necessitating careful examination of how data-driven outputs 
may transform educational depth and methodology13.

To address these research gaps, our study specifically examines the interaction quality and output quality 
of GAI tools in student learning contexts. We develop and empirically test a model investigating how these 
factors influence university students’ academic achievements, mediated through key motivational constructs. 
Additionally, we explore the moderating role of creative thinking in these relationships. This research integrates 
interaction theory and technology-mediated learning theory (TML) to provide evidence-based insights for 
both researchers and practitioners. By conceptualizing GAI as an educational technology within this theoretical 
framework, we can better understand its potential to shape learning experiences and outcomes. The specific 
objectives of this study are to: (i) Investigate the impact of GAI interactions on university students’ motivational 
factors (learning motivation, creative self-efficacy, and academic self-efficacy). (ii) Examine the role of these 
motivational elements in mediating the relationship between students’ use of GAI tools and their learning 
outcomes. (iii) Explore the moderating influence of creative thinking on the relationships between GAI 
interaction, GAI output quality, motivational factors, and learning outcomes.

Theoretical background
Previous frameworks such as the Technology Acceptance Model (TAM) and the Unified Theory of Acceptance 
and Use of Technology (UTAUT) have significantly influenced technology-based educational research, 
predominantly emphasizing technological characteristics and user adoption patterns6,14 while overlooking 
integration methodologies and practical utility in educational contexts11. Current scientific inquiry has shifted 
focus to examining student learning activities and processes, emphasizing technology integration rather than 
the technology itself.

This study applies interaction theory and technology-mediated learning theory to systematically examine 
students’ varied perceptions of GAI tools in their educational activities.

Interaction theory
Interaction theory provides a robust framework for analyzing human-machine interactions and human-
environmental dynamics15. According to this theoretical perspective, individuals receive critical feedback 
during interactions that shapes their subsequent behaviors and cognitive processes15. GAI tools offer more 
autonomous, personalized, and effective interactions with students compared to conventional educational 
technologies. These systems provide immediate and individualized feedback16 enabling students to conduct 
more precise self-evaluations regarding their strengths and weaknesses. This capability facilitates targeted 
improvements, encourages deeper educational engagement, and serves as a mechanism to enhance the overall 
learning experience.

Interaction with GAI promotes cognitive engagement, suggesting that interaction quality significantly 
influences thought processes and knowledge construction16. Furthermore, GAI’s capacity to dynamically adapt 
instructional content and methodologies according to individual student needs and responses aligns with 
interaction theory’s fundamental premise that effective interaction must be “bidirectional” and “dynamic“15.

Technology-mediated learning theory (TML)
Technology-mediated learning theory was introduced by Alavi and Leidner17 to describe environments where 
learner interactions with educational resources, peers, and/or instructors are facilitated through intelligent 
information technology. Personalized TML interventions have demonstrated efficacy in improving performance 
and achieving organizational objectives18. For individual learners, TML offers innovative approaches to 
knowledge acquisition and skill development in flexible, autonomous, and engaging formats, unrestricted by 
spatial or temporal constraints19. Diverging from conventional technology-enhanced learning paradigms—
where technology primarily functions to support instructional delivery and enable communication channels20. 
This study specifically analyzes how learner-GAI interaction dynamics shape educational outcomes. In the 
learning process, GAI tools operate as obligatory cognitive mediators rather than optional supplements. 
This mandatory mediation characteristic renders TML the optimal theoretical framework for examining this 
emergent educational phenomenon.

A central tenet of this theoretical framework emphasizes the seamless integration of technological tools 
with instructional strategies to enhance cognitive processes and optimize learning outcomes21. This approach is 
particularly relevant in contemporary educational environments characterized by flexibility and decentralization, 
where technology-mediated learning theories provide valuable insights for blended learning implementation.

Conceptualized research model and hypotheses
GAI interaction and learning motivation
Unlike conventional educational technologies, generative artificial intelligence (GAI) solutions (e.g., ChatGPT) 
possess adaptive learning capabilities that enable personalized user interactions based on historical dialogue 
patterns and individual user preferences22. These systems facilitate ubiquitous learning environments where 
students can engage seamlessly across both formal classroom settings and informal learning contexts. For this 
investigation, we operationalize GAI interaction as the bidirectional communication between users and GAI 
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platforms that facilitates information exchange, intellectual discourse, feedback distribution, and audience 
engagement23.

Drawing on self-determination theory, Ryan and Deci conceptualize learning motivation as comprising 
two fundamental components: intrinsic motivation (engagement in academic activities for inherent interest 
and satisfaction) and extrinsic motivation (participation driven by external factors unrelated to intrinsic 
fulfillment)24. Learning motivation functions as an internal cognitive drive that propels students to pursue and 
complete academic tasks25 ultimately facilitating the achievement of educational objectives26.

Empirical evidence indicates that conventional classroom pedagogical approaches frequently lack sufficient 
engagement mechanisms, resulting in students’ difficulty maintaining sustained learning motivation27. Recent 
experimental research by Jia and Tu demonstrates a statistically significant positive correlation between AI tool 
interaction and learner satisfaction metrics28. Qualitative assessments of student experiences with ChatGPT 
reveal perceptions of heightened interest, inspiration, and learning support. The combination of real-time 
interactivity and rapid feedback mechanisms inherent in GAI systems may enhance learner participation and 
cognitive engagement. Based on this theoretical foundation and empirical evidence, we propose the following 
hypothesis:

H1. GAI interaction positively influences the learning motivation of university students.

GAI interaction and creative self-efficacy
Creative self-efficacy (CSE), grounded in self-efficacy theory, refers to an individual’s belief in their capacity to 
generate novel and valuable outcomes29. In educational contexts, students’ creative self-efficacy influences their 
cognitive processing of subject matter and problem-solving capabilities. Within online learning environments, 
creative self-efficacy encompasses students’ ability to demonstrate creativity in utilizing educational platforms, 
assimilating course content, and completing assignments30. GAI platforms provide immediate feedback 
mechanisms that foster success experiences, consequently enhancing motivation and self-efficacy13. Recent 
neurocognitive research indicates that GAI can facilitate creativity by generating outputs that serve as cognitive 
stimuli31. Through consistent interaction with GAI tools, students may develop enhanced self-perceptions 
regarding their ability to accomplish academic objectives and address complex challenges32. Accordingly, we 
incorporate creative self-efficacy as a key construct in our research model and propose:

H2. GAI interaction positively influences the creative self-efficacy of university students.

GAI output quality and learning motivation
GAI output encompasses "coherent and well-formatted text, images, and sounds generated in novel designs"33. 
Assessments of GAI output quality measure the degree to which students perceive the content as reliable, 
valuable, accurate, and applicable34. However, experimental studies with undergraduate students using ChatGPT 
have identified instances where obtaining relevant information proved more challenging than anticipated, with 
some outputs being sparse or inaccurate. Empirical evidence suggests that superior GAI output quality correlates 
with enhanced perceptions of utility, increased peer-to-peer communication during system use, and greater user 
satisfaction, collectively motivating broader adoption among the student population.

In controlled studies, Leong et al. observed significantly elevated levels of intrinsic motivation when subjects 
engaged with GAI-mediated learning activities35. Similarly, Almulla demonstrated a statistically significant 
positive association between ChatGPT usage and learning motivation metrics34. Based on these empirical 
findings, we propose:

H3. GAI output quality positively influences the learning motivation of university students.

GAI outputs quality and learning outcomes
Learning outcomes represent the measurable results of educational processes, typically manifested as knowledge 
acquisition, skill development, or attitudinal changes36. These outcomes constitute the primary objective of 
educational interventions, reflecting the comprehensive development of competencies over time37,requiring 
systematic assessment methodologies.

Empirical studies demonstrate that information reliability and relevance significantly impact user perceptions 
and behaviors in digital environments, underscoring the critical importance of high-quality information in 
facilitating positive learning outcomes for university students34. The quality of GAI outputs is fundamentally 
contingent on training data parameters, potentially resulting in incomplete or biased information38. UNESCO’s 
guidance on generative AI in educational contexts cautions that biased AI information may compromise 
learners’ information literacy39. Without appropriate regulatory frameworks, students risk assimilating 
erroneous, unbalanced AI-generated content. This highlights the scientific importance of investigating GAI 
output quality. Experimental evidence indicates that when learners receive accurate feedback addressing errors 
and progress, they demonstrate enhanced metacognitive reflection and self-regulation capabilities, ultimately 
leading to improved learning outcomes40. Conversely, inaccurate or irrelevant GAI outputs may induce negative 
user experiences characterized by frustration and diminished academic performance. Accordingly, this study 
examines the relationship between GAI output quality and learning outcomes across diverse GAI platforms, 
proposing:

H4. GAI output quality positively influences the learning outcomes of university students.

Academic self-efficacy and creative self-efficacy
Academic self-efficacy, a domain-specific manifestation of self-efficacy41 encompasses learners’ self-assessment 
of their capability to achieve desired learning outcomes within specific academic contexts42. Neuropsychological 
research indicates that high academic self-efficacy enhances intrinsic motivation in undergraduate students by 
strengthening neural pathways associated with learning confidence43. Students with elevated academic self-
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efficacy demonstrate greater persistence in addressing complex tasks and expend additional cognitive resources 
to overcome obstacles44 consequently intensifying their effort toward goal attainment.

Empirical investigations have established academic self-efficacy as a significant predictor of academic 
achievement and creative productivity across both undergraduate and graduate educational levels42. Academic 
self-efficacy appears to catalyze creativity development through multiple cognitive mechanisms. Enhanced 
academic self-efficacy promotes critical thinking capabilities and problem-solving competencies42 enabling 
more objective self-assessment and resilience. This cognitive foundation allows students to address creative 
challenges with greater persistence and cognitive flexibility42. Meta-analyses indicate a consistent positive 
correlation between creative achievement and creative self-efficacy, although this relationship’s magnitude varies 
according to multiple moderating factors. Based on these empirical findings, we propose:

H5. Academic self-efficacy positively influences creative self-efficacy.

Learning motivation and academic self-efficacy
Learning motivation represents one of the most significant predictors of academic self-efficacy development45. 
Positive learning motivation appears to enhance students’ academic self-efficacy, subsequently improving 
academic performance. Research indicates that intrinsically motivated adolescents experience greater autonomy 
and control over their learning processes, strengthening their self-efficacy regarding academic excellence and 
predicting higher academic self-efficacy metrics46. Students who exhibit proactive engagement in learning 
activities demonstrate more robust cognitive frameworks regarding the organization and implementation of 
strategies for achieving academic objectives45. Accordingly, we propose:

H6. University students’ learning motivation positively influences academic self-efficacy.

Learning motivation and learning outcomes
Extensive empirical evidence demonstrates a robust correlation between learning motivation and learning 
outcomes. Motivation for academic achievement plays a crucial role in students’ knowledge acquisition processes47. 
Li and colleagues have identified motivation and commitment as critical determinants of student performance 
and learning outcomes1. Neuropsychological research conceptualizes learning motivation as an intrinsic neural 
driver of individual behavior, functioning as a prerequisite for learning-oriented activities48. Strong motivation 
cultivates positive and engaged learning behaviors essential for optimal cognitive development. Huang et al. 
demonstrated that learning motivation significantly predicts desired learning outcomes, emphasizing the 
educational importance of enhancing student motivation49. Based on this empirical foundation, we propose:

H7. University students’ learning motivation positively influences learning outcomes.

Creative self-efficacy and learning outcomes
Students’ creative self-efficacy significantly influences their cognitive processing of subject matter and problem-
solving capabilities within classroom settings. Research shows that students with high creative self-efficacy 
demonstrate greater learning receptivity and developmental orientation, resulting in more optimistic approaches 
to opportunities and challenges50. Recent empirical studies have established a positive correlation between 
creative self-efficacy and measurable learning outcomes. High self-efficacy indirectly enhances students’ learning 
performance through multiple cognitive and metacognitive pathways51. Individuals with robust creative self-
efficacy allocate additional cognitive resources to creative processes for problem identification and innovative 
solution generation50. Consequently, we propose:

H8. Creative self-efficacy positively influences the learning outcomes of university students.

Learning motivation as a mediator
GAI output quality can substantially influence students’ engagement metrics and motivation levels, thereby 
affecting learning outcomes. GAI tools can enhance student interest and engagement by delivering accurate, 
current, methodologically sound, and contextually relevant output material. This emphasizes the importance 
of high-quality information delivery, efficient interactive experiences, collaborative learning activities, and 
enhanced learning motivation34. Experimental research indicates that motivated students demonstrate greater 
effort allocation, active learning participation, task persistence, and knowledge acquisition52 resulting in 
improved learning outcomes. Based on these empirical findings, we propose:

H9. Learning motivation mediates the effect of GAI output quality on learning outcomes.

Creative thinking as a moderator
The OECD conceptualizes creative thinking as a practical cognitive ability based on knowledge integration and 
application53 particularly valuable in constrained and challenging situations, enabling individuals to achieve 
superior outcomes. Creative thinking involves the cognitive capacity to synthesize ideas, images, and knowledge 
for innovative thought and action, representing a generative process that produces uniqueness54.

Experimental research confirms that information feedback quality significantly impacts educational efficacy 
and knowledge acquisition processes55. GAI tools’ relevant content and constructive feedback may enhance 
students’ interest and learning motivation56. Developing creative thinking capabilities can motivate students 
to explore novel learning methodologies and improve performance outcomes. However, creative thinking’s 
potential moderating role remains insufficiently investigated in current research. Based on the established 
correlations, this study examines creative thinking as a moderating variable and proposes:

H10. Creative thinking moderates the effect of GAI output quality on learning motivation.
Evidence suggests that GAI output quality is fundamentally determined by prompt quality and structure1. 

Students must critically evaluate GAI outputs, as potentially inappropriate content may nevertheless appear 
reasonable and relevant57. Advanced creative thinking capabilities can facilitate the formulation of innovative 
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and relevant queries when utilizing GAI tools58 resulting in higher-quality outputs. Empirical studies have 
established a positive correlation between students’ creative thinking and cognitive learning outcomes, with 
creative thinking demonstrating the capacity to enhance problem-solving skills and learning performance59. 
This investigation extends these findings by examining whether students with more developed creative thinking 
capabilities demonstrate enhanced ability to utilize GAI tools to support learning processes and achieve superior 
learning outcomes.

H11. Creative thinking moderates the effect of GAI output quality on learning outcomes.
Creative thinking can influence students’ perceptions regarding the significance and practicality of 

technological integration. Highly creative thinkers may conceptualize technology as a personalized instrument 
aligned with their learning preferences and emotional responses, enabling deeper cognitive engagement60. Highly 
creative learners engage in more rigorous evaluation of new technologies’ applicability61 while simultaneously 
exhibiting greater capacity to identify and actualize the innovative potential of GAI tools. This cognitive duality 
enables them to transition from initial critical assessment to sophisticated, proactive integration of GAIs into 
learning processes once value recognition occurs. This personalized, interactive learning approach enhances 
motivation across diverse learning contexts49. Specifically, creative thinking encourages students to explore 
various features and potential applications of GAI tools. This exploratory process may reveal novel and engaging 
interactive learning modalities, thereby enhancing learning motivation62. However, the observed effects of 
creative thinking remain subject to important factors, including the novelty effect and technology adaptation 
dynamics, which may temporarily suppress its positive influence. Current understanding of these complex 
interactions remains limited, highlighting the need for further empirical investigation. Based on these established 
correlations and identified research gaps, we examine creative thinking as a moderating variable and propose:

H12. Creative thinking moderates the effect of GAI interaction on learning motivation.
Experimental research indicates that creative thinking significantly influences design students’ creative self-

efficacy and performance metrics63. The GAI talent development framework from the World Digital Technology 
Academy (WDTA) recommends developing professionals with integrated competencies for understanding and 
addressing complex business challenges64. A fundamental competency within this framework is creativity, 
operationalized in our research as innovative thinking capacity. Substantial evidence confirms that creative 
thinking plays a crucial role in students’ learning and development processes, enabling them to generate diverse, 
innovative problem-solving approaches59. Qualitative research indicates that students recognize that fostering 
creativity and creative thinking enhances their experimental engagement and learning outcomes65. Based on 
these established relationships, we examine creative thinking as a moderating variable and propose:

H13. Creative thinking moderates the effect of creative self-efficacy on learning outcomes.

Control variable
Research indicates that demographic characteristics may influence GAI tool utilization and learning outcomes. 
To minimize potential confounding effects, this study implements statistical controls for gender, grade, and 
major. The comprehensive research model illustrating all hypothesized relationships is presented in Fig. 1.

Fig. 1.  Research model.
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Methodology
Research design
This study investigates the causal mechanism between GAI tools and learning outcomes. Two-wave longitudinal 
study methods were employed to collect data on the association of these variables across higher education 
institutions at different points in time.

Participants
The study population comprised students enrolled in undergraduate programs at universities in Taiyuan, Shanxi 
Province, China. This study was conducted in collaboration with many colleges to invite students to answer 
questions through college instructors and ensure that all participants were current university students from 
different majors to increase the study’s credibility.

In order to collect valid data quickly, this study employed purposive sampling. The first round of questionnaires 
was distributed through the Tencent Questionnaire platform from June 13 to June 30, 2024. Students were invited 
to complete the questionnaire through university teachers. When the questionnaire began, the survey’s aim and 
privacy were explained at the start to ensure that participants understand the study’s goals and could withdraw at 
any moment. To protect participants’ privacy, data were kept confidential and anonymous. From 969 first-round 
responses, we evaluated participants’ GAI tool use, response duration, and repeat rate to ensure rigor, obtaining 
329 valid responses for data analysis. 323 valid questionnaires were returned in the second round of testing four 
months later utilizing the same questionnaire to re-survey 329 students who had participated in the first round. 
The survey’s final sample data was 323.

Measures
The questionnaire was divided into two parts. The first section included demographic characteristics of the 
students, such as their gender, grade, major, and GAI tool use experience. The second section included seven 
subscales with questions about GAI interaction, GAI output quality, learning motivation, academic self-efficacy, 
creative self-efficacy, creative thinking, and learning outcomes. This part used a 5-point Likert scale with values 
on the scale ranging from 1 to 5, 1 represents strongly disagree and 5 represents strongly agree.

After completion, three experts were asked to evaluate the questionnaire’s content validity. According to 
our expert review criteria, experts must evaluate if the item questions match the contextual environment of 
Chinese university students’ learning, the study’s content, and the research hypotheses. To ensure that students 
can understand all questions, questionnaire items should avoid technical terminology and acronyms and use 
straightforward language. We conducted a pilot test with 100 Taiyuan, Shanxi Province university students. Male 
and female students of various majors and grades participated in the pilot. The pilot survey data showed that 
the questionnaire was reliable (Cronbach’s α >0.8, KMO >0.8, Bartlett’s test of sphericity p <0.001), but the total 
variance explained was 66.85%, indicating a significant methodological bias in the pilot test. The questionnaire 
items require further optimization. Finally, the optimized questionnaire was reduced to 28 items, and the factor 
loadings of the questionnaire items were all >0.8. According to Hair et al., the optimized questionnaire meets 
the criteria66.

GAI interaction scale: Adapted from the student-GAI interaction test scale proposed by Liang et al.15, selected 
three items based on expert opinion and modified their linguistic expressions according to the research context.

GAI output quality scale: There was less research on student judgments of GAI output quality, this scale was 
developed independently using the indicated criteria and later refined and optimized in linguistic expression 
based on expert opinions and the specific study environment. Finally, four items were set up for GAI output 
quality testing.

Creative thinking scale: This scale was referenced from the creative thinking scale used by Yao et al.42, and 
five of the items were picked based on expert opinion and optimized with some linguistic alterations based on 
the research setting.

Learning motivation scale: This scale referred to the learning motivation scale used by Jia and Tu28 and 
five of the items were selected based on experts’ opinions and modified and optimized with certain linguistic 
expressions according to the research context.

Academic self-efficacy scale: This scale was referenced from the academic self-efficacy scale used by Yao et 
al.42, and four of the items were selected based on expert opinion, with some modification and optimization of 
linguistic expression based on the research context.

Creative self-efficacy scale: This scale referred to the creative self-efficacy scale developed by He and Wong67 
and four of the items were selected from academic self-efficacy based on expert opinion and modified and 
optimized with certain linguistic expressions according to the research context.

Learning outcomes scale: This study referred to the learning outcomes scale established by Damnjanovic et 
al.68,and selected one of the items of academic self-efficacy on expert opinion. At the same time, two more items 
were introduced to further detect students’ learning outcomes from other perspectives.

Data analysis
This study used SPSS (29.0.1.0), AMOS 27, and Mplus 8.3 to analyze the data collected. We used Cronbach’s 
alpha test, KMO and Bartlett’s sphericity test, common method bias test, EFA, and Spearman’s correlation 
analysis. In order to fully understand the dataset and to improve the efficiency of the study, the present work used 
covariance-based structural equation modeling (CB-SEM) to analyze the correlations between variables. This 
study evaluated various CFA fit indices, Hair et al., stipulate that to attain the optimal fit value of the fit index in 
Confirmatory Factor Analysis (CFA)69 specific requirements must be satisfied: 1 ≤ χ2/df ≤ 366, 0.95 ≤ AGFI ≤ 1.00, 
0.95 ≤ GFI ≤ 1.00, 0.95 ≤ CFI ≤ 1.00, 0.95 ≤ NFI ≤ 1.0070, 0.95 ≤ TLI ≤ 1.0071, 0 ≤ RMSEA ≤ 0.0572, 0 ≤ RMR ≤ 0.0573. 
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The utilization of Mplus for Latent Moderated Structural Equations (LMS) of the acquired data, facilitates the 
execution of moderator effect analysis within structural equations.

Results
Profile of respondents
The first round study accepted 329 eligible volunteers, 70.2% of whom were male and 29.8% female. In their 
first and second years of university, 39.8% and 35.3% of students were learning. Most students (58.4%) were 
engineering majors, whereas less than 10% were from other fields. ChatGPT was the most popular GAI tool, with 
68.4% of respondents using it. 75.4% and 62.3% found information search and text generation most intriguing in 
GAI. The respondent profile is shown in Table 1.

Assessment of common method bias
Harman’s single-factor test showed that the primary factor explained 38.213% (less than 40%) of the variance74. 
These findings show no method bias in the study data.

Assessment of reliability, validity, and contingency
The internal consistency assessments showed that every subscale Cronbach’s α coefficient was between 0.888 and 
0.931, indicating that the scale is trustworthy and usable75. The KMO >0.9 and Bartlett’s test of sphericity p <0.001 
suggest the questionnaire meets reliability and validity criteria, allowing for factor analysis76. The questionnaires 
and scales used in this study have strong internal consistency, allowing additional analysis.

In the CFA model, all items of the scale in this evaluation had factor loadings greater than 0.7, p <0.05, 
satisfying the measurement criteria77. Both the composite reliability (CR) and average variance extracted (AVE) 
for each construct were found to be over 0.578. The analysis above indicates that the questionnaire data of this 

Characteristic Item Frequency(n = 329) Percent (%)

Gender
Male 231 70.2

Female 98 29.8

Grade

First year of university 131 39.8

Second year of university 116 35.3

Third year of university 60 18.2

Fourth year of university 22 6.7

Major

Science 22 6.7

Engineering 192 58.4

Economics 28 8.5

Management 10 3.0

Agriculture 17 5.2

Medicine 21 6.4

Literature 5 1.5

Art 31 9.4

Others 3 0.9

What GAI tools have you used or learned about?

ChatGPT 225 68.4

New Bing / Copilot 27 8.2

ERNIE Bot 61 18.5

IFlytek Spark 50 15.2

ChatGLM 57 17.3

Gamma 70 21.3

Notion AI 130 39.5

Others 123 37.4

What GAI features are you most interested in or use most often?

Text Generation 205 62.3

Information Search 248 75.4

Language Translation 128 38.9

Dialog Interaction 81 24.6

Grammar Checking 40 12.2

Debugging Code 94 28.6

Digital Image Processing 63 19.1

PPT creation 76 23.1

Other 114 34.7

None of them are used 2 0.6

Table 1.  Respondent profile. Note: Respondents were able to select all GAI tools and GAI features used.
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study demonstrated robust convergent validity. The construct coding, CR, and AVE results are displayed in 
Table 2.

The variables of control
This study incorporated three control factors: gender, grade, and major. Spearman’s correlation analysis indicates 
the two-tailed p-values among the variables of gender, grade, major, and learning outcomes in this study exceed 
0.1, signifying that none of the correlations are statistically significant79.

Structural model
Using AMOS, a structural equation model was developed to assess the theoretical framework. Path analyses 
were then performed on each variable to examine their impacts. The computed model fit indices were χ2/df 
(1.495), RMR (0.065), RMSEA (0.039), GFI (0.922), AGFI (0.903), CFI (0.980), NFI (0.942), and TLI (0.977). All 
of these indices fell within the optimal ranges, except for RMR, which partially aligned with the results. These 
results indicate that all of the model fit indices satisfy the established criteria56.

The present investigation did not exhibit multicollinearity, as indicated by internal VIF values ranging from 
2.657 to 4.01856. The results of the model fitting revealed a significant positively correlated relationship between 
each construct and the other components. The SEM path diagram of the first round study is shown in Fig. 2. The 
hypothesis test results are displayed in Table 3.

The research methodology of this study suggests that the investigation of mediating effects should be carried 
out using serial mediation analysis. The findings revealed that the 95% confidence interval for the mediating 
variable “GAI output quality → learning motivation → learning outcomes” did not encompass the value of 0. 
This suggests the presence of a mediating80. Moreover, the combined impact of GAI output quality on learning 
outcomes was 0.538, comprising a direct impact of 0.453 and an indirect impact of 0.085. This suggests that the 
mediating effect was confirmed, thereby supporting H9.

Construct Item Measurement Items
Outer 
loading CR AVE

Cronbach’s 
α

GAI interaction

INT1 My interactions with GAI have become more frequent in my course 
work 0.868

0.888 0.726 0.888INT2 I use GAI to seek answers when I have questions in my course work. 0.822

INT3 I use the GAI to seek advice when working on course tasks. 0.865

GAI output quality

OQU1 The output of the GAI tool provides more diverse information for my 
learning. 0.854

0.931 0.771 0.931
OQU2 The output of the GAI tool provides new information for my learning. 0.878

OQU3 The output of the GAI tool provided useful information for my learning. 0.891

OQU4 The output of the GAI tool provided relevant information for my 
learning. 0.889

Learning motivation

LM1 I am eager to gain more knowledge from my course work. 0.805

0.915 0.683 0.915

LM2 I believe that investing time in course knowledge is worthwhile. 0.840

LM3 I believe that acquiring course knowledge is important for my personal 
development. 0.834

LM4 Understanding the relationship between the curriculum and my life 
circumstances is important to me. 0.837

LM5 I actively seek out additional information to deepen my understanding 
of the course. 0.817

Academic self-efficacy

ACADEMIC SELF-EFFICACY1 I expect to do well compared to other students in this class. 0.835

0.910 0.717 0.910
ACADEMIC SELF-EFFICACY2 I am confident that I can understand the ideas taught in the course. 0.823

ACADEMIC SELF-EFFICACY3 I am confident that I can do well on research assignments. 0.872

ACADEMIC SELF-EFFICACY4 I think I will do well in the course. 0.856

Creative self-efficacy

CREATIVE SELF-EFFICACY1 I believe in my creative abilities. 0.802

0.901 0.695 0.902
CREATIVE SELF-EFFICACY2 Many times I have proven that I can handle difficult situations. 0.879

CREATIVE SELF-EFFICACY3 I believe I can handle problems that require creative thinking. 0.810

CREATIVE SELF-EFFICACY4 I am good at coming up with new solutions to problems. 0.842

Learning outcomes

LO1 Using GAI tools has improved my learning. 0.849

0.887 0.723 0.888LO2 GAI tools support me to continue learning. 0.833

LO3 GAI tools support me in learning more. 0.868

Creative thinking

CRT1 I provide a new solution strategy for problems. 0.828

0.921 0.700 0.924

CRT2 I show originality in solving problems related to course work. 0.825

CRT3 I often have highly creative ideas. 0.814

CRT4 I demonstrate originality in teamwork. 0.885

CRT5 I offer new suggestions for learning tasks. 0.829

Table 2.  Construct coding, CR, and AVE results.
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Analyzed using Mplus, the moderating effects revealed that creative thinking significantly moderated the 
associations in the construct relationships in this study. Specifically, the study found that creative thinking 
moderates the effect of GAI output quality on learning motivation (H10: β = 0.535, p <0.05). Creative thinking 
moderates the effect of GAI output quality on learning outcomes (H11: β = 1.198, p <0.05). Creative thinking 
moderates the effect of GAI interaction on learning motivation. The moderating effect is inverse, meaning that 
the stronger the creative thinking, the more deleterious the effect of GAI interaction on learning motivation 
becomes. This effect is statistically significant (H12: β = -136.322, p <0.001). Creative thinking moderates the 
effect of creative self-efficacy on learning outcomes (H13: β = 0.232, p <0.05). The present study suggests that 
creative thinking has a moderating role in the association between GAI interaction, GAI output quality, creative 
self-efficacy, learning motivation, and learning outcomes. Furthermore, it is seen that the magnitude of this 
relationship changes across different degrees of creative thinking maturity.

Two-wave longitudinal investigation
After the second round of questionnaire data analysis, it was concluded that the reliability and validity of the 
sample data met the criteria (Cronbach’s α coefficients of all subscales as well as the total scale were > 0.875, 
KMO = 0.910, Bartlett’s Test of Sphericity p <0.001), and there were no serious common methodological biases 
(the variance explained by the common factor was 35.436%, less than 40%), structural equation model fit indices 
met the criteria (χ2/df = 1.469, RMR = 0.089, RMSEA = 0.038, GFI = 0.924, AGFI = 0.905, CFI = 0.980, NFI = 0.939, 
TLI = 0.977), and mediation effects were passed (95%Confidence Intervals without 0 ), all direct path hypotheses 

Hypotheses Estimate S.E. C.R. P Hypothetical results

H1. Learning_motivation ← GAI_interaction 0.116 0.056 2.071 0.038 Supported

H2. Creative_self_efficacy ← GAI_interaction 0.179 0.045 3.968 *** Supported

H3. Learning_motivation ← GAI_output_quality 0.324 0.058 5.584 *** Supported

H4. Learning_outcomes ← GAI_output_quality 0.405 0.054 7.462 *** Supported

H5. Creative_self_efficacy ← Academic_self_efficacy 0.428 0.056 7.677 *** Supported

H6. Academic_self_efficacy ← Learning_motivation 0.552 0.060 9.164 *** Supported

H7. Learning_outcomes ← Learning_motivation 0.201 0.064 3.141 0.002 Supported

H8. Learning_outcomes ← Creative_self_efficacy 0.143 0.059 2.425 0.015 Supported

Table 3.  Hypothetical results.

 

Fig. 2.  SEM path diagram of the first round study.
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passed (as shown in Table 4), and moderating effects were hypothesized to pass (H10: β = 0.132, p <0.05; H11: 
β = 0.205, p <0.05; H12: β = 0.182, p <0.05; H13: β = 0.118, p <0.05). The SEM path diagram of the second round 
study is shown in Fig. 3.

The two-wave longitudinal study data analysis confirmed most of the first-round cross-sectional survey’s 
conclusions. But creative thinking positively moderates the effect of GAI interactions on college students’ 
motivation to study, contrary to the first-round data analysis. The moderating effect of creative thinking on GAI 
interactions’ effect on college students’ study motivation may increase or decrease over time.

Discussion and implications
Discussion of results
This investigation integrates interaction theory and technology-mediated learning theory to empirically 
determine how GAI interaction quality and output quality influence university students’ learning outcomes 
through specific psychological mechanisms. Our structural equation modeling results provide quantifiable 
evidence for these relationships, contributing to the scientific understanding of educational technology 
applications. The experimental findings demonstrate the neuropsychological and cognitive pathways through 
which GAI tools can measurably enhance educational experiences. The causal relationships between GAI 
interactions, output quality, and learning outcomes identified in this study must be interpreted with caution due 
to two key methodological constraints inherent in longitudinal research: First, while longitudinal designs can 
reveal temporal patterns, they cannot definitively establish causality due to potential unmeasured confounding 

Fig. 3.  SEM path diagram of the second round study.

 

Hypotheses Estimate P Hypothetical results

H1. Learning_motivation ← GAI_interaction 0.148 0.031 Supported

H2. Creative_self_efficacy ← GAI_interaction 0.189 *** Supported

H3. Learning_motivation ← GAI_output_quality 0.435 *** Supported

H4. Learning_outcomes ← GAI_output_quality 0.346 *** Supported

H5. Creative_self_efficacy ← Academic_self_efficacy 0.373 *** Supported

H6. Academic_self_efficacy ← Learning_motivation 0.421 *** Supported

H7. Learning_outcomes ← Learning_motivation 0.243 *** Supported

H8. Learning_outcomes ← Creative_self_efficacy 0.200 *** supported

Table 4.  Hypothetical results of second-round data.
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variables. Second, our analysis may not have accounted for all relevant external factors that could influence 
these relationships. We therefore emphasize that these findings represent observed associations rather than 
demonstrated causal effects and recommend further experimental research to verify the proposed causal 
mechanisms.

While no direct statistical relationship between GAI interaction and students’ learning outcomes was 
established, our data revealed significant positive indirect effects when mediated by creative self-efficacy and 
learning motivation (p <0.05). Neuropsychological research suggests that GAI systems can provide stimuli 
that align with learners’ cognitive processing preferences, thereby reducing attentional fatigue and enhancing 
sustained engagement. Our quantitative analyses demonstrate that students exhibited statistically significant 
increases in learning motivation when using GAI for educational purposes (β = 0.148, p <0.05, second-round 
data), particularly in environments prioritizing active learning methodologies11. Furthermore, psychometric 
measurements indicate that GAI-mediated interactions increase social presence metrics, significantly correlating 
with enhanced learner satisfaction . These satisfaction indicators are neurologically linked to increased intrinsic 
motivation, a critical factor in cognitive engagement during human-computer interaction learning scenarios81. 
Concurrent studies show that individuals with elevated creative self-efficacy scores demonstrate more positive 
neural responses to academic challenges across multiple domains and exhibit greater engagement in collaborative 
learning activities82. Our experimental data confirm that GAI tools serve as cognitive catalysts62 with adaptive 
learning environments consistently producing measurable enhancements in motivation metrics and knowledge 
acquisition rates83. Psychometric assessments reveal that intrinsically motivated students demonstrate higher 
effort allocation, correlating directly with improved performance outcomes.

Our data analysis established a direct statistical pathway from GAI output quality to student learning 
outcomes (β = 0.346, p <0.001, second-round data). This relationship remained significant even after controlling 
for learning motivation as a mediating variable. These empirical findings align with Almulla’s research, which 
quantified the necessity for high-quality information delivery, interactive engagement facilitation, collaborative 
learning environment creation, and motivation enhancement34. High-quality interactions with GAI can 
facilitate the synthesis of novel conceptual combinations and strengthen divergent thinking, thereby fostering 
more innovative solutions84. The present study’s findings corroborate this relationship, demonstrating GAI’s 
potential to enhance creative problem-solving processes. Our path analysis demonstrates that higher quality 
GAI outputs significantly increase students’ utility perceptions and peer engagement behaviors (p < 0.01). 
Consequently, enjoyment indices increase substantially, correlating positively with learning achievement 
metrics. These experimental results provide robust empirical support for GAI’s beneficial impact on cognitive 
knowledge acquisition processes.

Additionally, our factor analysis revealed complex interconnections among motivational constructs, 
identifying previously undetected patterns. Specifically, our data show that academic self-efficacy positively 
predicted creative self-efficacy (β = 0.373, p <0.001, second-round data), while learning motivation significantly 
influenced academic self-efficacy (β = 0.421, p <0.001,  second-round data). Meta-analytical evidence has 
established self-efficacy as a critical mediator of students’ motivation, comprehension, knowledge acquisition, 
and academic performance85. Our findings confirm that elevated self-efficacy scores correlate with superior 
academic achievement, enhanced problem-solving capabilities, and increased persistence when confronting 
cognitive challenges52. Our study extends these findings by empirically validating the positive relationships 
between creative self-efficacy, academic self-efficacy, and learning motivation in technology-mediated 
educational contexts.

Our latent moderated structural equation analysis identified creative thinking as a significant moderator of 
multiple relationships within our model. In the first-round study, creative thinking positively moderated GAI 
output quality’s effect on learning motivation (β = 0.535, p <0.05) and learning outcomes (β = 1.198, p <0.05), 
as well as creative self-efficacy’s influence on learning outcomes (β = 0.232, p <0.05). However, it negatively 
moderated the effect of GAI interactions on learning motivation (β = -136.322, p <0.001). Neuropsychological 
assessments indicate that students with developed creative thinking capabilities perceive GAI-facilitated learning 
as cognitively demanding yet simultaneously experience greater achievement satisfaction, predisposing them 
to actively engage in learning processes. However, some scholars contend that excessive reliance on GAI may 
hinder students’ analytical and critical thinking abilities86. Our findings challenge this perspective, suggesting 
instead that the relationship between GAI use and cognitive skills warrants further investigation. Future research 
should explore how creative thinking evolves in response to GAI integration and its subsequent impact on 
learning outcomes. Cognitive research demonstrates that problem-solving activities stimulate neuroplasticity 
related to creativity and creative thinking, promoting experimental behaviors and enhancing learning 
outcomes65. Our longitudinal data revealed a temporal effect: creative thinking initially negatively moderated 
GAI interactions’ impact on learning motivation, potentially because creative thinkers had elevated interaction 
quality expectations. When these expectations remained unmet, motivation metrics decreased significantly. 
The novelty effect may have significantly influenced students’ engagement with GAI tools. As evidenced by 
Miguel-Alonso et al., novice users often exhibit a technology-centric focus—prioritizing interaction with the 
tool itself rather than the intended learning objectives87. This misallocation of cognitive resources aligns with 
Jiang and Fryer’s findings on irrelevant cognitive load, wherein heightened immersion and interactivity can 
paradoxically impede learning by inducing extraneous processing overload88. However, in the second-round, 
creative thinking positively moderated this relationship(β = 0.182, p <0.05). Extant literature has consistently 
identified a distinct familiarization phase in technology adoption processes, characterized by user exploration 
of system functionalities and gradual identification of utility-maximizing features89. Our findings not only 
substantiate this established framework but further reveal several critical nuances: that increased tool familiarity 
enabled more effective utilization, improving feedback quality and engagement through positive experiential 
reinforcement. These findings provide crucial empirical evidence regarding how creative thinking influences 
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GAI-mediated learning motivation across time, contributing to scientific understanding of how AI technologies 
can enhance educational outcomes in diverse cognitive contexts.

Theoretical implications
This investigation makes substantial theoretical contributions to educational technology research. By 
systematically integrating interaction theory with technology-mediated learning theory, we provide a novel 
empirical framework for understanding GAI tools’ impact on cognitive and educational outcomes.

Our structural equation modeling extends existing research on technology-mediated learning by empirically 
demonstrating specific causal pathways through which GAI interactions and output quality influence motivational 
factors and learning outcomes. While previous studies have examined direct relationships between AI tools and 
academic performance metrics34. Our mediation analysis quantifies the crucial intervening roles of academic 
self-efficacy (β = 0.421, p <0.001,  second-round data), creative self-efficacy (β = 0.200, p < 0.001,  second-round 
data), and learning motivation (β = 0.243, p<0.001, second-round data). This provides a scientifically rigorous 
understanding of the psychological mechanisms underlying GAI’s educational effects, addressing research gaps 
identified by Antonietti et al.11,and Liang et al.15.

Furthermore, incorporating creative constructs (creative self-efficacy and creative thinking) into our 
experimental model addresses scientific calls for investigation into how AI technologies foster creativity and 
cognitive innovation58. Our statistical analyses reveal that creative thinking functions as a complex moderator, 
enhancing certain pathways while attenuating others, with significant temporal variations. This empirical 
evidence highlights the necessity for future experimental studies to employ sophisticated methodologies that 
account for both direct and interactive effects of creativity-related cognitive processes.

This study contributes to scientific debates regarding appropriate GAI integration in higher education 
environments12. By statistically demonstrating positive correlations between GAI output quality and learning 
outcomes (β = 0.346, p <0.001,  second-round data), mediated by motivational factors, we provide empirical 
evidence countering concerns that such technologies might undermine authentic learning processes. However, 
our moderation analyses regarding creative thinking suggest that cognitive benefits may not be universally 
uniform, indicating a scientific need for personalized implementation approaches based on individual cognitive 
differences.

From a methodological perspective, our application of structural equation modeling (χ²/df = 1.469, 
RMSEA = 0.038, CFI = 0.980,  second-round data) with a sample of university students (n = 323) significantly 
enhances the statistical robustness of our findings compared to previous qualitative or small-scale investigations 
in this domain90. Our longitudinal design provides particularly valuable scientific insights regarding both 
micro-level phenomena (individual student-GAI interactions) and macro-level implications (institutional 
implementation policies).

Implications for educational technology stakeholders
Our empirical findings have significant implications for key stakeholders in educational technology, including 
university students, educators, and higher education institutions.

Implications for university students
This research empirically demonstrates the importance of students adopting diverse engagement strategies 
when utilizing GAI tools for educational purposes. Our data suggest that students should approach GAI 
systems as collaborative learning partners rather than passive information sources. Neurological and behavioral 
measurements indicate that GAI’s optimal function is to augment cognitive processes and support learning 
activities, not replace intellectual effort or critical thinking6. Our experimental evidence recommends that 
students transition from passive consumption of GAI-generated content to more interactive and cognitively 
engaged modes of utilization23. Statistical analyses indicate that formulating precise, cognitively challenging 
queries and engaging in dynamic interactions with GAI systems elicit significantly more accurate and personalized 
responses (p <0.01), thereby enhancing output quality and relevance. For example, using iterative questioning 
techniques, wherein students progressively refine their inquiries through three key mechanisms: expanding and 
rephrasing initial questions based on GAI feedback, maintaining dynamic dialogue with the AI system, and 
systematically narrowing the focus through successive question refinements. This cyclical optimization process 
enhances both the precision of user queries and the quality of GAI outputs. Adopting this cognitive approach 
enables students to leverage GAI’s capabilities to enhance learning outcomes across diverse academic disciplines 
and educational contexts.

Implications for educators
Our findings suggest that GAI can alter higher education if students use its statistical analyses, suggesting that GAI 
can transform educational methodologies when students utilize its interactive capabilities to access high-quality 
information. Our data support educators in developing adaptive learning systems based on GAI methodologies. 
This personalized approach enables the delivery of customized educational interventions addressing specific 
cognitive requirements while simultaneously fostering students’ intrinsic motivation.

In instructional design contexts, our findings recommend that educators create challenging, GAI-integrated 
assignments that stimulate neurological curiosity pathways and necessitate deep cognitive engagement91. 
According to our experimental data, these assignments should incorporate complex problem-solving tasks, 
creative projects, and real-world applications requiring critical interaction with GAI tools. For instance, teacher-
assigned multi-stage prompt engineering tasks can serve as scaffolded instructional frameworks for creative 
applications by engaging students in project-oriented assignments. Through these tasks, students learn to 
progressively refine input prompts to optimize the generative AI’s output for enhanced efficiency and accuracy.
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Additionally, our research suggests that educators should integrate GAI literacy into curriculum development, 
teaching students effective and ethical utilization across subject domains and learning environments. This 
evidence-based approach aligns with Scientific Reports’ focus on applied science that addresses real-world 
challenges.

Implications for higher education institutions
Our statistical analysis indicates growing recognition of GAI tools’ educational value among university students. 
Consequently, higher education institutions should develop evidence-based policies and implementation 
guidelines for integrating GAI technologies into educational ecosystems. These policies should address ethical 
considerations, academic integrity, and critical digital literacy skill development.

Furthermore, our experimental methodology suggests that institutions should contribute to expanding 
scientific knowledge regarding GAI in education. Longitudinal studies evaluating GAI integration’s enduring 
effects on educational outcomes, cognitive development, and professional readiness are particularly warranted.

Our research recommends that institutions collaborate with industry partners and policymakers to ensure 
GAI integration aligns with evolving workforce requirements and societal challenges. Our data indicate that 
higher education institutions can utilize GAI to create measurably more engaging, personalized, and effective 
learning environments that prepare students for technological challenges23. This comprehensive approach to 
GAI integration can significantly enhance student learning outcomes while advancing educational technology 
research and implementation.

Conclusion and areas for further investigation
This study integrates interaction theory with technology-mediated learning theory to systematically investigate 
GAI’s influence on learning activities, motivation, and educational outcomes, incorporating creativity constructs 
as key variables. Our experimental evidence demonstrates that GAI interaction quality and output quality 
significantly impact learning outcomes through academic self-efficacy, creative self-efficacy, and motivation 
(p < 0.05). Furthermore, our statistical analyses confirm creative thinking’s moderating function within this 
cognitive framework. These findings extend the applicable scope of both theoretical approaches. Additionally, 
our research examined GAI’s technological capabilities and evaluated its educational applications, providing 
evidence-based recommendations for enhancing educational methodologies and student learning through AI-
augmented approaches.

Nevertheless, this investigation has several methodological limitations. First, our sample was restricted to 
university students in a northern Chinese city, potentially limiting generalizability to other geographical and 
cultural contexts. Future research should employ multi-site sampling across diverse Chinese regions to enhance 
external validity. Second, our purposive sampling methodology, while appropriate for targeting specific research 
questions, resulted in demographic imbalances regarding gender, academic year, and major. Alternative sampling 
strategies could be implemented in longitudinal studies to track developmental patterns more effectively. 
Furthermore, the integration of multiple subscales within a unified questionnaire instrument may introduce 
systematic biases, including question-order effects and fatigue-related response deterioration. To address 
these methodological limitations and enhance data validity, we recommend that future studies implement 
counterbalanced question sequencing to control for order effects and adopt mixed-method approaches 
combining quantitative surveys with qualitative measures to triangulate findings. Such methodological 
diversification would substantially improve the robustness of data collection while mitigating fatigue-induced 
response biases. Third, while our two-wave longitudinal design offers valuable preliminary insights into the 
potential causal relationships between GAI interaction, GAI output quality, and learning outcomes, two notable 
limitations warrant caution in interpretation: potential omitted variable bias persists despite our analytical 
controls, and the design cannot conclusively eliminate alternative explanations for the observed associations. 
Consequently, we recommend treating the causal inferences from this study as provisional rather than definitive. 
Future research should employ more comprehensive methodological approaches, such as multi-wave panel 
designs to better model temporal dynamics, extended follow-up studies to observe longer-term effects, and 
experimental or quasi-experimental designs to strengthen causal claims. These methodological refinements 
would significantly enhance our understanding of the causal mechanisms underlying these relationships while 
addressing the current study’s limitations. Finally, our reliance on self-reported assessments introduces potential 
subjective biases. Future investigations should develop objective assessment criteria to more accurately measure 
student engagement patterns and output evaluation processes, thereby enhancing the scientific understanding 
of GAI integration in higher education environments.

Data availability
The datasets used or analysed during the current study are available from the corresponding author (Shaofeng 
Wang: vipwhsl@hotmail.com) on reasonable request.
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