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Abstract. This study employs regression analysis to explore the key design fac-

tors influencing students' continued learning in artificial intelligence (AI) 

courses, with a focus on students from a university in New Taipei City. A ques-

tionnaire was designed on the basis of five dimensions: perceived ease of use, 

perceived usefulness, learning attitude, usage intention, and continued usage. The 

results indicate that perceived ease of use significantly affects perceived useful-

ness, and both factors positively enhance learning attitudes, which in turn influ-

ences usage intention and continued learning behavior. The findings align with 

the Technology Acceptance Model, confirming that improving perceived ease of 

use and perceived usefulness effectively fosters learning motivation and long-

term learning willingness. In terms of course design, lowering the learning barrier 

by incorporating foundational programming training, modular content, and 

guided learning to enhance perceived ease of use is recommended. Additionally, 

integrating practical AI applications, project-based learning, and cross-discipli-

nary case studies can strengthen perceived usefulness. Furthermore, collaborative 

learning, competition, and real-time feedback can reinforce learning attitudes. 

Overall, AI course planning should balance usability and practicality while di-

verse teaching strategies are adopted to increase students' learning motivation and 

continued usage intention, ensuring the long-term benefits and widespread adop-

tion of AI education. 
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1 Introduction 

Artificial Intelligence (AI), as a disruptive technology, is reshaping the global economy 

and social structures. Its development and application have become crucial issues in 

driving regional prosperity [1-2]. As AI technology integrates into fields such as 

healthcare, transportation, and education, enhancing citizens' AI literacy has emerged 

as a key focus in educational development [3-4]. AI literacy is not only critical for 
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individual career competitiveness but also influences social innovation and digital in-

clusivity, making the promotion of AI education a core objective for governments and 

academia [5]. 

In 2024, Taiwan's Ministry of Education launched the University AI Curriculum Al-

liance, introducing five AI courses, including an Introduction to AI, and making them 

available to students across 25 participating universities. However, course enrollment 

did not meet expectations, with some schools reporting as few as two students per 

course [6]. Additionally, graduate-level AI courses lacked foundational content, mak-

ing learning difficult for some students and leading to decreased enrollment. Further-

more, overlaps between these courses and existing required subjects affected overall 

learning effectiveness. 

The Introduction to AI course presents a high learning threshold, requiring students 

to possess Python programming skills and pass challenging exams. Consequently, some 

students opt to withdraw after assessing their capabilities and workload, ultimately af-

fecting the course's adoption and effectiveness [6]. This highlights the need to consider 

students' diverse backgrounds and learning needs when promoting AI education, be-

yond just curriculum design, to enhance learning outcomes and policy implementation. 

Currently, research on how AI course design influences students' continued learning 

remains relatively limited. Therefore, this study conducted sampling and regression 

analysis (RA) at a technical university in New Taipei City to explore the key design 

factors affecting students' sustained participation in AI courses. The findings will con-

tribute to optimizing AI course planning and teaching strategies, ultimately enhancing 

learning outcomes and application value.This study is structured into five sections: In-

troduction, Literature Review, Methodology, Research Analysis, and Conclusion. The 

objective is to develop a more adaptable AI education model that promotes long-term 

student learning and practical application of AI technologies. 

2 Literature Reviews 

A curriculum can be regarded as an organized learning experience, typically provided 

by educational institutions (e.g., universities). It encompasses teaching activities, learn-

ing objectives, assessment methods, course content, and time frameworks [7-8]. 

In the context of integrating generative AI into education, the essence and objectives 

of curriculum design require further exploration. For instance, Guan et al. (2025) [9] 

examined how AI can be deeply integrated into English as a Foreign Language (EFL) 

education, while Katona & Gyonyoru (2025) [10] explored how AI-driven adaptive 

learning can be applied to flipped classroom models to enhance engagement and learn-

ing outcomes. These studies indicate that curriculum design and teaching methods can 

leverage AI technology to further optimize the learning experience, promoting more 

personalized and interactive learning models. 

Perceived Ease of Use (PEOU) and Perceived Usefulness (PU) play a crucial role in 

technology adoption, significantly influencing user attitudes and behavioral inten-

tions[11]. The Technology Acceptance Model (TAM) [12] has been widely applied to 

explain users' acceptance of new technologies, demonstrating its effectiveness. Davis 
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(1989) [11] further emphasized that when users perceive a technology as beneficial in 

enhancing work efficiency or quality of life, they are more likely to develop a positive 

attitude, thereby increasing their intention to use it. 

Moreover, learning interest is another key factor affecting technology adoption. Lu 

et al. (2023) [13] found a strong correlation between high school students' interest in 

AI learning and their academic achievements. This suggests that if educators effectively 

stimulate students' motivation, it can enhance learning attitudes （LA） and improve 

educational outcomes. Additionally, behavioral intention serves as an essential predic-

tor of individual actions. Lo et al. [14] found that social awareness positively impacts 

usage intention （UI）, meaning that when Facebook users feel a sense of belonging 

or can influence others on the platform, their intention to continue using it increases 

significantly. Similarly, Chen et al. (2019) [15] discovered that for high school students 

using Instagram, the consistency between user expectations and actual experiences pos-

itively affects perceived usefulness and perceived enjoyment, ultimately enhancing 

both user satisfaction and continued engagement （CE）. 

In summary, the PEOU and PU are fundamental factors shaping the LA and UI, 

whereas the UI acts as a bridge driving the CE. In the context of education and technol-

ogy applications, fostering positive attitudes, increasing interest, and improving system 

acceptance can significantly enhance the effectiveness and long-term value of technol-

ogy platforms. For AI learning tools, integrating elements of learning engagement and 

social interaction can further strengthen usage intention, facilitating broader AI adop-

tion and application. 

3 Methodology 

This section introduces and explains the research methods and study subjects adopted 

in this study. It is divided into two parts: 

3.1 Research methods 

A. Pearson's product moment correlation coefficient 

In this paper, applied correlation analysis to assess the linear relationship between all 

continuous variables. The correlation coefficient quantifies this association, particu-

larly between the data mining methodology and the selected variables. Equation (1) and 

Table 1 show the model configurations [16]: 

 

 

B. Regression analysis method 

Multi objective optimization quantifies relationships among factors by analyzing in-

teractions and trade-offs to determine optimal solutions. Given the quantitative nature 

of most variables, regression analysis serves as a crucial tool in identifying key factors 

𝐫 =
∑ (𝒙𝒊 − 𝒙)(𝒚𝒊 − 𝒚)𝒏
𝒊=𝟏

√[∑ (𝒙𝒊 − 𝒙̅)𝟐][(𝒚𝒊 − 𝒚̅)𝟐]𝒏
𝒊=𝟏

 
(1) 
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influencing AI curriculum design, enabling a data-driven approach to course develop-

ment.The construction of a multiple linear regression (MLR) model helps to investigate 

the impact of several independent variables (x1, x2,…, x k) on one dependent variable 

(y). The RA method is an extension of the linear regression model based on Pearson 

correlation coefficients. The final multiple RA model takes the following form through 

a gradual process of adding or removing variables (Equation (2)): 

y=α+β1x1+β2x2+β3x3+β4x4+…+βkxk+ej (2) 

 

3.2 Study Subjects 

Currently, research on how AI curriculum design affects students' continuous learning 

remains limited. Therefore, this study focuses on a technology university in New Taipei 

city and conducts a sampling analysis to explore the key design factors influencing 

students' long-term engagement in AI courses. The findings provide an empirical basis 

and optimization direction for future AI education planning. 

4 Empirical Results and Analysis 

This section is divided into three parts: the study subjects, which describes the sample 

selection and basic characteristics; the questionnaire analysis, which explains the meas-

urement dimensions and reliability/validity testing; and the research findings analysis, 

which interprets the data results and their implications for AI curriculum design. 

 

4.1  Study Subjects 

This study conducted a questionnaire survey targeting students from the College of 

Human Ecology at a technology university in New Taipei City, with a total student 

population of approximately 1,000. A total of 500 questionnaires were distributed, and 

425 valid responses were collected, resulting in a response rate of 85%, indicating a 

representative sample. This survey aims to analyze the key design factors influencing 

students' continued learning in AI courses, providing empirical insights for optimizing 

curriculum development. 

4.2 Questionnaire analysis 

This study designed five dimensions with 20 questions on the basis of a literature re-

view and verified the measurement quality through reliability and validity analysis. 

Cronbach’s α = 0.963, with all dimensions exceeding 0.9, indicating high reliability. 

Exploratory factor analysis (EFA) revealed a KMO value of 0.982, Bartlett’s test (p < 

0.001), and a cumulative explained variance of 58.746%, confirming strong convergent 

validity. These results indicate high internal consistency and measurement validity, 

making the questionnaire a reliable tool for further analysis. 
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4.3 Research Findings Analysis 

This study uses the RA model to analyze the key design factors influencing students' 

continuous participation in AI courses. The analysis is as follows. 

 

4.3.1 Research methods 

The analysis results show a strong positive correlation between PEOU and PU (r = 

0.839***), indicating that greater ease of use enhances perceived usefulness. Addition-

ally, PEOU-LA (r = 0.836***) and PU-LA (r = 0.838***) are both significant, suggesting 

that when AI courses are perceived as easy to use and useful, students exhibit higher 

LA. Furthermore, LA-UI (r = 0.840***) and UI-CE (r = 0.840***) demonstrate strong 

correlations, confirming that improved LA increases UI, leading to greater CE. These 

findings support the TAM, emphasizing that enhancing the PEOU and PU can effec-

tively increase LA, UI, and CE in AI education. As shown in Table 1. 

 

Table 1. Correlation analysis results. 

 PEOU PU LA UI CE 

PEOU 1     

PU 0.839*** 1    

LA 0.836*** 0.838*** 1   

UI 0.84***1 0.838*** 0.840*** 1  

CE 0.826*** 0.839*** 0.839*** 0.840*** 1 

Note. *p < 0.05, **p < 0.01, ***p < 0.001 

 

4.3.2 RA model analysis 

The RA model analysis reveals that PEOU significantly influences PU (β = 0.839, p = 

0.000), with an explanatory power of 70.4%. This indicates that students who perceive 

an AI course as easy to use are more likely to recognize its usefulness. Additionally, 

both PEOU and PU significantly impact LA (β = 0.460, 0.450, p = 0.000), with an 

explanatory power of 76.1%, showing that ease of use and perceived benefits contribute 

to a more positive learning attitude. 

Further analysis indicates that LA strongly affects UI (β = 0.841, p = 0.000), with R² 

= 71.6%, demonstrating that students with a positive learning attitude are more inclined 

to use AI courses. Moreover, UI significantly impacts CE (β = 0.840, p = 0.000), with 

R² = 70.6%, confirming that stronger usage intention leads to a higher likelihood of 

continued learning engagement. 

Overall, these findings validate the TAM model in AI education, emphasizing that 

PEOU and PU indirectly shape CE through LA and UI. Enhancing AI course accessi-

bility and practical value can strengthen students' motivation and long-term participa-

tion, ensuring more effective curriculum design and educational outcomes. 
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Fig. 1. RA model analysis results. 

5 Concluding Remarks 

This study, which uses the RA model, examines key factors influencing students' CE 

in AI courses. The findings show that the PEOU significantly impacts the PU, whereas 

both the PEOU and PU positively affect the LA, which enhances the UI and ultimately 

the CE. The results align with TAM, indicating that improving PEOU and PU strength-

ens LA, fostering long-term CE. 

For course design, enhancing the PEOU requires reducing technical barriers through 

fundamental programming, modular content, and guided learning. Improving PU in-

volves integrating real-world AI applications, PBL, and interdisciplinary case studies 

to highlight practical value. Boosting LA calls for interactive strategies such as group 

collaboration, competition, and real-time feedback to increase motivation. 

Overall, prioritizing PEOU and PU in course planning, alongside diverse instruc-

tional strategies, enhances UI and CE, supporting AI education effectiveness and sus-

tainability. 
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