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Preface

International Conference on Artificial Intelligence, Computational Thinking and STEM
Education (AI-CTE-STEM 2026) is the tenth international conference, continuing from the
success of the previous nineth international conferences on Computational Thinking and STEM
Education. AI-CTE-STEM 2026 is organized by Kumamoto University and co-organized by
Kyoto University and National Taiwan Normal University.

AI-CTE-STEM 2026 is held on 25-27 June 2026. Days 1, 2 and 3 of the conference are all held
at Kumamoto Prefectural Exchange Center — “Parea Hall”. The conference is the most
remarkable event of the Program for worldwide sharing of ideas as well as dissemination of
findings and outcomes on the implementation of artificial intelligence, computational thinking

and STEM education development.

The conference this year includes keynote speeches and paper presentations.
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The conference received a total of 50 submissions (36 full papers, 7 short papers and 7 poster

papers) from 13 countries/regions (see Table 1).
Table 1: Distribution of Paper Submissions for AI-CTE-STEM 2026

Country / Region

No. of Authors

Country / Region " No. of Authors

Taiwan 52 Croatia 4
Japan 22 Indonesia 3
Hong Kong 13 United States 2
South Korea 10 Philippines 1
Peru 8 China 1
Malaysia 7 United Kingdom 1
Singapore 5 Total 129

The International Program Committee (IPC) is formed by 35 Members and 4 Co-chairs
worldwide. Each paper with author identification anonymous was reviewed by at least three IPC
Members. Related sub-theme Chairs then conducted meta-reviews and made recommendation
on the acceptance of papers based on IPC Members’ reviews. With the comprehensive review
process, 46 papers were accepted and presented at the conference, including 9 full papers, 28
short papers, and 9 poster papers (see Table 2).

Table 2: Paper Presented at AI-CTE-STEM 2026

Submission category Submission \ Accepted category \ Number

Full paper 36 Full paper 9
Short paper 23
Poster 0

Short paper 7 Short paper 5
Poster 2

Poster 7 Poster 7

Total 50 Total 46

The conference comprises keynote and invited speeches by internationally renowned scholars;

as well as academic and poster paper presentations.



Academic and Poster Paper Presentations

There are 10 sessions of academic and poster paper presentations with 46 papers (9 full papers,
28 short papers and 9 poster papers) in the conference. Worldwide scholars present and exchange
the latest research ideas and findings, which highlight the importance and pathways of
computational thinking education covering K-12 education, artificial intelligence education,
teacher development and STEM/STEAM education, etc.

On behalf of the Conference Organizing Committee, we would like to express our gratitude
towards all speakers as well as paper presenters for their contribution to the success of AI-CTE-
STEM 2026.

We sincerely hope everyone enjoys and gets inspired from AI-CTE-STEM 2026.

Prof. Ting-Chia HSU
National Taiwan Normal University, Taiwan
Program Chair of AI-CTE-STEM 2026

Prof. Daner SUN
The Education University of Hong Kong
Program Co-Chair of AI-CTE-STEM 2026

Prof. Jinbo ZHANG
Beijing Normal University, China
Program Co-Chair of AI-CTE-STEM 2026

Prof. Juan ZUOU
Tokyo City University, Japan
Program Co-Chair of AI-CTE-STEM 2026

Prof. Ivica BOTICKI

University of Zagreb, Croatia
Program Co-Chair of AI-CTE-STEM 2026
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Understanding Real-world Mathematics Problems Using Al-Generated Visual

Representations: An Evaluation of a Teacher Development Course

Siu Cheung, Kong ", Boyuan Ren 2
! Department of Mathematics and Information Technology, The Education University of Hong Kong, 10 Lo Ping
Road, Tai Po, New Territories, Hong Kong
2 Artificial Intelligence and Digital Competency Education Centre, The Education University of Hong Kong, 10 Lo
Ping Road, Tai Po, New Territories, Hong Kong
* sckong@eduhk.hk

Abstract: This study investigates the integration of a customised Al chatbot to support the teaching and learning of
mathematics concepts through visual representations. The research examines the impact of a two-session teacher
development course on the Technological Pedagogical Content Knowledge (TPACK) development of in-service teachers,
enabling them to utilise an Al chatbot effectively to generate visual representations for their instruction. A total of 157 in-
service mathematics teachers participated in two two-hour sessions, during which they were introduced to a customised
chatbot that dynamically generates visualised teaching materials for specific real-world problems related to primary
mathematics topics in Hong Kong, such as common fractions. Pre- and post-course surveys, along with course
evaluations, were analysed to assess the intervention's effectiveness on teachers' TPACK components—content knowledge
(CK), pedagogical content knowledge (PCK), technological content knowledge (TCK), and overall TPACK. The results
indicate significant improvements in all measured domains, with teachers demonstrating increased confidence and
proficiency in integrating Al-generated visual representations into their teaching practices. Despite the positive outcomes,
some participants expressed concerns regarding the use of this chatbot, underscoring the need for further teacher
development to bridge the gap between perceived potential benefits and practical implementation. This study highlights
the role of Al in preparing teaching materials with visual representations to support students' better understanding of

mathematics concepts in solving real-world problems.

Keywords: customised Al chatbot, mathematics, teacher development, TPACK, visual representations
1. Introduction

External visualisation has been proven to have positive effects in science and mathematics education through visual
representations, fostering deeper understanding (Schoenherr et al., 2024; Schoenherr & Schukajlow, 2024). These
methods allow students to connect abstract mathematics ideas with concrete representations, bridging gaps in
comprehension and improving problem-solving skills. It has been found that students occasionally face challenges in
effectively constructing, using, and interpreting visualisations, raising questions about the conditions and pedagogical
approaches under which visualisations are most effective (Boels et al., 2019). The integration of Artificial Intelligence
(Al) in education has opened new possibilities, particularly in complex fields such as STEM education (Engelbrecht &
Borba, 2024; Kong et al., 2025). This study adopted a customised Al chatbot to generate visualisations to help teachers
support students' understanding of real-world mathematics problems. Beyond focusing on students' direct interactions
with the customised Al chatbot, this study aimed to develop in-service teachers' Technological Pedagogical Content
Knowledge (TPACK) (Koehler & Mishra, 2009) for using Al in mathematics instruction. To achieve this, two two-hour
teacher development sessions were organised, during which teachers were introduced to a customised Al chatbot designed

to generate visual representations of mathematics problems.
1
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2. Literature Review: Visualisation approach in mathematics education

The integration of artificial intelligence (Al) in education has gained increasing attention in recent years, particularly
in mathematics instruction (Opesemowo & Adewuyi, 2024). Technologies enable the creation of dynamic teaching and
learning environments, allowing teachers to explore innovative ways to enhance students' understanding of complex
mathematics concepts (Holmes et al., 2025; Kong, 2019). Among these innovations, dynamic visual approaches have
proven to be an effective pedagogical strategy for enabling students' understanding of abstract mathematics concepts
(Barbosa & Vale, 2021). Al tools, such as chatbots and dynamic visualisation platforms like GeoGebra, further support
these strategies by automating the generation of visual representations tailored to specific learning needs (Kohen et al.,
2022).

Despite the potential benefits, the effectiveness of visualisation in mathematics education remains a question. The
reason for such ineffectiveness may stem from students' reluctance to use visualisation and their misinterpretation of
diagrams (Boels et al., 2019), resulting in lower efficacy in learning outcomes. Some studies regard visualisation as "tools
for teachers," not directly for students to use for understanding (Uesaka, 2009). Therefore, it is recommended that teachers
should provide essential guidance and support during students' learning process. However, it has been found that teachers
often face challenges, including a lack of technological knowledge and teacher development regarding the integration of
technology-powered visualisation tools into teaching practice (Howard et al., 2021). This highlights the need for teacher
development that focuses on building teachers' TPACK in using Al for mathematics teaching. This study introduces a
customised Al chatbot that can stably generate visual representations for teachers to help students understand real-world
mathematics problems. There is a need to provide practical examples showing how Al can assist teachers in preparing
teaching materials with visualisation to enhance students' understanding.

This study aims to address this gap by investigating the impact of two two-hour teacher development sessions on in-
service teachers' TPACK development, with a specific focus on using Al tools for generating visual representations to
help teachers develop worksheets that guide students' understanding of real-world mathematics problems. Current
chatbots without customisation cannot stably provide useful visual representations for understanding mathematics
problems at a conceptual level (see Figure 1). We introduce a customised Al chatbot to teachers in this study. We illustrate
how to create visualisations for designing worksheets to guide students in understanding real-world mathematics problems.
The current study aims to answer the following questions: (1) What is the impact of the two two-hour teacher development
sessions on in-service teachers' TPACK development? (2) How do in-service teachers perceive the effectiveness of the
Al chatbot in supporting them to generate visual representations of real-world mathematics problems?

3. Methodology

3.1. Participants and instruments

This study organized two two-hour sessions for in-service mathematics teachers’ TPACK development, focusing on
using a customised Al chatbot for generating visual representation to enhance students’ conceptual understanding of real-
world mathematics problems. One hundred and fifty-seven in-service teachers participated in the teacher development
sessions. We adopted a 5-point Likert scale survey assessing the following domains: TPACK development (12 items) and
course evaluation (2 items). Among them, we received a total of

151 responses. Here are sample items in the survey of CK, PCK, TCK and TPACK respectively: CK: “I know how
to support students to understand how to represent real-world problems related to fractions”; PCK: I can select and apply
appropriate teaching methods—including the use of 3l (Interact, Inquiry and Invoke Thinking), Al chatbots, and peer
learning—to support students to understand how to represent mathematics real-world problems”. TCK: “I understand the

strengths and weaknesses of Al chatbots, and I can design appropriate prompts to support students to understand how to
2
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represent mathematics real-world problems”; TPACK: “I can integrate the learning materials provided (such as 31, Al
chatbots and worksheets) together with proper teaching method to foster subject learning and self-regulated learning”.

3.2. An example in the course to illustrate the use of our customised Al chatbot

Figures 1 shows the images generated from a current and not customised Al chatbot with the prompt “A box contains
36 balloons. Of these, 1/3 are red and 2/9 are yellow. How many balloons are red and yellow in total? (The remaining
balloons are grey.) Please display all the balloons arranged in a grid of 9 rows, with 1/3 being red, 2/9 being yellow, and
the remaining balloons grey. The yellow and red balloons should be concentrated on the left side, grouped by row. Do
not show any calculations, steps, or the final answer.” Current chatbots cannot stably generate the required image for

teaching conceptual understanding.

Figure 1. Current chatbot without customisation cannot stably provide a useful visual representation for conceptual
understanding of mathematics problems

In the study, we designed a customised Al chatbot using RAG technique. When teachers use the prompt as shown in
Step 1 of Table 1, the chatbot can stably generate the visual representation as shown on the right side of Step 1. The
teachers can use the images of the two groupings to guide students to understand the equivalence of 1/3 and 3/9 using the
representations on the right side of Step 2 in Table 1. Students can answer the question "A box contains 36 balloons, 1/3
of which are red, and 2/9 are yellow. How many red and yellow balloons are there in total?" by counting the balloons
directly using either one of the visual representations. In this case, students cannot learn the conceptual meaning of
addition of fractions. However, if teachers can design an appropriate worksheet to guide students to understand the
meaning of addition of fractions using these images and this example of adding 1/3 and 2/9 and the total number of
balloons of 36 to solve this problem, students can develop a genuine understanding of fraction addition.

3.3. Data analysis

The data collected from the pre- and post-course surveys were analysed to evaluate the impact of the teacher
development course on in-service teachers' TPACK development. First, a reliability analysis was conducted. Cronbach's
alpha was used as the measure of reliability. The overall reliability of the TPACK instrument is 0.976. The reliability
analysis demonstrated good internal consistency for the survey instrument. Second, paired-samples t-tests were used to
determine whether the changes in pre- and post-course scores were statistically significant. Finally, the study analysed
the percentage of agreement responses to course evaluations.
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Table 1. An example of using the customised Al chatbot to create useful visual representation

Step 1: Use a prompt to generate visual representation: 0000
“A box contains 36 balloons. Of these, 1/3 are red and 0000
2/9 are yellow. How many balloons are red and yellow
in total? (The remaining balloons are grey.) Please
display all the balloons arranged in a grid of 9 rows,
with 1/3 being red, 2/9 being yellow, and the remaining
balloons grey. The yellow and red balloons should be
concentrated on the left side, grouped by row. Do not

show any calculations, steps, or the final answer.”

Step 2: Use visual representation to design a worksheet: [© © © @
: . 0000 BODD)
Teachers can then use the visual representation t0 |em e @ & [ XXX
design a worksheet and ask students to group the ]
na | 9roup TIL
balloons in two ways, one in three rows as a group and (X=X X]
the other one row as a group. After some effort, l%l
students might be able to come up with the grouped (X=X =Xx]
visual representations as shown on the right side of this
step.
4. Results

The following section presents the statistical analysis results of the paired-samples t-test for in-service teachers’
TPACK development before and after attending the course. The detailed analysis results are shown in Table 2 below.

Table 2: Teachers' TPACK development regarding the use of customised Al chatbots for generating visualisations
to teach conceptual understanding of real-world mathematics problems

Items N Mean (SD) Mean (SD) t df p
(pre-course) (post-course)

CK 151 3.40 (0.77) 3.94 (0.62) -8.25 150 <0.001

PCK 151 3.13(0.72) 3.88 (0.59) -11.27 150 <0.001

TCK 151 3.00 (0.84) 3.89 (0.57) -12.45 150 <0.001

TPACK 151 3.00 (0.80) 3.83(0.61) -11.46 150 <0.001

Overall 151 3.12 (0.67) 3.89 (0.56) -12.58 150 <0.001

As shown in Table 2, the course significantly improved teachers” TPACK across all four measured domains (p <
0.001). The most substantial increase was in TCK, where mean scores increased from 3.00 in the pre-course to 3.89 in
the post-course (t = -12.45, p < 0.001). This sharp increase highlights a marked enhancement in teachers' capacity to use
technology for subject teaching. In this study, it is about the use of customised Al chatbot for teaching conceptual
understanding of real-world mathematics problems. Moreover, participants showed significant gains in both foundational
CK and PCK, with scores increasing from 3.40 to 3.94 (t = -8.25, p<0.001) and from 3.13 to 3.88 (t = -11.27, p<0.001),
respectively. In other words, with the support of our provided teaching material on top of the customised Al chatbot,

teachers developed a better understanding and pedagogy in using the generated images to support the teaching of
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conceptual understanding of representing real-world mathematics problems. Therefore, their overall TPACK skills also
significantly increased from 3.00 to 3.83

(t = -11.46, p<0.001). In summary, the consistent higher post-course scores across the four domains of TPACK
underscored the effectiveness of the teacher development in enhancing teachers’ TPACK components. These findings
provided compelling evidence that the Al-generated visualisation together the method of designing supporting worksheets
successfully supported teachers’ professional growth in their teaching capability.

Additionally, we also investigated participants’ evaluation of the course. The evaluation form has two items: Q1. The
course improved my teaching capability on supporting students’ learning of representing real-world mathematics
problems; Q2. The course enhanced my confidence in supporting students’ learning of representing real-world
mathematics problems. The evaluation details are shown in Table 3 below.

Table 3: Participants’ evaluation after attending the two two-hour sessions

Questions  Strongly  Disagree Neutral Agree Strongly Mean SD Total
Disagree Agree (max 5) (Num)
Q1 0.6% 0.6% 21.7% 62.4% 14.6% 3.90 0.66 157
Q2 0.6% 0% 25.2% 61.9% 12.3% 3.85 0.64 155

The findings demonstrated that most teachers were satisfied with the course. In terms of the course's effectiveness,
77% of teachers agreed (62.4% agreed; 14.6% strongly agreed) that the course effectively improved their teaching
capability on supporting students’ learning of representing real-world mathematics problems. Similarly, the course
successfully cultivated teachers' confidence in utilizing Al-generated visual representations, with 74.2% of responses.
However, it was noticeable that over 30 attendees showed a neutral attitude to the questions mentioned earlier. This
suggests that while the potential of the customised Al chatbot is acknowledged, further teacher development is vital to
help teachers shift from theoretical understanding to practical classroom integration.

5. Discussion and conclusion

In this research, teachers serve as a vital link between technology use and student learning. The study examines how
teachers can utilize a customised Al chatbot to create visual representations to support students’ understanding of real-
world mathematics problems which involve intricated mathematics concepts. This approach emphasizes teacher agency,
allowing them to make use of customised Al chatbot to generate visual support as well as worksheet design that best
support students’ development of mathematics concepts through understanding of real-world mathematics problems. By
focusing on the teacher's ability to curate content, this work offers a distinct alternative to the existing body of literature
(Holmes et al., 2025) that primarily investigates student-facing Al applications.

Additionally, this study distinguishes itself by moving beyond the limitations of static or manually created visual
representation, demonstrating the capacity of customised Al chatbots to generate dynamic teaching materials. Although
this study aligned with a previous study (Kohen et al., 2022) regarding the value of dynamic visualization (e.g., GeoGebra),
this research contributes to shifting from reliance on pre-built tools to empowering teachers to engage with dynamic
generated visual representations actively. By introducing customised Al chatbots to teachers and guiding them to generate
useful visualizations for representation of real-world mathematics problems, teachers can go back to school to use the
customised Al chatbot to generate appropriate visual representations to support their teaching. This process not only can

help to improve student learning outcomes but also can enhance teachers' confidence in their instructional practices.
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Finally, these results supported prior research conclusions (Howard et al., 2021; Mishra & Koehler, 2009), indicating the
effectiveness of teacher development in equipping teachers with the necessary skills to integrate Al into their teaching.

Despite its contributions, this study has its limitations. First, the evaluation is limited to the course's influence on
teacher development. The impact of using the generated visual representations on students' learning remains
underexplored. To address this, further investigations should investigate students' learning outcomes and their attitude
towards the visual representations for their learning. Second, the study focuses exclusively on mathematics learning, while
customised chatbots are potential pedagogical tools forteaching other subjects such Chinese language and English
language, future studies should expand to include other subject teaching. This will help determine if customised Al
chatbots are equally effective across different subjects in primary curriculum.
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Digital Transformation and Instructional Professionalism: Profiles and

Predictors Among Korean Elementary Teachers Using TALIS 2024
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Abstract: This study examines how teachers’ instructional professionalism is reconfigured in the context of digital
transformation. Using data from 1,879 teachers and 184 principals in Korean elementary schools from the 2024 Teaching
and Learning International Survey (TALIS), Latent Profile Analysis was conducted, accounting for sampling weights and
nested data structures. Random Forest and R3STEP analyses were then applied to identify factors associated with profile
membership. Four distinct profiles were identified: the Digitally Integrated Professional Profile, Conventional
Instructional Profile, Digitally Adaptive Generalist Profile, and Low-Engagement Profile. Key distinguishing factors
included progression-based learning, adaptive instructional design, and digital self-efficacy, whereas school-level factors
such as the teacher-to-administrative staff ratio showed limited influence. These findings suggest that digital
professionalism is shaped more by teachers internal pedagogical capacities than by external access alone. Consequently,
the study highlights the need for tailored policy approaches that support qualitative transitions toward a more integrated

form of instructional professionalism.

Keywords: Instructional professionalism, latent profile analysis, random forest, TALIS 2024

1. Introduction

Instructional professionalism entails the professional competence required to effectively design, implement, assess,
and manage classroom instruction (Lee, 2022). The COVID-19 pandemic accelerated digital transformation in education
and expanded technology-enhanced teaching and learning (Oh, 2023). In response to these shifts, the South Korean
government implemented the Digital-Based Education Innovation Plan, supporting the enhancement of teachers'
professional competencies through digital education capacity building and the introduction of Al courseware. These shifts
necessitate a reconceptualization of instructional professionalism as a construct in which digital technologies are
integrated into pedagogical practice. From this perspective, the Technological Pedagogical and Content Knowledge
(TPACK) framework, which emphasizes the dynamic interplay among technological, pedagogical, and content
knowledge, provides a useful theoretical lens for capturing such contemporary forms of professionalism (Mishra &
Koehler, 2006). However, previous studies using data from the Teaching and Learning International Survey (TALIS)
2018 have primarily focused on traditional teaching competencies, thereby limiting their ability to adequately reflect
contemporary educational contexts in which digital technologies are embedded throughout the instructional process. In
addition, digital education policies may influence instructional professionalism not only at the individual teacher level
but also through school-level conditions, such as institutional support, leadership, and resource availability. Accordingly,
this study aims to identify distinct profiles of instructional professionalism among Korean elementary school teachers by
incorporating the TPACK framework and to examine the teacher- and school-level factors associated with these profiles.
The specific research questions are as follows:

1. What distinct profiles of instructional professionalism emerge when digital and TPACK-related indicators are
considered?

2. Which teacher-level factors are associated with membership in different instructional professionalism?
8
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3. Which school-level factors are associated with membership in different profiles of instructional professionalism?

2. Literature review

Baek et al. (2020) utilized TALIS 2018 data to classify Korean elementary school teachers into high and low
instructional professionalism groups and employed Random Forest to identify key predictors distinguishing these groups,
including subject area, school climate, background characteristics, and teacher—student relationships. While digital
technology use was identified as a significant predictor in their study, the scarcity of digital-related variables in TALIS
2018 restricted the ability to derive sufficient implications for teachers' digital teaching competencies. Prior studies
employing Latent Profile Analysis (LPA) identified profiles of instructional professionalism among Korean secondary
school teachers (Kim & Lee, 2022). However, as this research has been confined to secondary education, a gap remains
in understanding how elementary school teachers’ instructional professionalism is configured in relation to digital
instructional practices. This gap is particularly important in the contemporary educational landscape, where digital
technologies are structurally integrated into lesson design, instructional strategies, assessment, and reflection (Dominguez,
2021). This shift necessitates a reconceptualization of instructional professionalism by embedding technology use as a
core component that determines the quality of instructional practice. From a TPACK perspective, this reconceptualization
can be understood through the interaction among technological knowledge, pedagogical knowledge, and content
knowledge, with patterns that vary qualitatively depending on the individual teacher and instructional context (Li & Bai,
2025). Aligning with this trajectory, TALIS 2024 incorporates the instructional use of digital resources and beliefs about
digital technologies as domains closely tied to instructional professionalism (OECD, 2025). However, prior studies have
been limited in capturing digitally integrated instructional professionalism because previous TPACK research often
focused on isolated or subject-specific contexts (Baek et al., 2020; Kim & Lee, 2022; Siddiq et al., 2016). Therefore,
instructional professionalism should be understood as heterogeneous profiles that combine teaching practices and digital
technology use in distinct ways.

3. Data and Methods

3.1. Data

This study used TALIS 2024 data to identify instructional professionalism profiles among Korean elementary
school teachers. To this end, indicator variables for the LPA were selected from the Teaching Practices and Use of Digital
Resources and Tools domains in TALIS 2024. The Teaching Practices domain was measured using 18 items
encompassing instructional clarity, cognitive activation, classroom management, and assessment (Cronbach’s o, = .80-.87;
assessment o = .81), while the Use of Digital Resources and Tools domain was measured using eight items focusing
on whole-class instruction, individualized instruction, and assessment (o =.75-.90). The overall reliability of the
indicator variables was .90. During the analysis, participants with missing responses on the indicator variables were
excluded. The final analytical sample comprised 1,879 teachers and 184 principals across 184 elementary schools.

For the predictive analysis, selected variables were categorized into teacher- and school-level predictors, including
TALIS-derived indices. To ensure analytical robustness, variables already used as LPA indicators or in the construction of
derived indices, variables with missing values exceeding 20%, and variables with zero variance were excluded. Remaining
missing values were imputed using the mode for categorical variables and the median for continuous variables (Baek et
al., 2020). Consequently, 551 predictors were retained for analysis, comprising 213 teacher-level predictors, including 7

derived variables, and 338 school-level predictors, including 17 derived variables.

3.2. Statistical Analysis
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To identify distinct profiles of teachers’ instructional professionalism, LPA was conducted using Mplus 7.0 (Muthén
& Muthén, 1998-2012). Teacher sampling weights were incorporated to reflect the complex sampling design of the
TALIS data, and standard errors and fit statistics were adjusted to account for the nested structure of teachers within
schools. To determine the optimal number of latent profiles, models were estimated by incrementally increasing the
number of profiles starting from a two-profile solution. Model selection was based on a comprehensive evaluation of
information criteria (AIC, BIC, and SABIC), entropy, class proportions, and interpretability. The adjusted Lo—Mendell-
Rubin likelihood ratio test (LMR-LRT) was used as a supplementary criterion because likelihood ratio tests may perform
less well in mixture models incorporating sampling weights (Vermunt & Magidson, 2007).

Subsequently, Random Forest analysis was conducted to identify factors predicting teachers’ instructional
professionalism. To account for the nested structure of the TALIS data and prevent data leakage between the training and
validation sets, 5-fold StratifiedGroupKFold cross-validation was applied. Model hyperparameters were optimized using
GridSearchCV with Macro-F1 as the objective function, and teacher sampling weights were applied throughout the model
training and validation processes. Given the class imbalance in the multi-class classification setting, predictive
performance was evaluated using Macro-Precision, Macro-Recall, Macro-F1, and the Matthews correlation coefficient
(MCC). All analyses were conducted in Python 3.12.2 using scikit-learn 1.5.2, numpy 1.26.4, and pandas 2.2.2.

4. Results

4.1. Teachers’ instructional professionalism and its characteristics

LPA was conducted to identify profiles of instructional professionalism among Korean elementary school teachers.
Model fit indices are presented in Table 1. The information criteria values consistently decreased as the number of classes
increased, and entropy values exceeded .90 across all models, indicating high classification quality. Although the LMR-
LRT was statistically significant only for the two-class model, previous research suggests relying on a holistic evaluation
when using sampling weights. In terms of interpretability, solutions with up to four latent classes allowed for a clear
differentiation of class-specific characteristics. In contrast, the five-class solution exhibited substantial conceptual overlap
between profiles. Consequently, considering the balance of model fit, classification quality, and theoretical interpretability,
the four-class solution was selected as the optimal model. Across all models, no latent class accounted for less than 1%
of the sample. Figure 1 illustrates the distinct characteristics of the four identified latent classes.

Table 1. Model fit indices for latent profile models of teachers’ instructional professionalism

Category Number of latent profile classes
2-class 3-class 4-class 5-class
Information AIC 103468.58 100294.26 97959.96 96234.78
criteria BIC 103906.12 100881.34 98696.58 97120.94
SABIC 103655.14 100544.58 98274.04 96612.62
Entropy 0.924 0.924 0.930 0.941
LMR-LRT 0.0000 0.4560 0.4471 0.2294
Proportion by Class 1 64.2% 30.5% 17.0% 18.7%
group Class 2 35.8% 39.4% 38.6% 29.6%
Class 3 30.1% 21.2% 10.3%
Class 4 23.2% 33.5%
Class 5 7.8%
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Figure 1. Characteristics of teachers’ instructional professionalism.

Class 1 (17.0%), labeled the Digitally Integrated Professional Profile, showed the highest levels across both
pedagogical and digital domains. Class 2 (38.6%), designated as the Conventional Instructional Profile, demonstrated
high competence in instructional clarity and classroom management but showed remarkably low engagement with digital
resources, suggesting a preference for traditional pedagogical methods over technological integration. Class 3 (21.2%),
labeled the Digitally Adaptive Generalist Profile, displayed average levels across all indicators. Although their
pedagogical scores were moderate compared to the high-performing groups, they maintained a moderate level of digital
resource utilization. Finally, Class 4 (23.2%), labeled the Low-Engagement Profile, demonstrated the lowest levels across
all measured domains, reflecting limited engagement in both pedagogical practices and digital tool usage.

4.2. Random forest classification results and predictors

Classification performance on the test set yielded a Macro-Precision of 0.54, a Macro-Recall of 0.51, a Macro-F1 of
0.51, and an MCC of 0.34. These metrics indicate performance above chance when equal importance was assigned to
each latent class, although some overlap across classes was observed. According to the Random forest results (Table 2),
key predictors included progression-based learning, self-efficacy and beliefs in digital resources, allocation of
instructional time, adaptive learning, self-efficacy in classroom management, and the school-level teacher-to-
administrative or management personnel ratio. The top 15 predictors were subsequently included as covariates in the
R3STEP procedure.

Table 2. Top 15 Most Important Predictors of teachers’ instructional professionalism

Rank Item Scale Importance
1 | prepare students for difficulties that can occur while practicing a procedure or skill 4-point 0.013
2 Learn to use technology that is new to me2 4-point 0.011
3 The use of digital resources and tools helps improve students’ academic 4-point 0.011

performance3
4 Communicate with parents using digital resources and tools2 4-point 0.011
5 | let students review multiple examples to practice the steps involved in a procedure 4-point 0.011
or skill
6 Actual teaching and learning* Open-ended 0.009
7 I let students practice similar tasks until I know that every student has understood 4-point 0.009
the subject matter®
8 [ adapt my teaching methods to students’ needs® 4-point 0.009
9 I select tasks for student practice that gradually increase in difficulty® 4-point 0.009
10 The use of digital resources and tools helps students collaborate on tasks efficiently3 4-point 0.009
11 Keeping order in the classroom, maintaining discipline* Open-ended 0.008
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12 Adapt the use of digital resources and tools to different teaching activities2 4-point 0.008

13 Total number of teachers divided by the sum of administrative and management Derived 0.008
personnel® ratio

14 Support student learning through the use of digital resources and tools’ 4-point 0.008

15 I point students to different materials for learning depending on their needs® 4-point 0.008

Notes. Domain names: 1. Progression-based learning, 2. Self-efficacy (digital resource), 3. Beliefs in digital resources, 4. Allocation of
instructional time, 5. Adaptive learning, 6. Teacher to administrative or management personnel ratio, 7. Self-efficacy (classroom

management)

4.3. R3STEP with the Top 15 Predictors

Table 3 presents the results of the R3STEP analysis examining the effects of the top 15 predictors identified by the
Random forest on latent profile membership, with Class 1 as the reference group. For brevity, only significant predictors
are reported. Overall, high levels of progression-based learning, adaptive instructional strategies, and self-efficacy and
beliefs regarding digital resources were consistently associated with a higher likelihood of belonging to Class 1 compared
to the other profiles. For Class 2, lower scores on digital self-efficacy and progression-based learning significantly
decreased the likelihood of membership in Class

1. However, a greater proportion of instructional time devoted to actual teaching and learning was associated with a
slightly higher likelihood of belonging to Class 2 relative to the Digitally Integrated profile. This reinforces the
characterization of Class 2 as a group that prioritizes traditional instructional time over digital integration. For Class 4,
the odds ratios for most key predictors, including preparing students for difficulties, digital collaboration, and supporting
learning through digital tools, were significantly lower compared to the reference group.

Table 3. Effects of predictors on latent class membership

Reference Class: CLASS 1

Item CLASS2 CLASS3 CLASS4
OR OR OR

I prepare students for difficulties that can occur while practicing a procedure or skill! - - 0.47%*
Learn to use technology that is new to me? 0.67* - 0.62%*
The use of digital resources and tools helps improve students’ academic 0.50%%** - -
performance®
Communicate with parents using digital resources and tools? - - 0.63%*
Actual teaching and learning* 1.03%* - -
I let students practice similar tasks until I know that every student has understood the - 0.60%** 0.48%**
subject matter’
[ select tasks for student practice that gradually increase in difficulty! 0.62%** - 0.63*
The use of digital resources and tools helps students collaborate on tasks efficiently? 0.527%%* 0.53%** 0.347%%*
Keeping order in the classroom, maintaining discipline* - 0.95%* 0.95%*
Support student learning through the use of digital resources and tools” 0.61%%* - 0.48%%*
I point students to different materials for learning depending on their needs® 0.68* 0.70* 0.54**

ke

Notes. "p<.05, ~p<.01, ""p<.001; Domain labels follow Table 2.
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5. Conclusion

This study used TALIS 2024 data to examine how teachers’ instructional professionalism is reconfigured in the
context of digital transformation and to identify its profiles and predictors. The findings revealed four distinct profiles
among Korean elementary school teachers: the Digitally Integrated Professional Profile, the Conventional Instructional
Profile, the Digitally Adaptive Generalist Profile, and the Low-Engagement Profile. These classifications indicate that
the use of digital technology reflects qualitatively different forms of instructional professionalism—where
pedagogical expertise and digital competence do not always develop in tandem—rather than mere linear differences in
adoption levels.

Profile membership was primarily predicted by progression-based learning, adaptive instructional design, and self-
efficacy and beliefs related to digital resource use, whereas school-level organizational factors showed limited influence,
suggesting that digital instructional professionalism may be shaped more strongly by teachers’ internal capacities, such
as beliefs, readiness, and technology-related competencies, than by external environments. In the Korean context, this
finding is particularly relevant because recent digital education policies have broadened the roles expected of teachers.
Under the Digital-Based Education Innovation Plan, teachers are increasingly expected not only to design and deliver
individualized instruction using Al and digital technologies, but also to support students’ social and emotional development
and foster higher-order competencies through project-based learning (Ministry of Education, 2023). Accordingly, the
growth of teachers’ professionalism should be understood not merely as an improvement in technological skills, but as a
broader transformation involving pedagogical beliefs, instructional design capacities, and student-centered support.
Consequently, this highlights the need for tailored professional development programs that go beyond the mere provision
of material resources to foster changes in teachers’ pedagogical beliefs and support the meaningful integration of
technology with subject content, thereby helping teachers in different profiles advance toward a more integrated form of
professionalism.

This study has two limitations. First, the hierarchical structure of teachers nested within schools could not be fully
accounted for due to convergence issues in the multilevel LPA. Second, because this study used cross-sectional TALIS
2024 data, it is limited in explaining changes in instructional professionalism over time. Future research should apply
analytical approaches that better reflect the hierarchical structure of the data and explore the longitudinal development of
instructional professionalism.
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Abstract: This study investigates the effects of integrating image-based generative Al, argumentation-based instruction,
and embodied cognitive learning on junior high school students’learning effectiveness and computational thinking (CT).
Twenty-one students participated in a two-day Al learning program involving conceptual instruction, hands-on GenAl
activities, and argumentation-supported game-based learning. Learning effectiveness and CT were assessed through pre-
and posttests. The results showed significant improvements in learning effectiveness and overall CT, particularly in
abstraction and decomposition. These findings indicate that combining embodied interaction with reflective
argumentation can effectively support students’ understanding of abstract Al concepts and the development of
foundational CT skills, offering empirical support for the integration of generative Al in junior high school computer

science education.

Keywords: GenAl, argumentation, embodied cognitive, computational thinking skills

1. Introduction

With the rapid advancement of technology, artificial intelligence (Al), particularly generative Al (Gen Al), has been
increasingly integrated into educational contexts, offering new possibilities for instructional design and learning processes
(Su & Yang, 2023; Holmes & Tuomi, 2022). Prior studies have demonstrated the potential of Gen Al to enhance learning
outcomes and reduce learning anxiety across disciplines such as language and mathematics (Hsu et al., 2024; Wardat et
al., 2023). However, empirical research on the application of Gen Al in computer science education remains limited. To
address this gap, the present study integrates Gen Al into computer science instruction to support student learning.

Computer science education often involves highly abstract concepts that pose challenges for middle school students.
To facilitate students’ understanding, this study adopts argumentation-based instruction, which provides structured
guidance for evaluating multiple perspectives and supports the development of independent thinking (Zheng et al., 2023).
The instructional design is grounded in the Toulmin Argumentation Model, a systematic framework that helps students
organize and reason about abstract concepts (Rismanto et al., 2021). Nevertheless, argumentation alone may impose
excessive cognitive demands on learners. Although middle school students have entered Piaget’s formal operational stage,
they still require concrete experiences to effectively internalize abstract concepts such as programming and Al (Piaget,
1972). Therefore, this study incorporates embodied cognition to complement argumentation-based instruction. Embodied
cognition emphasizes the role of bodily experience and environmental interaction in cognitive processes, making it
particularly suitable for supporting middle school students in transforming abstract concepts into concrete and actionable
knowledge (Kersting et al., 2021).

Focusing on knowledge-level learning outcomes (Ji et al., 2022) and computational thinking (CT)—a core

interdisciplinary competence in computer science education (Kong, 2019)—this study designs guided and interactive Gen
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Al-supported instructional activities. The study examines the effects of this instructional approach on students’ learning
outcomes and CT skills, aiming to provide empirical evidence and instructional design implications for the integration of
Gen Al in computer science education.

2. Literature review

2.1. Argumentation-based instruction - Toulmin Model

The Toulmin Argument Model, comprising claim, data, warrant, backing, qualifier, and rebuttal, is regarded as the
most comprehensive framework for analyzing argument structure (Rismanto et al., 2021) and has been widely applied in
cross-disciplinary instruction. In education, structured argumentation fosters deep understanding, multi-perspective
thinking, and improved reasoning quality (Nussbaum, 2021). Recent advances in Al have spurred interest in integrating
Al with argumentation, with studies showing Al can act as a virtual learning partner, provide feedback in inquiry or
writing, and, when combined with gamified learning, boost engagement and perspective diversity (Lin & Hung, 2025).
However, despite its analytical strengths, the Toulmin model lacks standardized criteria for evaluating argument quality,
posing challenges for novice learners (Nussbaum, 2021).

2.2. Embodied cognition with Al education

Embodied cognition theory emphasizes that cognition is not solely the result of brain activity, but rather emerges
from the interaction among the brain, the body, and the environment, and is influenced by bodily movements, postures,
and interactions with the surrounding context (Castro-Alonso et al., 2024). In a broad sense, embodiment focuses on the
bodily experiences accumulated through individuals’ interactions with the material and sociocultural world, whereas
embodied cognition further explains how the body actively participates in thinking and cognitive processes (Popova &
Raczaszek-Leonardi, 2020; Kersting et al., 2021).

Related studies indicate that through concrete manipulation and bodily engagement, learners can use sensory and
motor experiences as a foundation for understanding abstract concepts. This perspective aligns with Piaget’s (1972) theory
of cognitive development and Dewey’s (1938) emphasis on learning as an interaction between action and reflection.
Barsalou’s (1999) perceptual symbol systems theory also suggests that when humans comprehend abstract concepts, they
reactivate perceptual representations associated with concrete experiences. Recent research has shown that embodied
cognition learning can effectively enhance students’ understanding of abstract concepts in programming and computer
science (Kwon et al., 2022). However, most existing studies have focused on adults or university students, with relatively
limited exploration of the effects of different levels of embodiment on adolescents’ Al learning outcomes (Johnson-
Glenberg, 2014). Therefore, this study aims to compare the effects of Al course designs with different levels of
embodiment on junior high school students’ learning achievement, CT, and metacognitive awareness.

3. Methodology

3.1. Instructional Materials

This study employed the newly developed Al 2 Robot City board game, created by Professor Ting-Chia Hsu’s team
from National Taiwan Normal University. The educational board game integrates image recognition and Internet of
Things (IoT) technologies to help students effectively enhance their CT abilities through game-based learning (GBL).

On the software side, the MIT App Inventor platform developed by the Massachusetts Institute of Technology was
used to design the mobile application. This was combined with the Personal Image Classifier (PIC) web platform for
implementing image recognition functionalities. After training a custom model on the PIC platform, users can import the

trained model into the App Inventor environment. The model can then be used to control the robot car based on image
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input. The board game is played in a mission-based format, with two students per group and two groups competing against
each other. Players earn points by collecting building materials shown on the mission cards, with each card offering
different point values. This encourages students to collaborate and strategize on how to maximize their score within a
limited time. The group with the highest score at the end of the game is declared the winner, as shown in Figure 1.

Al2 Robot City Board Game

Rebuttal
M- | identifies possible exceptions
or Counterarguments.

Figure 1 Al 2 Robot City board game Figure 2 Toulmin Argument Model
3.2. Teaching strategy

To investigate the effects of embodied cognition and argumentation-based instruction on students’ learning
effectiveness, this study designed an integrated instructional approach centered on embodied cognition. The
argumentation framework, based on the Toulmin Argument Model, was implemented through a circular worksheet to
support students in constructing claims and articulating reasoning through grounds, backing, and rebuttals, thereby
externalizing their thinking processes, as shown in Figure 2.

Embodied cognition was operationalized through three activities: a “deep learning neural network simulation,” where
students physically arranged images to represent Al classification processes; a “generative Al card game,” where they

il

modified prompt sequences to generate different outputs; and a “board game activity,” where students engaged in
collaborative decision-making through the Al2 Robot City game, integrating physical interaction with cognitive processes.

Argumentation-based strategies further supported all activities. The first two activities used worksheets to guide
written reflection, while the board game emphasized peer discussion, argumentation, and consensus-building, enhancing

students’ reasoning and critical thinking skills, as shown in Table 1.

Table 1 Instructional Design Framework

Instructional Design Integration with
Argumentation

Activity 1: Deep Learning Neural By physically moving and arranging Post-activity argumentation

Network Simulation images, students simulate how Al worksheet to promote concrete
performs image classification. thinking and reduce cognitive load.

Activity 2: Gen Al Game Cards Students rearrange paper cards to Post-activity argumentation worksheet
change the order of the prompt, to promote reflection and awareness in
generate claim construction and justification.

images, and draw the results.

Activity 3: Board Game Playing The Al2 Robot City board game Oral discussion with embodied
enables students to integrate actions to promote peer
embodiment into tabletop gameplay argumentation, rebuttal, and

activities. consensus building.
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3.3. Teaching strategy

This study examined the effects of integrating image-based generative Al, argumentation-based instruction, and
embodied cognitive learning, along with game-based learning (GBL), on junior high school students’ learning
effectiveness and CT. Twenty-one students (aged 12—15) from northern Taiwan participated in a two-day Al learning
camp designed to support understanding of abstract Al concepts while fostering cognitive and embodied learning
processes. Although the sample size was small due to voluntary recruitment, the intensive hands-on design required close
guidance and small-group facilitation. Therefore, this study serves as an exploratory pilot providing initial empirical
evidence. Overall, argumentation-based instruction functioned as a framework guiding students from task execution to
deeper reflection, reasoning, and collaboration.

On Day 1, students completed a pre-test, studied foundational Al and deep learning concepts, and used the Toulmin
argumentation model to visualize reasoning. They generated images via Leonardo Al, translated prompts with Google
Translate, and manually redrew outputs to address Al ethics. Students then used the PIC platform to create datasets, train
image recognition models, and export them.

On Day 2, students engaged in block-based programming with MIT App Inventor to integrate their models with
robotic systems, refined their models following a mini-lecture on optimization, and completed Argumentation Worksheet
2 for reflective reasoning. The program concluded with a custom board game in which teams applied their models to
complete mission-based tasks, reinforcing CT, problem-solving, and collaboration. The experimental procedure is shown
in Figure 3.

Pre-test : students' learning effectiveness, computational

thinking scale(CTS) 40 min

Found of Artificial Intelli (ALY 30 min

Activity 1: DL Neural Network Simulation + Argumentation

Worksheet 1 80 min

Instruction on Gen Al Text-to-Image (Leonardo Al) 30 min
Activity 2: Generative Al Game Cards + Argumentation N
Worksheet 2 80 min
Supervised machine learning implementation: 100
game card classification juin
MIT App Inventor programming practice 80 min

Game-Based Learning: AI2 Robot City (Image Recognition

By
& CT Board Game) with embodied cognition 240 min

Post-test © students' learning effectiveness, computational 10
thinking scale(CTS) min

Figure 3 Experimental Procedure
3.4. Experimental tool

To examine whether the incorporation of embodied cognition influences students’  learning effectiveness, this study
employed three quantitative instruments :

First, learning effectiveness was measured using a 20-item test (17 multiple-choice, 3 matching; score range 0-100).
Computational Thinking Scale (CTS) was assessed using the five-dimensional scale developed by Tsai et al. (2020),
which includes abstraction, decomposition, algorithmic thinking, evaluation, and generalization. The Cronbach’s alpha
values for each dimension were .81, .74, .77, .83, and .75, respectively. For example, an item measuring abstraction is: “I

usually try to identify the key points of a problem.”

4. Conclusions

4.1. Student Learning Effectiveness
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A comparison of students’ performance showed significant improvement from the pretest to the posttest. This
indicates that combining argumentation-based instruction with Al-based image generation in game-based learning can
significantly enhance students’ learning effectiveness. Table 2 presents the summary results of the paired-sample t-test
for students’ pre- and posttest progress scores.

Table 2 Summary table of paired t-test for students’ learning effectiveness

N Mean SD t df
Pretest 21 79.76 9.43 707" 20
Posttest 21 89.24 9.17

**p < .01

4.1. Student Learning Effectiveness

The overall CTS results showed significant improvement from the pretest to the posttest, indicating that combining
argumentation-based instruction with Al-based image generation in game-based learning can significantly enhance
students’ CT. Specifically, significant improvements were observed in the Abstraction, Decomposition, Algorithmic
Thinking, and Generalization dimensions based on the paired-sample t-test results. Table 3 presents the summary results
of the paired-sample t-test for students’ pre- and posttest progress scores.

Table 3 Summary table of paired t-test for Computational Thinking Scale(CTS) dimension

Dimension N Pretest Posttest t df
Mean (SD) Mean (SD)
Abstraction 21 3.63(0.57) 4.04 (0.70) 4.05™ 20
Decomposition 21 3.52 (0.61) 3.86 (0.56) 2.60"
Algorithmic -
Thinking 21 3.49 (0.60) 4.08 (0.66) 3.32
Evaluation 21 3.69 (0.68) 3.98 (0.66) 1.75
Generalization 21 3.43 (0.73) 3.99 (0.68) 3.28™
Overall 21 3.55 (0.50) 4.00 (0.54) 3,517

*p < .05, **p < .01, ***p < .001

5. Discussion and Conclusion

The results of this study indicate that integrating image-based generative Al, embodied cognitive learning,
argumentation-based instruction, and game-based learning can effectively enhance junior high school students’ learning
effectiveness and overall computational thinking. Significant improvements were found in Abstraction, Decomposition,
Algorithmic Thinking, and Generalization, suggesting that the instructional design not only supported students’
understanding of abstract Al concepts but also promoted their problem analysis, procedural planning, and knowledge
transfer abilities.

These findings may be related to the design of the learning activities. Through image arrangement, card manipulation,
model training, App Inventor programming, and board game tasks, students transformed abstract concepts into concrete
operational experiences, which is consistent with embodied cognition perspectives emphasizing the role of bodily
experience and interaction in learning abstract concepts (Kersting et al., 2021). At the same time, argumentation
worksheets and peer discussions guided students to explain their reasoning, reflect on strategies, and apply what they had
learned, aligning with prior research suggesting that structured argumentation can support reasoning, reflection, and

deeper understanding (Nussbaum, 2021). Therefore, the combination of concrete manipulation, reflective argumentation,
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and task-based application may have contributed to the development of multiple CT dimensions. However, the Evaluation
dimension did not show significant improvement. This may be because evaluation skills involve higher-order abilities,
such as judging the quality of solutions, comparing different strategies, debugging, and reflective decision-making, which
usually require longer practice and more explicit instructional scaffolding (Tsarava et al., 2022). Therefore, future
research may extend the instructional

duration and incorporate more testing, debugging, comparison, and reflection activities to further support students’
evaluation skills.

Overall, this study suggests that GenAl-based instruction integrating embodied cognition, argumentation-based
instruction, and game-based learning can effectively support students’ development in most CT dimensions and provide
implications for Al curriculum design in junior high school education.
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Abstract: Online-Merge-Offline (OMO) learning environments generate rich behavioral signals, yet instructors often
lack timely and actionable indicators of learners’ affective states during instruction. This study presents an OMO learning
analytics workflow that integrates a web-based Al learning platform with facial-expression-based emotion recognition to
examine how emotion-related signals relate to learning outcomes. The workflow captures learners’ facial expressions
during learning activities, classifies them into seven emotion categories, and aggregates emotion indicators for
subsequent analysis together with assessment results collected in the course. Based on data from 30 participants, we
analyze two complementary emotion indicators: (1) emotion change frequency and (2) emotion category distribution. The
results show that emotion change frequency is not significantly correlated with learning outcomes, whereas emotion
category distribution is meaningfully associated with learners’ performance. These findings suggest that, in OMO
learning analytics, emotion categories may provide more informative cues than simple frequency-based measures for
understanding learning outcomes. The proposed workflow offers a practical foundation for emotion-aware learning
analytics in OMO settings and supports future design of instructional interventions and dashboards that reflect affective

information aligned with learning performance.

Keywords: OMO learning, learning analytics, facial expression, emotion recognition, learning outcomes, Al learning

platform

1. Introduction

Online learning has become a major trend in education, reshaping instructional design through internet-based delivery,
mobile access, and data-driven support (Qazi et al., 2024; Gros & Garci-Pefialvo, 2023). Compared with traditional
classroom instruction, e-learning enables flexible access to learning resources and assessments, which helps learners study
beyond time and place constraints (Alenezi et al., 2023). However, in practice, many courses still rely heavily on post-
hoc evaluations (e.g., end-of-unit tests or surveys). Such approaches often provide delayed feedback and make it difficult
for instructors to recognize learning problems early, particularly in interactive or activity-rich learning settings (Mohamed,
2024).

In recent years, Online-Merge-Offline (OMO) learning has emerged as a common instructional arrangement, where
online learning activities are integrated with face-to-face sessions. OMO settings can generate rich learning traces, yet
instructors may still struggle to interpret learners’ learning states in a timely and actionable manner. In addition to
behavioral logs and assessment scores, learners’ emotions are widely acknowledged as a key factor associated with
cognition, motivation, and academic performance (Pekrun et al., 2002; Pekrun & Stephens, 2010). In other words,
affective signals can complement conventional learning analytics by providing another perspective on how learners

experience instructional activities. Nevertheless, emotion-related information is often difficult to obtain consistently in
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real teaching contexts, and simple frequency-based summaries may not adequately reflect meaningful affective patterns
related to learning outcomes.

To address this gap, this study proposes an OMO learning analytics workflow that integrates a web-based Al learning
platform with facial-expression-based emotion recognition, and then links emotion-related indicators to learning
outcomes. In our workflow, learners’ facial videos are captured during learning activities, facial regions are detected from
video frames, and facial expressions are classified into seven emotion categories. The recognized emotions are then
aggregated into two interpretable indicators for subsequent analysis: emotion change frequency and emotion category
distribution. These indicators are analyzed together with learners’ performance (learning outcomes) to examine how
different emotion-related signals relate to learning effectiveness in an OMO context.

Based on data collected from 30 participants, our analysis yields two key findings. First, emotion change frequency
does not show a significant correlation with learning outcomes. Second, emotion category distribution is meaningfully
associated with learners’ performance. These results suggest that, for emotion-aware learning analytics in OMO settings,
category-level emotion information may provide more informative cues than frequency-based measures when examining
associations with learning outcomes. Figure 1 illustrates the overall workflow and the locations where emotion indicators
and learning outcomes are integrated for analysis.

OMO Al Learning
Platform

@ Course Video

43 Ouiz/ ,/J(; Emotion Change Freguenc;
v~ Assessment 2 10 |

v
— % Video Capture & Face
h o Preprocessing Detection
earner Facial Video
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- ) Emotion Category Distribution
Face Detection Sy 1
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Figure 1. OMO learning analytics workflow

Learning Outcomes « Correlation Analysis

« Performance Correlation
* Category-wise Andlysis

2. Related Work

E-learning and learning analytics. E-learning continues to expand with evolving instructional designs and digital
affordances, while also facing adoption barriers and practical constraints in real teaching contexts (Qazi et al., 2024; Gros
& Garcia-Pefialvo, 2023; Sofi-Karim et al., 2023). Learning analytics leverages learning-process and behavioral data to
understand and predict performance (Qiu et al., 2022), but many approaches still rely on post-hoc outcomes and may
provide limited timely insight for instructors in interactive settings (Mohamed, 2024).

Academic emotions. Research indicates that learners’ emotions are closely related to motivation, self-regulation,
and achievement (Pekrun, 2009; Pekrun & Stephens, 2010). In online learning, academic emotions can mediate the
relationship between interaction/engagement and learning outcomes, highlighting emotions as a meaningful signal
beyond behavioral logs alone (Wang et al., 2022).

Facial-expression signals. Advances in computer vision and deep learning have made face-related analysis feasible
for practical pipelines, supported by widely used tools and foundational methods (Bradski & Gary, 2000; LeCun et al.,
1998). Representative deep face models further strengthened feature representation (Schroff et al., 2015). Building on
this line, we integrate facial-expression-based emotion recognition into an OMO learning analytics workflow and examine

how derived emotion indicators relate to learning outcomes.

3. Method

Study setting and data sources. This study was conducted in an Online-Merge-Offline (OMO) learning context

supported by a web-based Al learning platform. The platform provided learning materials and quiz/assessment activities.
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Two types of data were collected: (1) learners’ facial videos during learning and (2) learning outcomes from assessment
results. Data from 30 participants were included.

The workflow treats learning outcomes as the target performance measure and derives emotion indicators from facial-
expression signals captured during learning; the overall data flow is summarized in Figure 1.

Emotion recognition pipeline. As shown in Figure 1, the workflow transforms raw facial videos into emotion
indicators. Videos are processed into frames, faces are detected and extracted, and facial expressions are classified into
seven emotion categories to form an emotion label sequence for each learner.

Figure 2 shows an example output of face detection and emotion classification, illustrating per-frame predictions

before aggregation into emotion indicators.

disgust

Figure 2. Example emotion recognition output.

Emotion indicators. After obtaining the emotion label sequence for each learner, we derived two interpretable
indicators: (1) emotion change frequency, measuring how often the predicted label changes over time, and (2) emotion
category distribution, summarizing the overall composition of the seven predicted categories (e.g., counts or proportions).
These indicators are computed per learner/session and analyzed with learning outcomes (Figure 1).

1. Emotion change frequency measures how frequently the predicted emotion label changes over time within a learning
session, reflecting the temporal variability of emotion signals.

2. Emotion category distribution summarizes the overall composition of the seven predicted emotion categories during
learning (e.g., counts or proportions), reflecting which categories are more prevalent during a learning session.
These two indicators are complementary: change frequency captures the dynamics of the emotion sequence, while

category distribution captures the overall emotional composition. Both indicators are computed per learner/session

and are later analyzed together with learning outcomes, as shown in Figure 1.

Analysis. Learning outcomes from the platform’s assessment records were used as the performance measure. We
conducted correlation analysis between the emotion indicators and learning outcomes (Table 1) and then performed a
category-wise analysis based on emotion category distribution to examine outcome differences across emotion-category
patterns (Figure 3).

Table 1. Correlation analysis results.

correlation A_TEST B._TEST Score Frequency times minutes

A_TEST 1 0.680** 0.911** 0.031 0.025 0.044
B_TEST 0.680** 1 0.922**  -0.041 -0.054  -0.040
Score 0:911%¢ Q.922% ] -0.007 -0.017  0.000
Frequency 0.031 -0.041  -0.007 1 0.978** 0.291
times 0.025 -0.054  -0.017  0.978** 1 0.475**
minutes 0.044 -0.040  0.000 0.291 0.475* 1

** The correlation is significant at a significance level of 0.01.
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Figure 3. Category-wise results based on emotion category distribution.

4. Results and Discussion

Indicator-level results. We examined associations between the two emotion indicators (emotion change frequency
and emotion category distribution) and learning outcomes using correlation analysis; Table 1 summarizes the results.

The correlation analysis indicates that emotion change frequency does not show a significant association with
learning outcomes (Table 1). This finding suggests that a frequency-based summary of emotion dynamics alone may be
insufficient for interpreting learning effectiveness in the OMO setting examined in this study. A high frequency of label
changes may reflect short-term fluctuations during learning, but such variability does not necessarily correspond to better
(or worse) assessment performance. Therefore, using emotion change frequency as a single affective indicator may
provide limited actionable insight for instructors in OMO contexts.

In contrast, results related to emotion category distribution point to category-level affective information as a more
meaningful signal for understanding performance. This motivates further examination of how different emotion categories
relate to learning outcomes, as reported in the following subsection.

Category-wise results. We conducted a category-wise analysis based on learners’ emotion category distribution.
Figure 3 summarizes the results and compares learning outcomes across emotion-category patterns.

The category-wise results show that learning outcomes differ across emotion categories, indicating that emotion
categories observed during learning are meaningfully associated with performance in this OMO context (Figure 3).
Compared with change frequency, emotion category distribution preserves information about which affective states are
prevalent during learning, and this appears to better differentiate learning outcomes.

Taken together with the correlation results in Table 1, these findings support the view that emotion category
distribution is a more informative indicator than emotion change frequency when linking facial-expression-based emotion
signals to learning outcomes in the proposed workflow.

From a practical perspective, this combined evidence suggests that emotion-aware learning analytics for OMO
instruction may benefit from presenting category-level summaries (e.g., distribution profiles) rather than relying solely
on dynamic-frequency metrics. Such summaries can be more interpretable to instructors and more directly aligned with
learning outcomes, which supports reflective teaching and the design of targeted instructional support in Al-enabled
learning environments.

Implications and limitations. The proposed workflow (Figure 1) provides a feasible pathway for incorporating facial-
expression-based affective signals into learning analytics in technology-supported instruction. However, the evidence is
based on a specific OMO learning setting with 30 participants, and per-frame emotion recognition may introduce
uncertainty that influences derived indicators; therefore, generalizability to other contexts should be interpreted with

caution.

5. Conclusion
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This paper presented an OMO learning analytics workflow that integrates a web-based Al learning platform with
facial-expression-based emotion recognition and links emotion-related indicators to learning outcomes. Using data from
30 participants, we examined two indicators derived from seven-category emotion recognition: emotion change frequency
and emotion category distribution. The results show that emotion change frequency is not significantly associated with
learning outcomes, whereas emotion category distribution is meaningfully associated with learners’ performance (see
Table 1 and Figure 3). These findings suggest that, in OMO learning analytics, category-level emotion information may
provide more informative cues than frequency-based measures for understanding learning outcomes. Overall, the
proposed workflow offers a practical foundation for emotion-aware learning analytics in OMO settings and supports

future refinement of indicators and instructional support based on affective information.

Acknowledgements

This work was supported by the National Science and Technology Council (NSTC), Taiwan, under Grant NSTC
113-2410-H-992-031-MY?2

References

Alenezi, M., Wardat, S., & Akour, M. (2023). The need of integrating digital education in higher education: Challenges
and opportunities. Sustainability, 15(6), 4782.

Bradski, G., & Gary. (2000). The OpenCV Library. Dr. Dobb's Journal of Software Tools.

Gros, B., & Garci-Pefialvo, F. J. (2023). Future trends in the design strategies and technological affordances of e-learning.
In Learning, design, and technology: An international compendium of theory, research, practice, and policy (pp. 345—
367). Springer.

LeCun, Y., Bottou, L., Bengio, Y., & Haffner, P. (1998). Gradient-based learning applied to document recognition.
Proceedings of the IEEE, 86(11), 2278-2324.

Mohamed, A. M. (2024). Exploring the potential of an Al-based chatbot (ChatGPT) in enhancing English as a foreign
language (EFL) teaching: Perceptions of EFL faculty members. Education and Information Technologies, 29(3),
3195-3217.

Pekrun, R. (2009). Emotions at school. In Handbook of motivation at school (pp. 589-618). Routledge.

Pekrun, R., Goetz, T., Titz, W., & Perry, R. P. (2002). Academic emotions in students' self-regulated learning and
achievement: A program of qualitative and quantitative research. Educational Psychologist, 37(2), 91-105.

Pekrun, R., & Stephens, E. J. (2010). Achievement emotions: A control-value approach. Social and Personality
Psychology Compass, 4(4), 238-255.

Qazi, M. A,, Sharif, M. A., & Akhlaqg, A. (2024). Barriers and facilitators to adoption of e-learning in higher education
institutions of Pakistan during COVID-19: Perspectives from an emerging economy. Journal of Science and
Technology Policy Management, 15(1), 31-52.

Qiu, F., Zhang, G., Sheng, X., Jiang, L., Zhu, L., Xiang, Q., Jiang, B., & Chen, P. K. (2022). Predicting students’
performance in e-learning using learning process and behaviour data. Scientific Reports, 12(1), 453.

Schroff, F., Kalenichenko, D., & Philbin, J. (2015). FaceNet: A unified embedding for face recognition and clustering. In
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR) (pp. 815-823). IEEE.

Sofi-Karim, M., Bali, A. O., & Rached, K. (2023). Online education via media platforms and applications as an innovative
teaching method. Education and Information Technologies, 28(1), 507-523.

Wang, Y., Cao, Y., Gong, S., Wang, Z., Li, N., & Ai, L. (2022). Interaction and learning engagement in online learning:
The mediating roles of online learning self-efficacy and academic emotions.

Learning and Individual Differences, 94, 102128.

26



Hsu, T. C., & Ogata, H. (Eds.). (2026). Proceedings of the 10th International Conference on Artificial Intelligence,
Computational Thinking and STEM Education .Kumamoto: The Asia-Pacific Society for Computers in Education.

Preschoolers’ Computational Thinking Learning: Teachers’ Awareness of Stop-

Motion Animation Learning Experiences in STEM Education

Yi-Hui LINY", Ching-Yeh WANG?
1 Center for Teacher Education and Career Development, University of Taipei, Taiwan
2 Department of Education, National Taipei University of Education, Taiwan
*yihuilin@utaipei.edu.tw

Abstract: Stop-motion animation has increasingly been incorporated into early childhood STEM education as a creative,
design-oriented learning activity. However, limited research has examined how preschool teachers recognize the
computational thinking (CT) learning experiences embedded within such activities. This exploratory qualitative study
investigates preschool teachers’ awareness of CT as children engaged in stop-motion animation projects within a STEM
curriculum. Two animation projects, an animation centered on children’s awareness of campus cultural architecture and
a soccer-themed story, were implemented within the same instructional context. Data were collected through semi-
structured interviews with three preschool teachers and classroom-based documentation of the animation-making
processes. Thematic analysis revealed that teachers identified multiple CT dimensions as children planned stories,
decomposed experiences into structured representations, coordinated frame-by-frame sequencing, refined animations
through playback, and engaged in iterative revision. Teachers particularly noted how the temporal and incremental nature
of stop-motion production made children’s decision-making processes visible, including decomposition, sequencing,
algorithmic reasoning, and debugging. The findings suggest that stop-motion animation functions as a pedagogical
medium through which computational thinking becomes observable in early childhood STEM classrooms. By
externalizing children’s design decisions and iterative adjustments, animation-making supported teachers in recognizing

CT as an experiential, process-oriented form of thinking embedded within everyday STEM learning practices.

Keywords: Preschoolers; computational thinking; teachers’ awareness; stop-motion animation; STEM education
1. Introduction

Computational thinking (CT) has become a central focus in K-12 education, particularly in discussions of how
learners engage in problem solving, sequencing, and systematic reasoning across subject areas. In early childhood
education, CT is increasingly understood as a way of thinking embedded within developmentally appropriate classroom
activities rather than confined to formal programming instruction. Accordingly, researchers and educators have explored
pedagogical approaches that allow young children to experience CT in concrete and meaningful ways. Within STEM
education, creative and representational activities have been identified as promising contexts for supporting children’s
engagement with CT. Stop-motion animation, in particular, foregrounds sequencing, procedural planning, and revision
through frame-by-frame construction. As children design animations, they make iterative decisions about movement,
timing, representation, and narrative structure—processes aligned with core CT elements. Although prior research has
examined children’s engagement and learning outcomes in animation-based activities, less attention has been paid to how
teachers recognize CT as it unfolds during such practices.

Teachers play a pivotal role in mediating STEM learning in early childhood classrooms. Their ability to notice and
interpret CT within subject learning activities shapes how CT is supported in everyday teaching. However, CT is often
described as abstract and difficult to observe, particularly in non-coding environments. This highlights the need to

examine how CT becomes visible in classroom activities and how teachers come to recognize it as part of children’s
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learning processes. This exploratory qualitative study investigates preschool teachers’ awareness of computational
thinking learning experiences as children created stop-motion animations within a STEM curriculum. Two animation
projects, one centered on children’s awareness of campus cultural architecture and the other on a soccer-themed story,
were implemented within the same instructional context. By analyzing teachers’ reflections on children’s animation-
making processes, this study aims to illuminate how CT becomes recognizable as a visible, experiential, and design-
oriented form of thinking within early childhood STEM learning.

2. Literature Review

2.1. Computational Thinking in Early Childhood Education

Computational thinking (CT) has been widely recognized as a key component of early childhood education,
encompassing practices such as sequencing, decomposition, pattern recognition, abstraction, and algorithmic reasoning
(Wing, 2006). In early childhood contexts, CT is understood not as formal programming but as a way of thinking that
develops through play-based, hands-on, and representational activities embedded in classroom experiences (Nouri et al.,
2020). Scholars emphasize introducing CT to children aged 3-6 through developmentally appropriate learning
opportunities (Sullivan & Bers, 2016). Research shows that young children can engage in CT-related practices when
activities are grounded in meaningful contexts (Bers, 2018). Through interactions with materials, narratives, and visual
representations, children organize sequences, break down tasks, recognize patterns, and construct simple procedures.
These processes highlight the relationship among CT development, embodied action, narrative construction, and creative
expression. Recent studies further indicate that creative and art-based activities can provide developmentally appropriate
contexts for CT engagement. For example, Leung (2024) found that animation art activities grounded in constructionist
approaches supported young children’s conceptualization of CT. When CT is embedded within subject learning, such as
storytelling and design tasks, it becomes part of children’s everyday learning experiences (Strawhacker & Bers, 2019).

This underscores the need to examine how CT is enacted and recognized in classroom practice.
2.2. Stop-Motion Animation as a Context for Computational Thinking

Research indicates that young children can meaningfully engage with digital tools in creative activities such as digital
book creation, filmmaking, music production, and photography (Flewitt et al., 2015; Dezuanni et al., 2015). These
activities require planning, representation, and revision processes aligned with foundational CT practices. Kotsopoulos et
al. (2017) conceptualize CT learning as progressing through unplugged activities, tinkering, making, and remixing, with
making-oriented experiences supporting CT through hands-on design and iterative refinement. Stop-motion animation,
as a form of digital making, integrates physical manipulation, visual representation, and sequential design, offering a
developmentally appropriate context for CT in early childhood settings. Building on this perspective, the present study
examines how children’s engagement in stop-motion animation supports problem solving, design planning, and iterative
revision within classroom practice, contributing to understanding how CT can be enacted and observed through creative
digital production.

2.3. Teachers’ Awareness of Computational Thinking in Classroom Practices

Teachers play a critical role in supporting and interpreting CT within classroom activities. Their ability to recognize
CT influences how learning experiences are scaffolded and sustained. Prior research highlights challenges teachers face
in identifying CT, particularly when it is embedded within non-coding or interdisciplinary activities (Yadav et al., 2016;
Hsu et al., 2018). More recent research suggests that teachers vary in their perceptions of the value of CT and often
encounter difficulties integrating it meaningfully into instruction (Feng & Yang, 2022). Although observing learners’

interactions with materials and representations may support teachers’ understanding of CT as a process-oriented form of
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thinking (Voogt et al., 2015), limited research has examined teachers’ awareness of CT in early childhood STEM
classrooms, particularly in creative, human-centered contexts such as stop-motion animation. Addressing this gap, the
present study investigates how preschool teachers recognize CT learning experiences through children’s engagement in
stop-motion animation within a STEM curriculum.

3. Methods
3.1. Research Design

This study employed an exploratory qualitative design to examine preschool teachers’ awareness of children’s
computational thinking (CT) learning experiences during STEM-integrated stop-motion animation activities. The focus
was on teachers’ noticing and interpretation of CT-related practices as children planned, filmed, and revised animations.

3.2. Participants and Context

Participants were three preschool teachers from a public elementary school—affiliated preschool in Taiwan. Teacher
A (15 years), Teacher B (12 years), and Teacher C (10 years) had an average of 12.3 years of teaching experience. All
teachers had prior experience in STEAM-integrated teaching and had continuously participated in an innovative teaching
project emphasizing computational thinking. The preschool, located in an urban Indigenous education school designated
by the Ministry of Education, integrates culturally responsive practices and Indigenous knowledge into daily learning.

3.3. Stop-Motion Animation Activities

Within the integrated STEM curriculum, two stop-motion animation projects were implemented: Guala Guala House,
which emerged from children’s lived experiences with campus cultural architecture, and Soccer Match, which documented
children’s participation in an interschool football event. While the themes differed, both projects followed the same
instructional structure and animation-making sequence (Figure 1). Across both projects, teachers guided children through
a structured process that included recalling and organizing experiences, developing storyboards and preparing materials,
capturing frame-by-frame movements, and reviewing and revising animations through playback (Figure 2). Through this
process, children translated lived experiences into sequenced visual representations and progressively refined their work
based on collective discussion and visual feedback. The animation-making activities emphasized iterative design,
temporal sequencing, and representational decision-making. These processes were embedded within regular classroom
practices across learning areas and were implemented using developmentally appropriate strategies aligned with early
childhood STEM education.

Figure 1. Stop-motion setup for the Guala Guala Figure 2. Teacher-guided frame-by-frame

House project. animation filming.
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3.4. Data Collection

Data were collected from two sources: semi-structured post-implementation interviews with the three teachers, and
classroom instructional materials, including curriculum documentation, storyboards, production records, and completed
animations. Interview data focused on teachers’ reflections on children’s learning processes and CT practices observed
during animation-making. Instructional materials were used to contextualize and triangulate teachers’ accounts.

Figure 3. Children’s storyboard for the Soccer Figure 4. Children producing and reviewing the
Match stop-motion animation. Soccer Match stop-motion animation.

3.5. Data Analysis

Interview data were transcribed verbatim, and instructional materials were organized chronologically. Two
researchers conducted qualitative coding in three stages. First, open coding identified segments related to children’s
actions, decision-making, and teachers’ interpretations. Second, codes were compared and grouped into broader categories
reflecting recurring patterns. Third, emergent categories were aligned with established CT dimensions, including
decomposition, abstraction, sequencing, algorithmic thinking, pattern recognition, debugging, and human-in-the-loop
control. Coding was iterative, and discrepancies were resolved through discussion until consensus was reached. To
enhance the credibility of the analysis, data from interviews and instructional materials were triangulated, and
interpretations were refined through ongoing discussion between the two researchers.

3.6. Ethical Considerations

All teachers provided informed consent. Parental consent was obtained for the use of classroom documentation and
visual materials. Pseudonyms were used, and all data were handled in accordance with ethical standards for educational
research.

4. Findings

4.1. Stop-Motion as a Catalyst for Decomposition and Narrative Structuring

All three teachers described how animation required children to reorganize lived experiences into structured
representations. Teacher A explained that her goal was to help children “use life experiences to record animation” and
“learn new technological skills while increasing confidence.” Teacher B recalled that the project began with children’s
discussion about flooding after a typhoon, where they proposed imaginative solutions such as “building a drainage system”
or “letting an elephant suck the water.” Through collective discussion, children organized events into coherent sequences.
Teacher B noted, “We sorted out the whole process into a timeline,” while Teacher C stated, “When children mentioned
important events, I recorded them and confirmed the plot.” Teachers observed that children gradually broke experiences
into characters, settings, actions, and temporal order. As Teacher A reflected, “We slowly broke it down into main
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characters, settings, and plot.” In the Soccer Match project, decomposition became more independent. Teacher A stated,
“The older children completed everything independently because it was their own story.” Children organized their

experience around the theme of “courage,” demonstrating abstraction of a central idea from a complex event.
4.2. Frame-by-Frame Filming as Sequencing and Algorithmic Reasoning

Teachers consistently described filming as the point where CT became most visible. During the typhoon scene,
Teacher A observed, “Each picture couldn’t move too much; otherwise, it wouldn’t look real.” Teacher B noted that
children learned to “move a little and take more photos. More photos are better than fewer.” Teacher C added, “The house
should shake left and right to look like a typhoon.” Teachers also highlighted procedural organization. Teacher B
explained, “One child pressed the tablet, and one person moved each character. That worked best.” In the second project,
children demonstrated increased awareness of production steps, recognizing the need for “scripts, characters, background,
props, music,” and asking about “the next step.” Teacher C observed that children managed pacing more effectively,

reflecting growing control of temporal sequencing.
4.3. Iteration, Debugging, and Refinement through Playback

Playback and revision were repeatedly identified as moments when CT became visible. Teacher B reported that
children noticed characters “floating” or overlapping and repositioned them accordingly. Teacher C described how
children felt the first version ended “too quickly” and suggested extending the storm scene: “The wind can blow longer,
and the rain can fall more.” After adding frames, children perceived the animation as more complete. Teacher B noted
that children recognized the relationship between photo quantity and smoothness: “One scene needs about 20—30 photos.”
Voice recording also became a site of refinement. Teacher A explained, “We listened again and marked emotions next to
each sentence,” and Teacher C described how children adjusted tone to convey tension. In the second project, children
monitored continuity across filming days; as Teacher B stated, “They used tape to fix the background position so it

wouldn’t shift.”
4.4. Human-in-the-Loop Control

Teachers emphasized that animation required continuous human decision-making. Teacher C reflected, “Stop-motion
makes it easier to observe children’s thinking,” noting that children’s ideas became “more detailed” in the second project.
Teacher B similarly observed increased proactivity in anticipating workflow and solving problems. The frame-by-frame
nature of animation externalized children’s decisions and made planning, sequencing, and revision observable within

classroom practice.

5. Discussions

This study demonstrates how stop-motion animation, situated within an integrated STEM curriculum, provided a
context in which children’s computational thinking became visible to teachers. Across the Guala Guala House and Soccer
Match projects, CT was enacted through children’s narrative organization, frame-by-frame control, and iterative revision.
Practices such as decomposition, sequencing, abstraction, algorithmic reasoning, and debugging emerged as children
translated lived experiences into structured storyboards and refined animations through playback and discussion. These
processes enabled teachers to recognize CT not as isolated technical skills, but as thinking embedded within creative and
representational classroom activity. Importantly, this study focuses on teachers’ awareness of computational thinking as
interpreted through classroom practice, with an emphasis on how teachers notice and make sense of children’s learning
processes in context. The findings also highlight the importance of human-in-the-loop control. Stop-motion animation
required continuous human judgment in coordinating movement, sequencing actions, maintaining continuity, and

adjusting expressive elements. Teachers’ awareness of CT was closely linked to these moments of decision-making and
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reflection. In this way, CT appeared as a human-centered, iterative design process shaped by collaboration and shared
problem-solving. Pedagogically, the study suggests that creative digital production within STEM can support teachers’
recognition of CT by externalizing children’s thinking. Because stop-motion animation makes planning, sequencing, and
revision visible, it offers early childhood educators a developmentally appropriate means of observing and articulating
CT without relying on formal coding instruction.

This study is limited by its small sample size and specific context, as all teachers were from the same school and had
prior engagement in a STEAM initiative. The findings should therefore be interpreted within this context. Future research
may examine teachers’ awareness across broader contexts and incorporate additional data sources, such as direct

observations, video analysis, or children’s verbal data, to further explore CT learning processes.
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Abstract: Computational thinking is central to mathematical problem solving, yet many of its processes remain implicit
during instruction. In video-based mathematics learning, students can follow demonstrated procedures without
articulating how ideas connect or how errors are resolved. Generative Al tools introduce new possibilities for supporting
independent learning, but many systems provide full solutions that risk reducing engagement in decomposition, evaluation,
and revision. This study investigates whether Al can be designed to scaffold computational thinking without replacing
Student reasoning.

We developed an Al-mediated reflection system for secondary calculus lessons on solids of revolution. The system provides
brief correctness feedback followed by a single targeted reflective prompt, without providing complete solutions and step-
by-step procedures. Twenty-five students from an urban science high school in the Philippines participated in a two-week
video-based instructional sequence. Students were assigned to either a fixed written reflection condition (n = 13) or an
Al-mediated reflection condition (n = 12). Reflection episodes served as the unit of analysis and were coded for four
computational thinking constructs: decomposition, algorithmic reasoning, evaluation, and debugging. Epistemic Network
Analysis was used to compare how these constructs were structurally connected across conditions. Primary findings
showed that computational thinking appeared in both conditions, but its organization differed. Fixed written reflection
conditions emphasized procedural explanation, with strong connections between decomposition and algorithmic
reasoning. In contrast, AlI-mediated conditions showed stronger links between decomposition and abstraction, suggesting
greater attention to structural relationships such as variable roles and axis orientation. Evaluation in the fixed condition
was more closely tied to verifying steps, while in the Al condition it was more connected to examining structural coherence.
Debugging was infrequent overall but

more explicit in AI-mediated sessions.

The findings indicate that AI-mediated reflection can reorganize how computational thinking processes are coordinated
during learning. When designed to withhold solutions and prompt explanation, generative Al can function as reflective

scaffolding that supports structural reasoning while maintaining student responsibility for problem solving.

Keywords: Computational thinking, Generative Al, Al-mediated reflection, Epistemic Network Analysis
1. Introduction

Computational thinking (CT) is central to mathematics education (Wing, 2006). In mathematics, CT includes
decomposition, abstraction, algorithmic reasoning, evaluation, and debugging (Li et al., 2020; Shute et al., 2017).
Although essential to problem solving, these processes often remain implicit when students follow demonstrated
procedures without articulating underlying structure (Lodi & Martini, 2021).

Video-based instruction is common in secondary mathematics (Awang et al., 2025; Hwang & Tu, 2021). While it
supports flexible pacing, it shifts responsibility for monitoring and evaluation onto the learner (Engelbrecht & Borba,

2024). Without structured reflection, students may reproduce procedures without examining structural coherence.
33



Hsu, T. C., & Ogata, H. (Eds.). (2026). Proceedings of the 10th International Conference on Artificial Intelligence,
Computational Thinking and STEM Education .Kumamoto: The Asia-Pacific Society for Computers in Education.

Generative Al introduces new possibilities for supporting independent reasoning (Debets et al., 2024; Kdkver et al.,
2025). However, many Al tools provide full solutions or procedural steps (Su & Yang, 2023), potentially reducing
engagement in CT processes. The question is whether Al can scaffold computational thinking rather than replace it.

This study examines how generative Al can be structured to support CT during video-based calculus instruction. The
research question guiding this study is: How does Al-mediated reflection influence the expression and structural
organization of computational thinking during video-based mathematics learning? We compare Al-mediated reflection
with fixed written prompts using coded reflection episodes and Epistemic Network Analysis (ENA) to examine not only
whether CT processes appear, but how they are connected.

2. Computational thinking and reflection

Computational thinking refers to formulating problems in ways that enable structured solution procedures
(Duckworth & Fraillon, 2025). Its core components of decomposition, abstraction, algorithmic reasoning, and debugging
extend beyond computer science and align with mathematical problem solving (Shute et al., 2017). Reflection provides a
context in which these processes become visible. When students articulate reasoning, justify steps, or reconsider errors,
they externalize CT processes that might otherwise remain implicit (Demirel et al., 2015). Reflection episodes therefore
offer a means to examine both the presence and structural coordination of CT during learning.

3. Design of the Al-mediated reflection system

The Al system in this study was designed to scaffold CT without providing solutions. It withheld step-by-step
procedures and final answers, offering only correctness feedback followed by a single targeted reflective prompt. Prompts
directed students to articulate procedural structure, examine variable relationships, evaluate coherence, and reconsider
possible weaknesses in their reasoning. By maintaining student responsibility for explanation, checking, and revision, the
system aimed to integrate decomposition, algorithmic articulation, evaluation, and debugging into the reflection process.

MetaMath Tutor

fthe diferertial rea is vertical do | sways use dy In my integral?

dy because the avs is e y-axs ard the sices are perendicular

How could you chec. for a new problem, wheher to use d or dy without looking at the picture fest?

‘S'uu\d 1 consider the location of the axis of revolution?

Figure 1. User interface of the Al-mediated reflection system

4. Context and methods

4.1. Participants and procedure

The study was conducted over a two-week instructional sequence on solids of revolution. Students engaged with a
series of video-based lessons individually at home designed to introduce and explain key concepts and procedures related
to the lesson. The participants were twenty-five secondary students from an urban science high school in the Philippines.
All instructional materials, including videos and assessments, were consistent across participants.

For each lesson, students first watched the instructional video, which introduced key concepts and demonstrated
worked examples. After viewing the lesson, they were required to submit a reflection describing their understanding and

reasoning. In the control condition, this reflection was written in response to fixed prompts. In the experimental condition,
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students entered their reflection into a chatbot interface that function by the Al system design. After each student message,
the chatbot provided brief correctness feedback followed by a single targeted prompt for clarification or revision. This
exchange could continue for multiple turns within the same session. The Al system was used only during the reflection
phase and, although it may provide brief conceptual clarifications, it did not give correct answers, worked solutions, or
step-by-step procedures.

Students were assigned to one of two conditions: In the control condition (n=13), learners completed fixed written
reflection prompts after each lesson. These prompts required students to describe their understanding and consider how
they might improve their approach. In the experimental condition (n=12), learners completed their reflections through
interaction with the Al chatbot. Both groups received the same instructional content and engaged with the same video
lessons. The only difference between conditions was the format and structure of the reflection activity.

4.2. Data sources

Data were collected from multiple sources to examine how computational thinking processes were expressed and
organized during learning. These included written reflections from the control group, chatbot interaction transcripts from
the experimental group, post-lesson interview data, and interaction timing logs from the Al system.

4.3. Coding and data analysis

The primary unit of analysis was the reflection episode. For each lesson, a reflection episode consisted of either one
complete written reflection (control condition) or one full chatbot session (experimental condition), including all student-
Al exchanges within that session. All CT codes identified within the same episode were combined at the episode level.

Reflection episodes were coded for four computational thinking constructs: decomposition, algorithmic reasoning,
evaluation, and debugging. Each construct was coded as either present or absent within a reflection episode.

Epistemic Network Analysis (ENA) was used to model co-occurrence of CT constructs within episodes. In the ENA
model, nodes represented CT constructs and edges represented their co-occurrence within an episode, allowing
comparison of structural organization across conditions.

5. Results

5.1. Expression of CT processes

CT appeared in both conditions but differed in emphasis. In the fixed written reflection condition, reflections focused
on structural explanation. For example, one participant reported that “getting the area of a solid of revolution involves
breaking it down into infinite slices ” (FO3, written reflection). Here, decomposition and abstraction are linked through
explanation of structural roles.

In the Al-mediated reflection condition, reflections more frequently used ordered procedural language and explicit
correction. For example: “I could check first if | am using the correct differential (dy or dx)”(A02, reflection episode).
Debugging statements such as correcting bounds or differentials appeared more often in Al-mediated sessions.

Overall, based on the coding of reflection episodes, participants in fixed written reflections inclined to emphasize
conceptual structure, while participants in Al-mediated reflection sessions showed clearer procedural articulation and

explicit error recognition.
5.2. Connections of CT engagements

Epistemic Network Analysis was used to examine how CT constructs were connected in the fixed written reflection
and Al-mediated reflection conditions. Units were defined at the student level. Because each conversation was coded as

one line, a stanza window of 1 was used so that all CT codes within the same episode were treated as co-occurring.
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Figure 2. Epistemic network comparison of computational thinking constructs in Al-mediated reflection and fixed
written reflection conditions. Nodes represent CT constructs, and edge thickness reflects co-occurrence strength within
reflection episodes. Red indicates Al-mediated reflection; blue indicates fixed written reflections.

The network graphs show a clear difference between conditions. The centroids for Al-mediated reflection and fixed
written reflection episodes are separated along the main projection axis. This means the two conditions differ not only in
how often CT processes appear, but also in how those processes are connected.

In the fixed written reflection condition, the strongest connection is between decomposition and algorithmic
reasoning. When students break a problem into parts, they tend to link this to ordered steps. In this condition, CT is
organized around procedural explanation: break the problem down, then describe the steps to solve it.

In the Al-mediated reflection condition, the strongest connection is between decomposition and abstraction. When
students break the problem into parts, they are more likely to connect this to identifying structural relationships, such as
the role of variables, axis orientation, or inner and outer radii. Abstraction is more central in the Al-mediated reflection
network, meaning structural reasoning plays a larger role in these sessions.

Evaluation also differs across conditions. In the fixed written reflection network, evaluation connects more strongly
to algorithmic reasoning. In the Al-mediated reflection network, Evaluation connects more to Abstraction. This suggests
that in the fixed written reflection condition, checking is tied to verifying steps while in the Al-mediated reflection
condition it is connected to whether the structure of the solution makes sense.

Debugging appears rarely in both conditions and is not central in either network. This is consistent with the strict rule
used to code debugging only when students clearly identified and corrected an error.

Overall, the results show that the two conditions organize computational thinking differently. Fixed written
reflections show stronger procedural connections. Al-mediated reflection sessions show stronger links between breaking
the problem apart and identifying its structure. These findings indicate that Al-mediated dialogue may support more
structurally focused problem representation.

6. Discussion and conclusion

Both conditions engaged core CT processes but organized them differently. In the fixed written condition,
decomposition was most strongly connected to algorithmic reasoning, suggesting a procedural orientation. In the Al-
mediated reflection condition, decomposition was more strongly linked to abstraction, indicating greater attention to
structural relationships. Evaluation also differed: in fixed written reflections it aligned with step verification, whereas in Al-
mediated reflection sessions it aligned with structural coherence. Debugging was infrequent overall but more explicit in
Al-mediated sessions.

These results show that Al-mediated reflection does not merely increase CT frequency but can reorganize how CT
components are coordinated. Generative Al systems can be designed to function as reflective scaffolding (Chen, Chen,
& Lai, 2025) that supports structural reasoning while maintaining student responsibility for problem solving. Future

studies could further examine the reflective design of scaffolding within the Al-mediated system.
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Abstract: Since now Al can be used to generate program code according to natural-language sentences, anyone can be
a programmer to create programs to solve computational problems in their domains. However, for novice programmers,
ensuring that AlI-generated implementations meet their needs remains very challenging. Although programming has been
recognized as an effective way to develop learners’ computational thinking, learners who fully trust Al and accept
generated code without thinking may fail in learning. To address this issue, we develop a comprehensive framework to
guide learners in learning and using Al-assisted programming. In the proposed framework, we adopt the simple yet
effective PDCA cycle and introduce the “plan-for-check” concept, which connects the Plan stage and the Check stage,
in response to requirements analysis and software testing, respectively. With our framework, students can easily learn to
practice key software engineering concepts in their Al-assisted programming. To evaluate our framework, we
implemented a learning system to support the methodology and conducted an experiment comparing the learning
performance achieved with our framework to that of directly chatting with Al. The experimental results show that our

methodology can help learners acquire the ability to effectively use Al in programming.

Keywords: Generative Al, programming education, computational thinking, PDCA cycle, Al-assisted programming

1. Introduction

As generative Al (GenAl) tools mature and become more popular, people can use Al to quickly generate programs
from natural-language instructions rather than traditional coding. People may provide sentences in English or any
language they are familiar with as prompts to GenAl tools like ChatGPT to generate concrete implementations in a
specific programming language, such as Python. It means that everyone can be a programmer with Al’s assistance,
creating programs to solve computational problems in their domains.

However, ensuring the generated implementations fit programmers’ needs is very challenging. To experienced
programmers, it might not be tough since they know how to verify the generated programs, as they do for code review.
On the other hand, for novice programmers, the question is how they should learn and use Al-assisted programming.
Several research activities have highlighted these issues, including the tendency to accept AI’s suggestions without
checking and the lack of metacognitive awareness (Prather et al., 2023; Prather et al., 2024).

Even though programming has been recognized as an effective means of developing a conceptual model of
computational thinking (CT) (Tikva & Tambouris, 2021), the emergence of GenAl tools complicates this picture. Without
a comprehensive framework to guide students in learning and using Al-assisted programming, students may fully trust
Al and accept generated code without thinking (Vaithilingam et al., 2022; Zhang et al., 2023), leading to overreliance on
GenAl tools. As many research studies have highlighted, reading and learning from debugging are important for learning
programming (Lowe, 2019; Marceau et al., 2011). Consequently, students can save time on debugging, but also miss the
chance to learn from it.

To address this issue, this study was conducted to consider and answer the following two research questions (RQs):

(1) Can we introduce a simple strategy, such as the PDCA cycle, to develop a framework for guiding students to

learn and use Al-assisted programming?
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(2) Can such a framework be used to improve students’ learning achievement, compared with using GenAl tools
without it?

We developed an instructional framework for Al-assisted programming based on the PDCA (Plan-Do-Check-Act)
cycle to guide learners to consider “plan-for-check” in their programming tasks. As scaffolding, it can help learners learn
and use GenAl tools in programming. We then implemented a learning system and conducted an experiment to evaluate
our methodology. Note that this paper reports only the instructional design with a preliminary result. For the metacognitive
support in our framework, we are analyzing the data for further discussion.

2. Literature Review

Below, we review the literature on programming with GenAl to further clarify the issue we would like to address,
and then discuss the application of the PDCA cycle in education, explaining why we introduce this strategy into Al-
assisted programming. Finally, we discuss requirements analysis and software testing, which map to the Plan and Check

stages in the PDCA cycle, respectively, to highlight the need of “plan-for-check” in our proposed methodology.
2.1. Programming with Generative Al

Nowadays, computer programming is no longer limited to computer science students; it is a common tool and skill
for resolving issues in specialized domains. With GenAl tools such as ChatGPT and Gemini, learners can ask for solutions
and concrete implementations through chat, then copy the generated programs for use. On the other hand, programmers
may also use Al-assisted programming, such as Copilot, writing comments in an IDE (integrated development
environment) to generate partial programs. Some practice, including Vibe Coding and several research results, already
showed that GenAl can help learners in programming by lowering the learning threshold and reducing mental effort
(Deng et al., 2025; Groothuijsen et al., 2024; Yilmaz & Karaoglan Yilmaz, 2023).

On the other hand, there are many research findings suggesting that how learners use GenAl in problem-solving is
critical (Hou et al., 2026; Hou et al., 2025), and the risk of overreliance on GenAl has been revealed as well (Nathaniel
et al., 2025; O’Brien, 2025; Sergeyuk et al., 2025; Zhou et al., 2025). Undoubtedly, GenAl has become an indispensable
programming tool, but it also requires programmers to have a clear understanding of planning and testing.

2.2. PDCA Cycle in Education

The original concept of PDCA (Plan-Do-Check-Act) cycle was proposed by Shewhart and later modified and
popularized by Deming (Moen & Norman, 2010). It is an iterative design for controlling the quality of processes or
products in business. The PDCA cycle starts with the Plan stage, where a product plan is developed. After that, we
implement the plan in the do stage and identify any issues within the product in the Check stage. Then, during the act
stage, we adjust and refine the goal based on the identified issues to provide a better baseline for the next cycle. By
repeating the PDCA cycle, the quality of products can be consistently controlled and improved.

The PDCA cycle has been applied in education, demonstrating its benefits for teaching practices (Huan & Nasri,
2022). It was also introduced into tangible programming education for children, reporting its effectiveness in developing
students’ structured programming skills, i.e., using sequence, repetition, and conditional branches, along with their
reflective thinking (Gong et al., 2024). These research activities revealed the simplicity and potential of applying the
PDCA cycle and motivated us to adopt it in our methodology.

2.3. Requirements Analysis and Software Testing

As a starting point, requirement analysis plays an essential role in software development. It is to analyze the
conditions required to meet the product's needs, including considering system requirements, possible conflicts,

documentation, and validation. Empirical evidence in software engineering shows that high-quality requirements analysis
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significantly influences downstream development activities, reducing rework and project failures (Frattini et al., 2023;
Montgomery et al., 2022), while poorly managed requirements link to misunderstandings and such increased analysis
effort and reduced project success rates (Tamai & Kamata, 2009).

On the other hand, software testing is a central technique used in software verification and validation to build
confidence that an implementation meets its intended specifications (Adrion et al., 1982). Once software product
development begins, the next question is how to determine whether the quality meets the requirements. Although software
testing is such a critical aspect of the software development cycle, challenges persist in effectively teaching it (Fasolino
et al., 2025). We integrated the concepts of requirements and software testing from software engineering and combined
the simplified versions with the Plan and the Check stages in the PDCA cycle, respectively. Furthermore, we borrowed
the idea of Test-Driven Development (TDD) (Janzen & Saiedian, 2005) and converted it into “plan-for-check” for the
PDCA cycle in our methodology.

3. Methodology and Learning Design

In this section, we explain how the PDCA cycle was adopted in our Al-assisted programming framework, particularly

the “plan-for-check” concept, and demonstrate the learning system we implemented for this framework.
3.1. The PDCA Cycle for Al-Assisted Programming

The learning design of our framework is shown in Figure 1, where each outer block represents a stage in the PDCA
cycle: Plan, Do, Check, and Act. In each stage, we define what to do for programming with GenAl, respectively. In the
Plan stage, learners need to carefully read the given problem description, analyze the requirements for the target program,
and set up check items. During the requirement analysis, learners may also consult GenAl for advice. Unlike the formal
way in software engineering, we focus on the input and output for novice programmers. In the Do stage, learners can ask
Al to generate programs. Then, in the Check stage, learners must verify the generated programs with the check items set
in the Plan stage. This is to ensure that the generated program meets the requirements and works well for learners. If any
check fails, learners have to think about the reason and act on it during the Act stage, then return to the check items setting
in the Plan stage. The goal of our framework is to help learners develop the ability to plan and check programs rather than
relying entirely on GenAl. Just like existing automation tools, such as code generation from UML diagrams, GenAl
should be a tool that generates implementations based on programmers’ intentions, meaning programmers need to know
how to determine whether the generated code meets their needs.

Plan Do Check Act

Analyze Set up check Ask Al to Verify generated Reflect and
requirements items generate programs with modify prompts
with Al (plan-for-check) programs check items for the next run
-/

Figure 1. The PDCA cycle for Al-assisted programming in our framework.
3.2. The PDCA Cycle for Al-Assisted Programming

Inside the Plan stage, there is a key point: plan-for-check. In the proposed framework, we strictly ask learners to do
planning based on how they will check. With this idea, learners can grasp what to plan and how to check. The idea of
“plan-for-check” is borrowed from TDD in software development, where programmers should always consider input and
output and prepare tests for their functions and modules. For novice programmers, we are not forcing them to apply formal
testing; we are helping them understand how to consider verification at an early stage. It also helps learners imagine what

the program should look like.
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3.3. Our learning system

We developed a learning system based on our methodology as a scaffold to guide learners in programming with
GenAl within the framework. Our learning system is a wizard-style, browser-based interface that integrates the OpenAl
API to leverage the GPT-40-mini model and connects to a MySQL database. The interface provides a combination of a
panel to display the problem description, a form to set and list check items, an area to show generated code, and a console
to display execution results, depending on the stage of the PDCA cycle the learner is in. Our learning system is designed
to help follow and foster the ability to program with GenAl. After learners acquire the ability, they can program with any
kind of GenAl without our learning system.

4. Experimental results and data analysis

To evaluate our methodology, we designed an experiment, as shown in Figure 2, to compare students' learning
achievement when using our learning system with that when using GenAl tools directly. We recruited subjects from a
university in Taiwan to participate in our experiments and randomly assigned them to the experimental and control groups.
Note that students come from different departments and have less than one year of programming experience, excluding
students from CS-related departments. The pedagogical activities every week consist of two parts: 10 minutes for learning
material and 40 minutes for programming tasks. The learning material for both groups is delivered by the same instructor,
with the same programming task, but during the 40 minutes of exercise, they use different systems to learn: the
experimental group works on our learning system, while the control group chats directly with GenAl without the PDCA
cycle or wizard. Regarding the design of programming tasks and the learning in the control group, we refer to the one
designed by Vadaparty et al. (2024).

Experimental group (N=34) Control group (N=34)
Experimental Process Explanation and Pre-Test | : Week 1
*
Pedagogical activities: Pedagogical activities: !
| Week 2-12
10 mins: Learning Material 10 mins: Learning Material ! ee
40 mins: Learn with our framework 40 mins: Learn with GenAl directly :
¥ b 2 ‘
Post-Test and Interview | : Week 13

Figure 2. The experimental procedure.

For the tests, we prepared yet another programming task equivalent to those in weeks 2 to 12, focusing on application
scenarios and requirements analysis. The goal is to design an ordering system for desserts that can handle customer orders
and calculate payments for different item types, where customers’ orders are sequences of items with arithmetic, and
learners need to consider some exceptions and invalid cases. In this experiment, we took not only the program's results
but also learners' modifications to prompts into account when defining the scoring rubric. The scoring is done by two
experienced programming instructors and follows the standardized scoring procedure and consensus moderation.

After ensuring the samples were normally distributed using the Shapiro-Wilk test and confirming homogeneity of
variances using Levene’s test, the one-way analysis of covariance (ANCOVA) was employed to account for the difference

in pre-test scores between the two groups. The ANCOVA results for learning achievement show that the adjusted mean
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post-test score of the experimental group is 62.145, while that of the control group is 53.931, indicating a significant
difference between the two groups (F = 7.223, p =.009 < .01).

The numerical results indicate that the experimental group using our framework outperforms the control group. Thus,
the answer to both RQs posed in the introduction is “yes”: we demonstrated the feasibility of designing a simple
framework to guide learners and improve their learning outcomes. In interviews with subjects in the experimental group,
several learners provided positive feedback, such as “learning the PDCA cycle helps me program with structural methods
rather than just try-and-error” and “now I will proactively think about how to check the generated programs.” Although
the analysis of our experiment reported here remains limited, this feedback also suggests that our framework is effective.
To clarify our assumption about the metacognitive support provided by the framework, we are now analyzing
experimental data and interview transcripts for further discussion.

5. Conclusions

To guide novice programmers seeking to benefit from GenAl, we developed a framework based on the PDCA cycle
and introduced the “plan-for-check” concept. We also implemented a learning system based on it and conducted an
experiment that demonstrated the feasibility of such a framework. In this paper, we present numerical results from our
preliminary analysis. We are now analyzing the experimental results in detail to discuss the metacognitive support
provided by our framework. How to further refine the Plan and Check stages for teaching is also include in our future
work.
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Abstract: Accessible hands-on instruction in artificial intelligence remains difficult to implement in many K-12 and
interdisciplinary settings because practical activities often require coding experience, managed computer laboratories,
and substantial setup time. This paper presents a smartphone-enabled progressive web application for introductory
machine learning education and reports a classroom-based evaluation with novice learners to provide preliminary
evidence of its feasibility and educational value. The technical contribution is a browser-native instructional architecture
that combines a pre-trained convolutional neural network, on-device fine-tuning, and a simplified mobile user interface
so that learners can complete the supervised learning workflow (data collection, labeling, training, testing, and inference)
without programming or specialized software installation. Educational effectiveness was examined using a one-group
pre-test/post-test design with first-year non-CS university students (matched sample n=28). Paired conceptual quiz scores
increased from M=2.89 (SD=1.47) to M=3.71 (SD=1.38), t(27)=2.21, p=0.035, with a mean gain of 0.82

points (95% CI [0.06, 1.58]). Post-workshop ratings indicated favorable perceived ease of use, usefulness, and self-
efficacy/attitude (n=33; all construct means >4.0/5). The findings suggest that a comparatively lightweight PWA
implementation can support scalable, low-cost, code-free Al learning experiences while preserving core conceptual

learning outcomes.

Keywords: Al education, educational technology, progressive web application, interdisciplinary education,

computational thinking education, transfer learning
1. Introduction

Teaching core concepts in artificial intelligence (Al) and machine learning (ML) often depends on programming
exercises, desktop computers, and software environments that are difficult to deploy in K-12 and interdisciplinary
classrooms. This is a practical barrier in health-related programs, where many students are interested in Al applications
but have limited prior coding experience. In addition to technical complexity, hardware provisioning and classroom
logistics can make hands-on activities expensive and difficult to scale (Al Index Steering Committee, 2022).

To address this gap, we designed a smartphone-enabled progressive web application (PWA) that allows students to
experience a complete supervised learning workflow on their own devices without coding. Unlike many introductory
activities that depend on preconfigured desktops or notebooks, the present design shifts the delivery burden to a browser-
native application that can be accessed through a QR code. This design is intended to reduce setup overhead for educators
while retaining a genuine hands-on learning sequence rather than a passive demonstration.

In this paper, we report both the technical design and an empirical classroom evaluation involving first-year non-CS

university students. The contribution is not a novel ML algorithm; rather, it is a deployable educational engineering pattern:
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an easy-to-develop, easy-to-deploy PWA that packages transfer learning and mobile interaction into a classroom-ready
tool for Al education. We further provide preliminary evidence from a pre-test/post-test study examining conceptual
learning gains and student perceptions of usability, usefulness, and confidence. Pedagogically, the workshop is framed as
a guided-discovery and experiential learning activity in which students manipulate data, observe model behavior, and
infer core ML concepts from immediate feedback.

2. System and Workshop Design

2.1. Smartphone PWA for on-device ML learning

The application is a browser-accessible PWA for smartphones and tablets. Learners scan a QR code and use a simple
mobile interface to add labeled examples, train a model, estimate accuracy, and classify new images. The workshop task
uses a binary chest X-ray (CXR) pneumonia-versus-normal example, which is concrete for medical Al discussion and
compatible with prior medical imaging work (Kermany et al., 2018).

To make training feasible in a short class, the app uses a pre-trained convolutional neural network and lightweight
on-device fine-tuning rather than training from scratch. This transfer learning design reduces the number of new examples
required while preserving the pedagogical value of data collection, labeling, training, and testing (Pan & Yang, 2010).
The interface is intentionally task-driven, exposing only a small set of actions (add data, train, update accuracy, classify,
reset) so students can focus on concepts instead of programming syntax.

2.2. Technical implementation and transferability

The prototype converts an ML teaching activity into a browser-deliverable tool by adapting a pre-trained
convolutional neural network to a binary CXR task and converting the model from a Python/Keras workflow for browser
execution using TensorFlow.js tooling (Smilkov et al., 2019).

The front-end PWA lowers setup complexity and can be reused across topics by changing labels, preloaded models,
and media assets. Compared with notebook- or IDE-based exercises, it reduces technical overhead for both instructors
and learners.

Figure 1 summarizes the overall technical and pedagogical design, including browser-side deployment, model
preparation, and smartphone-based data capture/labeling.

2.3. Workshop learning flow

The workshop is a guided hands-on activity in which students use the PWA to collect labeled CXR examples, train
a personalized model on-device, estimate performance on a built-in withheld test set, and test inference on new images.

The activity connects app actions to ML concepts (labeled data, train/test split, transfer learning, data quality).
Students are encouraged to experiment with less data, poor-quality images, and incorrect labels so that model behavior
becomes a basis for inference and discussion.

The workshop is intentionally heuristic: participants explore, test, and infer ML concepts from the system's responses
rather than receiving step-by-step explicit teaching of each quiz concept. This guided-discovery structure is intended to
support experiential concept building: learners iteratively collect data, inspect outcomes, and reflect on how labeling, data

quality, and testing affect model performance.
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Figure 1. Technical and pedagogical overview of the PWA workshop. (a) Browser-side deployment and classroom
interaction sequence; (b) preparation of the partially randomized pre-trained model in the Python environment; (c)
smartphone-mediated data capture/labeling setup used in the activity.

3. Evaluation Method

3.1. Design and participants

We used a one-group pre-test/post-test quasi-experimental design to evaluate the educational effectiveness of the
PWA workshop in a regular university class. The study was conducted in a first-year course for non-CS students in an
interdisciplinary health and social well-being program. The intervention was a single in-class session in October 2025
after lecture content introducing basic AI/ML concepts.

After removing Qualtrics metadata rows and duplicate responses by IP address (keeping the latest response per IP),
the dataset contained 43 pre-workshop and 33 post-workshop records. Anonymous pre/post responses were matched by
IP address, yielding a paired analytic sample of 28 participants. In the matched sample, prior coding experience was
limited (No (n=21); Yes (n=7)), and baseline self-rated Al understanding was mostly low (2 - Very little understanding
(n=13); 3 - Some understanding (n=9); 1 - No understanding at all (n=4); 4 - Good understanding (n=2)). Institutional
fast-track Research Ethics Committee (REC) approval was obtained (HKBU REC/25-26/0027).

3.2. Measures, procedure, and analysis

Data collection included: (1) a pre-workshop background survey, (2) a five-item conceptual quiz administered
pre/post, (3) a 10-item post-workshop Likert questionnaire on ease of use, usefulness, and self-efficacy/attitude, adapted
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from technology acceptance constructs (Davis, 1989; Venkatesh et al., 2003), and (4) three open-ended feedback
questions.

The five quiz items covered: the purpose of labeling data (Q1), the advantage of using a pre-trained model (Q2),
interpretation of approximately 50% test accuracy in a binary classifier (Q3), the role of a testing set (Q4), and the effect
of poor-quality training images on model performance (Q5).

The classroom procedure comprised pre-test, guided PWA activity, post-test, and short reflection. Quiz knowledge
was not taught as explicit answers; students were encouraged to infer concepts through guided interaction. Analysis used
paired-samples t-tests for matched total quiz scores, Wilcoxon signed-rank tests as a non-parametric check, descriptive
statistics plus Cronbach's alpha for post-workshop subscales (using all deduplicated post responses), and a light thematic
coding pass for open-ended feedback (Braun & Clarke, 2006).

4. Results

4.1. Conceptual learning gains

Conceptual quiz performance improved after the workshop. In the matched sample (n=28), the mean score increased
from 2.89 (SD=1.47) pre-workshop to 3.71 (SD=1.38) post-workshop. The improvement was statistically significant,
t(27)=2.21, p=0.035. The mean gain was 0.82 points (95% CI [0.06, 1.58]).

A non-parametric sensitivity analysis showed a consistent result (Wilcoxon signed-rank statistic=54.0, p=0.030).
Item-level accuracy gains were strongest for the question about interpreting approximately 50% test accuracy in a binary
classifier and for the question about the purpose of labeling data, which aligns with the workshop's emphasis on supervised
learning and testing.

As shown in Figure 2(a), the total quiz score distributions shift upward after the workshop when visualized using
pre/post violin-plus-box summaries with overlaid participant scores and mean = 95% confidence intervals. Figure 2(b)
complements this by showing item-level accuracy changes, highlighting the largest gains in labeling and interpretation of
approximately 50% accuracy.

4.2. Perceived usability, usefulness, and attitude

Using all post-workshop survey responses after deduplication (n=33), students reported positive perceptions across
all three constructs. Mean ratings were high for perceived ease of use (M=4.16, SD=0.80), perceived usefulness (M=4.19,
SD=0.75), and self-efficacy/attitude (M=4.12, SD=0.76) on a 1-5 scale. These values suggest that the mobile interface
was usable for novices and that students perceived clear learning value in the hands-on activity.

The three subscales also showed high internal consistency in the post-workshop sample (alpha=0.925 for perceived
ease of use, alpha=0.926 for perceived usefulness, and alpha=0.913 for self-efficacy/attitude). Figure 2(c) shows the
subscale score distributions and summary statistics. Although the sample is modest and the instrument was adapted for a
specific classroom context, these results support the reliability of the post-workshop perception measures used in this
study.

4.3. Qualitative feedback themes

Open-ended responses were generally positive and short. A dominant positive theme was engagement with the hands-
on process of training and testing a model on a phone (e.g., comments highlighting that the activity was fun, easy to
understand, and helpful for understanding Al). A second theme was the novelty of directly controlling data collection and
observing model performance.

The most common difficulties involved capturing clear photos, deciding how to label data correctly, and

understanding abstract concepts such as layers in machine learning and the relationship between data and model accuracy.
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Improvement suggestions focused on clearer explanations of labeling and datasets, clearer label-to-class mapping in the

app interface, more examples, and support for selecting images from the photo album instead of real-time capture only.
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Figure 2. Quantitative outcomes of the workshop. (a) Distribution of matched pre/post total quiz scores with participant-
level scores and mean + 95% CI; (b) item-level pre/post accuracy and percentage-point gains; (c) post-workshop
perception subscale score distributions and summary statistics.

5. Discussion

The results support the practical value of a code-free, bring-your-own-device approach for introductory Al education
in interdisciplinary settings. The PWA reduced setup overhead while still allowing students to experience core steps of
supervised learning, including collecting examples, assigning labels, training a model, and evaluating performance on
withheld data. This is especially useful in classrooms where device heterogeneity, limited lab access, and varying
technical backgrounds make conventional coding labs difficult to deploy.

An additional contribution is methodological, technical, and pedagogical: the study shows that a relatively
lightweight PWA engineering approach can produce an Al learning tool without institution-managed compute
infrastructure while supporting guided conceptual discovery. This framing aligns the workshop with guided-discovery
and experiential learning approaches, because students do not receive quiz answers directly but instead build
understanding by manipulating data, observing model behavior, and reflecting on the consequences for training and
testing. The observed gains therefore suggest that the PWA can serve as an effective instructional scaffold for introductory
ML learning, not merely as a deployment mechanism.

The strongest item-level improvements are pedagogically meaningful: students improved most on interpreting a near-
random accuracy score and on the role of labeled data, both of which are difficult concepts for novices to internalize from
definitions alone. At the same time, the evidence should be interpreted cautiously because the study used a one-group
pre-test/post-test design, IP-based matching for paired analysis, and a single course context. Future work should compare
this heuristic PWA workshop against lecture-only or computer-lab alternatives, test retention, and refine the interface
(e.g., album upload and clearer label indicators) while preserving the low-cost deployment advantages of the PWA
approach.

6. Conclusion

We presented a smartphone-enabled PWA and workshop design for teaching introductory ML concepts without
coding and with minimal infrastructure requirements. Beyond the classroom intervention itself, the study contributes an
implementation pattern showing how a comparatively simple browser-native application can operationalize transfer
learning concepts for novice learners in a form that is practical for educators to deploy and adapt.

The evaluation with first-year non-CS students showed significant conceptual learning gains and strong post-
workshop perceptions of usability and usefulness. Together, these findings support the role of lightweight PWAs as a
credible technical foundation for widening participation in Al education across interdisciplinary and resource-constrained

settings.
48



Hsu, T. C., & Ogata, H. (Eds.). (2026). Proceedings of the 10th International Conference on Artificial Intelligence,
Computational Thinking and STEM Education .Kumamoto: The Asia-Pacific Society for Computers in Education.

Acknowledgments

The authors thank the HSWB1005 students who participated in the classroom activity and survey. The study was
conducted under HKBU REC/Ethics/Human (Non-clinical) Fast Track project REC/25-26/0027 (planned period 22 Sep
2025 to 21 Nov 2025; intended recruitment n=50; voluntary and anonymous participation with no incentives).

References

Al Index Steering Committee. (2022). Al Index Report 2022. Stanford Institute for Human-Centered Artificial
Intelligence. https://hai.stanford.edu/assets/files/2022-ai-index-report_master.pdf

Braun, V., & Clarke, V. (2006). Using thematic analysis in psychology. Qualitative Research in Psychology, 3(2), 77—
101. https://doi.org/10.1191/1478088706qp0630a

Davis, F. D. (1989). Perceived usefulness, perceived ease of use, and user acceptance of information technology. MIS
Quarterly, 13(3), 319-340. https://doi.org/10.2307/249008

Kermany, D. S., Goldbaum, M., Cai, W., Valentim, C. C. S,, Liang, H., Baxter, S. L., McKeown, A., Yang, G., Wu, X,
Yan, F., Dong, J., Prasadha, M. K., Pei, J., Ting, M. Y. L., Zhu, J., Li, C., Hewett, S., Dong, J., Ziyar, 1., ... Zhang,
K. (2018). Identifying Medical Diagnoses and Treatable Diseases by Image-Based Deep Learning. Cell, 172(5),
1122-1131.€9. https://doi.org/10.1016/j.cell.2018.02.010

Pan, S. J., & Yang, Q. (2010). A survey on transfer learning. IEEE Transactions on Knowledge and Data Engineering,
22(10), 1345-1359. https://doi.org/10.1109/TKDE.2009.191

Smilkov, D., Thorat, N., Assogba, Y., Yuan, A., Kreeger, N., Yu, P., Zhang, K., Cai, S., Nielsen, E., Soergel, D., Bileschi,
S., Corrado, G., Wattenberg, M., & Viégas, F. B. (2019). TensorFlow.js: Machine learning for the web and beyond.
arXiv Preprint arXiv:1901.05350. https://arxiv.org/abs/1901.05350

Venkatesh, V., Morris, M. G., Davis, G. B., & Davis, F. D. (2003). User acceptance of information technology: Toward
a unified view. MIS Quarterly, 27(3), 425-478. https://doi.org/10.2307/30036540

49



Hsu, T. C., & Ogata, H. (Eds.). (2026). Proceedings of the 10th International Conference on Artificial Intelligence,
Computational Thinking and STEM Education .Kumamoto: The Asia-Pacific Society for Computers in Education.

Social and Humanoid Robots in the New Era of Educational Robotics

Antun DROBNJAK?, Tomislav RAJINOVIC?, Tomislav JAGUST® & lvica BOTICKI#
1234 Faculty of Electrical Engineering and Computing, University of Zagreb, Croatia
*ivica.boticki@fer.hr

Abstract: This paper presents results of a larger systematic review on the development of educational robotics from 2016-
2025, with particular emphasis on its application in combination with virtual tools within the educational metaverse.
Various studies are analyzed to identify the types of robots and virtual digital tools, while the collected data enable the
identification of patterns in their application. The study places a special emphasis on the evolution of educational robotics
in terms of the tools and approaches used by examining two adjacent periods: 2016-2020 and 2021-2025. The findings
show a clear shift in educational robotics between those two periods, with growing emphasis on social robots, humanoids,
simulation environments, and Al-driven tools. Virtual platforms and learning-based approaches have become central to
development and experimentation, while hardware-intensive applications continue to face practical and scalability
constraints. Overall, the field is increasingly shaped by the integration of AI and virtual technologies, with future progress

depending on how effectively digital advances can be translated into reliable physical systems in educational settings.

Keywords: educational robotics, metaverse, educational activities, review

1. Introduction

Robotics has rapidly expanded in research and consumer domains, with education as a key application. It is used
from kindergarten to higher education, supporting STEM and non-STEM learning while fostering cognitive, collaborative,
and problem-solving skills. Its use can be framed in three ways: as a learning objective, aid, or tool (Eguchi, 2021). As a
multidisciplinary field combining robotics, pedagogy, and psychology, educational robotics seeks to enhance learning
through pedagogically informed design (Angel-Fernandez & Vincze, 2018). While robots can increase curiosity and
engagement, challenges such as cognitive load and skill complexity remain (Sapounidis & Alimisis, 2021).

At the same time, the educational metaverse has emerged as an immersive environment integrating augmented reality,
virtual worlds, and related technologies. It blends physical and digital spaces, enabling real-time interaction independent
of time and location (Zhang et al., 2022). Research shows that immersive technologies, especially when combined with
learning analytics, can improve collaboration, motivation, and achievement (Lampropoulos & Evangelidis, 2025), though
adoption depends on factors such as self-efficacy, effort expectancy, and immersion (Al-Kfairy et al., 2024). Although
educational robotics, seamless learning, and the metaverse are widely reviewed, they are rarely examined together. While
education is a leading domain of metaverse development (Herath et al., 2024), subject-specific and context-sensitive
analyses remain limited. This fragmentation highlights a gap in understanding how to systematically integrate robotic and
immersive technologies for seamless educational experiences.

This study examines the intersection of educational robotics and metaverse technologies, mapping their development
from 2016 to 2025. It analyzes hardware and software trends across two periods through a systematic review of robotic
platforms and virtual tools, identifying shifts in research focus and methods, and highlighting directions for integrating
physical robots with virtual environments in education.

2. Methods

50



Hsu, T. C., & Ogata, H. (Eds.). (2026). Proceedings of the 10th International Conference on Artificial Intelligence,
Computational Thinking and STEM Education .Kumamoto: The Asia-Pacific Society for Computers in Education.

This paper employs a phased study selection Preferred Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA) approach that consists of identification, screening, eligibility check, and inclusion phases to ensure a
systematic and transparent approach in choosing the relevant studies for review (Liberati et al., 2009). The specific queries
(see Table 1) were executed in October 2025 across the four major academic databases: the Web of Science (WoS)
database, Scopus database, the Institute of Electrical and Electronics Engineers (IEEE) Xplore Digital Library and the
Association for Computing Machinery (ACM) database. The initial search identified a total of 3,867 records. After
removing 83 duplicate entries, 3,784 records remained for screening.

Table 1. Search query

WoS TAK= ("educat* robot*") and ("metaverse" or "virtual reality" or "augmented reality" or "blockchain™ or

Query "artificial intelligence" or "extended reality" or "digital twin" or "machine learning” or "digital twins" or

Example  "mixed reality" or "avatar" or "deep learning™ or "virtual worlds" or "internet of things" or "nft" or "vr" or
"edge computing" or "virtual world" or "avatars" or "virtual reality (vr)" or "blockchains" or "web 3.0" or
"jot" or "second life" or "6g" or "ai" or "augmented reality (ar)" or "industry 4.0" or "games" or "internet"”
or "cryptocurrency” or “"three-dimensional displays™ or “immersive technologies” or "reinforcement
learning" or "non-fungible tokens" or "ar" or "e-learning™ or "extended reality (xr)" or "cloud computing"
or "social media" or ""big data" or "'real-time systems" or "xr" or "computer vision" or "smart contracts" or
"artificial intelligence (ai)" or "6g mobile communication" or "nfts" or "chatgpt" or "generative ai" or
""sensors™ or "wireless communication™ or "web3" or "gaming" or "sentiment analysis" or "simulation” or
"smart cities” or "'cybersecurity" )

During the screening phase clearly defined inclusion and exclusion criteria were established to systematically
determine which studies would be retained. These criteria were formulated to ensure that selected publications were
directly relevant to the intersection of educational robotics and metaverse technologies, with particular emphasis on issues
related to technological design and development. Two independent coders applied inclusion and exclusion criteria to a
random sample of 300 papers based on titles and abstracts. Inter-coder agreement was substantial (Cohen’s k = 0.650).
Discrepancies were resolved through discussion, after which both coders independently screened the remaining studies
using the agreed criteria.

The subsequent phase of analysis followed a qualitative approach. Open coding was applied as the initial level of
analysis to identify discrete concepts, categories, and emerging themes within the data. This was followed by axial coding,
which served as a second, more integrative stage of analysis. Through axial coding, relationships among the previously
identified codes were examined and organized, enabling refinement and consolidation of categories. As described by
Strauss (1987), axial coding focuses on linking open codes to form central (core) categories, which emerge from clusters
of strongly related or overlapping codes supported by substantial evidence.

In the subsequent coding phase, three coders jointly analyzed 5% of the papers to refine the coding scheme, reaching
agreement before proceeding independently to ensure consistency and reliability. Following the open coding process, two
main analytical dimensions emerged: Robot Types (e.g., humanoid, social, wheeled) and Virtual and Digital Technology
Types (e.g., simulation systems, immersive technologies, Al based tools). The resulting structure forms the basis for a
comparative analysis of two distinct time periods: 2016—-2020 and 2021-2025. The division between these periods is
analytically relevant because the early period reflects foundational integration of robotics with digital and immersive
technologies, whereas the later period captures a phase marked by rapid advancements in artificial intelligence, increased
accessibility of AR/VR systems, and accelerated digital transformation, particularly following the global shift toward

remote and technology-mediated solutions after 2020. By comparing these intervals, the study aims to determine whether
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the field has introduced new robot categories, adopted more advanced intelligent systems, or shifted its technological
focus. The final corpus of the review consisted of 721 included studies, following the screening and application of
inclusion and exclusion criteria across the merged dataset from multiple academic databases.
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Included

Figure 1. PRISMA-Informed Flow Diagram of Study Selection and Qualitative Analysis
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3. Results

This section reports the main findings of the review, highlighting both the quantitative development of the field and
shifts in its research composition. It first outlines overall publication trends and then examines changes in thematic and
methodological focus.

3.1. Major Quantitative Shift (2016-2020 vs. 2021-2025

Clear structural shifts are observable across both physical robotic platforms and virtual technologies (see Figure 2).
A more detailed explanation of these categories is provided in previous work (Boticki et al., under review). Among
physical robot categories, service robots exhibit the most substantial growth, followed by social robots. Robotic arms also
show strong expansion, while humanoid robots demonstrate a clear upward trend. In contrast, wheeled robots, although
remaining the most prevalent platform across both periods, display comparatively moderate growth. These trends indicate
that, while mobility-centered systems continue to serve as a foundational platform, recent research increasingly prioritizes
socially interactive and service-oriented robotic applications. On the virtual technology side, the acceleration is even more
pronounced. Algorithm-focused research shows the most dramatic expansion across all categories. Learning platforms
and educational games also expand considerably, while augmented and virtual reality technologies demonstrate steady
growth. Notably, Al tools and chatbots emerge as a distinct category only in the later period, reflecting the rapid
integration of Al into robotics-related research. Simulation technologies show the largest overall expansion among virtual
systems, underscoring a marked shift toward virtual experimentation and model-based validation.

virtual Technology Distribution (2016-2020 vs 2021-2025) Robot Types Distribution (2016-2020 vs 2021-2025)

= 2016-2020 . 2016-2020
20212025 1004 == 2021-2025

Number of Papers

Figure 2. Distribution of Virtual Technologies and Robot Types
3.2. Shifts in Research Composition

The distribution of research themes changed considerably between the periods of 20162020 and 2021-2025 (show
in Figure 2 and Figure 3). During 2016—2020, the literature was primarily dominated by wheeled robots and manipulation-
focused systems (e.qg., robotic arms) (e.g., (Escobar et al., 2020); (Farias et al., 2019)). In contrast, the 20212025 period

reflects a more diversified structure, with social robots (e.g., (Al Hakim et al., 2024)) and humanoid platforms (e.g.,
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(Oralbayeva et al., 2025)) occupying a substantially larger share of total publications. This shift suggests a growing
emphasis on human-robot interaction, assistive applications, and socially embedded robotics. On the virtual axis,
simulation (e.g., (Saivichit & Aphiratsakun, 2024)) and algorithmic research (e.g., (Moezzi et al., 2023)) now constitute
a larger proportion of literature compared with the earlier period. The increasing share of Al-driven tools (e.g., (Pande &
Mishra, 2025)), learning platforms (e.g., (Zhang et al., 2023)), and immersive technologies further indicates a
methodological transition toward data-driven, intelligent, and hybrid physical—virtual research paradigms.
Decomposition of total growth (show in Figure 3) indicates that a relatively small number of categories account for
the majority of expansion observed between the two periods. Specifically, social robotics, simulation technologies,
algorithmic research, and learning platforms collectively contribute most of the overall increase in publications.
Although service robots and humanoid robots represent a smaller share of total growth in absolute terms, their strong
upward trajectories suggest that these areas constitute rapidly emerging and strategically expanding research domains.

Composition Shift in Virtual Technologies Compositian Shift in Robot Types
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Figure 3. Composition shift in Virtual Technologies and Robot Types

4. Discussion

This section critically interprets the results by examining major shifts in robotics research and their broader
significance. It explores the move toward interaction-centered systems, the uneven development of research domains,
emerging trajectories, and the implications these trends hold for robotics education.

4.1. Towards Social and Humanoid Robotics

The results show not only growth, but a clear reorientation of the field. Between 2021 and 2025, robotics research
shifted in how it defines its main problems, tools, and applications. Earlier work was largely centered on mobility and
manipulation (Escobar et al., 2020; Farias et al., 2019). These areas remain important, but recent growth in social and
humanoid robotics indicates a move toward interaction-centered systems (Al Hakim et al., 2024; Oralbayeva et al., 2025).
Robots are increasingly assessed not only by mechanical performance, but by their ability to communicate, adapt, and
operate in human environments. This reflects both technical progress and changing application needs.

Advances in technology and language processing have made socially responsive behavior more feasible, enabling
robots to meet growing needs in education, therapy, and assistive settings.

At the same time, some technically complex domains, particularly advanced embodied manipulation, did not grow
as strongly as might be expected. This likely reflects practical limits. Physical systems are costly, slower to iterate, and
harder to scale than software-based research (Ligot & Birattari, 2022). Work in embodied intelligence requires extensive
hardware testing and real-world validation. Part of the observed shift may therefore be driven not only by research interest,
but by feasibility. The clearest trend is the growing centrality of Al-driven methods: algorithm-focused research, learning
systems, and

53



Hsu, T. C., & Ogata, H. (Eds.). (2026). Proceedings of the 10th International Conference on Artificial Intelligence,
Computational Thinking and STEM Education .Kumamoto: The Asia-Pacific Society for Computers in Education.

Al tools have increased markedly and now occupy a larger share of literature. Rather than a separate topic, Al is
increasingly embedded across robatics, reflecting its shift from an isolated field to a foundational component of
technological development. In robotics, this appears in the rising reliance on data-driven and computational approaches
in both development and experimentation. The rise of simulation further supports this shift.

Simulation is no longer just a testing tool; it has become a primary research environment (Saivichit & Aphiratsakun,
2024). Models are trained, refined, and evaluated in virtual settings before physical deployment. This reduces cost, speeds
up iteration, and enables large-scale data generation (Ligot & Birattari, 2022). The research workflow itself has changed,
with digital experimentation now preceding embodiment. Service robotics shows strong growth, likely driven by needs
during and after the COVID-19 pandemic, with increased focus on healthcare, telepresence, and logistics. However, it
does not dominate overall. This suggests that while external events can accelerate attention, sustained growth depends on
long-term technical and infrastructural capacity (Vishwakarma et al., 2024).

4.2. Interpreting Uneven Growth Among the Identified Categories

An important finding is not only which categories expanded, but which did not. Growth is uneven across domains.
One explanation lies in complexity. Research on full embodied autonomy, dexterous manipulation, and long-term
deployment requires expensive hardware, extended testing, and interdisciplinary collaboration (Ligot & Birattari, 2022).
These factors limit rapid output, while algorithmic research benefits from shared datasets, benchmarks, and scalable
computing, enabling faster results and publication. Social and service robotics often require time-intensive, real-world
studies, slowing visible growth. Overall, scalability drives this pattern: software-based research expands quickly, whereas
hardware-intensive domains grow more slowly, reflecting structural conditions as much as conceptual priorities.

4.3. Emerging Research Trajectories and Educational Implications

The convergence of social robotics, Al integration, and simulation highlights key future directions. A central
challenge is linking simulation-trained systems to reliable real-world interaction, making transfer from virtual to physical
environments critical. Another priority is developing adaptable learning systems that move beyond task-specific solutions
toward continual and transferable learning for humanoid and service robots. As robots become more socially embedded,
evaluation must extend beyond technical performance to include usability, safety, trust, and long-term impact.
Responsible deployment in healthcare and service contexts also requires greater attention to safety standards, ethics, and
regulation.

These trends directly affect robotics education. The field is shifting from hardware-focused development to scalable,
simulation- and data-driven approaches. While mobility and manipulation remain important, the growth of social and
humanoid robotics emphasizes interaction and human-centered use. This creates a gap, as education often remains
constrained by limited hardware and narrow curricula. To keep pace, robotics education must prioritize simulation-based
learning, integrate physical—digital environments, and include Al and human-robot interaction competencies.

5. Conclusions

Robotics research (2016-2025) has shifted from mechanical systems to Al-driven, learning-based, and socially
oriented applications, changing not only what robots are but how they are trained and evaluated through computational
tools. Growth is strongest in scalable areas like simulation and data-driven methods, which now dominate experimentation,
while hardware domains expand more slowly due to resource demands, longer testing, and real-world validation. A key
challenge is transferring advances from virtual environments to reliable physical systems, especially in complex human
settings. These trends highlight the need for robotics education to incorporate simulation-based environments,
interdisciplinary content, and hybrid physical—-digital approaches to support practical application.
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Reconstructing Computational Thinking in the Al Era: A Human-Centered

Approach
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Abstract: Artificial intelligence (Al) disrupts classical computational thinking (CT) by rendering its "instrumental
rationality" theoretically bankrupt. Avoiding the "de-computation" risk of Al literacy alternatives, this paper proposes a
Human-Centered Three-Dimensional CT Framework (HC-3D-CT). To manage the Al era's "triple cognitive load," HC-
3D-CT integrates behavioral inclination (CT-BI) as its core, critical practice (CT-S) as the mediator, and value-laden
knowledge (CT-K) as the foundation. This paradigm drives a pedagogical shift from skills-training to value-driven

teaching, concluding with an empirical roadmap for measuring CT-BI to cultivate ethical innovators..

Keywords: Computational Thinking; Human-Centered Framework; Responsibility Ethics; Value-Driven Pedagogy

1. Introduction

With the rapid advancement of generative Al, Computational Thinking (CT) faces a severe paradigm crisis. Al is
fundamentally automating the classic CT foundation of "humans as designers™ (Weintrop et al., 2016); Large Language
Models now autonomously generate and optimize complex code, rendering traditional procedural programming tasks
obsolete (Becker et al., 2023). Moreover, Al's "black box" nature defies classical decomposition skills.

This automation exposes the "theoretical bankruptcy” of traditional CT's underlying "instrumental rationality." By
overemphasizing technical efficiency and marginalizing ethics, classical CT cannot address core Al challenges like
algorithmic bias. Current academic responses—either a "patchwork™ integration of Al or a complete replacement with
"Al literacy"—fail to resolve this. The "patchwork” method retains the old paradigm's structural flaws, while the
"replacement" theory risks "de-computationalization," depriving students of the cognitive foundation required to critically
deconstruct Al systems.

To address these challenges, CT education must shift from procedural coding to the ethical evaluation and responsible
management of Al. This paper reconstructs the CT paradigm from instrumental rationality to human-centered thinking.
By establishing a "dual necessity" standard across philosophical and cognitive dimensions, we propose the Human-
Centered Three-Dimensional Computational Thinking Framework (HC-3D-CT) to reshape value-driven pedagogy and

cultivate future ethical innovators.

2. The ""Dual Necessity' for Theoretical Reconstruction

Before constructing a new framework, we must answer: What "non-negotiable” theoretical criteria must a
Computational Thinking (CT) framework in the Al era satisfy? This paper argues that there exists a "dual necessity": it

is both an inevitable requirement of the philosophy of technology and a necessary choice of cognitive science.
2.1. The Necessity of Philosophy: From Instrumental Rationality to Responsibility Ethics

The ontological basis of classical CT theory of instrumental rationality is from seeing technology as a neutral,

efficient tool. But Al's non - neutrality and its ability to reshape social structures can't fit this old paradigm. Heidegger
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(1977) warned that viewing the world through a technological lens obscures its humanistic essence. Due to Al's
irreversible and global consequences, Hans Jonas's (1984) "ethics of responsibility” provides the needed theoretical pivot:
ethical responsibility should be the primary principle of technological practice, not just an afterthought.

Therefore, the central challenge of the Al era has shifted from technical execution (how to realize) to value-based
problems (why to realize, and how to realize responsibly). From this, we draw the following conclusion: Criterion One
of the new paradigm demands a human-centered turn in philosophy, positioning ethical responsibility and human-centered
awareness (CT-BI) as its structural core, rather than as an external add-on.

2.2. The Necessity of Cognition: Managing ""Triple Cognitive Load"

Learning in the Al era goes beyond simple procedural knowledge acquisition. It is a highly concurrent process
involving cognition, strategy, and situational value judgments. The classical CT framework mainly focuses on procedural
cognitive load (e.g., algorithms and programming languages), but the "black box" nature and ethical complexities of Al
bring two heavier cognitive loads that are blind spots in traditional frameworks.
®  Strategic Cognitive Load: In the face of Al uncertainty, students must shift from simply "knowing how to use™ to

"knowing how to evaluate,” which requires high-level metacognitive abilities.
®  Contextual Load: This is the most critical load in the Al era. Students must navigate ambiguous information, ethical
dilemmas, and multi-objective trade-offs (e.g., efficiency vs. fairness) in real-world contexts.

Structurally, the traditional CT framework can't manage strategic and contextual loads. So, observed teaching
phenomena like "ethical avoidance" are not individual student failures but inevitable cognitive symptoms of the old
paradigm. Thus, we conclude that Criterion Two of the new paradigm is to provide a "human - centered cognitive ecology"
to systematically manage the "triple cognitive load".

2.3. Systematic Comparison of Frameworks
To clarify HC-3D-CT framework's unique contribution, it's essential to systematically compare it with existing

paradigms. Table 1 outlines the structural differences between the proposed framework and three mainstream approaches.

Table 1. Systematic Comparison of CT and Al Education Frameworks

Framework Core Philosophy Primary Focus Structural Limitations HC-3D-CT's
Breakthrough

Traditional CT (e.g., Instrumental Coding & algorithmic Overemphasizes skills; Embeds ethics as a core

Brennan & Resnick, Rationality efficiency lacks systematic ethical structural element.

2012) structure.

Al Literacy (e.g., User-Centric Al applications & social ~ Risks "de- Maintains CT cognitive

Long & Magerko,
2020)

Pragmatism

impacts

computationalization™ from

a user perspective.

foundation (abstraction,

modeling).

Critical CT /HCC

Critical Pedagogy

Social justice & human-

computer interaction

Lacks a cognitive model to

integrate skills and ethics.

Lacks a cognitive model
to integrate skills and

ethics.

HC-3D-CT
(Proposed)

Responsibility
Ethics

Value-driven practice &

ethical decision

N/A

3. The Human-Centered 3D Framework: An Integrative Response
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The Human-Centered Three-Dimensional Computational Thinking Framework (HC-3D-CT) is an integrative
response to the "dual necessity" of the Al era. It shifts the paradigm from "how to compute efficiently" to "why and how
to compute responsibly”. Rather than a simple addition of dimensions, HC-3D-CT forms an "intrinsic—outreach"
cognitive ecosystem designed to structurally embed responsibility ethics and systematically manage the threefold
cognitive load.

3.1. CT-BI (Behavioral Inclination): The ""Human-Centered Core' and Situational Load

Manager The CT-BI dimension is the theoretical core and teleological endpoint of the framework. Responding
directly to the philosophical necessity, it anchors the framework's value orientation, structurally translating the “ethics of
responsibility” (Jonas, 1984) into educational practice. Cognitively, CT-BI acts as the manager of "situational load,"
providing students with the cognitive framework and motivational source to handle real-world ethical dilemmas.

It must be emphasized that CT-BI is philosophically distinct from general non-cognitive skills (such as grit). While
grit might manifest as working hard to debug code until it runs successfully, CT-BI is a tendency toward the "non-
neutrality” of technology . For example, a student demonstrating CT-BIl would not just ensure the code works; upon
recognizing potential algorithmic bias (CT-K), they would actively question whether the program should be deployed at
all . Its hierarchical indicators form a maturity model for ethical practice: from L1 "ethical identification," to L2 "weighing
and assessment,"” and finally to L3 "critical reflection™ (see Table 2).

Table 2. Tiered Indicators of Ethical Responsibility (CT-BI)

Level Core Characteristics Observable Assessment Evidence
L1: Ethical Identifies basic technology ethics issues Highlights potential bias factors (e.g., gender/race) in
Identification (e.g., algorithmic bias). provided datasets during class discussions.
L2: Trade-off ~ Balances technical efficiency with social Submits comparison logs detailing trade-offs
Evaluation fairness; articulates value conflicts. between algorithmic efficiency and its impact on
fairness.

L3: Critical Reflects on structural social impacts; Proactively introduces data diversity in projects and
Reflection proactively embeds human-centered values authors a brief "Technology Social Impact

into design. Assessment" report.

3.2. CT-S (Skills): The "Critical Practice™ Pathway and Strategic Load Guide

The "dimensionality reduction strike" of Al against classic CT skills forces the CT-S dimension to shift from

"technical operation" to "critical praxis". Cognitively, CT-S serves as the guide for "strategic load," directing students to
shift cognitive resources from procedural coding toward evaluation and reflection.
Within this framework, the skill of "assessment and reflection™ acquires a new philosophical status: it is the core
methodology for practicing the ethics of responsibility (Jonas, 1984). The question is no longer "Can it run?" but "Should
it run?". Similarly, "data practice and inquiry" becomes an approach to critically explore the human reality obscured by
data representations. CT-S is thus transformed from an automatable metacognitive strategy into a value-laden "human-
centered practice".

3.3. CT-K (Knowledge): The Cognitive Foundation of ""Ethics of Responsibility*
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The reconstruction of the CT-K dimension is a theoretical response to the Al "black box crisis". Cognitively, it serves
as the foundation that supports the preceding two dimensions. The HC-3D-CT framework insists that CT-K itself must be
"value-laden".

Therefore, incorporating "algorithmic bias," "data privacy," and "social impact assessment" into CT-K is not meant
for technical debugging, but for philosophical "un-concealment”. Its purpose is to reveal how the logic of technical
frameworks systematically conceals social justice and human values. This knowledge system enables "responsibility

ethics" to become possible in practice.

4. Pedagogical-Ontological Shift: Towards ""Value-Driven' Teaching

The HC-3D-CT framework shifts pedagogy from technical execution to "value-driven™ ethical exploration. This is
illustrated when students design an Al traffic algorithm for a divided city. First, students activate CT-K by learning
machine learning alongside "algorithmic bias," recognizing algorithms as value-laden. Next, applying CT-S, they move
beyond assessing running speed to multi-dimensionally compare models prioritizing absolute efficiency versus fair
waiting times for marginalized communities. Finally, achieving CT-BI, students confront the efficiency-fairness conflict,
prudently sacrificing marginal efficiency for social equity and submitting logs to justify their ethical trade-offs. Thus,
technical practice effectively overturns "instrumental rationality."”

5. Conclusion and Future Roadmap

Responding to CT's paradigm crisis, this paper proposes the HC-3D-CT framework. Shifting from "instrumental
rationality™ to "responsibility ethics™ (Jonas, 1984), it centers on ehavioral Inclination (CT-BI), integrating critical practice
(CT-S) and value-laden knowledge (CT-K) to manage the Al era's triple cognitive load. To achieve empirical maturity,
we propose a three-step roadmap: 1) develop scenario-based rubrics to capture ethical decision-making tendencies; 2)
conduct cognitive experiments to validate internal processing mechanisms; and 3) test pedagogical efficacy via classroom
interventions. Ultimately, this human-centered paradigm can be extended to disciplines like data science or
bioengineering to broadly address the universal crisis of instrumental rationality.
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Abstract: Despite the increasing emphasis on Technical and Vocational Education and Training (TVET) in Malaysia,
significant challenges persist in the job mismatch between the skills acquired by TVET graduates and the demands of the
evolving job market. Many graduates face difficulties in securing employment due to a lack of alignment between their
acquired skills and industry requirements, leading to underemployment or unemployment rates among TVET graduates.
Surprisingly, data from a TVET graduate tracer study published by the Malaysian Ministry of Higher Education in 2020
indicates that 67.2 percent (6,243 graduates) were unemployed, with 7.5 percent uncertain about whether to wait for
employment or pursue higher education. Personal issues, including family matters (6.5%, 600 graduates) and unclear
career pathways (4.5%, 422 graduates), were among the unstated reasons why TVET graduates failed to enter the job
market. On another note, 3.9% (365 graduates) reported a job mismatch of their qualifications, which rarely happens in
TVET programs due to specialisations in skill-based industries. A qualitative within a phenomenological approach was
employed to address the following objectives: (a) explore factors related to job mismatching among TVET graduates and
(b) identify patterns of employment intake from employers specifically for TVET graduates. The informants for this study
involved three Small Medium Enterprises (SMEs) and two Multi-national Corporations (MNCs) human resource manager
in Malaysia. Research outcomes highlighting the barriers in improving employability among diverse backgrounds of

TVET graduates and inspire initiatives promoting inclusivity and equality in access to job opportunities.

Keywords: Employability skills, TVET, job market

1. Introduction

Thousands of graduates emerge from public and private higher education institutions. However, despite this
accomplishment, many struggle to secure employment, often opting for different career paths or remaining unemployed
while awaiting opportunities. The unemployment rate and employment difficulties among TVET graduates are
increasingly concerning. In Malaysia, the disquieting challenge of fresh TVET graduate unemployment is highlighted by
a staggering 67.2% unemployment rate, reported by the Ministry of Higher Education (2020) through a graduate tracer
study. The trend of escalating unemployment among graduates across various programs has persisted. The Department
of Statistics reports that this year, over 573.1 thousand graduates are part of the unemployed labor force, although the
disparity has steadily decreased to 3.4% (Department of Statistics Malaysia, 2023).

Despite the increasing emphasis on Technical and VVocational Education and Training (TVET) programs worldwide,
a concerning trend persists wherein a significant proportion of TVET graduates face challenges in securing suitable
employment opportunities. Despite possessing specific skill sets and technical competencies gained from their educational
training, a notable portion of these graduates encounter obstacles in entering the workforce effectively. This issue raises
concerns about the misalignment between the skills acquired through TVET programs and the demands of the
contemporary job market (Sibiya et al., 2020). The gap between the skills acquired during TVET education and the

evolving needs of industries creates a scenario where graduates struggle to meet the job market's expectations, resulting
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in increased unemployment rates among this cohort (Singh & Tolessa, 2019). Additionally, factors such as outdated
curricula, inadequate industry engagement, and insufficient soft skill development within TVET programs contribute
significantly to the unemployability issue among TVET graduates (Yamada, & Otchia, 2021).

2. Issues Pertaining to TVET Employability

Limited collaboration between TVET institutions and industries exacerbates the divide between skills taught in
classrooms and those required by employers. From the perspective of Human Capital Theory (Becker, 1964), such
misalignment reduces the returns on educational investments because graduates are not equipped with competencies that
enhance productivity and economic value in the labour market. Stronger partnerships between academia and industry are
therefore imperative to ensure that TVET graduates possess relevant, up-to-date skills that match current market demands.
Furthermore, there often exists a mismatch between the skills possessed by TVET and engineering education graduates
and those demanded by industries. This mismatch frequently results in high rates of unemployment or underemployment
among graduates, consequently hindering economic growth an outcome consistent with the human capital underutilisation
described in Human Capital Theory.

The deficiency in soft skills and practical experience among graduates has been addressed in studies by Othman et
al. (2018) and Tan et al. (2019). Employers often highlight the importance of communication skills, critical thinking, and
adaptability, which are sometimes lacking in fresh graduates. In Social Cognitive Career Theory terms, the absence of
these competencies can lower graduates’ confidence in their ability to perform in diverse job contexts, limiting both their
application breadth and career advancement potential.

Embedding these soft skills within TVET curricula, alongside targeted career guidance, could therefore strengthen
both the human capital value and self-efficacy of graduates, enhancing their long-term employability.

Thus, understanding the root causes of the unemployability problem among TVET graduates is crucial in devising
effective interventions and strategies to bridge the gap between education and job marketability.

3. Method

As the research adopts a qualitative design, an exploratory approach grounded in induction becomes imperative. To
meet this criterion, we gathered qualitative data directly from employers. This information sourced from the list of
registered companies available in the Malaysia External Trade Development Corporation (MATRADE) database
accessible at https://www.matrade.gov.my/en/directory-hub/malaysia-products-directory.  Subsequently, Human
Resource Managers were invited to participate in the interview sessions. Employing a phenomenological study enabled
us to delve into employers’ perspectives during the hiring process of TVET graduates. The primary dataset was gleaned
from these interview sessions, forming the basis to discern the factors influencing the recruitment of TVET graduates.
Subsequently, thematic analysis was employed to identify generic competencies and domains that support job seekers in
their applications.

Understanding the reticent nature of HR managers in certain industries, who tend to withhold data, is anticipated to
pose a significant challenge in this study. Employing purposive sampling facilitated the acquisition of qualitative data
from employers situated in Kuala Lumpur and Selangor serve as limitation of the study. A semi-structured interview was
employed to elicit comprehensive narratives from these employers, encompassing industries beyond just services and
manufacturing. Additionally, approval letters supporting and permitting the study's execution, provided by JKEUPM
(Ethic Committee For Research Involving Human Subject) Reference No. JKEUPM-2024-842 was accompanied during
the interview. Subsequently, narratives collected undergone analysis using the Atlas. Ti software.
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4. Findings and Discussion

This section presents the results of the thematic analysis conducted from interview transcripts with industry
employers involved in the recruitment and training of TVET graduates. Three Small Medium Enterprises (SMEs) and
two Multi-national Corporations (MNCs) human resource managers were involved in estimated 1 hour to 1.5 hour of
interview session.

Five key themes emerged: (1) Skills-Attitude Mismatch, (2) Curriculum-Industry Misalignment, (3) Limited Career
Awareness, (4) Preference for Specialized Skills, and (5) Informal and Location-Based Hiring Practices. These five
themes illustrate a multidimensional challenge in matching TVET graduates with employment. The findings point to a
need for integrated efforts that bridge curriculum with practical realities, enhance student exposure to industrial pathways,
and address the reliance on informal hiring processes. More importantly, employers’ preference for attitude and

specialisation over general qualifications signals a shift in the employability paradigm within technical industries.

Table 1. Summary of the findings

Theme

Description

Sample Quotes

Connection to RQs

1. Skills-Attitude

TVET graduates often show

“You have skill but don’t have

RQ1: Factors contributing

Mismatch weak discipline, poor attitude, it’s difficult.” to job mismatch
attendance, and lack of ”They only come “They only
perseverance despite having come
skills.
2. Curriculum- A gap exists between what is “They learn theory, but can’t RQ1 & RQ2:
Industry taught in vocational colleges apply it.” Mismatch and employer
Misalignment and what industries require in “They don’t even know how to intake decision factors

practice.

measure properly.”

3. Limited Career

Awareness

Graduates choose jobs based on
proximity, not on skill
relevance or career path,

leading to mismatching.

“They choose internships close
to home.”
“They don’t know what

companies like ours do.”

RQ1: Job mismatch due to
decision- making by

graduates

4. Preference for

Specialized Skills

Employers prefer modular,
hands-on skills and are willing
to pay more for certified,

specialized workers.

“We want CNC skills, not just
skills, not just certificates.”
“We’ll pay more if they can do

Aluminium welding.”

RQ2: Patterns in hiring

preferences by employers

5. Informal and
Location-Based

Hiring

Most SMEs rely on local
contacts and informal platforms
like Facebook or word of
mouth for recruitment.

“We hire from around the area.”
“We post job offers in

Facebook welder groups.”

RQ2: Employment
intake mechanisms among

employers

This study explored the factors contributing to job mismatching among TVET graduates and the employment intake
patterns among employers. The findings indicate that beyond technical competencies, employers value behavioral
attributes, practical readiness, and proximity—all of which impact hiring decisions and graduate employability.

The mismatch between employers’ expectations and graduates’ workplace behavior indicates the importance of non-
cognitive attributes in job readiness. Employers in this study repeatedly emphasized the primacy of discipline, work ethic,

and perseverance over technical qualifications. This supports prior research which suggests that soft skills, particularly
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attitude and reliability, are pivotal in predicting job success in the vocational sector (Heinz, 2016 (di reference 2003);
Lambert et al., 2020). (mungkin boleh tukar “Ismail et al., 2023). Although TVET programs emphasize technical mastery,
these results call for greater attention to the development of affective attributes, such as accountability and resilience.

Another recurring issue was the disconnect between institutional training and industry application. Many employers
reported that graduates lacked practical know-how even in core tasks such as machine setup and blueprint interpretation.
This finding is consistent with past studies highlighting the inadequacy of skill transfer from training institutions to
industrial contexts (Papier, 2017; Salleh et al., 2021). This gap requires businesses to bear the burden of retraining to
bridge the shortfall in hands-on competence. Research highlights that while theoretical knowledge provides a crucial
foundation, its translation into practical skills is essential for effective performance in real-world settings (Smith & Jones,
2022). For example, novice learners frequently find blueprint reading challenging due to the need to visualize complex
structures from two-dimensional plans, interpret precise measurements, and apply relevant industry tasks that require
more than conceptual understanding alone (Lee et al., 2021). To bridge this gap, stronger industry-academic partnerships
are needed, with emphasis on co-developing modular curricula that reflect workplace realities (OECD, 2023).

Recent literature reinforces that many curricula still emphasize concepts over experiential learning, failing to equip
students with the necessary hands-on skills (Brown & Green, 2020). Pedagogical studies emphasize that practical
application through simulations, role-playing, and real-world problem solving strengthens skill retention and builds
confidence (Davis, 2019). Hands-on experience transforms abstract knowledge into tangible competence, which is key to
better outcomes in employment and productivity (Nguyen & Patel, 2023).

Graduate choices were often dictated by geographical convenience rather than long-term employability. This
suggests a lack of structured career guidance, as also observed in other studies on TVET pathways in Southeast Asia
(Martinez-Fernandez & Choi, 2012). The absence of institutional frameworks that support informed decision-making
hinders students from accessing roles aligned with their interests and competencies. Career development initiatives should
thus be integrated within the TVET ecosystem, particularly in the early stages of training (Cheong & Lee, 2016).

Employers expressed a preference for candidates with specialized, modular skillsets, such as CNC machining or
aluminium welding. These preferences align with global trends that recognize micro-credentials and short-cycle
certifications as highly employable formats, particularly in fast-changing labor markets (UNESCO-UNEVOC, 2020).
The results highlight the need for flexible certification pathways that allow students to stack skills progressively and
demonstrate real-world competencies (Wheelahan & Moodie, 2021). Hiring practices were shown to be highly localized
and informal, with employers relying on word-of-mouth and social media platforms. While this approach is cost-effective,
it reinforces asymmetrical access to employment, particularly disadvantaging students outside of geographic proximity.
Prior research (Grollmann, 2018) has also noted the informal recruitment channels as a feature of SMEs, suggesting that
institutional intermediaries (e.g., job-matching portals or career centers) may be needed to increase visibility and mobility
for TVET graduates.

5. Conclusion

This study provides empirical insights into the complex challenges TVET graduates encounter as they transition into
the workforce. While technical proficiency remains a critical foundation, it is increasingly evident that employers
prioritize qualities such as work ethic, behavioural maturity, and an understanding of local hiring dynamics. The pervasive
disconnect between institutional training and industry demands calls for a comprehensive revamp of TVET programs to
move beyond theoretical knowledge to embed practical specialization, foster essential soft skills, and cultivate meaningful
partnerships with employers. By embracing this multifaceted approach, TVET systems can better equip graduates to meet
real-world expectations, thereby minimizing job mismatches and enhancing overall workforce readiness. Such evolution
is not merely beneficial but necessary for bridging the gap between education and employment in today’s rapidly changing

labour market.
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Reinforcement Strategies in ChatGPT-Assisted Computational Thinking

Education: A Comparison of Handwritten Practice and Oral Presentation
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Abstract: Generative Al tools such as ChatGPT are increasingly integrated into computational thinking and computer
science (CS) education; however, concerns remain regarding the durability of learning outcomes. This study employed a
quasi-experimental design with 120 undergraduates across two parallel ChatGPT-assisted CS1 sections differing only in
reinforcement strategy: repetitive handwritten practice versus oral presentation. Results showed no significant group
differences at baseline (M = 69.48 vs. 70.82, p = 0.78) or midterm (M = 76.7 vs. 74.4, p = 0.80). On the Al-free final
exam, however, the handwritten-practice group scored significantly higher (M = 52.3 vs. 41.8; p = 0.01; Cohen's d =
0.70), with a more favorable score distribution (fewer below 50: 45.9% vs. 63.2%, more at 60+: 31.1% vs. 8.8%). These
findings suggest that durable learning in Al-assisted environments depends more on instructional design than on Al access

alone.

Keywords: Generative Al; ChatGPT; Computational Thinking; CS Education; Repetitive Practice

1. Introduction

Since the public release of large language model (LLM) applications such as ChatGPT in late 2022, generative Al
has rapidly influenced higher education, especially in STEM and computer science (CS) education. Prior studies show
that Al tools can support computational thinking through instant explanations, debugging assistance, and adaptive
feedback, often improving short-term performance and engagement in introductory computer science (CS1) contexts [1]-
[3]. However, evidence on long-term learning remains mixed.

Although Al-assisted learning may produce immediate gains, assessments conducted without Al support often reveal
limited retention and weaker independent problem-solving ability [4], [S]. These concerns suggest that effective Al
integration depends not only on access to Al, but also on instructional design [7].

Two perspectives are especially relevant. Repetitive practice emphasizes active recall and procedural fluency [6],
whereas learning-by-teaching highlights conceptual understanding through explanation [8]. Although both strategies are
well established in STEM education, their interaction with generative Al remains underexplored. Few studies have
directly compared these approaches within the same computational thinking context while holding Al access constant.

To address this gap, this study examined two parallel ChatGPT-assisted CS1 sections that were identical in course
structure, materials, and assessments, differing only in reinforcement strategy:
®  Handwritten repetitive practice (procedural fluency, active recall)
®  Oral presentation (learning-by-teaching, conceptual integration) Accordingly, this study addressed the following

research questions:
® RQI: Does repetitive handwritten practice improve retention and exam performance in ChatGPT-assisted
computational thinking courses?

®  RQ2: Does oral presentation enhance conceptual understanding and engagement, even if exam performance is lower?
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2. Methodology

2.1. Research Context and Participants

This study was conducted in an undergraduate Introduction to Computer Science (CS1) course at a comprehensive
university in Taiwan. The course covered core computational thinking skills, including algorithmic reasoning, control
structures, data representation, and basic Python programming, over an 18-week semester. A total of 120 students
participated in two intact class sections (Class A and Class B), with 60 students in each section. Both sections were taught
by the same instructor using identical syllabi, materials, assignments, and assessments. Because students enrolled before

the instructional differences were announced, potential self-selection bias was reduced.
2.2. Research Design

A quasi-experimental design was employed to compare two pedagogical reinforcement strategies in a ChatGPT -
assisted learning environment. Random assignment was not feasible due to institutional constraints; therefore, intact class
sections were used. To reduce major confounding influences, both sections followed the same course schedule, received
the same lectures, and had equal access to ChatGPT as a supplementary learning tool throughout the semester. The only
systematic difference between the two groups was the reinforcement strategy embedded in weekly learning activities.

2.3. Instructional Conditions

Class A emphasized repetitive handwritten practice, requiring students to regularly write out solutions to
computational problems to support procedural fluency and active recall. Class B emphasized oral presentation, in which
students periodically explained computational concepts and applications, thereby promoting conceptual understanding
through learning-by-teaching. In both conditions, ChatGPT could be used as a supplementary resource outside formal

assessments.
2.4. Assessment and Data Analysis

Both sections completed the same assessments, including a pre-test in Week 1, a midterm exam, and a comprehensive
final exam administered without access to ChatGPT. The final exam served as the primary outcome measure of
independent computational thinking and problem-solving ability. Group differences were analyzed using independent-
samples t-tests for the pre-test, midterm, and final exam. Descriptive statistics were used to summarize score distributions,
and post-course survey responses were analyzed descriptively to support interpretation of the quantitative results.

3. Results and Discussion

3.1. Assessment Performance Across the Semester

Table 1 summarizes the performance of Class A and Class B across the three assessments. The pre-test results showed
no significant difference between Class A and Class B (69.48 vs. 70.82, p = 0.78), indicating comparable baseline
knowledge. Likewise, no significant group difference was observed on the midterm exam (76.7 vs. 74.4, p = 0.80),
suggesting that short-term performance remained similar under equivalent ChatGPT access.

In contrast, a clear difference emerged on the Al-free final exam. Class A scored significantly higher than Class B
(52.3 vs. 41.8, p = 0.01), with a mean difference of 10.5 points and a medium-to-large effect size (Cohen’s d = 0.70).
Because the final exam was completed without ChatGPT, this result suggests that repetitive handwritten practice more

effectively supported procedural fluency and independent problem-solving under Al-free conditions.
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Table 1: Performance Comparison Across Three Assessments

Measure Class A (M = SD) Class B (M +=SD) p-value
Pre-test (Week 1) 69.48 +21.77 70.82 £ 17.95 0.78
Midterm Exam (Week 9) 76.7 = 10.5 74.4+£10.2 0.80
Final Exam (Week 18) 523171 41.8+12.7 0.01

3.2. Distributional Analysis

Beyond mean differences, Fig. 1 further highlights the advantage of handwritten practice on the final exam. As shown
in Fig. 1, Class A had a higher median score than Class B (50 vs. 41), a larger proportion of students scoring 60 or above
(31.1% vs. 8.8%), and a smaller proportion scoring below 50 (45.9% vs. 63.2%). These patterns suggest that repetitive
handwritten practice not only improved final exam performance but also shifted the score distribution upward by reducing
the lower tail. This finding indicates that practice-based reinforcement supported more consistent mastery of core

computational skills under Al-free assessment conditions.

Final Exam Score Distribution (Histogram) Final Exam Score Distribution (Boxplot)

Class B

0 20 40 60 80 Class A Class B
Score

Fig. 1 Final Exam Score Distribution for Class A (Handwritten Practice) and Class B (Oral Presentation). Left:
Histogram. Right: Boxplot.

3.3. Qualitative Differences in Exam Performance

Qualitative review of student responses supported the patterns shown in Fig. 1. On step-by-step computational tasks,
Class A students more often produced complete and logically coherent solutions, whereas Class B students more
frequently demonstrated partial understanding with incomplete procedural execution. On conceptual multiple-choice
items, the group difference was smaller, and Class B sometimes performed comparably or slightly better. This pattern
suggests that handwritten practice primarily strengthened procedural fluency, while oral presentation supported

conceptual articulation.
3.4. Student Perceptions and Engagement

Post-course survey responses further supported these findings. In Class A, 90% of students agreed or strongly agreed
that regularly writing out solutions improved their understanding and exam confidence. In Class B, 67% reported that
preparing presentations enhanced conceptual clarity and engagement. However, some Class B students also noted
difficulty transferring conceptual understanding to independent problem-solving on the final exam. These perceptions

reinforce the trade-off between conceptual engagement and procedural mastery in Al-assisted learning environments.
4. Discussion and Conclusions

This study examined how pedagogical reinforcement strategies shaped learning outcomes in a ChatGPT-assisted
computational thinking course. Although both groups had equal access to ChatGPT and showed similar performance at
baseline and midterm, clear differences emerged on the Al-free final exam. Students in the handwritten-practice group

scored
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significantly higher than those in the presentation group (52.3 vs. 41.8, p = 0.01), and distributional results
further showed fewer low-performing students and more high-performing students in the practice group.
Qualitative and survey findings also suggested that handwritten practice more strongly supported procedural execution
and exam confidence, whereas oral presentation was more closely associated with conceptual engagement and verbal
articulation.

These findings suggest that generative Al is most effective as a learning scaffold when paired with instructional
structures that promote active recall, procedural fluency, and independent problem-solving. While Al-assisted learning
may improve short-term performance, durable learning appears to depend more strongly on reinforcement strategy than
on Al access alone. In this sense, generative Al functions more as a pedagogical amplifier than as a substitute for effective
instructional design.

Several limitations should be noted. First, the quasi-experimental design using intact classes limits strong causal
inference. Second, procedural and conceptual learning were inferred from performance patterns and qualitative evidence
rather than measured through separate validated instruments. Third, actual ChatGPT usage behaviors were not logged,
making it difficult to determine how students differentially relied on Al during the semester. Future research may

incorporate Al usage logs and delayed post-tests to further examine long-term learning effects in Al-assisted environments.
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Design and Application of STEM Digital Games in Taiwanese kindergartens
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12 National Taiwan University of Science and Technology, Taiwan
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Abstract: Early childhood is a crucial transition period for children as they move from family-based education to formal
schooling. This is especially true during the transition from kindergarten to elementary school, where children's learning
approaches and abilities face a shift towards more structured learning. Early intervention in STEM (Science, Technology,
Engineering, Mathematics) education at the kindergarten stage helps effectively promote children's creativity, logical
thinking, and exploratory spirit. These concepts align closely with the design of learning areas in kindergartens. Through
open-ended and exploratory methods, learning areas provide cross-disciplinary learning experiences for young children,
further fostering STEM development. Digital games, as a highly interactive and engaging learning tool, can stimulate
children's autonomous learning and critical thinking through gamified tasks and challenges. This aligns with the
exploration and innovation emphasized in STEM education. This study aims to design and develop STEM digital games
for young children and explore their application in enhancing children's STEM literacy. The research will adopt a mixed-
methods approach, combining quantitative data with qualitative observations, to comprehensively analyze children's
learning behaviors and responses during digital gameplay. The research findings will offer concrete game design
principles and implementation strategies for educators and provide theoretical and practical guidance for future early
childhood education policies and curriculum design. The research project will focus on the learning needs of children in
Taiwanese kindergartens and test game design. This research will provide innovative theoretical support and practical
evidence for the design of STEM education digital games and validate their effectiveness from multiple perspectives,
aiming to enhance young children's STEM literacy and learning motivation.

Keywords: Early childhood education, STEM education, Digital game-based learning, Kindergarten learning areas,
STEM literacy, Learning motivation

1. Introduction

The transition from the final year of kindergarten to elementary school represents a critical developmental stage in
which children move from play-based learning toward more structured and goal-oriented educational experiences. During
this period, fostering problem-solving abilities, creativity, project-based thinking, and interdisciplinary integration is
especially important. In this context, STEM education has been widely recognized as an effective approach for helping
children connect disciplinary knowledge with real-world applications and for preparing them for future learning and
innovation challenges. This perspective is also consistent with policy initiatives that emphasize the early cultivation of
computational thinking and problem-solving skills (Obama, 2013), as well as with previous studies highlighting the
importance of STEM education in supporting young children’s STEM literacy development (Chou, 2018). In early
childhood settings, the learning-area approach supports exploratory, experiential, and interdisciplinary learning, which
aligns closely with the inquiry-oriented nature of STEM education. However, despite this conceptual compatibility,
STEM implementation in kindergartens often remains limited in practice, as STEM-related materials are frequently
insufficient or fragmented and many educators report a lack of confidence and professional experience in guiding STEM
learning activities (Chang, 2001; Chou, 2018; Garbett & Yourn, 2002). In response to these challenges, digital game-

based learning has emerged as a promising approach because its interactive, exploratory, and autonomous features can
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provide young children with engaging and developmentally appropriate opportunities to apply STEM-related concepts
through contextualized tasks and problem-solving processes (Tsai & Wu, 2014; Huang & Lin, 2014; Tripp & Liu, 2024).
Accordingly, this study aims to design and examine a vehicle-modification digital game for kindergarten children in
Taiwan, with the goal of investigating young children’s STEM literacy development, evaluating the game’s potential to
support competencies such as computational thinking, creativity, and problem solving, and exploring whether learning
experiences developed through gameplay can be transferred to everyday contexts.

2. Research Methods

2.1. Game Design

The digital game developed in this study is designed for tablet-based interaction to support young children’s
autonomous STEM learning through exploratory gameplay. At the beginning of the game, children are introduced to
different environments, including grassland, rocky terrain, and snowy terrain, through animated scenes that highlight key
environmental characteristics. Based on the selected environment, children assemble a vehicle by combining multiple
functional components and explore how different configurations influence vehicle performance. After completing the
assembly, they operate the vehicle by using simple symbolic commands to accomplish task-based goals, such as coin
collection. To encourage reflection and iterative improvement, the game also includes a review mechanism that presents
the child’s previous vehicle design for comparison, supporting self-reflection and problem-solving during repeated
gameplay. Through these simulated environmental challenges and design tasks, the game aims to foster spatial reasoning,
logical thinking, foundational engineering concepts, and self-directed learning. The game interface is shown in Figure 1.

Figure 1. Game screen (Vehicle assembly and successful task completion.)

2.2. Child Observation

This study will be conducted from February to May 2026 in Montessori-related kindergartens in Taiwan, adopting a
longitudinal research design to examine the developmental process of

children’s STEM literacy. Because STEM literacy is considered an internalized and gradual learning outcome rather
than an immediate result, periodic observation across multiple time points is essential for capturing meaningful changes
in children’s learning behaviors (Tsai & Wu, 2014; Huang & Lin, 2014; Tripp & Liu, 2024). Longitudinal research, which
involves systematic and repeated observation of the same participants, is particularly suitable for early childhood studies,
as developmental changes often emerge progressively and cannot be fully observed within a short period (Cooper &
Schindler, 2003; Tang, 2019).

In this study, children will engage in autonomous digital game-based learning activities on a weekly basis. Both
qualitative and quantitative data will be collected through continuous observation to examine children’s engagement,
problem-solving behaviors, and application of STEM-related concepts during gameplay. Observations will focus on
children’s interactions with the digital game, their decision-making during vehicle assembly and operation, and changes
in strategies and behaviors across repeated gameplay sessions. This longitudinal approach enables the identification of

learning patterns and developmental trajectories over time and aligns with established practices in early childhood
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research, such as large-scale longitudinal studies, making it an appropriate method for examining the internalization of
STEM literacy in young children (Dornan et al., 2015; Ho, 2017).

2.3. Curriculum and Instructional Design

The research procedure is illustrated in Figure 2, while the corresponding research schedule and timeline are
presented in Figure 3. The study is conducted in four sequential stages to systematically develop, implement, and evaluate
a digital game for supporting young children’s STEM literacy learning. First, instructional materials and the digital game
are designed and developed through iterative refinement, including expert reviews to ensure developmental
appropriateness and educational effectiveness. Second, the digital game is implemented in kindergarten settings, where
children participate in weekly autonomous gameplay, and data are collected through classroom observations, teacher and
parent records, and backend gameplay logs. Third, both quantitative and qualitative analyses are conducted to examine
changes in children’s learning behaviors, problem-solving strategies, and STEM-related competencies across the
intervention period. Finally, based on the results of data analysis, practical design principles and implementation
guidelines are proposed to support the integration of digital games into early childhood STEM education and to inform
future instructional practice. The duration and overlap of each research phase across the first year are summarized in Figure
3.

Eary Chilhood STEM Lteracy
“Dxgal Game Content Design

“pre- ent rovement
o st
inal on
Instructional & Digital

Figure 2. Research process

Phase 1
Curriculum and Digital
Game Development

Phase 2
Kindergarten
Experimental Study

Phase 3

Data Analysis

Phase 4
Practical Application

Figure 3. Research Schedule and Timeline

3. Expected Impact

As global attention to STEM literacy and early childhood educational innovation continues to grow, this study is
expected to contribute an innovative instructional perspective to early childhood STEM education by demonstrating the
feasibility and educational value of integrating digital game-based learning into kindergarten settings. Through the design
and application of a vehicle-modification digital game, the study aims to show how interactive and playful digital
environments can support young children’s learning motivation, engagement, problem-solving, creativity, and emerging
STEM literacy in developmentally appropriate ways. In addition to providing theoretical and empirical support for the use
of digital games in early childhood STEM learning, this study is also expected to offer practical design principles and
implementation guidance for educators, curriculum designers, and researchers seeking to integrate digital tools into early

childhood learning contexts. Moreover, by considering issues related to authentic classroom use, instructional
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sustainability, and collaboration among teachers, parents, and related partners, the study seeks to bridge research and

practice and to promote more engaging, flexible, and meaningful STEM learning experiences for young children.
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Integrating Picture Books as Scaffolding for Introducing Scratch Programming

in Elementary Schools
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Abstract: Scratch is widely used in elementary programming education due to its visual, block-based interface; however,
introductory Scratch lessons often face challenges related to instructional quality, particularly in helping young learners
understand abstract programming concepts and remain meaningfully engaged. This study proposes a picture-book-based
instructional approach aimed at improving the quality of introductory Scratch teaching in elementary classrooms. The
curriculum integrates storytelling as an instructional scaffold through a castle-building narrative, in which programming
concepts are embedded within coherent and purposeful learning contexts. The picture book is structured into ten
construction stages, each corresponding to a specific Scratch block category, including events, motion, looks, sound,
control, and operators. By aligning story events with Scratch’s color-coded block system, the design seeks to support
clearer conceptual explanations and more structured learning experiences. The planned instructional intervention will
involve approximately 45 elementary school students in grades three and four and will be implemented as a three-hour
introductory unit designed for students’ first formal exposure to Scratch. Each lesson follows a consistent instructional
flow, including guided picture book reading, explicit instruction of Scratch block concepts, teacher demonstration, hands-
on programming activities, and brief reflection. As data collection is scheduled to begin in March 2026, this paper focuses
on presenting the curriculum design and planned analytical framework. Data will be collected through students’ Scratch
projects, learning motivation questionnaires, classroom observations, and instructional reflections. This study aims to
provide practical design insights for improving instructional quality and pedagogical coherence in elementary Scratch

education.

Keywords: Scratch programming; picture books; elementary education; storytelling; instructional scaffolding;

programming motivation

1. Introduction

Scratch has become a widely adopted visual programming platform in elementary education due to its block-based
interface and low entry barrier, and prior research has shown its potential to enhance student engagement and participation
in primary school settings (Belessova et al., 2024; Resnick et al., 2009). However, many young learners still experience
difficulties during their initial exposure to Scratch, particularly in understanding abstract programming logic and
maintaining learning motivation. For students in grades three and four, concepts such as sequencing, control, and events
may remain challenging when introduced without sufficient contextual and instructional support (Yang & Lin, 2024).

Previous studies have suggested that narrative-based learning environments can function as effective instructional
scaffolds for novice learners. Storytelling and picture books provide concrete and meaningful contexts that help learners
make sense of abstract concepts while enhancing engagement and emotional involvement (Bruner, 1996; Dietz et al.,
2023). In the context of programming education, narrative-based approaches have been found to support children’s
understanding by situating computational concepts within purposeful and relatable activities.
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Building on this perspective, this study proposes a picture-book-based approach to introducing Scratch programming
in elementary schools. The curriculum is designed around a castle-building story, in which each construction stage
corresponds to a specific Scratch block category. Through this narrative structure, programming concepts are embedded
within meaningful tasks, allowing students to associate block colors and functions with story events. Such alignment
between instructional materials and learning activities has been identified as an important factor in improving instructional
quality in technology-supported learning environments (Kirschner et al., 2006).

The purpose of this study is to explore the potential of picture books as an instructional scaffold for introductory
Scratch programming, with particular attention to how narrative integration may contribute to clearer conceptual
explanations and more coherent learning experiences. Accordingly, the study addresses the following research questions:

RQ1: How does a picture-book-based approach influence students’ engagement and learning motivation in
introductory Scratch lessons?

RQ2: How does the narrative-based curriculum support students’ understanding of basic Scratch concepts?

RQ3: What design considerations emerge during classroom implementation?

2. Method

Figure 1 illustrates the overall research schedule and methodological design of the study. The planned study involves
approximately 45 elementary school students from grades three and four, all of whom are novice Scratch learners. The
instructional intervention consists of a three-hour introductory unit designed to support students”’ first formal exposure to
Scratch programming. The curriculum is implemented through a picture book centered on a castle-building narrative,
with each lesson following a consistent instructional flow that includes guided story reading, introduction of Scratch block
categories, teacher demonstration, student hands-on practice, and brief reflection. The intervention is scheduled to begin
in March 2026. Data are collected across the five research phases shown in the figure, including picture book design and
development, curriculum design and planning, elementary school experimental study, data analysis, and practical
application. Planned data sources include students’ Scratch projects, learning motivation questionnaires, classroom
observations, and instructional reflections. Quantitative data are analyzed descriptively, while qualitative data are
examined using thematic analysis to identify patterns related to student engagement and conceptual understanding.

Phase 4
Data Analysis

Practical Application

Figure 1. Research Schedule and Timeline

3. Curriculum Design

The picture-book-based Scratch curriculum is structured around ten castle construction stages, each corresponding
to a specific Scratch block category, including events, motion, looks, sound, control, and operators. This staged design
introduces programming concepts progressively, allowing students to focus on one conceptual theme at a time.

By mapping story events to Scratch block functions, the curriculum leverages Scratch’s color-coded interface to
support conceptual understanding. The narrative metaphor positions blocks as tools used to complete construction tasks,
helping students associate programming logic with purposeful actions.
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Each lesson integrates storytelling with hands-on programming activities, ensuring that narrative elements function
as instructional scaffolds rather than distractions. This design aims to reduce cognitive load and support meaningful

learning during students’ initial programming experiences.

3.1. Picture Book Design

The picture book was designed as an instructional scaffold to support elementary students’ initial understanding of
Scratch programming concepts. Previous research has shown that storytelling and narrative structures can help young
learners organize new information, reduce cognitive load, and increase engagement by embedding abstract concepts within
meaningful contexts (Bruner, 1996; Robin, 2008). Drawing on this perspective, the picture book adopts a castle-building
narrative in which a king commissions an architect to construct the strongest castle on newly acquired land, providing a
coherent and motivating storyline for introducing programming concepts (see Figure 2).

The story is structured into ten construction stages, each representing a distinct phase of castle building and
corresponding to a specific Scratch block category. These categories include events, motion, looks, sound, control, and
operators. By aligning each stage of the narrative with a single block category, the design allows students to focus on one
conceptual theme at a time, supporting gradual knowledge construction. This staged progression reflects principles of
instructional scaffolding, in which instructional support is systematically provided and adjusted as learners develop
understanding (Wood, Bruner, & Ross, 1976).

To further bridge narrative understanding and programming execution, the picture book integrates story events
directly with Scratch-style interaction cues. For example, the initiation of construction work is visually linked to the “when
green flag clicked” event block, prompting

learners to associate story actions with program execution logic (see Figure 3). In addition, the picture book leverages
Scratch’s color-coded block system as a visual-semantic cue. Story events are intentionally associated with block colors
and functions, encouraging students to form connections between narrative actions and programming logic. Such visual—
narrative alignment has been shown to support comprehension and recall among novice learners, particularly in
technology-enhanced learning contexts (Mayer, 2009). Through this design, the picture book serves not only as a
motivational element but also as a conceptual bridge between storytelling and computational thinking.
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Figure 3. Picture book scene supporting programming concept introduction.
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3.2. Curriculum and Instructional Design

Building on the picture book design, the instructional curriculum was developed to integrate storytelling with hands-
on Scratch programming activities in a structured and pedagogically coherent manner. Research on introductory
programming education suggests that novice learners benefit from clearly sequenced instruction, explicit concept
explanation, and opportunities for immediate application (Resnick et al., 2009; Lye & Koh, 2014). Accordingly, the
curriculum was designed as a three-hour introductory unit that functions as students’ first formal exposure to Scratch.

Each lesson follows a consistent instructional flow that aligns narrative elements with programming practice. Lessons
begin with guided reading and discussion of a picture book segment, during which the teacher highlights the
construction task and introduces the

corresponding Scratch block category. This is followed by explicit instruction and teacher demonstration of block
functions, emphasizing their logical roles rather than technical details. Students then engage in hands-on programming
tasks that directly mirror the story events, allowing them to apply newly introduced concepts in a meaningful context.
Lessons conclude with brief reflection or sharing activities, during which students explain how their programs relate to
the narrative.

This instructional flow, illustrated in Figure 4, is intended to support instructional quality by maintaining alignment
between story context, conceptual explanation, and learner activity. By systematically connecting narrative understanding
with programming practice, the curriculum aims to create a coherent learning experience that supports both engagement
and conceptual clarity. Such alignment between instructional design and learning activities has been identified as a key
factor in effective technology-supported instruction for young learners (Kirschner, Sweller, & Clark, 2006).

used picture books to
introduce the Scratch

Led the use of Scratch Student practice

Figure 4. Flowchart for Introducing Picture Books into Scratch Courses

4. Anticipated Results

The study anticipates that students will demonstrate high engagement and positive learning attitudes during the
picture-book-based Scratch lessons. The narrative context is expected to support students’ willingness to participate in
activities and reduce anxiety associated with initial programming experiences.

Students’ Scratch projects are expected to reflect basic understanding of introduced block categories, with students
demonstrating the ability to apply blocks in ways consistent with story-based tasks. Qualitative observations may reveal
that students use narrative references when explaining their programming decisions, indicating the scaffolding role of the
picture book.

5. Discussion

This study highlights the potential of picture books as an instructional scaffold for introductory Scratch programming.
Embedding programming concepts within a narrative context helps students organize abstract ideas into meaningful
structures, supporting both engagement and comprehension.

The curriculum design demonstrates how Scratch’s visual and color-coded features can be pedagogically enhanced

through storytelling. However, careful instructional pacing and alignment between narrative elements and programming
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tasks are essential for effective implementation. Future studies may extend this approach to longer interventions or explore

its applicability across different age groups.
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Academic Judgment in Al-Augmented Learning Environments: The Roles of

Cognitive Offloading and Al Literacy

Abstract: The rapid integration of Generative Artificial Intelligence (Gen-Al) tools—such as ChatGPT, Gemini, and
Copilot—into higher education is reshaping how students and academics engage with information, make decisions, and
exercise academic judgment. While Gen-Al offers unprecedented opportunities for efficiency, creativity, and cognitive
augmentation, an emerging concern is the unintended shift toward cognitive offloading, whereby individuals delegate
internal mental processes to external technologies. This extended abstract presents a study that investigates how Gen-Al
reliance influences the quality of academic judgment and explores the moderating role of Al literacy in mitigating
potential cognitive dependency.

Grounded in theories of distributed cognition and metacognition, the study proposes that frequent reliance on Gen-Al
may unintentionally alter users’ cognitive habits. Instead of engaging in active reasoning and critical evaluation, users
may adopt a pattern of passive acceptance of Al-generated outputs—a phenomenon we identify as judgment dependency.
This shift has implications not only for academic decision-making but also for individuals’ confidence in their own critical
thinking capabilities. In parallel, the study posits that stronger Al literacy—encompassing understanding of Al’s
mechanisms, limitations, and biases—may act as a protective factor, enabling users to employ Al as a cognitive support
rather than a cognitive substitute.

To examine these dynamics, the study proposes a Sequential Explanatory Mixed-Methods Design. Phase 1 involves a
large-scale quantitative survey targeting academics and postgraduate students. Using Partial Least Squares Structural
Equation Modelling (PLS-SEM), the study models the relationships between Gen-AI Reliance, Cognitive Offloading,
Critical Thinking Self-Efficacy, and Academic Decision Confidence. This phase aims to establish the extent of Al-related
cognitive shifts and identify significant predictors of judgment quality.

Phase 2 employs qualitative methods—Think-Aloud Protocols and semi-structured interviews—to provide deeper insight
into the cognitive processes underlying observed quantitative patterns. Participants complete evaluative tasks with
optional Al assistance while verbalizing their thought processes, allowing researchers to identify moments of cognitive
shortcutting, over-reliance, or critical engagement. Data will be analyzed using Reflexive Thematic Analysis to capture
nuanced behaviours such as trust calibration, epistemic vigilance, and metacognitive monitoring during Al-mediated
Jjudgment tasks.

This study makes several novel contributions. Conceptually, it extends the discourse on Al in education from issues of
academic integrity to cognitive integrity, shifting attention from whether students use Al to how Al use reshapes thinking
itself. Empirically, it introduces the constructs of cognitive offloading and judgment dependency into the Malaysian higher
education context. Practically, it generates evidence-based recommendations for Al-integration guidelines, curriculum
design, and Al literacy initiatives that preserve human critical judgment in Al-supported learning environments.
Expected outputs include a validated Conceptual Model of AI-Mediated Academic Cognition, peer-reviewed publications,
and policy-oriented guidelines for sustainable Al adoption within higher education institutions. Ultimately, the study
broadens the vision of Industry 5.0 by fostering responsible human-machine collaboration where Al amplifies—rather

than replaces—human academic intelligence.

Keywords: Generative Artificial Intelligence; Cognitive Offloading; Academic Judgment; Al Literacy; Critical Thinking
Self-Efficacy
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Effects of SRL Strategies and an LLM-RAG Pedagogical Agent on High School

Students’ Learning Outcomes in AloT-STEM Hands-on Activities
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Abstract: This study examines the feasibility and pedagogical effects of an instructional model that integrates self-
regulated learning (SRL) strategies with a large language model (LLM)—based pedagogical agent enhanced by retrieval-
augmented generation (RAG) in a senior high school AloT-STEM hands-on activities. Although LLMs can support
programming learners through debugging assistance and conceptual explanations, their outputs may contain
hallucinations or drift beyond the instructional context. To strengthen response reliability and instructional alignment,
the proposed system employs a retrieve-then-generate RAG pipeline: relevant excerpts are first retrieved from a teacher-
curated instructional knowledge base, and the LLM subsequently generates contextualized guidance with traceable
sources.

This pilot implementation adopts a single-group design and is conducted in one senior high school over a 10-week
program (100 minutes per week). The hands-on project centers on an AloT-STEM “Smart Trash Can” project. Students
use an Arduino UNO microcontroller to integrate sensors and actuators and iteratively develop and validate key functions,
including proximity-triggered lid opening, fill-level detection, and cloud reporting. Learning outcomes are evaluated
using pre—post measures of AloT-STEM knowledge and programming self-efficacy, complemented by artifact-based
performance assessment and backend interaction indicators derived from platform logs. By triangulating learning-
process evidence with outcome measures, this study aims to clarify how routinized SRL cycles and RAG-grounded
feedback jointly support students’ progression in complex programming and hands-on problem solving. The findings are
expected to inform actionable design recommendations for classroom deployment, instructionally aligned generative-Al

Support.

Keywords: AloT-STEM hands-on activities; pedagogical agent; retrieval-augmented generation; self-regulated learning

1. Introduction

Amid the wave of 21st-century educational reform, rapid technological advances have accelerated instructional
transformation. Education increasingly emphasizes integrating information technologies and emerging tools (e.g.,
generative Al) into learning processes to support students’ self-directed learning and improve learning outcomes
(Cordova-Esparza, 2025). Self-regulated learning (SRL) foregrounds proactive goal setting, strategic regulation, progress
monitoring, and reflective revision, and is critical for sustaining engagement and performance in complex tasks
(Zimmerman, 2002).

In secondary education, STEM and programming are widely viewed as key pathways for developing logical
reasoning and problem-solving. Programming is increasingly embedded in STEM hands-on activities, where students
iteratively design, test, and refine solutions to authentic problems. Prior work suggests that integrating programming into
STEM hands-on learning can enhance students’ knowledge outcomes (Hsiao et al., 2024) and that embedding
programming and Al concepts into core subjects can support broader implementation (Akhmetova et al., 2025).
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However, many high school students struggle in early programming learning, which can increase frustration and
reduce engagement (Azaiz et al., 2024). These challenges may intensify in STEM hands-on contexts due to concurrent
demands of coding, debugging, workflow coordination, and artifact construction under time constraints, while teachers
often cannot provide timely, individualized support. Although LLMs (e.g., ChatGPT) can assist with debugging and
conceptual understanding (Groothuijsen et al., 2024), they may generate hallucinations and unreliable information,
undermining feedback credibility (Huang et al., 2025). Retrieval-Augmented Generation (RAG) can improve response
accuracy and consistency by grounding generation in retrieved external knowledge and shows promise for reducing
hallucinations in programming education (Wang et al., 2025; Zhang & Zhang, 2025), yet accuracy alone may not ensure
sustained engagement or strategic regulation.

Accordingly, three gaps remain: (1) novices often lack systematic debugging strategies and foundational concepts,
leading to repeated ineffective approaches and reduced persistence (Azaiz et al., 2024; Huang et al, 2025); (2)
classrooms—especially during STEM hands-on work—Iack scalable, differentiated support, highlighting the need for
SRL-oriented process scaffolding; and (3) LLM hallucinations and citation errors necessitate controllable, traceable
knowledge support (Huang et al., 2025).

To address these gaps, this study adopts a learning-process perspective and proposes “SRL strategies x LLM+RAG
pedagogical agent” for STEM hands-on activities. RAG connects to a teacher-curated knowledge base to provide
contextualized feedback with traceable sources, while the pedagogical agent supports strategy use across planning,
monitoring, and reflection to facilitate self-adjustment (Zimmerman, 2002; Chen, 2022). Using pre—post measures and
learning-process data, the study will evaluate effects on AloT-STEM knowledge, programming self-efficacy, and hands-
on performance, providing evidence for classroom applications and risk management of generative Al.

2. Materials and Methods

2.1. Research design and context

This study is a pilot experiment adopting a single-group design to examine the effects of implementing an
instructional model of “SRL strategies x LLM+RAG pedagogical agent” in a high-school AloT-STEM hands-on
activities on students’ learning performance. The hands-on activity centers on a “Smart Trash Can” as an authentic task
situated in smart-city governance and public environmental management. Students use an Arduino UNO as the core
controller and integrate an ultrasonic sensor (measuring the internal distance to estimate the fill level), an infrared/distance
sensor (detecting user-approach events), a servo motor (automatically opening/closing the lid), and LEDs/buzzer (status
feedback). Through the implementation, students complete key functions including approach-triggered lid opening,
overflow detection and alerts, disposal count logging, and cloud reporting with real-time notifications, thereby
progressively developing an integrated understanding of the AloT-STEM pipeline: Sensing (Input) — Data — Control —
Feedback. The course also highlights themes such as public hygiene, environmental sustainability, and urban efficiency,
guiding students to connect technological applications with real-world needs to enhance learning motivation and
interdisciplinary integration.

2.2. Participants

The participants will be 10th grade students from a high school. The study will implement a 10-week instructional
intervention and STEM hands-on activities with an estimated sample size of 40 students. To ensure compliance with
research ethics and data-governance requirements, parental consent forms will be obtained and signed prior to the start of
the intervention.
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2.3. Design of the SRL x LLM+RAG Pedagogical Agent

This study develops an interactive instructional platform in Python (see Figure 1) with a web-based chat window as
the main interface. The system logs students’ questions, responses, button clicks, submissions, task operations, and
learning progress, and stores all records in a MongoDB database as learning-process data. Teachers can upload and
manage course workflows and instructional materials through a teacher-facing interface to support classroom
management.

The platform also includes a learning monitoring module with fixed-interval push notifications. At scheduled
intervals, it reads students’ status and event logs from MongoDB (e.g., completed steps and submissions), determines
each student’s current learning node using rule-based logic, and pushes guidance such as next-step reminders, prompts to
revisit materials, and reflection questions. This provides consistent in-class support while allowing teacher intervention
when needed.

To improve response accuracy, the system integrates Retrieval-Augmented Generation (RAG). Course materials (e.g.,
syllabus, handouts, worksheets, sample code, and operation guides) are chunked, embedded, and stored in a Pinecone
vector database. Student queries are embedded and matched via semantic retrieval; the retrieved excerpts and the query
are then sent to an LLM (e.g., ChatGPT) to generate responses. Through this “retrieve-then-generate” workflow,
responses are more closely aligned with the weekly task context and reduce the risk of unsupported generation and off-
scope expansion. Throughout the process, the system retains students’ interaction data and key learning steps in
MongoDB, providing evidence for teachers and researchers to monitor learning status and analyze learning trajectories.
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Figure 1. System Architecture Diagram

The SRL scaffolding design in this study is structured around three core processes: planning, monitoring, and
reflection. In the planning phase, a linear, predetermined workflow is adopted: the system presents course tasks in a fixed
sequence pre-arranged by the teacher, and students are required to complete the steps in order. This arrangement ensures
that all students follow the same learning pace and task context, facilitating instructional guidance and stable management
of learning trajectories. In the monitoring phase, the system operates through a fixed-interval, reminder-based mechanism:
at predefined time intervals, it checks students’ current progress and pushes progress reminders or next-step guidance to
help students maintain the intended pace and complete the in-class workflow. In the reflection phase, the system prompts
students to conduct self-evaluation by asking whether there are still concepts they do not understand, and provides options
such as “review again” and “revisit key course materials”, supporting students in transforming hands-on experiences into

transferable strategic knowledge.
2.4. Instructional Experiment Procedure

This study will recruit first-year students from a senior high school in Taipei City and adopt a pilot single-group

design. Under the same syllabus, tasks, and instructional time (100 minutes per week for 10 weeks), the study will examine
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the effects of implementing an instructional model of “SRL strategies X LLM+RAG pedagogical agent” in an AloT—
STEM hands-on course. In Week 1, a pretest will be administered (cognitive: AloT-STEM knowledge; affective:
programming self-efficacy) without conducting an instructional cycle. Weeks 2-9 constitute the intervention period,
following the course progression for programming instruction and the “Smart Trash Bin” project-based hands-on
activities. In Week 10, a posttest (same dimensions) will be administered. In addition, both the researcher and the
technology education teacher will evaluate the Smart Trash Bin artifacts using the same scoring rubric and consolidate
learning-process data. The instructional flowchart is shown in Figure 2.

SRL x LLM+RAG
AloT- STEM hands-on activities

Pretest

AloT STEM Knowledge + Programming Self-Efficacy >~ 1 week

Phase 1: Programming Instruction ; ~ 4 weeks
SRLN -~~~ === smsess s s s st n s o e s e e St em e s a e !
R LR =<~ i e i S S s Sl e e e i i ' ‘
: Phase 2: Hands-on Activity (Smart Trash Can) - 4 weeks
Posttest 4 week

AloT-STEM Knowledge; Programming Self-Efficacy; Hands-on Performance

Figure 2. The instructional flowchart

During Weeks 2-9, each class session will follow an SRL cycle of planning—performance—reflection. In the planning
phase, students set session goals using system-provided, teacher-defined step-by-step guidance, which serves as the basis
for later monitoring and reflection. In the performance phase, students conduct learning activities, coding, and system
testing, supported by an LLM+RAG pedagogical agent that provides contextualized prompts, conceptual clarification,
and debugging guidance grounded in a teacher-curated knowledge base with traceable sources to reduce hallucination risk.
For monitoring, the system applies a fixed time-control rule by triggering “time checks” at preset intervals (e.g., every 10
minutes) and requiring students to report progress and status (e.g., completed steps, sticking points, error messages). In
the reflection phase, the system prompts students to evaluate goal attainment based on their work and reports and offers
concrete next-step suggestions (e.g., revisiting materials, retrying steps, adjusting the testing sequence). Students must
complete each time-check report and submit an end-of-class reflection before proceeding, ensuring a complete and
comparable learning trajectory.

2.4. Instructional Experiment Procedure

2.4.1. AloT-STEM Knowledge Exam

This study will use a researcher-developed AloT-STEM knowledge Exam to assess students’ conceptual
understanding of AloT, including Al concepts, basic IoT knowledge, sensor components, and programming. The test will
be reviewed by two experienced technology education teachers to establish content validity. It contains 25 multiple-choice
items (total = 100 points) and will be administered as both pretest and posttest (with item/option order rearranged in the
posttest). Instructional effects will be examined using ANCOVA, with the posttest score as the dependent variable, group
as the independent variable, and the pretest score as the covariate; assumptions will be checked and n? will be reported as

the effect size.
2.4.2. Programming Self-Efficacy Scale

This study will measure students’ confidence in programming using the Computer Programming Self-Efficacy Scale

(CPSES) adopted by Hsiao et al. (2023) based on Tsai et al. (2019). The scale includes five dimensions—Ilogical thinking,
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collaboration, algorithms, control, and debugging—rated on a 6-point Likert scale (1 = strongly disagree to 6 = strongly
agree). Reported reliability is high (Cronbach’s o = .94 overall; subscales o = .79-.94). Instructional effects will be
examined using ANCOVA, with posttest CPSES scores as the dependent variable, group as the independent variable, and
pretest scores as the covariate; assumptions will be checked and n? will be reported as the effect size.

2.4.3. Hands on performance Scale

This study will assess students’ hands-on performance using the Creative Product Assessment Matrix (CPAM)
(Besemer & Treffinger, 1981), which includes three dimensions: Novelty, Resolution, and Elaboration and Synthesis (Lin
et al., 2019; Hsiao et al., 2023). Hands-on performance will be scored across three dimensions with nine sub-items, each
rated 1-5 (total 45 points), with higher scores indicating higher creativity and overall product quality. The rubric will be
reviewed by two AloT-STEM-experienced teachers, and products will be scored by two trained raters with inter-rater
reliability (e.g., Cohen’s ) calculated; the average score will be used as the final performance score. Group differences
will be tested using independent-samples t-tests, with Cohen’s d reported as the effect size.

2.4.4. Interaction Behavior Analysis

This study applies interaction-behavior analysis to capture learning-process evidence that questionnaires and paper-
based tests may miss. It profiles students’ interaction patterns, help-seeking, and task progression, and examines how the
SRL x LLM+RAG pedagogical agent shapes these processes. Using a single-group design, the system follows a retrieve-
then-generate workflow, and backend logs provide quantifiable indicators to interpret outcome changes and infer the
intervention mechanism.

Backend data include dialogue logs (questions, follow-ups, responses) and operation-event logs (node switching,
step navigation, revisiting materials, retries, reflection submissions). These data will be transformed into process
indicators covering interaction/questioning (frequency, follow-up ratio, message length), task progression/completion
(advancement after feedback, completion rate/time, stalled time), and help-seeking under difficulty
(questioning/revisiting/retrying, repeated switching/requests). Descriptive statistics will summarize trends, with
additional comparisons by week/task phase or performance level as needed. Finally, process indicators will be linked to
outcomes (AloT-STEM knowledge, programming self-efficacy, hands-on performance) to establish process—outcome
connections.

3. Expected Outcomes

® Improved AloT-STEM knowledge: Students are expected to show pre—post gains after participating in the Smart
Trash Can hands-on activities supported by the SRL strategies x LLM+RAG pedagogical agent.

® Enhanced programming self-efficacy: Students’ confidence in applying programming concepts and debugging
strategies is expected to increase through iterative design-and-test cycles.

® Better hands-on performance: Students are expected to produce higher-quality artifacts and achieve more
effective system integration across sensing, control, and feedback functions.

® Richer learning-process evidence: Time-check reports, interaction logs, and key learning-step traces will provide
process evidence to explain progress patterns and common bottlenecks under SRL-guided prompts and RAG-

grounded feedback.
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Abstract: Inquiry-based learning (IBL) frequently falls short of its intended outcomes, with difficulties often attributed to
insufficient motivation or inadequate guidance. This paper focuses on the cognitive prerequisites IBL demands. We argue
that “generating a question” and “solving a problem” are cognitively distinct acts and re-examine a four-stage inquiry
model to reveal the asymmetry in cognitive demands across stages. Drawing on the distinction between problem
formulation and problem solving in computational thinking (CT), we show that IBL tacitly presupposes problem
formulation abilities. We extend this analysis to later inquiry stages, propose concrete CT-oriented scaffolding strategies
with empirical indicators, and reinterpret why IBL so often fails—not as a motivational deficit, but as a mismatch in
cognitive prerequisites. This reinterpretation shifts the locus of explanation from individual learner deficits to the

structural demands of inquiry itself.

Keywords: Computational thinking, problem formulation, problem solving, inquiry-based learning

1. Introduction

Inquiry-based learning (IBL) has long been regarded as a productive form of learning in which students construct
knowledge by posing questions, gathering information, and testing hypotheses (Dewey, 1938; Bruner, 1961). Yet a
substantial body of research indicates that IBL does not always yield expected outcomes (Kirschner, Sweller, & Clark,
2006): learners often do not know what to investigate, questions remain vague, and inquiries degenerate into formulaic
presentations. Hmelo-Silver, Duncan, and Chinn (2007) argued that scaffolding can mitigate these challenges; the present
paper asks a prior question—what cognitive prerequisites must be in place before scaffolding can take effect.

Prior work has addressed problem formulation within CT (Wing, 2011; Grover & Pea, 2013) and question generation
in IBL (Chin & Osborne, 2008; King, 1992) as separate lines of inquiry. No study has systematically examined how IBL
tacitly presupposes the kind of problem formulation that CT foregrounds. In particular, we map the cognitive demands of
each inquiry stage onto CT problem formulation, extend this analysis beyond Stage 1 to the investigation and conclusion
phases, and propose concrete scaffolding strategies along with falsifiable empirical predictions.

2. Two Cognitive Processes in Inquiry-Based Learning

Banchi and Bell (2008) distinguished four levels of IBL: confirmation, structured, guided, and open inquiry. In
confirmation inquiry the question, procedure, and expected result are all provided by the teacher; in open inquiry learners
are responsible for all three. The act of posing a question falls increasingly on the learner at higher levels, and it is there
that cognitive difficulty concentrates.

We distinguish two core acts. The first act is question generation: determining what to treat as a problem with
respect to a given phenomenon—setting boundaries, focusing the investigation, and clarifying constraints in an ill-

structured situation. The second is problem solving: reasoning toward a conclusion for an already-formulated question
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using appropriate methods. Although these acts may appear continuous, the cognitive operations they require differ in
kind. King (1992) showed that guided question generation promotes knowledge construction; Jonassen (1997) argued
that for novices the greatest difficulty lies in defining the problem itself.

3. A Four-Stage Model of Inquiry and the Asymmetry in Cognitive Demands

A widely shared model describes inquiry as: Stage 1—questioning/problem identification; Stage 2—hypothesis
construction; Stage 3—investigation and analysis; Stage 4—conclusion building (NRC, 2000; Pedaste et al., 2015). These
stages do not carry equal cognitive demand.

Table 1. Levels of Inquiry and the Implicit Prerequisite of Problem Formulation

Question/ Procedure Solution / Formulation Agent CT

Topic Conclusion Prerequisite
Confirmation Teacher Teacher Teacher Teacher Low
Structured Teacher Teacher Learner Mostly teacher Low
Guided Teacher Learner Learner Shared Moderate
Open Learner Learner Learner Learner High

Stage 1 is the most cognitively demanding as it requires judging what to constitute as a problem. The CT-prerequisite
analysis also extends to later stages. CT prerequisites are not confined to Stage 1; this point is developed in Section 6.1.

4. The Dual Structure within Computational Thinking

Computational thinking (CT) extends beyond algorithmic thinking. Wing (2006) defined CT as the thought process
of formulating a problem and its solution so that it can be executed by an information-processing agent, encompassing
decomposition, abstraction, and algorithm design. Grover and Pea (2013) further identified pattern recognition as a core
CT component, and positioned problem formulation as a precondition for problem solving.

Grover and Pea (2013) positioned problem formulation as a precondition for problem solving, and the NRC (2010)
characterized CT as a mode of thinking in which complex problems are defined and structured into solvable units. We
distinguish problem formulation—deciding what constitutes a problem—from general problem solving—deciding how
to solve a given problem—because the difficulty of IBL concentrates precisely at the formulation phase.

5. The Correspondence between IBL and CT

Stage 1 of inquiry—question setting—can be understood as CT-oriented problem formulation. Table 2 maps six
cognitive operations shared between IBL question generation and CT problem formulation. Aho (2012) highlighted
reformulation as central to CT. As the level of inquiry increases, formulation responsibility shifts from teacher to learner
(Table 1). This asymmetry creates a structural problem that has been largely overlooked. Many policy documents position
CT as an ability to be developed through inquiry (ISTE & CSTA, 2011; Weintrop et al., 2016)—emphasizing “inquiry
cultivates CT.” The reverse dependency has received little attention, and the result is a circular difficulty: CT cannot
develop because inquiry never gets started; inquiry cannot get started because CT is lacking.

Table 2. Shared Cognitive Operations between CT Problem Formulation and IBL Question Generation

Cognitive Problem Formulation in CT Question Generation in IBL

Operation

Decomposition Partition complex problem into Narrow a broad topic into sub-
manageable sub-problems (Wing, questions of investigable scope
2006)

Abstraction Extract essential features; discard Select relevant variables from a phenomenon;
irrelevant detail (Wing, 2006) set aside the rest
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Boundary Define the problem space Determine scope: what will and will
setting (Jonassen, 1997) not be investigated
Constraint Specify conditions a solution must satisfy| Identify conditions under which a question
identification (Wing, 2011) becomes answerable
Reformulation Transform problem into a Reshape a vague interest into a
tractable form (Aho, 2012) researchable question
Pattern Recognize analogous problem structures | Draw on familiar inquiry patterns to identify
recognition (Grover & Pea, 2013) an investigative strategy
6. Discussion

The difficulty of IBL is understood here as a mismatch between the degree of problem formulation presupposed
before inquiry begins and learners” CT-related abilities—greatest in open and guided inquiry. This perspective redescribes
familiar phenomena— “no questions emerge,” “the investigation goes in circles”—not as motivational deficits, but as

failures to meet cognitive prerequisites.
6.1. CT Prerequisites Beyond Stage 1

In Stage 3, abstraction and pattern recognition are required to select relevant data and apply suitable analytical
frameworks. Without the operation of abstraction, learners tend to collect data without any principled basis for selection.
In Stage 4, reformulation and constraint identification are required to judge which conclusions are defensible. Chin and
Osborne (2008) noted that learners’ questions cluster around factual types, rarely reaching hypothesis-forming questions.
Within the present framework, this pattern can be interpreted as reflecting a deficit in reformulation ability—an operation
required not only at Stage 1 but also when drawing conclusions at Stage 4.

6.2. Scaffolding Strategies

Three practical strategies follow from this analysis. First, teachers should select inquiry levels aligned with learners’
formulation capacity. Asking learners to write a one-sentence “what I will and will not investigate” statement before
inquiry begins serves as a practical indicator of boundary-setting ability.

Second, a pre-inquiry problem-structuring activity can operationalize three key operations. In a social studies
classroom, with “environmental problems” as the chosen topic, the teacher asks: (a) decomposition—"List specific sub-
issues (waste, air quality, water)”; (b) constraint identification—"Which sub-issue can you observe or measure given
available time and resources?”; (c¢) reformulation—"Turn your chosen sub-issue into a researchable question (e.g., Does
sorting household waste reduce landfill in our city?)”. This three-step scaffold applies in any non-computing classroom
because it targets generic problem-structuring operations rather than programming knowledge.

Third, when inquiry fails, reframe it as a structural question about absent prerequisites rather than learner attitude or
teacher competence.

6.3. Empirical Indicators for Future Validation

Although theoretical, the framework yields testable predictions. If CT-prerequisite mismatch drives inquiry failure,
learners who can articulate boundary-setting statements before inquiry should generate more investigable questions than
those who cannot. Moreover, structured scaffolding for decomposition and constraint identification at Stage 1 should
reduce stalled inquiries—an effect that should be strongest for open inquiry. Coding learner-generated questions in terms
of formulation operations (Fukui et al., 2025) offers one practical path toward empirically testing these claims.

7. Limitations and Future Work
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Three limitations constrain the current analysis. First, fine-grained analysis of specific cognitive sub-operations
remains incomplete; second, the framework has not been empirically tested; and third, individual differences in CT
development have not been addressed. Future work should test the scaffolding strategies in Section 6.2 using modified
problem-posing methodology (Fukui et al., 2025).
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Abstract: Algorithmic problem-solving is a core component of computational thinking (CT) that requires both domain
knowledge and effective self-regulated learning (SRL). This study examined how Al feedback supports algorithmic
problem-solving within an SRL framework, with particular attention to learners’ prior ability. A pretest—posttest design
was used to evaluate changes in algorithmic thinking performance, and SRL measures were collected to examine
regulatory processes. The results showed that Al feedback significantly improved learners’ algorithmic thinking
performance. However, its effectiveness varied by prior ability, with significant gains observed only among learners with
moderate prior knowledge. In terms of SRL, Al feedback was more strongly associated with in-process regulation (e.g.,
metacognitive monitoring and effort regulation) than with forethought-related processes. These findings suggest that Al
feedback functions primarily as a performance-phase scaffold and highlight the importance of aligning Al-supported
feedback with learners’ ability levels.

Keywords: Al feedback, self-regulated learning, computational thinking, algorithmic problem-solving, prior ability

1. Introduction

Algorithmic problem-solving is a core component of computational thinking (CT) in computer science education. It
involves processes such as decomposition, abstraction, and algorithm design, which enable learners to construct structured
solutions to complex problems (Wing, 2006; Shute et al., 2017). Because such tasks are cognitively demanding, learners’
performance depends not only on domain knowledge but also on their ability to regulate their learning processes.

Self-regulated learning (SRL) conceptualizes learning as a cyclical process involving planning, performance, and
reflection (Zimmerman, 2002). Within this framework, feedback plays a critical role in supporting learners’ monitoring
and strategy refinement during problem-solving. In algorithmic tasks, feedback can guide learners to examine their
reasoning and iteratively improve their solutions.

Recent advances in generative artificial intelligence have introduced Al feedback as a form of real-time instructional
support. By providing prompts and guidance during problem-solving, Al feedback can be integrated into learners’
regulatory processes. However, existing studies have primarily focused on overall learning outcomes, with limited
attention to how Al feedback functions within SRL processes. In addition, learners’ prior ability may influence how
feedback is interpreted and utilized, yet empirical evidence in Al-supported contexts remains limited.

Accordingly, this study investigates how Al feedback supports algorithmic problem-solving within an SRL
framework, with particular attention to differences associated with learners’ prior ability. The following research

questions guide this study:

92



Hsu, T. C., & Ogata, H. (Eds.). (2026). Proceedings of the 10th International Conference on Artificial Intelligence,
Computational Thinking and STEM Education .Kumamoto: The Asia-Pacific Society for Computers in Education.

® Does Al feedback facilitate learners’  performance in algorithmic problem-solving tasks?

® Do learners with different levels of prior ability demonstrate differences in learning outcomes when using Al
feedback?

® How does Al feedback influence learners’  self-regulated learning (SRL) during the problem-solving process?

2. Method

2.1. Participants and Design

A total of 25 undergraduate students majoring in computer science and information engineering at a university in
Taiwan participated in this study. All participants had prior experience with basic programming and algorithmic concepts
(M age = 19.49, SD = 0.51; 16 men and 9 women). This study adopted a single-group design in which all participants
completed the same algorithmic problem-solving tasks with Al-generated feedback. Participants interacted individually
with ChatGPT to obtain feedback, and all interaction records were collected for analysis.

The study was conducted over five weeks. In Week 1, participants attended an orientation session and completed the
pretest. During Weeks 24, participants completed one problem-solving task per week with Al feedback. In Week 5,
participants completed the post-tests.

2.2. Algorithmic Problem-Solving Tasks and Al-Supported Learning Design

Three CT-oriented algorithmic problem-solving tasks were designed in real-world contexts, focusing on route
planning, search strategy, and scheduling. Each task was completed over one week. The tasks were open-ended yet
structured, requiring learners to analyze constraints, construct solution steps, and justify their reasoning.

An Al-supported feedback mechanism was integrated into the learning process. After submitting their solutions,
learners received Al-generated prompts that encouraged iterative refinement. The Al system acted as a learning assistant
by paraphrasing learners’ ideas, posing guiding questions, and providing suggestions, rather than supplying direct
answers. Through this design, Al feedback supported learners’ ongoing monitoring and strategy adjustment during
problem-solving (see Figure 1).
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Figure 1. Screenshot of the Developed Al Feedback Platform

2.3. Instruments

Algorithmic thinking ability was assessed using the Algorithmic Thinking Test for Adults (ATTA) (Lafuente Martinez
et al., 2022), administered as both a pretest and post-test. The instrument demonstrated acceptable internal consistency

(Cronbach’s a = .854).
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Self-regulated learning was measured using selected subscales of the Online Self-Regulated Learning Questionnaire
(SRL-0) (Broadbent et al., 2023), including self-efficacy, motivation, planning, metacognition, and effort regulation. The
questionnaire was administered as a post-test to examine learners’ SRL characteristics during the intervention
(Cronbach’s a = .944).

3. Results

3.1. Effects of Al Feedback on Algorithmic Thinking Ability

To examine changes in students’ algorithmic thinking ability, pretest and post-test AT TA scores were compared using
the Wilcoxon signed-rank test. As shown in Table 1, post-test scores were significantly higher than pretest score, with a
moderate effect size (r = .40), indicating improvement in algorithmic thinking following Al-supported feedback.

To further examine whether the effects of Al feedback varied by prior ability, participants were classified into high-,
moderate-, and low-ability groups based on their pretest AT TA scores, with the top and bottom 27% forming the high- and
low-ability groups, respectively, and the remaining participants assigned to the moderate-ability group. As shown in Table
2, only students with moderate prior algorithmic thinking ability demonstrated a significant improvement in ATTA scores
after receiving Al feedback, with a moderate effect size (r = .40). No significant pretest—post-test differences were
observed for the high- or low-ability groups. These results indicate that the learning benefits of Al feedback were not

uniform across ability levels but were most evident among learners with intermediate prior algorithmic knowledge.

Table 1. Pretest—Post-test Comparisons of ATTA Scores across Prior Ability Levels

Measure N Pretest Posttest Z p
M SD M SD
ATTA Overall 25 12.2 2.48 13.2 2.78 2.04* .045
(Prior Ability)
High 6 15.67 1.63 15.67 1.37 0.13 891
Mid 13 11.85 0.80 13.23 2.17 2.21* 027
Low 6 9.33 0.82 10.67 3.01 0.74 458
*p < .05

3.2. Descriptive Results of Self-Regulated Learning

Post-test SRL-O results indicated moderate to moderately high levels of self-regulated learning across dimensions.
Learners reported relatively higher levels of intrinsic motivation (M = 5.14, SD = 0.98), metacognition (M = 4.92, SD =
0.99), and effort regulation (M = 4.70, SD = 1.07), with slightly lower levels of planning and time management (M = 4.31,
SD = 1.17). Overall, the results suggest a tendency toward stronger in-process regulation than forethought-oriented
regulation.

4. Discussion and Conclusion

This study examined how Al feedback supports algorithmic problem-solving within an SRL framework, with
particular attention to learners’ prior ability. The findings indicate that Al
feedback can support improvements in algorithmic thinking performance, suggesting its role as a scaffold in complex
problem-solving tasks. However, its effectiveness was not uniform across learners. Improvements were primarily
observed among learners with moderate prior ability, suggesting that the benefits of Al feedback may depend on learners’
readiness to interpret and apply feedback.
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From an SRL perspective, the findings suggest that Al feedback is more closely associated with in-process regulation,
such as metacognitive monitoring and effort regulation, than with forethought-related processes. This pattern indicates that
Al feedback may function primarily as a performance-phase scaffold, supporting learners during task execution rather
than influencing planning behaviors within a short-term intervention.

These findings highlight the importance of aligning Al-supported feedback with learners’ prior ability levels when
designing algorithmic learning environments. Rather than assuming uniform effectiveness, Al feedback should be
considered as a differentiated support mechanism that may benefit specific learner groups.

This study is exploratory in nature and should be interpreted with caution due to the small sample size and the absence
of a control group. Future research may further examine how different feedback designs or hybrid feedback approaches
can support learners across varying ability levels.
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Abstract: Al learning companions are widely considered tools for fostering higher-order cognition and problem-solving,
however, empirical evidence in authentic classrooms remains mixed. This study used a quasi-experimental design to
examine three conditions—no Al, an Al learning companion, and a non-companion Al tool—on students’ learning
performance and computational thinking in a Tower of Hanoi unit. Participants were tenth-grade students using Taiwan’s
adaptive learning platform. Learning outcomes were measured using a pretest—posttest design and analyzed with
ANCOVA, while Al interaction data were examined through the ICAP framework to assess cognitive engagement. Results
showed no significant differences among conditions after controlling for prior ability. However, qualitative findings
revealed that engagement was mainly passive and active, with limited constructive and interactive behaviors. These
findings suggest that the effectiveness of Al-supported learning depends less on the presence of Al and more on its ability

to promote higher-level cognitive engagement, offering implications for the design of Al learning environments.

Keywords: Al learning companions; Computational thinking; Cognitive engagement; ICAP framework; the Tower of

Hanoi

1. Introduction

With the rapid development of Artificial Intelligence (Al) in education, Al-assisted learning has become a key focus,
particularly for its role in supporting individualized adjustments and strategy revision through real-time feedback (Ouyang
& Jiao, 2021; Wu & Yu, 2024). In problem-solving contexts, Al provides prompts and feedback for multi-step planning;
however, its effects on learning outcomes are inconsistent and depend on task characteristics, instructional design, and
the level of learning activities elicited (Sailer et al., 2024; Wu & Yu, 2024), indicating that Al alone does not guarantee
improvement. Consequently, research has shifted to examining cognitive engagement as a key mechanism linking
instruction and outcomes. The ICAP framework identifies four levels—passive, active, constructive, and interactive—
with different learning effects (Chi & Wylie, 2014), and has been widely used to analyze learning behaviors in technology-
enhanced environments (Chi et al., 2018). Despite this, empirical evidence remains limited on whether different Al
supports in authentic classrooms can enhance higher-level engagement, problem-solving, and computational thinking.
Therefore, this study adopted a quasi-experimental design comparing no Al, Al as a learning partner, and non-partner Al
tools, examining students’ learning outcomes and computational thinking in a Tower of Hanoi unit and analyzing

cognitive engagement using ICAP.

2. Methodology
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2.1. Research Design

This study employed a quasi-experimental pretest—posttest design to investigate the effects of different Al-assisted
learning contexts on students’ learning outcomes and computational thinking. Three groups were included: a control
group without Al (Group A), an experimental group using the e-Du Al learning partner (Group B), and another
experimental group using non—e-Du Al tools (Group C). All groups followed the same instructional schedule and content
to control for instructional variables.

Students completed a computational thinking scale and a Tower of Hanoi algorithm test before and after the
intervention. In addition, Al usage log data were collected to support qualitative analysis of students’ cognitive

engagement during the learning process.
2.2. Participants

Participants were three Grade 10 classes from a senior high school, assigned to three groups: Group A (n = 33),
Group B (n = 31), and Group C (n = 21). All students had prior experience with digital learning platforms but had not
previously learned the Tower of Hanoi unit.

2.3. Learning Materials and Al Interventions

The instructional content focused on the Tower of Hanoi problem, including rules, strategy, and problem-solving
processes. All students used the same Adaptive Learning Platform and completed identical tasks. The difference lay in
Al support: the control group used no Al features; Experimental Group 1 used the e-Du Al learning partner with real-
time feedback and guidance; Experimental Group 2 used Al tools providing hints or explanations without interactive
dialogue.

2.4. Instruments

This study utilized a Computational Thinking Scale and a Tower of Hanoi Algorithm Test, both administered before
and after the intervention to measure learning outcomes and computational thinking. Computational thinking was further
analyzed across five dimensions: problem decomposition, pattern recognition, abstraction, algorithm design, and
debugging. Additionally, Al usage logs were collected to record students’ interactions with Al tools, including questions,

responses, and subsequent actions, serving as data for qualitative analysis.
2.5. Data Analysis

Quantitative data were analyzed using ANCOV A with pretest scores as covariates to examine differences in learning
outcomes and computational thinking among groups. Qualitative analysis was conducted based on the ICAP framework,
categorizing learning behaviors into Passive, Active, Constructive, and Interactive levels using Al interaction logs to

explore students’ cognitive engagement patterns

3. Results

3.1. Learning Performance on the Tower of Hanoi Algorithm

In this study, posttest scores on the Tower of Hanoi algorithm test were treated as the dependent variable, and pretest
scores were used as the covariate. An analysis of covariance (ANCOVA) was conducted to examine the effects of different
Al usage conditions on students’ learning outcomes. Table 1 presents the analysis results for the control group (Group A),
Experimental Group 1 using the e-Du Al learning partner (Group B), and Experimental Group 2 using non—e-Du Al-

assisted tools (Group C).
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Table 1. ANCOVA results for the Tower of Hanoi algorithm posttest

Source Type 111 SS df MS F p
PreTest (Covariate) 2779.87 1 2779.87 8.29 .005
Group 191.63 2 95.82 0.29 752
Error 27150.66 81 335.19

The ANCOVA results indicated that pretest scores had a significant effect on posttest scores for the Tower of Hanoi
algorithm test, suggesting that students’ prior ability was associated with their subsequent learning performance. However,
after controlling for pretest scores, no statistically significant differences were found among the groups in posttest
performance on the Tower of Hanoi algorithm test.

4. Conclusions

This study highlights a paradox in STEM project performance: although university students possess greater technical
knowledge, their output is hindered by stress, academic overload, and part-time work. In contrast, school students—
despite their lower technical expertise—achieve higher scores due to structured support and focused learning
environments.

Quantitative results show school teams averaged 73.1 on a standardized rubric, outperforming university teams, who
averaged 65.1. This superiority extended across various criteria, including documentation and project quality. Qualitative
data revealed that school students displayed higher motivation and engagement, while university students faced
fragmented schedules and external demands.

From a sociological lens, the lower performance of university students is linked to systemic issues in higher education,
where survival often trumps creativity. Conversely, school students benefit from consistent guidance and fewer external
pressures. This disparity is reinforced by stress data: 75% of university students reported high stress, versus 40% of school
students, largely due to lack of mentorship and time constraints.

The findings call for targeted policy changes in higher education to overcome structural barriers impacting STEM
project performance. Key recommendations include reducing academic overload through interdisciplinary projects,
strengthening mentorship to mirror school-level support, offering financial aid for students with part-time jobs, and
promoting stress management via flexible deadlines and mental health services. These measures aim to foster an
environment where students can effectively apply their technical skills to real-world challenges, enhancing overall STEM

learning outcomes.
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Abstract: To address the limitations of traditional keyword-based podcast search systems, which often fail to retrieve
relevant content from unindexed audio segments, this study proposes a Retrieval-Augmented Generation (RAG) system.
The framework integrates OpenAl Whisper for precise transcription, the bge-m3 model for semantic embeddings, and
FAISS for high-precision vector retrieval. The system's performance was rigorously evaluated against a legacy keyword-
search platform (Apple Podcasts) based on 600 item responses collected from 30 questionnaires across "Specified
Response Questions" and "Spontaneous Inquiries". The results demonstrate that the proposed RAG system (M = 6.06,
SD = 0.86) significantly outperforms the legacy system (M = 1.34, SD = 0.66), with p < 0.001 , providing far more
accurate and contextually relevant responses. Within the new system, "Specified Response Questions" achieved higher
stability (M = 6.16, SD = 0.71) compared to "Spontaneous Inquiries” (M = 5.5, SD = 1.06, p = 0.0025) , although both
exceeded the quality benchmark of 5 (p < 0.001 and p = 0.0083, respectively). These findings confirm that integrating
semantic retrieval with LLMs effectively bridges the semantic gap in audio data access, offering a stable and superior

alternative to traditional keyword-based search methods.

Keywords: Podcast Retrieval, Retrieval-Augmented Generation, Large Language Models (LLMs).
1. Introduction

While Large Language Models (LLMs) have become core assistive tools in daily life, they often suffer from
"hallucinations™ due to a lack of grounding in factual knowledge (Huang et al., 2025). To address this, Retrieval-
Augmented Generation (RAG) has emerged as an effective framework that integrates semantic vector retrieval with
generative models, significantly improving the accuracy and relevance of generated content (Liu & Cui, 2024).

Concurrently, podcasts have become a pivotal medium for information acquisition and systematic learning during
fragmented time. However, traditional query systems rely on keyword matching within program titles or brief descriptions,
failing to perform semantic-level searches on the audio content itself, which results in reduced learning efficiency.

To overcome these limitations, this study proposes an integrated RAG workflow: OpenAl Whisper is employed for
high-precision speech-to-text transcription, and FAISS is utilized for efficient semantic retrieval by matching user queries
with content vectors. Finally, the system leverages LLMs to analyze retrieved results and produce semantically aligned,
contextually complete responses.

1.1. Research Objectives

This study investigates RAG integration to address semantic limitations in keyword-based podcast search, focusing
on verifying technical feasibility within unstructured audio, statistically comparing retrieval efficiency against legacy
models, and quantifying response reliability and user satisfaction across "Specified Response Questions” and
"Spontaneous Inquiries".

2. Literature Review
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Current Status and Limitations of Podcast Information Retrieval : Podcasts are primarily distributed via RSS feeds,
which often lack standardized metadata and rely on informal naming conventions. Jones et al. (2021) noted that this lack
of structure makes it difficult for users to locate specific content within episodes, especially since natural speech lacks
explicit semantic classification. Consequently, RSS data is often considered "noisy" and unreliable. Furthermore, Tian et
al. (2022) observed that platform search systems, such as Spotify's "Instant Search," struggle when users provide vague
queries, forcing them to manually filter through voluminous results.

Evolution of Podcast Search Technology : Retrieval technology has transitioned from traditional text matching to
semantic-level analysis. Early research by Mizuno et al. (2008) used confusion networks and TFp-IDFp weighting to
mitigate speech recognition errors, achieving better accuracy than standard TF-IDF. Modern semantic retrieval utilizes

high-precision indexing; for instance, Krisnawati et al. (2024) demonstrated that IndexFlatL2 achieves maximum
recall by performing full vector comparisons. Rusum et al. (2024) found that FAISS provides a high recall of 97.9% and
balances query latency effectively, though it requires more storage to maintain precision.

Applications and Research Gap in RAG : Retrieval-Augmented Generation (RAG) enhances LLM outputs by
providing external context, which reduces hallucinations.

However, He et al. (2025) pointed out that "Naive RAG™ may still suffer from insufficient precision in specialized
scenarios. Liu and Cui (2024) successfully implemented a document retrieval system using Word2Vec within a RAG
framework to produce more rational answers. To capture complex relational knowledge, Zhou & Xiao (2025) utilized
GraphRAG, though measuring the precision of its retrieved content remains challenging.

A significant research gap exists as traditional podcast systems rely on RSS-based keyword metadata, which fails to
interpret complex natural language queries. Since mainstream platforms (e.g., Spotify, Apple Podcasts) share this similar
keyword paradigm, Apple Podcasts is selected as a representative industry baseline to quantify the intergenerational
performance gap between legacy indexing and frontier semantic RAG architectures. This study addresses this gap by
integrating Al-driven semantic retrieval with RAG, enabling context-aware, human-like responses to complex natural
language prompts.

3. Research Framework and Methodology

The research framework employs a three-phase workflow to transform unstructured podcast audio into a high-
precision semantic search system: data preparation, system implementation, and performance evaluation. This process
systematically converts raw audio into searchable text, implements retrieval-augmented generation via vector indexing,

and concludes with a quantitative assessment of response quality and stability.
3.1. System Workflow Overview

The system implementation integrates several advanced technologies to ensure response accuracy:

e Data Processing: Podcast audio is downloaded via Python scripts and transcribed into text using the OpenAl
Whisper "medium" model, which includes 60-second timestamps for precise location mapping. To ensure data quality,
manual transcription correction is performed to fix proper noun errors.

e RAG Implementation: Transcripts are converted into 1024-dimensional vectors using the bge-m3 model. These
are stored in a FAISS database using the IndexFlatL2 index to prioritize retrieval precision over speed.

e Response Generation: The Ilama-3.3-70b-versatile model generates responses in Traditional Chinese based on

the retrieved context and user queries.
3.2. Evaluation Methodology

To assess efficacy, 30 participants rated responses on a 1-7 Likert scale, where 5 was predefined as the "Mostly

Correct" quality benchmark. The evaluation involved two questionnaires: one comparing the New RAG vs. Legacy
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systems (10 items) and another assessing Specified vs. Spontaneous queries within the new system (10 items). This 20-

item-per-participant structure yielded 600 total responses (30 participants across 20 items), providing a robust foundation
for paired t-tests and one-tailed significance testing.

4. Results and Analysis

4.1. Descriptive Statistics

Statistical analysis was performed on the 600 item responses derived from the 30 questionnaires to evaluate
performance. Preliminary analysis utilized descriptive metrics to reveal the central tendency and dispersion of user ratings.
4.1.1. Descriptive Statistics and Box Plot Analysis

Descriptive analysis reveals the central tendency and dispersion of user ratings on a 1-7 scale. The Legacy System
averaged M=1.34 (SD=0.66), whereas the New System achieved M=6.06 (SD=0.86), demonstrating superior quality and
consistency across diverse query scenarios. Within the new system, "Specified Response Questions" yielded higher
stability (M=6.16, SD=0.71) compared to "Spontaneous Inquiries" (M=5.5, SD=1.06).

4.1.2. Inferential Statistics: Paired t-tests

Paired t-tests verified the statistical significance of observed differences. The New System significantly outperformed

the legacy platform in response quality and stability (t(29) = 20.018, p < 0.001). Internal analysis confirmed that

"Specified Response Questions" yielded significantly more stable and higher-quality responses than "Spontaneous
Inquiries" (t(29) = 3.307, p = 0.0025).

4.2. One-tailed Test

One-tailed tests confirmed that average ratings significantly exceeded the benchmark of 5. As shown in Figure 1(a),
"Specified Response Questions" yielded t(29) = 8.744 (p < 0.001), with the t-value falling within the rejection region.
Similarly, "Spontaneous Inquiries"(Figure 1(b)) reached t(29) = 2.545 (p = 0.0083), demonstrating performance
significantly above the threshold even in open-ended scenarios. These results collectively corroborate the system's stable,
high-quality output across diverse query types.

b
Probability Density

(a) Specified Response Questions (b) Spontaneous Inquiries
Figure 1. One-tailed significance tests for (a) Specified Response Questions and (b) Spontaneous Inquiries.

5. Conclusion

This study proposes a RAG system integrating OpenAl Whisper, bge-m3, FAISS, and Llama-3.3 to overcome the
semantic limitations of traditional podcast search. Statistical analysis reveals that the New System (M=6.06, SD=0.86)
significantly outperformed the Legacy platform (M=1.34, SD=0.66) with t(29)=20.018 and p<0.001. Internal
comparisons confirmed that "Specified Response Questions" (M=6.16, SD=0.71) yielded more stable results than
"Spontaneous Inquiries" (M=5.5, SD=1.06; t(29)=3.307, p=0.0025).

Furthermore, one-tailed tests verified that both question types significantly exceeded the quality benchmark of 5,

with t-values of 8.744 (p<0.001) and 2.545 (p=0.0083), respectively. While transcription errors like homophones impact
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performance, future iterations utilizing LLM-based post-editing and embedding model optimization (e.g., text-
embedding-3 vs.

bge-m3) will enhance scalability and retrieval efficiency. In conclusion, the RAG architecture effectively bridges the
semantic gap in podcast search and offers a highly feasible direction for future audio data applications.
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Abstract: The purpose of this study is to investigate the impact of Generative Artificial Intelligence (GenAl) applications
on creative self-efficacy and design creativity. The study involved 32 first-year university students and employed a one-
group pretest-posttest design to sequentially evaluate three different instructional methods. The findings indicate that
GenAl has a positive impact on creative self-efficacy with a moderate effect size. This effect was primarily driven by

’

improvements in "belief in creative products” and 'resilience against negative evaluation,” whereas no significant
difference was found in "belief in creative thinking strategies.” Furthermore, GenAl significantly enhanced design
creativity—including technical performance, novelty, and aesthetic refinement—as well as overall creative output, all
showing moderate to large effect sizes. Notably, integrating GenAl across all three stages of the process—material

generation, ideation, and illustration generation—resulted in a positive impact with a large effect size.

Keywords: Generative Artificial Intelligence (GenAl), Creative self-efficacy, design creativity

1. Introduction

According to a survey by the U.S. research firm PitchBook (2023), GenAl saw an explosion of investment and is
now recognized as one of the most disruptive technologies of our time. This shift has profoundly impacted the educational
sector, with recent research indicating that GenAl significantly enhances creative learning and critical thinking (Qian,
2025). Furthermore, a strong correlation exists between creative self-efficacy and overall creativity (Duran & Alejandro,
2025; Zhou & Lee, 2024); in the context of GenAl, this self-efficacy has emerged as a crucial factor influencing creative
performance (Zhou et al., 2025). Consequently, the objective of this study is to investigate the impact of GenAl
instructional applications on students' creative self-efficacy and their performance in design creativity.l.

2. Literature Review

GenAl demonstrates significant efficacy in creative education—specifically in creative stimulation, engagement, and
output. However, the integration of GenAl also raises several critical concerns: (1)Over-reliance and Cognitive
Offloading: Chronic dependence on GenAl may lead to intellectual passivity and reduced cognitive engagement, a
phenomenon known as cognitive offloading. This may result in a growing aversion to deep thinking, ultimately
undermining a student’s creative self-efficacy and innate creative abilities (Wei et al., 2025). (2)Reduction in Creative
Diversity: While human-Al collaboration can elevate overall creative performance, it may paradoxically diminish the
diversity of ideas. Users may become reliant on repetitive prompts and more inclined to passively accept Al-recommended
concepts (Holzner et al., 2025). (3)Plagiarism and Assessment Challenges: GenAl introduces risks such as algorithmic
bias, plagiarism, and "hallucinations" (incorrect answers). These issues make it increasingly difficult to assess individual

contribution and authentic student engagement (Wall et al., 2025).
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Design thinking is a methodical approach to problem-solving. Its framework typically consists of five core stages:
empathize, define, ideate, prototype, and evaluate/refine (Harvard Business School, 2023; Hasso Plattner Institute of
Design at Stanford, 2023), as illustrated in Figure 1 (Design Council, 2023; IDEO, 2023). The resulting creative
outcomes—whether tangible products or strategic solutions—must be characterized by both novelty and appropriateness
(Emami et al., 2023).

In other words, design creativity is essentially a continuous process of problem-solving (Sameti, Koslow, &
Mashhady, 2022). Consequently, the assessment of creativity must account for both the process and the outcome (Esling
& Devis, 2021). In the instructional design of this study, evaluations are conducted across the stages of definition and
analysis, ideation, and final product output. These stages are assessed for innovation and aesthetic refinement to ensure
the results align with the dual criteria of novelty and appropriateness (Yi et al., 2021).

<Discover> <Design>  <Develop>  <Deliver>

(

C,
o ) W
0% be, o
< Emﬁathi Define Ideate

Problem Solutlon

nvg,geht

rotot e Test

Figure 1. Framework of Design Thinking Process.
Note: Lin & Chang, 2024

3. Research design and implementation

3.1. Research participants: The participants in this study consisted of 32 freshmen from a prestigious public university
in Taiwan.

3.2. Research process: The study began with a pre-test to assess students' creative self-efficacy. Subsequently, a unit
on digital image creation was conducted using traditional instruction (TI). This was followed by the sequential
implementation of two distinct teaching methods: GenAl-A and GenAl-B. At the conclusion of each instructional phase,
students were required to produce an original digital image work.

3.3. Instruments: (1). Integrating GenAl into Design Creativity Instruction The instructional design followed the
design thinking process, spanning the stages of definition and analysis, ideation, and final product output (IDEO, 2023).
Creative outcomes were assessed based on novelty and appropriateness (Yi et al., 2021). Adobe Photoshop served as the
primary software for teaching image processing and creation.

The three teaching methods are defined as follows: Traditional Instruction (T1): Students independently brainstormed
concepts, sourced their own image assets, and executed the creative work manually. GenAl-A Method: Students
independently developed their own creative concepts but utilized GenAl to generate primary image assets and
backgrounds before completing the final composition manually. GenAl-B Method: Students engaged in a co-creative
dialogue with GenAl to brainstorm concepts. GenAl was then used to generate primary image assets, backgrounds, and
reference illustrations. Finally, students performed creative optimization and manual refinement to produce the final work.

Design Creativity Rubric Based on the established criteria of effectiveness, novelty, and aesthetic refinement in design
(Besemer, 1998; Mazerant et al., 2021; Weisberg et al., 2021), this study developed a scoring rubric comprising three
items: Skills & Elaboration, Novelty, and Aesthetics. The overall scoring reliability reached a Cronbach’s alpha of .813,
indicating robust reliability and validity (Hair et al., 2010).
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Figure 2. Sample work from the TI
(Traditional Instruction) group.

Description: A skull covered in screen
the|

notifications, symbolizing

lomnipresence of digital information.

Figure 3. Sample work from the GenAl-A|
group.

Description: “I lit an eternal lamp for you,)
hoping my longing reaches you from afar.
I vaguely remember you saying the moon

is fullest on the fifteenth... now, whenever|

Figure 4. Sample work from the GenAl-B
group.

Description: This composition utilizes an
X-ray transparency effect overlaid with
images of electronic components to create

a sense of depth. It illustrates the fusion of

I miss you, | simply look up at the sky.” |mechanical and natural structures—a
concept piece for a cyber-insect.
Creative Self-Efficacy Scale This study utilized the Creative Self-Efficacy Scale developed by Lin & Chang (2025).

The scale consists of 12 items across three dimensions: Creative Thinking Strategy Beliefs (e.g., "When brainstorming, |

believe | can generate a wide variety of ideas"), Creative Product Beliefs (e.g., "I believe the products | design are more
creative than similar ones on the market"), and Resilience Against Negative Evaluation (e.g., "'l will continue to think
outside the box even if my unique ideas are not initially accepted™). According to a Principal Component Analysis (PCA),
the factor loadings (and percentage of variance accounted for) for the three components were 6.69 (47.81%), 1.06 (7.61%),
and 1.01 (7.24%), respectively. The total explained variance reached 62.67%, which is considered acceptable (UCLA,
2021). The reliability coefficients (Cronbach’s alpha) for the three dimensions were .758, .838, and .656, with an overall
reliability of .895 (Lin & Chang, 2025), demonstrating strong reliability and validity (Hair et al., 2010).
3.4. Data Analysis: The primary statistical method employed in this study was the paired samples t-test. This analysis
was used to determine the impact of GenAl instructional applications on students' design creativity.
3.5. Research Ethics: This study adhered to the ethical principles and regulations outlined in the Declaration of
Helsinki.

4. Results

4.1. The Impact of GenAl on Creative Self-Efficacy : A paired samples t-test revealed that integrating GenAl into
design creativity instruction led to a significant increase in creative self-efficacy (t = 2.308, p = .014), with a moderate
effect size (Cohen’s d = .426). This primary effect was driven by improvements in creative product beliefs and resilience
against negative evaluation, whereas no significant difference was observed in creative thinking strategy beliefs.

4.2. The Impact of GenAl on Design Creativity Performance: A paired samples t-test revealed the following:GenAl-
A vs. TI: Compared to the Traditional Instruction (T1) method, the GenAl-A method led to significantly higher creativity
performance (t =2.576, p =.009), with a moderate effect size (Cohen’s d =.549). Moderate positive effects were observed
specifically in technical performance, novelty, and aesthetic refinement.GenAl-B vs. TI: The GenAl-B method also
outperformed the TI method (t=7.831, p <.001) with a large effect size (Cohen’s d = 1.670). While technical performance
and aesthetic refinement showed moderate positive effects, novelty demonstrated a large effect size (Cohen’s d =
1.005).GenAl-B vs. GenAl-A: Comparing the two Al-assisted methods, there were no significant differences in the
individual dimensions of technical performance, novelty, or aesthetic refinement. However, the aggregate total score
showed that GenAl-B was significantly superior to GenAl-A (t = 3.945, p < .001).
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5. Conclusions

5.1. GenAI’s Moderate Positive Impact on Creative Self-Efficacy : The findings of this study demonstrate that
Generative Al (GenAl) has a positive impact on creative self-efficacy with a moderate effect size. This effect is primarily
attributed to improvements in creative product beliefs and resilience against negative evaluation, whereas creative thinking
strategy beliefs showed no significant difference. These results align with research suggesting that GenAl fosters creative
stimulation and supports every stage of the production process (Newman et al., 2024), often serving as a key mediator for
creative performance (Zhou et al., 2025). However, it is important to heed warnings that learners may perceive GenAl
merely as a "ready-made output machine.” Viewing Al as a utility tool rather than a creative partner may inadvertently
stifle a student's own imaginative capacity (Newman et al., 2024).

5.2. GenAl’s Significant Impact on Design Creativity Performance: This study found that GenAl applications exert
a moderate-to-large positive effect on technical performance, novelty, and aesthetic refinement, as well as overall design
creativity. Notably, the GenAl-B method achieved a large effect size in both novelty and total performance. These findings
reinforce the growing consensus that Al integration enhances overall creativity and creative output (Duran & Alejandro,
2025; Zhou & Lee, 2024).

Interestingly, while there were no significant differences in the individual dimensions (technical performance,
novelty, and aesthetics) between the GenAl-A method (limited to asset generation) and the GenAl-B method (spanning
asset generation, ideation, and illustration generation), a significant difference did emerge in the aggregate total scores.
This suggests that while GenAl is undeniably beneficial for design creativity, future research should utilize multivariate
analysis (MANOVA) to provide a more holistic and in-depth evaluation of design creativity as a multi-dimensional
construct.

6. Limitations and Suggestions

Through experimental teaching, this study demonstrates that the application of GenAl in instruction yields significant
positive effects on design creativity. Based on these findings, it is recommended that universities increase the integration
of GenAl across various curricula. Furthermore, in light of the study's constraints, the following suggestions are proposed
for future research:

1. Limitations in Research Design: This study employed a one-group pretest-posttest design, which is categorized
as a pre-experimental design, and utilized paired samples t-tests for data analysis. This design is inherently
susceptible to maturation effects and testing effects (practice effects). To achieve more precise experimental
results, future studies should incorporate a control group to better isolate the impact of the intervention.

2. Limitations in Analytical Methods: This study used t-tests to compare individual sub-scores and total scores of
creative performance. This approach may be affected by the cumulative effect or sub-dimension summation
effect, potentially impacting statistical power and measurement error. Future research is encouraged to utilize
multivariate analysis (e.g., MANOVA) to enhance discriminatory power and provide a more robust evaluation
of the relationships between variables.
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Abstract: This study explores the integration of Generative Al (GenAl) into Social and Emotional Learning (SEL) to
address rising mental health needs. Using bibliometric analysis (n=122) and case studies (n=15), the research identifies
a shift from technical monitoring to deep disciplinary integration in fields like STEM and Arts. Findings reveal that Al
serves as a simulator, reflection guide, and diagnostician, significantly enhancing students’self-awareness and decision-
making. The study concludes that successful humanistic intelligent education requires strengthening teachers’ TPACK

and establishing robust ethical frameworks for human-AlI collaboration.
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1. Introduction

In the post-pandemic era, students' needs for mental health and social-emotional learning (SEL) have shown
exponential growth (Tyler et al., 2025). However, the technological convenience brought by the digital shift has also
posed new challenges to the quality of interpersonal interaction among students, while simultaneously leading to a loss
of the ability for deep thinking on subjects and issues (Arinushkina et al., 2023; Banda & Czako, 2026). Although
Taiwanese students perform excellently in international academic assessments (Lin et al., 2021), they remain relatively
weak in affective dimensions such as learning motivation and self-confidence (OECD, 2016). To this end, the Ministry
of Education in Taiwan launched the "Social and Emotional Learning Medium-to-Long-Term Plan (2025-2029)" in
2025(Ministry of Education, 2025), aiming to incorporate SEL into the current curriculum guidelines. However, the
practical field faces challenges such as uneven resource allocation, differences in teachers' affective teaching literacy, and
the difficulty of providing real-time, individualized guidance (Ministry of Education, Taiwan, 2025).

The rise of Generative Al has provided a safe, low-risk, and high-frequency interaction practice environment for SEL,
which can effectively compensate for the limitations of traditional teaching in social simulation (Lee & Lee, 2025).
Although GenAl has shown effectiveness in cognitive learning assistance, its systematic integration models, pedagogical
role positioning (such as guider, digital peer, or evaluator), and specific integration paths in affective education remain to
be clarified. This study first adopts bibliometrics to map the development landscape of Al and SEL curriculum integration
between 2020 and 2026; subsequently, it utilizes content analysis to deeply explore the current implementation status and
future trends of AI-SEL integrated teaching models.

2. Literature Review

Social and emotional learning has received significant attention and emphasis in recent years, transforming from
supplementary counseling content into the core of the educational system; its core components include self-awareness,

self-management, social awareness, relationship skills, and responsible decision-making (CASEL, 2019). However, as
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digital natives who participated heavily in digital learning during the pandemic present a highly online lifestyle post-
pandemic, student mental health faces challenges such as high levels of attention fragmentation, social isolation, and
declining psychological resilience (Buzzi et al., 2025). This makes the promotion of the "Social and Emotional Learning
Medium-to-Long-Term Plan (2025-2029)" by the Ministry of Education in Taiwan particularly important. Currently,
research has pointed out that the promotion of affective education should no longer be decoupled from disciplinary
knowledge but should be integrated with various subjects, establishing an intelligent learning environment for students'
emotional regulation through curriculum arrangements (Tang & Herrera, 2025).

With the rise of Generative Al, past research on artificial intelligence and emotion mostly focused on external
detection and monitoring, where researchers used Al to capture detailed facial changes or emotional shifts; such research
trends emphasized stress prediction based on physiological data (Bilucaglia et al., 2024). However, current artificial
intelligence can achieve large amounts of dialogue, responses, and even empathy, and can also perform role-playing to
guide students toward a deeper sense of immersion in various issues. This mechanism also helps students practice moral
judgment and emotional regulation in a relatively low-risk environment (Aprilia et al., 2025). Additionally, in the
extended application of the TPACK framework, Al not only optimizes pedagogical knowledge (PK) but also changes
current teaching methods (TPK), precisely integrating technology and affect into current teaching (Cohn et al., 2024). In
the past, technology was seen as a representative of rationality, efficiency, and scientification, while concepts such as
emotion and affect were abstract and perceptual; the fusion of the two in the educational field will bring a brand-new face
to future disciplinary content.

3. Research Methodology

This study explores through literature analysis methods, divided into two major steps. First, a bibliometric analysis
was conducted. In the Scopus database, the conditions were set into three major parts: technical means (Al), core targets
(SEL), and teaching practice. The technical means part included keywords such as Al, Generative Al, Large Language
Models (LLM), Chatbots, and Affective Computing; core target keywords included Social Emotional Learning,
Emotional Intelligence (EQ), and Well-being; education practice keywords included Curriculum, Instructional Design,
Pedagogy, Teaching Models, and Classroom Integration. The timeframe was set from 2020 to 2026. Since 2022 was the
key year when Generative Al emerged and began to flourish, this study set the analysis for the years before and after the
emergence of Generative Al. Simultaneously, English-language journals or conference papers were used as the screening
mechanism, resulting in 122 articles. In the second part, this study screened 15 articles from the 122 for further content
analysis to explore the specific teaching models of current AI-SEL curriculum fusion.

4. Results and Discussion

4.1. Global Trends in Al-Integrated Affective Education

Figurel. Network Diagram Figure2 Time series diagram

This study explores through literature analysis methods, divided into two major steps. First, a bibliometric analysis

was conducted. In the Scopus database, the conditions were set into three major parts: technical means (Al), core targets
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(SEL), and teaching practice. The technical means part included keywords such as Al, Generative Al, Large Language
Models (LLM), Chatbots, and Affective Computing; core target keywords included Social Emotional Learning,
Emotional Intelligence (EQ), and Well-being; education practice keywords included Curriculum, Instructional Design,
Pedagogy, Teaching Models, and Classroom Integration. The timeframe was set from 2020 to 2026. Since 2022 was the
key year when Generative Al emerged and began to flourish, this study set the analysis for the years before and after the
emergence of Generative Al. Simultaneously, English-language journals or conference papers were used as the screening
mechanism, resulting in 122 articles. In the second part, this study screened 15 articles from the 122 for further content
analysis to explore the specific teaching models of current Al-SEL curriculum fusion.

4.2. Teaching Integration Fields and Pedagogical Roles

In the distribution of teaching integration fields, the 15 core documents analyzed in this study show a clear trend of
disciplinary integration. Among them, 11 studies belong to the disciplinary integration model, applying Al technology
widely to professional fields such as architectural design, art education, and STEM+C (Zahra et al., 2025; Aprilia et al.,
2025; Cohn et al., 2024). This data confirms that affective literacy is not isolated knowledge transmission but, through Al
as a technical mediator, allows students to achieve emotional regulation and social literacy goals while acquiring
professional subject knowledge. In addition, the research fields also extend to specialized courses centered on "life shaping”
and "health and well-being" (2 articles) (Zadorozhna-Kniahnytska et al., 2025; Dekker et al., 2020), as well as counseling
mechanisms providing individualized emotional support outside classroom hours (3 articles) (Sturgill et al., 2021; Tariq
et al., 2025; Dekker et al., 2020). Such diverse field distribution illustrates that intelligent affective education is shifting
from single counseling room interventions to all-around curriculum penetration, developing a teaching status with
contextualized characteristics.

Regarding the pedagogical roles played by Al in the curriculum, this study summarizes three main practice scenarios.
First is the situation simulator and practitioner; researchers utilize the role-playing characteristics of Generative Al to let
students dialogue with virtual characters (such as fishermen or scientists) to practice cross-perspective thinking (Nguyen
etal., 2025), or construct moral dilemma scenarios for decision-making drills, achieving low-risk affective practice (Amini
et al., 2024). Second is the reflection guider; a total of 4 documents emphasize the heuristic function of Al, guiding
students to perform mindfulness breathing, optimize writing arguments, or clarify research ideas, thereby strengthening
self-awareness (Sturgill et al., 2021; Zhang, 2025; Aure & Cuenca, 2024; Dekker et al., 2020). Finally, the highest
proportion is the monitor and diagnostician; a total of 5 studies utilize multimodal data technology to analyze students’
concentration and stress levels through video, voice, and physiological data, instantly detecting their psychological load
and emotional needs during collaborative or design tasks (Zahra et al., 2025; Zhang & Leong, 2025; Tariq et al., 2025;
Aprilia et al., 2025; Cohn et al., 2024). These three types of roles demonstrate how Al has progressively advanced
from external emotional monitoring to internal emotional guidance, becoming an indispensable intelligent coach in the
curriculum.

4.3. Pedagogical Models and SEL Core Literacy

In the dimension of integration between pedagogical methods and content knowledge (TPACK), the research presents
diverse practice paths. First, in terms of gamified guidance (TPKZ1), electronic textbooks significantly enhance students'
motivation to participate in safety education courses by integrating multimedia and interactive tasks (Zadorozhna-
Kniahnytska et al., 2025). Second, in the application of scaffolded reflection (TPK2), a total of 4 documents emphasize the
importance of metacognition, pointing out that students need to possess the awareness to evaluate and integrate resources
when using Generative Al for creation, and deepen self-reflection through writing journals guided by LLMs (Karthikeyan
etal., 2025; Zhang, 2025; Aure & Cuenca, 2024; Dekker et al., 2020). Furthermore, the 5 studies on adaptive paths (TPK3)

demonstrate how systems recommend mindfulness courses based on users' anxiety levels, or instantly trigger teacher
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intervention mechanisms when detecting a drop in student concentration or encounters with difficulties, embodying
technical support for teaching flexibility (Sturgill etal., 2021; Zahraetal., 2025; Zhang & Leong, 2025; Apriliaetal., 2025;
Cohn et al., 2024). Finally, in the part of affective content transformation (TCK1), researchers further translate values
such as identity and sense of connectedness into design principles for chatbots, or integrate moral emotion theories into
English teaching, achieving deep alignment between disciplinary content and affective values (Nguyen et al., 2025; Amini
etal., 2024).

Regarding the implementation of Social and Emotional Learning (SEL) core literacy, research results mainly focus on
three major dimensions. In self-awareness and management, 6 documents confirm that Al intervention can effectively
reduce students' anxiety and depression, and through the regulation of emotional intelligence and self-esteem, improve
their perceived psychological health, academic confidence, and subjective well-being, strengthening individuals' stress
management and self-regulation abilities (Sturgill etal., 2021; Zhao & Liu, 2025; Zhang, 2025; Aure & Cuenca, 2024; Tariq
etal., 2025; Dekker et al., 2020). In social awareness and relationship skills, 5 studies focus on emotional cues in teacher-
student interactions, using Al to establish a sense of connection between students and different roles, thereby enhancing
empathy and analyzing interaction patterns in collaborative learning to ensure fairness of participation (Zahra et al., 2025;
Nguyen et al., 2025; Aprilia et al., 2025; Finkelstein & Soffer-Vital, 2025; Cohn et al., 2024). As for responsible decision-
making, 3 articles deeply explore dependency and academic integrity risks in Al use, emphasizing that students should
develop a sense of responsibility for environmental sustainability, moral judgment, and correct attitudes toward
technology use in Generative Al research (Kniahnytska et al., 2025; Nguyen et al., 2025; Amini et al., 2024).

4.4. Fusion Challenges and Ethics

In exploring the challenges and ethics of the fusion process, the research reveals dual gaps in technical and
pedagogical aspects. First, at the level of technical and psychological risks, two articles warn that students' excessive
reliance on Al may lead to loss of creativity and cognitive laziness, and emphasize the importance of developing
"Explainable Artificial Intelligence (XAI)" to avoid black-box decisions and eliminate anxiety and misunderstanding
caused by the lack of non-verbal cues in digital environments (Kniahnytska et al., 2025; Tariq et al., 2025; Finkelstein &
Soffer-Vital, 2025). Furthermore, the TPACK literacy gap of teachers is also a key challenge; three studies consistently
point out that teachers need to possess a composite ability to integrate psychological literacy, technical knowledge, and
intelligent ethics, and must deeply participate in the human-machine collaboration process to accurately interpret emotional
data produced by Al and subsequently provide feedback and counseling with warmth (Zhao & Liu, 2025; Zhang & Leong,
2025; Cohn et al., 2024).

5. Conclusions and Recommendation

Smart affective education is undergoing a paradigm shift from technical monitoring toward systemic curricular
integration. Following the explosion of Generative Al, the research focus has transitioned from algorithmic decision-
making to disciplinary infiltration, positioning Al as an instructional mediator and an "implicit curriculum" (Kniahnytska
etal., 2025; Zhao & Liu, 2025). This evolution precisely addresses the demands for individualized and real-time guidance
outlined in the 2025-2029 SEL Strategic Plan. Within the TPACK framework, Al provides diverse pedagogical pathways
through gamification (Nguyen et al., 2025) and scaffolded reflection (Sturgill et al., 2021). It has evolved from an external
monitoring tool into an affective support system capable of actively triggering student self-awareness and regulation
(Cohn et al., 2024), thereby strengthening self-management, social skills, and a sense of connection in collaborative
learning.

While Al shows significant potential in enhancing psychological well-being, risks such as the loss of creativity due
to over-reliance and the absence of non-verbal cues in digital environments must be mitigated through the transparent

decision-making mechanisms of Explainable Al (XAI) (Tariq et al., 2024). Ultimately, the success of smart affective
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education hinges on the pivotal role of the teacher. Educators must possess a composite competency that integrates
psychological literacy with technical knowledge to interpret affective data with human "warmth." Consequently, future
development should focus on establishing ethical frameworks for human-Al collaboration and enhancing teachers'
affective guidance efficacy within digital transformations (Zhang & Leong, 2025), ensuring the integrity of technology-
enhanced moral judgment and well-being.
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Abstract: This study examines recent thematic trends in secondary school invention education research in Korea
during the six-year period from 2020 to 2025. In recent years, invention education has increasingly intersected with
artificial intelligence, maker education, and entrepreneurship as part of broader educational innovation. To identify
dominant thematic structures, 80 KCl-indexed journal articles were analyzed using Latent Dirichlet Allocation (LDA)
topic modeling. Five major topic clusters were identified: (1) Al- and maker-based problem-solving program development,
(2) teaching-learning design, teachers, and policy support for invention education, (3) entrepreneurship and startup
competency education, (4) curriculum and implementation of invention and intellectual property education, and (5)
educational environments, infrastructure, and tools for invention education. The findings reveal a strong emphasis on
program development and instructional innovation in secondary school invention education, while longitudinal and
institutional integration research remains comparatively limited. These results suggest the need for stronger curriculum
integration, sustained teacher and policy support, and broader implementation frameworks for secondary school
invention education.

Keywords: invention education, secondary school, research trends, topic modeling
1. Introduction

In an era shaped by rapid technological change, including artificial intelligence, robotics, and digital transformation,
students increasingly need opportunities to engage with science and technology in meaningful ways, identify real-world
problems, and develop practical solutions. Invention education serves as an educational approach that enables such
learning experiences (Lee & Tae, 2013). A previous study has proposed a continuous framework for invention education
across elementary, middle, and high school levels and emphasized the need for systematic education tailored to each
school stage (Scharon et al., 2024). However, research on invention education in Korea has not been conducted in a
balanced manner across different school levels (Lee, 2015).

Secondary school is a particularly important period during which students begin to consolidate their academic
interests, career aspirations, and self-directed learning capacities. Prior research suggests that career-linked invention
education can positively influence creative thinking and career development competencies (Kim & Park, 2025).
Nevertheless, research at the secondary level remains relatively limited due to examination-oriented educational structures
and constrained operational environments (Dalela & Ahmed, 2024; Moon, 2022).

Meanwhile, significant changes have occurred in the environment of invention education since 2020. The COVID-
19 pandemic accelerated the transition from face-to-face programs to online and hybrid formats (Kim, 2022; Michael et
al., 2021). Additionally, invention education has increasingly intersected with digital tools, artificial intelligence, maker
education, intellectual property education, and entrepreneurship initiatives following national policy expansion (Korean
Intellectual Property Office, 2022). Despite these structural and technological shifts, systematic, data-driven mapping of

recent secondary school invention education research in Korea remains limited.
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Accordingly, this study applies topic modeling to KCI-indexed journal articles published between 2020 and 2025 to
examine the thematic structures of secondary school invention education research in Korea. The research question is as
follows: What major topics emerge from topic modeling of secondary school invention education research in Korea from

2020 to 2025, and what do these topics suggest about the current direction and future development of the field?

2. Background

Invention education refers to educational efforts aimed at developing creativity, problem-solving ability, critical thinking,
and intellectual property literacy (Korean Intellectual Property Office, 2017). It seeks to cultivate creative and convergent
talent capable of responding to rapid technological and social change (Korean Intellectual Property Office, 2022).

In this study, invention education is defined as an educational process grounded in inventive thinking, in which learners
identify problems, generate ideas, design and implement solutions, and refine outcomes based on creative and practical
reasoning (Canedo, 1989). This conceptualization situates invention education as an integrative domain connecting maker
education, STEAM education, intellectual property education, and entrepreneurship education through a shared emphasis
on creative problem solving and value creation.

3. Research Methods

3.1. Research Procedure

This study analyzed domestic academic articles published between 2020 and 2025 to examine recent research patterns in
secondary school invention education in Korea. For this purpose, the Research Information Sharing Service (RISS) was
used as the main database, and only articles published in KCI-indexed journals were retained during the screening process.

EEINE3 EEIN3

The search keywords included “invention education,” “maker education,” “creative convergence education,” “STEAM

education,” “intellectual property education,” and “entrepreneurship education,” and the publication period was limited
to 2020-2025. As a result of this search, a total of 710 articles were initially identified (search completed as of March
2026). Based on predetermined inclusion and exclusion criteria, a two-stage screening process focusing on titles and

abstracts was conducted, followed by a full-text review. Through this process, 80 articles were included in the final

analysis.
Table 1. Inclusion and Exclusion Criteria
Inclusion Criteria Exclusion Criteria
Published in KCI between 2020 and 2025 Published before 2020 or after 2025
Written in Korean Written in other language
Targeting secondary education Not targeting secondary education
Invention education studies Studies not related to education
Studies within maker, creative convergence, STEAM, Studies focusing solely on maker, creative convergence,

intellectual property, or entrepreneurship education that STEAM, intellectual property, orentrepreneurship
include elements of inventive thinking education without elements of inventive thinking

3.2. Topic Modeling Methods

Topic modeling was conducted in R. The titles and abstracts of the selected articles were collected and preprocessed
through noun-based morphological analysis and stopword removal using the KONLP package. A document-term matrix
(DTM) was constructed, and the Latent Dirichlet Allocation (LDA) algorithm was applied. The optimal number of topics
was examined using the Idatuning package by comparing candidate models with k values from 2 to 5. Based on the
Deveaud2014 metric, the model with five topics (k =5) showed the highest coherence and was selected as the final model.
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Although the corpus size was relatively small (n = 80), LDA was employed as an exploratory mapping tool to identify

thematic structures rather than to generate predictive generalizations.

4. Results

This study conducted LDA-based topic modeling using the titles and abstracts of 80 domestic academic articles
related to secondary school invention education research and classified them into five topics. The distribution of
documents across the five topics indicated that Topic 1 accounted for the largest proportion of studies, followed by Topic
3, Topic 4, Topic 5 and Topic 2, suggesting a stronger concentration on program-level development research within the
field.

The top keywords for Topic 1 included “development”, “problem”, “students”, “technology”, “maker”, “artificial
intelligence”, and “STEAM”. Based on these keywords, the topic was labeled “Al- and maker-based problem-solving
program development”. The co-occurrence of terms related to program development, students, and maker or Al suggests
that this topic reflects a body of research focused on developing educational programs that incorporate maker activities
and artificial intelligence elements.

ELINT3 EEINT3 ERINA3

The top keywords for Topic 2 included “invention education,” “teachers,” “stages,” “teaching,” “design,” and
“policies.” Based on these keywords, the topic was labeled “teaching-learning design, teachers, and policy support for
invention education.” Although this topic accounted for the smallest proportion of the corpus, it indicates a line of research
addressing the role of teachers and policy support in invention education.

2 LEINNT3

The top keywords for Topic 3 included “entrepreneurship”, “competency”,

LLINT ” e

learning”, “class”, “model”, “career”,
and “startup”. Based on these keywords, the topic was identified as “entrepreneurship and startup competency education”.
This indicates that secondary invention education research has recently expanded beyond simple idea creation and
production activities to entrepreneurship and startup education.

CEINT3 LEINNT3

The top keywords for Topic 4 included “invention”, “knowledge”, “development”, “property”, “subjects”, “high
school”, “field”, and “textbook”. Based on these keywords, the topic was defined as “curriculum and implementation of
invention and intellectual property education”. The presence of curriculum- and school-related terms suggests that this
line of research addresses textbook content, curricular positioning, and school-level implementation of invention and
intellectual property education.

The top keywords for Topic 5 included “school”, “invention education center”, “creativity”, “tools”, “digital”,
“environment”, and “system”. Based on these keywords, the topic was defined as “educational environments,

infrastructure, and tools for invention education.” It demonstrates research trends related to invention education

infrastructure, including invention education centers and digital environments.

5. Conclusion and Implications

This study analyzed trends and structural characteristics of recent research in secondary school invention education
through topic modeling based on 80 articles published in KCI-indexed domestic academic journals between 2020 and
2025.

The analysis identified five dominant topic clusters. Topic 1, labeled as Al- and maker-based problem-solving
program development, reflects a concentration on the design of instructional programs incorporating emerging
technologies. Topic 2, labeled as teaching-learning design, teachers, and policy support for invention education, included
policy-related keywords but accounted for the smallest proportion. While this indicates active instructional innovation,
the relative scarcity of keywords associated with long-term implementation, sustainability, or large-scale institutional
application suggests that research attention remains largely development-oriented rather than longitudinally evaluative.

Topic 3, identified as entrepreneurship and startup competency education, demonstrates the integration of

entrepreneurial perspectives within invention education. Topic 4, labeled as, curriculum and implementation of invention
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and intellectual property education, indicates that curricular and institutional discussions are present within the field.
However, compared with program-level research, curriculum-centered studies appear relatively less dominant, suggesting
a structural imbalance between instructional innovation and formal curricular integration. This suggests that future
invention education should move beyond program development and short-term effectiveness evaluation, and expand
toward organic integration with entrepreneurship education, systematic alignment with the formal curriculum, and
stronger sustainable implementation and institutional support at the school level.

Topic 5, labeled as educational environments, infrastructure, and tools for invention education, highlights the need

to continuously incorporate emerging technologies into invention education infrastructure, including invention education
centers and digital environments, and suggests the importance of strengthening such infrastructure and effectively
integrating it into teaching and learning.
Overall, the findings portray a research landscape centered on inventive thinking in which maker, entrepreneurship, and
intellectual property elements coexist within secondary school invention education studies. However, the emphasis on
program development and short-term effectiveness evaluation highlights the need to strengthen longitudinal research
designs, teacher capacity development, and school-level institutional integration in future studies. A more balanced
integration of these domains may contribute to strengthening the coherence and developmental maturity of scholarship in
secondary invention education.
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Abstract: The integration of Computational Thinking (CT) and Artificial Intelligence (AI) has become increasingly
significant in education, particularly within science disciplines such as Biology. While both CT and Al are recognised as
essential competencies, existing research has largely focused on technological exposure rather than how pre-service
teachers conceptually understand and integrate these domains. This study examines this issue through the lens of an
epistemic gap, defined as a misalignment between what individuals do and what they understand. A qualitative needs
analysis was conducted involving five pre-service Biology teachers and two experts. Data were collected through semi-
structured interviews and analysed using reflexive thematic analysis. The findings reveal that participants implicitly
demonstrate CT practices such as decomposition and structured problem-solving, yet lack the ability to explicitly
articulate these processes. In addition, CT is often perceived as dependent on technology, reflecting a limited
understanding of its broader cognitive nature. Similarly, Al is primarily used as a functional tool for task completion,
with limited awareness of underlying processes such as data classification and modelling. These findings indicate a gap
between procedural engagement and conceptual understanding, which constrains the pedagogical integration of CT and
Al To address this issue, the study suggests that instructional approaches should explicitly connect CT concepts with Al
processes. Engaging pre-service teachers in simple machine learning activities may support deeper conceptual
understanding and facilitate more meaningful integration in teaching contexts. The study contributes by reframing CT-Al

integration as an issue of epistemic alignment in teacher education.

Keywords: Computational Thinking, Artificial Intelligence, pre-service teachers.
1. Introduction

The increasing integration of Computational Thinking (CT) and Artificial Intelligence (Al) in education has
positioned both as essential competencies, particularly within science disciplines. CT is widely recognised as a problem-
solving framework involving processes such as decomposition, abstraction, and algorithmic reasoning, extending beyond
programming to support structured thinking across contexts (Wing, 2006, 2011; Voogt et al., 2015). In parallel, Al enables
data-driven inquiry, pattern recognition, and predictive modelling, offering new ways of constructing knowledge in
education (Holmes et al., 2022; Zawacki-Richter et al., 2019). Recent frameworks further emphasise that Al literacy in
education requires not only technical use but also conceptual and ethical understanding of how Al systems function
(UNESCO, 2023). In Biology, where classification, modelling, and analysis of complex systems are central, the
integration of CT and Al has strong potential to enhance scientific understanding (Weintrop et al., 2016).

However, existing research has largely emphasised technological exposure and skill development, with less attention
given to how pre-service teachers conceptually understand CT and Al (Angeli & Giannakos, 2020; Yadav et al., 2017).
This distinction is critical, as the ability to use tools does not necessarily reflect conceptual understanding. From this

perspective, CT can be understood as a way of thinking, while Al represents a data-driven system through which
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knowledge is generated. Importantly, emerging work suggests that the rise of machine learning highlights a distinction
between rule-based and data-driven approaches to problem-solving, reshaping how CT is enacted in practice (Shamir &
Levin, 2022). Similarly, recent studies highlight that while individuals are increasingly using Al applications, they often
lack understanding of the underlying concepts and technologies (Ng et al., 2021). This gap may extend to pre-service
teachers, where the use of Al tools does not necessarily translate into pedagogical or conceptual integration. Meaningful
integration therefore requires an alignment between these ways of thinking and knowing.

When this alignment is not established, a gap emerges between what individuals do and what they understand. This
study refers to this condition as an epistemic gap, where pre-service teachers engage in computational practices and use
Al tools without the conceptual grounding needed to explain, transfer, or apply them in teaching contexts. Accordingly,
this study examines how CT and Al are understood and enacted among pre-service Biology teachers, with the aim of
explaining the conditions that shape readiness for meaningful CT-Al integration.

2. Methodology

This study employed a qualitative design to examine how pre-service Biology teachers understand and engage with
Computational Thinking (CT) and Artificial Intelligence (Al). A needs analysis approach was adopted to explore
participants’ existing conceptions, misconceptions, and readiness prior to instructional intervention.

Participants were selected using purposive sampling to ensure alignment with the study focus (Creswell & Poth, 2018).
The study involved five pre-service Biology teachers enrolled in a teacher education programme at a public university. In
addition, two experts in Computational Thinking with experience in teacher professional development were included to
provide contextual perspectives that supported the interpretation of the findings.

Data were collected through semi-structured interviews, which allowed participants to describe their experiences and
perspectives while maintaining consistency across the dataset (Kvale & Brinkmann, 2009). All interviews were audio-
recorded, transcribed verbatim, and analysed using reflexive thematic analysis (Braun & Clarke, 2006, 2019).

The analysis followed an inductive process. Initial open coding was conducted to identify meaningful data segments,
followed by iterative grouping of codes into broader themes. Throughout the process, coding and theme development
were continuously reviewed to ensure clarity and coherence. Given the focused scope of the study, emphasis was placed
on depth of interpretation, with data considered sufficient when no new patterns emerged across participants.

3. FINDING

The analysis revealed a consistent pattern indicating a gap between participants’ practices and their conceptual
understanding of Computational Thinking (CT) and Artificial Intelligence (Al). This pattern is presented through three
themes.

3.1. Implicit Computational Thinking without Explicit Understanding

All participants demonstrated elements of CT in their academic work, particularly in organising tasks, breaking down
problems, and planning steps. However, these practices were not

recognised as part of CT. For example, one participant explained, “I usually break the assignment into several smaller
parts first... before completing everything” (P1). Despite demonstrating such processes, several participants were unable

to define CT or identify its components. This suggests that CT is present in practice but not understood conceptually.
3.2. Technology-Centric View of Computational Thinking

Participants commonly associated CT with the use of digital tools or computers. CT was described as something that
requires technology, rather than a way of thinking that can be applied across contexts. As one participant noted, “If we

don’t use computers or technology, I’'m not really sure how to relate it to CT” (P3). Expert participants also highlighted
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this misconception, explaining that CT is often reduced to coding or tool usage. This reflects a limited understanding of

CT as a cognitive process.
3.3. Use of Al as a Tool without Pedagogical Understanding

All participants reported using Al tools for tasks such as generating ideas, summarising information, and searching
for resources. One participant stated, T usually use ChatGPT to get initial ideas or a draft before I refine it myself” (P3).
However, this use remained task-oriented. Participants did not demonstrate understanding of how Al systems function
and expressed low confidence in using Al for teaching. Al was often perceived as complex and technical, leading to a
separation between usage and classroom application.

Overall, the findings show that while participants engage with CT and Al in practice, their understanding remains
limited, resulting in a gap between what they do and what they are able to explain or apply in teaching contexts.

4. DISCUSSION AND CONCLUSION

This study reveals a gap between pre-service Biology teachers’ practices and their conceptual understanding of
Computational Thinking (CT) and Artificial Intelligence (Al). Although participants demonstrated elements of CT
through structured problem-solving and reported frequent use of Al tools, these practices were not supported by explicit
conceptual awareness. This suggests that exposure to technology alone does not necessarily lead to meaningful
understanding or pedagogical readiness.

Consistent with prior research (Wing, 2006; Voogt et al., 2015), participants were able to perform computational
processes such as decomposition and structured reasoning, yet were unable to articulate them. Similarly, their use of Al
was largely instrumental, focusing on task completion rather than understanding underlying processes such as data
classification and modelling. This aligns with findings that highlight limited pedagogical grounding and awareness of Al
among educators (Zawacki-Richter et al., 2019; Holmes et al., 2022).

These findings point to an epistemic gap between what pre-service teachers do and what they understand, limiting the
transfer of CT and Al into teaching contexts. To address this, instructional approaches should emphasise explicit
connections between CT concepts and Al processes. Engaging pre-service teachers in simple machine learning tasks such
as organising data, defining categories, and interpreting outputs can make visible how CT operates within data-driven
systems, consistent with the view that machine learning extends computational thinking (Shamir & Levin, 2022).

This study contributes by reframing CT-Al integration as an issue of epistemic alignment, highlighting the need for
conceptually grounded and discipline-specific instructional approaches in teacher education. Such approaches may inform
the design of teacher training modules that explicitly connect computational thinking with Al processes in subject-specific
contexts.
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Abstract: Promoting students’ deep understanding is a central goal in school education, and the learning tasks provided
by teachers play a crucial role. However, designing learning tasks that extend beyond typical tasks and explicitly promote
deep understanding remains challenging for teachers. This study proposes a large language model (LLM)-based system
that supports teachers’task design through collaboration with generative Al. The system includes the following features:
research-informed scaffolding to focus on students’ deep understanding, task design based on points of difficulty in
students’ understanding, and task idea generation from multiple perspectives to broaden teachers’ thinking. User
evaluations were conducted with three teachers from Japanese school. Results indicated that the system was perceived as
useful in reducing the cognitive and time-related demands of task design. Teachers particularly valued the generation of
diverse task ideas and the interactive process of refining tasks with the system. At the same time, some areas for
improvement were identified, such as usability and visual outputs. These findings suggest the potential of generative Al
in supporting teachers’instructional practice, while highlighting the need for further system refinement and more rigorous

evaluation with larger samples.

Keywords: Teacher-Al collaboration, Task design, LLM-based system, Deep understanding, K-12 education

1. Introduction

In Japanese school education, ensuring deep understanding for all students is identified as a central goal of subject
learning, as it serves as a foundation for competencies such as critical thinking and creative problem solving (MEXT,
2017). The concept of deep understanding has been examined in educational psychology, which involves understanding
the reasons underlying procedures, the meanings of concepts, or the connections among knowledge (Bransford, Brown,
& Cocking, 2000; Crooks & Alibali, 2014). In contrast, shallow understanding refers to fragmented knowledge that cannot
be applied or transferred.

Promoting students’ deep understanding requires consistent support in lessons, with particular emphasis on learning
tasks provided by teachers. However, typical tasks found in textbooks tend to focus on procedural application or basic
knowledge checks. This requires teachers to design tasks that explicitly promote and assess deep understanding. In
practice, even when teachers can conceptualize students’ deep understanding, they often face difficulty translating it into
task design (Tchoshanov & Monarrez, 2024). Although research on teachers’ task design remains limited, our study
suggests that considering points of difficulty in students’ understanding can support effective task design (Uesaka et al.,
2024).

Generative Al systems based on large language models (LLMs) have attracted increasing attention as tools to support
teachers’ instructional work (e.g., Celik et al., 2022; Hu et al., 2025). However, research on how these systems can enrich

teachers’ practice in substantive ways remains limited. In the context of task design, a key issue is how teachers can
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effectively engage with Al as a collaborative partner when designing tasks in their daily practice, moving beyond simply
accepting Al-generated outputs.

This study aims to develop an LLM-based system to support teachers’ task design for promoting students’ deep
understanding. This paper presents the system and reports findings from a preliminary user evaluation conducted with
teachers in Japanese schools.

2. System Development

2.1. Core Features of the System

The proposed system is a web-based application that utilizes LLMs to support teachers’ task design in school
education. Rather than automatically generating ready-made tasks, the system is aimed at supporting collaborative task
design between teachers and generative Al. To achieve this goal, the system incorporates the following three core features.

Research-informed scaffolding for task design. The system incorporates research-based knowledge on learning
and understanding to orient teachers’ thinking toward students’ deep understanding during task design. By presenting
simulated student responses at different levels of understanding, the system encourages teachers to reflect on how students
understand the learning topic.

Task design based on points of difficulty in understanding. Considering points of difficulty in students’
understanding, referred to in this study as tsumazuki-points, is regarded as an effective task design strategy (Uesaka et al.,
2024). In the system, these points are suggested by an LLM or provided by teachers and are used as perspectives for task
design.

Generating task ideas from multiple perspectives. To broaden teachers’ thinking in task design, the system
presents multiple task ideas rather than proposing a single task.

These ideas are grounded in perspectives derived from case studies of experienced teachers (Uesaka et al., 2024),
while allowing the LLM flexibility to generate additional ideas beyond typical tasks that focus mainly on procedural
application or basic knowledge checks. This approach encourages teachers to engage in comparing, selecting, and refining
alternative ideas.

2.2. System Workflow

The proposed system follows a workflow consisting of eight steps (Figure 1). The system is accessible via a web
browser on PCs, tablets, and smartphones. The backend is implemented in Python, and the user interface is built with
Gradio. Multi-agent coordination and self-reflection are implemented using LangGraph, and the system employs multiple
open-weight LLMs (e.g., DeepSeek-R1, Kimi K2 Thinking).

Step 1: Specifying a topic. The user specifies a learning topic or a typical task. The system estimates the subject area
and school grade, and generates a typical task and its solution when only a learning topic is provided.

Step 2: Simulating students’ understanding. The system simulates a dialogue involving two students and one
teacher. One student represents shallow understanding based on rote memorization and repetitive practice, while the other
has lower academic performance but raises questions that lead to deeper understanding.

Step 3: ldentifying a tsumazuki-point. The user inputs a tsumazuki-point or selects one from four candidates
generated by the system from different perspectives.

Step 4: Suggesting task ideas. The system presents seven distinctive task ideas, from which the user selects one.
These ideas are generated based on the specified tsumazuki-point, considering response formats (e.g., multiple-choice)
and task design perspectives (Uesaka et al., 2024). To support this process, the system adopts a multi-agent architecture
consisting of two LLM roles: an idea generator and a critic. The idea generator produces multiple task ideas with

explanations of their instructional goals, and the critic selects and refines appropriate ones.
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Steps 5-6: Generating an initial task. Based on the specified tsumazuki-point and the selected task idea, the system
generates and presents an initial task.

Steps 7-8: Updating the task. Task refinement is supported through two simulations: expert review by another
LLM and a problem-solving simulation by the two students introduced in Step 2, both of which generate suggestions for

revision. The user can also input additional revision comments.
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Figure 1. Flow of the proposed system.

3. User Evaluation

Three teachers with experience in task design participated in a one-hour online session: one elementary school teacher
(female, T1), one high school math teacher (male, T2), and one high school science teacher (male, T3). Following system
use, a semi-structured interview was conducted, focusing on overall impressions, perceived usefulness, and areas for
improvement. In addition, participants completed a short questionnaire with six items rated on a five-point Likert scale:
usefulness, interest, difficulty of use, intention to use, intention to recommend, and need for improvement.

The results indicated overall positive evaluations. All three teachers rated the system as useful and interesting, with
strong intentions to use and recommend it (M = 5.0 for all items), while perceived difficulty of use was low (M = 2.0). In
the interviews, all teachers reported that the system reduced the cognitive and time demands of task design. In particular,
the suggestion of task ideas (Step 4) was highly valued. For example, T2 noted that it provided ideas that might not have
occurred to him and helped clarify vague thoughts. T3 reported that he enjoyed designing tasks while commenting on the
system’s outputs.

Several areas for improvement were identified, as also indicated by the questionnaire results (need for improvement,

M = 4.0). T1 and T2 pointed out that system outputs were often lengthy, making them time-consuming to read and
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obscuring key points. T3 reported difficulty in formulating inputs and expressing intentions clearly due to limited
familiarity with generative Al systems. For the elementary mathematics topic, some generated tasks did not adequately
reflect the curricular progression of learning content. In addition, all teachers suggested that the system should present
diagrams or visual representations.

3. Discussion

This study presented an LLM-based system that supports teachers’ task design for promoting students’ deep
understanding through interaction with generative Al under research-informed scaffolding. The user evaluation indicated
that the system reduced cognitive and time demands and helped clarify and expand teachers’ thinking in task design.
Further system development will focus on usability, including visualization features and more concise system-generated
outputs. Efforts will also focus on enhancing the quality of generated task ideas by accounting for curricular progression
and refining simulations of students’ understanding, thereby supporting teachers in better identifying tsumazuki-points.

However, these findings should be interpreted as preliminary, as the evaluation was conducted with a small sample
and relied primarily on subjective measures. Future research should involve larger samples and more rigorous user
evaluations, including analyses of generated task quality and users’ cognitive processes during interaction with the system.

Another important direction is to investigate how the system can contribute to teachers’ task design skills and its

effective use in classroom practice.
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Abstract: This study developed and conducted an initial evaluation of a generative Al-based job creation career
education program grounded in career adaptability theory for university students. Using a developmental research design,
the program was implemented with university students and evaluated through expert review and learner usability
assessment. Findings suggest that Al-based job creation activities can support learners’ perceived career adaptability by
providing structured opportunities for future exploration, goal setting, role ideation, and feasibility testing. Expert and
learner evaluations also identified the need to improve interaction continuity, prompt coherence, and pre-instructional

guidance.
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1. Introduction

Rapid technological shifts and Al integration have rendered traditional linear career planning inadequate, leaving
university students to navigate heightened career uncertainty (World Economic Forum, 2025). To address this,
contemporary career education must prioritize "career adaptability", a psychosocial competence comprising concern,
control, curiosity, and confidence (Savickas & Porfeli, 2012). Despite its developmental importance, current university
interventions often remain limited to static job-search strategies, failing to provide learners with personalized, agentic
career design experiences (Kim & Jang, 2019).

To address these limitations, this study proposes "job creation”, the iterative process of constructing new professional
roles by synthesizing individual strengths with contextual opportunities, as a core learning activity (Korean Employment
Information Service [KEIS], 2019). However, standard educational practices often fall short in facilitating the
personalized contexts required to design new occupational roles (Green et al., 2020), indicating a need for more robust,
higher-order learning experiences.

Generative Al offers transformative potential for this purpose by enabling personalized feedback, real-time scenario
generation, and feasibility testing (Mehlan et al., 2025). While Al is frequently applied to basic content tasks, its structured
use in designing career programs that guide students through pathway exploration and role construction remains limited
(Sekli et al., 2024). Consequently, this study designs and evaluates a generative Al-integrated program aimed at fostering
university students' career adaptability, validated through expert content assessment and learner-centered usability testing.
The research questions guiding this study are as follows:

1. What are the core design principles of a generative Al-based job creation career education program grounded in
career adaptability theory?

2. How do experts and learners evaluate the program’s validity, usability, and perceived support for the four

dimensions of career adaptability, namely concern, control, curiosity, and confidence?

2. Literature Review
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Within Career Construction Theory, career adaptability acts as a psychosocial resource that enables individuals to
manage career transitions in volatile work environments (Savickas, 2019). Rather than mere conformity, it is an active
process of designing meaningful lives and constructing new vocational forms (Merino-Tejedor et al., 2025). Savickas and
Porfeli (2012) defined this construct through four interconnected dimensions: concern (future preparedness), control (self-
determination), curiosity (exploration), and confidence (resilience). Beyond employment readiness, adaptability fosters
life satisfaction and proactive engagement in university students (Chen et al., 2020; Gao et al., 2019).

Crucially, adaptability is a malleable competence that can be effectively enhanced through structured educational
interventions (Kim, 2022; Wetstone & Rice, 2023).

Job creation is the active process of generating new occupational roles by integrating individual competencies with
contextual opportunities, rather than merely adapting to existing job markets (KEIS, 2019). As technological shifts
reshape the labor landscape, university students must move beyond traditional major-based preparation toward proactive,
agentic career design (Frey & Osborne, 2017). This process functions as a practical enactment of career adaptability:
"concern” facilitates envisioning emerging possibilities, "control" aids goal-setting, "curiosity”" drives divergent
exploration of role combinations, and "confidence" supports iterative prototyping (Savickas & Porfeli, 2012). Despite its
potential for enhancing self-efficacy, many existing programs remain limited by static, short-term formats that lack
personalized feedback and clear connections between ideation and execution (Kim et al., 2017). There is a critical need
for more structured, Al-supported educational approaches to systematically guide learners through this design process
(Zhang et al., 2025).

Generative Al acts as an intelligent, interactive tutor that provides personalized scaffolding, real-time simulation, and
iterative feedback to support higher-order thinking (llgun Dibek, 2024; Wang et al., 2024). These capabilities are
particularly effective for "job creation” education, which requires navigating open-ended tasks and high uncertainty.

Through conversational dialogue, generative Al facilitates divergent exploration and feasibility testing, allowing
students to tailor career scenarios to their unique values and skills (Chen et al., 2022). Furthermore, as a co-designer, Al
fosters learner agency by prompting reflection and role construction rather than providing static answers (Duan & Wu,
2024). To mitigate challenges regarding information reliability and prompt literacy, effective integration requires
structured instructional guidance that emphasizes Al as a tool for creative agency rather than an automated solution
provider (Bayaga, 2025). This study addresses the need for empirical research on generative Al as a learner-centered tool
to support career adaptability.

3. Method

This study adopted a developmental research design to develop and conduct an initial evaluation of a generative Al-
based job creation career education program grounded in career adaptability theory for university students. The research
followed a multi-phase procedure: experts in educational technology, computer education conducted content validation
during the development phase, while 10 university students from Korean institutions participated in the evaluation phase.
Participants were recruited via convenience sampling from online university communities and provided electronic
informed consent regarding the study’s purpose, data usage, anonymity, and voluntary withdrawal rights.

The program was developed using the ADDIE model, with the analysis phase drawing upon literature from RISS,
KCI, and Google Scholar to integrate Savickas’s four dimensions of career adaptability(concern, control, curiosity, and
confidence) into career creation activities. Structured as a two-hour, single-session intervention, the program used a
constructive alignment approach to link these dimensions to specific objectives, activities, and Al-driven agent tools.
Learners were scaffolded through a process where concern was fostered via future exploration simulations, control was
strengthened through structured goal setting, curiosity was promoted through divergent Al-led ideation, and confidence
was supported through iterative feasibility analysis and prototype development.
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This study employed validated instruments to assess key variables, with all items rated on a 5-point Likert scale.
Career adaptability was measured using the Korean version of the Career Adapt-Abilities Scale-Short Form (K-CAAS-
SF), validated by Tak et al. (2015) and further refined by Kim and Ko (2020). Career decision-making self-efficacy was
assessed based on the framework established by Yoon (2020). Finally, program satisfaction and usability were evaluated
using the scale developed by Shim and Park (2024).

During implementation and data analysis, expert evaluation and learner evaluation were conducted separately.
Experts assessed the program’s theoretical alignment, content appropriateness, Al feedback quality, and real-world
feasibility using a Likert-type scale, alongside qualitative suggestions for technical refinement. Subsequently, university
students participated in a usability evaluation, where quantitative data on career adaptability, career decision-making self-
efficacy, and program satisfaction were collected via Likert scales. Open-ended written feedback was also analyzed to
identify recurring strengths, limitations, and revision needs.

4. Findings & Conclusion

The expert review confirmed the academic value of the program and the novelty of the Al agent design, while
highlighting the need to refine the scope of activities and the use of diagnostic tools. Accordingly, the program was revised
to focus on supporting the early stages of job creation, prioritizing motivation and self-exploration, and integrating the
Korea Collegiate Essential Skills Assessment (K-CESA) to provide tailored competency development recommendations.

Based on the development and evaluation process, the program was organized around four design principles: theory-
aligned scaffolding based on the four dimensions of career adaptability, learner-agency-centered use of generative Al,
diagnostic personalization through competency-based feedback, and iterative feasibility testing for emerging occupational
roles.

The usability evaluation indicated generally favorable learner perceptions of the program’s career-related value, with
mean scores of 4.08 for career adaptability and 3.87 for career decision-making self-efficacy. However, usability and
satisfaction showed a relatively lower mean score of 3.66, likely reflecting participants’ focus on technical interactions
with the Al agent rather than the program’s overall instructional design. Qualitative feedback highlighted the program’s
novelty and value in supporting creative job creation, while also identifying limitations such as interaction interruptions,
contextually inappropriate responses, lack of coherence, and repetitive information. These findings suggest the need to
improve pre-instructional guidance, refine question structures, and enhance Al prompts.

Despite these contributions, several limitations remain. The small sample size and

short-term, single-session design limit the generalizability of the findings and preclude robust causal inference
regarding the program’s effects. In addition, technical instability in generative Al reduced interaction continuity and
learner immersion, while structured Al feedback may paradoxically constrain exploratory thinking. Repetitive
information also led to cognitive fatigue, indicating the need to optimize interaction coherence and diversity. Future
research should refine the agent’s questioning logic and system architecture, incorporate more sophisticated prompts that
support deeper reflection on emerging career roles, and conduct longitudinal studies extending to practical outputs, such
as career proposals and their real-world implementation, to further examine the program’s educational value and
sustainability.

Overall, this study provides preliminary design evidence that a generative Al-based job creation career education
program can support learners’ exploration, agency, and confidence when structured around the four dimensions of career
adaptability. However, the results should be interpreted cautiously due to the small convenience sample, the short-term

single-session format, and the technical instability observed during Al interaction.
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Abstract: This study examines the impact of a 6-hour robotics-based machine learning (ML) course on pre-service
teachers’ conceptual understanding and Technological Pedagogical Content Knowledge (TPACK) development. Thirty-
nine pre-service teachers from diverse disciplinary backgrounds participated in the course. Quantitative analysis revealed
significant improvements in participants’ understanding of ML and TPACK development on teaching ML. Qualitative
analysis of reflective writings and follow-up interviews highlighting three key themes: mastery of the three main machine
learning paradigms, enhanced technical literacy regarding algorithms and neural networks, and a deeper understanding

of the teaching of ML. Participants demonstrated increased pedagogical confidence and readiness to teach ML.

Keywords: artificial intelligence, machine learning, pre-service teachers, professional development, TPACK
1. Introduction

Integrating machine learning (ML) effectively into curriculum teaching and learning can enhance students' subject-
specific competencies (Priya et al., 2024). Effective use of ML requires a solid conceptual understanding of the technology
(Kong & Hu, 2026). Therefore, offering professional development for teachers to deepen their understanding of ML is
essential.

2. Literature Review

Existing research has examined various aspects of teaching machine learning (ML) in K-12 education (Martins et
al., 2024). While many studies have investigated teachers’ perceptions and professional development (Sanusi et al., 2023),
most of this research has been limited to in-service teachers. There remains a notable lack of research into how pre-service
teachers develop Technological Pedagogical Content Knowledge (TPACK) through hands-on robotics experiences
(Bilbao-Erafia & Arroyo-Sagasta, 2025). To address this gap, this study seeks to evaluate the impact of a robotics-based
ML course on pre-service teachers’ conceptual understanding of ML and their development of TPACK for teaching
capability enhancement. The research questions are as follows: (1) To what extent does a robotics-based ML course
improve pre-service teachers’ conceptual understanding of machine learning and their TPACK capability development
in Hong Kong? (2) How do pre-service teachers perceive the impact of the machine learning course on their professional
readiness?

3. Methodology

3.1. Machine Learning Course Design

The course introduces foundational ML concepts, algorithms, and neural networks through practical engagement

with the AlphAl robot and software (Learning Robots, n.d.). The 6-hour, face-to-face course is structured around the
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Attention-Engagement-Error-feedback-Reflection (AEER) pedagogical framework to support effective ML teaching and
learning (Kong & Yang, 2024). The teaching covers K-Nearest Neighbors (KNN) algorithm (0.5 hour), artificial neural
network (2.5 hours), supervised learning (2 hours), reinforcement learning and unsupervised learning (1 hours).

3.2. Participants

Participant recruitment was conducted via a university-wide email targeting Bachelor of Education students, in line
with the study’s focus on pre-service teacher development. A total of 39 students (N = 39) voluntarily registered and
completed the 6-hour course. Participants represented all years of the programme: Year 1 (n =9, 23.1%), Year 2 (n =5,
12.8%), Year 3 (n =5, 12.8%), Year 4 (n = 8, 20.5%), and Year 5 (n = 12, 30.8%). Most of the participants are majoring
in the teaching of primary mathematics (35.9%), Chinese language (20.5%), and primary science (20.5%) and other
disciplines (23.1%).

3.3. Research Methods

This research adopts a combination of quantitative and qualitative methods to evaluate the effectiveness of the ML
course. The research instruments include (1) machine learning concept test, (2) TPACK survey, (3) reflective writing,
and (4) follow-up interview. The ML concept test and TPACK survey were administered pre- and post-course. Reflective
writing and follow-up interviews were implemented after completion of the course.

The machine learning concept test consists of 13 items designed to evaluate participants’ conceptual understanding
of ML. A sample question is provided: “Which of the following statements about machine learning is correct? A.
Machines learn through logical reasoning. B. Machines cannot learn through rewards and punishment. C. Machines do
not require data to learn. D. Machines can learn through labelled data.”

The 15-item TPACK survey instrument is divided into four dimensions: Content Knowledge (CK), which includes
5 items (e.g., “I know how to train machine learning model using data”); Technological Content Knowledge (TCK),
consisting of 3 items (e.g., “I know how to manipulate parameters on the interface of the software platform of the AlphAl
robots to teach students input, hidden and output layers in the artificial neural network of deep learning”); Pedagogical
Content Knowledge (PCK), with 4 items (e.g., “I know how to use Error-feedback effectively in Attention-Engagement-
Error-feedback-Reflection pedagogy to teach students to learn key concepts of supervised learning in machine learning”);
and Technological Pedagogical Content Knowledge (TPACK), comprising 3 items (e.g., “I know how to use the AlphAl
robots and its software platform and the Attention-Engagement-Error-feedback-Reflection pedagogy effectively to teach
machine learning and deep learning”). Participants rated their level of agreement from strongly disagree (1) to strongly
agree (5) using a 5-point Likert scale.

Qualitative data was collected through reflective writing on their understanding of ML and follow-up interviews. The
follow-up interview explored students’ personal engagement and professional aspirations. Sample questions include

“Would you like to teach what you have learned to your future students?”’
3.4. Data Analysis

Prior to the main quantitative analysis, reliability testing yielded Cronbach’s alpha of .71 for the ML concept test
and .97 for the TPACK survey, representing acceptable and excellent internal consistency, respectively. Qualitative data,

comprising reflective writing from 39 participants and five follow-up interviews, were analysed through thematic analysis.
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4. Results

4.1. Quantitative data results

In response to RQ 1, the ML course significantly enhanced the pre-service teachers’ conceptual understanding of ML
and their TPACK development. For the ML concept test, a Shapiro-Wilk test was conducted to determine the normality
of the data. The result indicated that the scores followed a normal distribution (p = .273). A paired-samples t-test showed
a significant difference between pre-test (M = 7.21, SD = 2.40) and post-test (M = 10.36, SD = 2.23), t(38) = 6.09, p
<.001. The Cohen’s d was 0.976, indicating a large effect size and demonstrating the substantial effectiveness of the ML
course.

Regarding the TPACK survey, normality for overall TPACK scores was assessed via a Shapiro-Wilk test, which
indicated a non-normal distribution (p < .05). Given that the overall scores violated the assumption of normality, the non-
parametric Wilcoxon signed-rank test was applied to all TPACK dimensions to maintain analytical consistency and ensure
robust interpretation of the results. The results of the pre- and post-course comparisons across TPACK dimensions are
presented in Table 1. The participants demonstrated significant improvements in every knowledge domain from pre-test
to post-test (p < .001). These results indicate that the course was highly effective in enhancing pre-service teachers’
TPACK development.

Table 1. Comparison of Pre-test and Post-test Scores Across TPACK Dimensions (N=39)

Dimensions Pre-test Post-test Z value Effect Size (r)
M (SD) M (SD)

CK 2.20 (1.06) 4.06 (0.45) -5.20™" .83
TCK 2.03(0.18) 4.06 (0.08) -5.24™ .84
PCK 2.25(0.19) 3.99 (0.09) -4,98™ .80
TPACK 2.23(1.16) 3.99 (0.59) -4,95™ .79
Overall 2.18(0.17) 4,03 (0.08) -5.24™ .84
-

4.2. Qualitative data results

Regarding RQ2, the pre-service teachers’ reflecting writing and follow-up interviews demonstrated significant
conceptual development across three key themes: (1) mastery of the three main machine learning paradigms; (2) enhanced
technical literacy regarding algorithms and neural networks; and (3) a deeper understanding of the teaching of ML.
Furthermore, participants reported a high level of engagement, describing the course as an interesting experience, and
expressed their confidence in teaching such knowledge.

Almost half of the participants reported that they had a clearer and critical understanding of the supervised,
unsupervised, and reinforcement learning in ML. For example, participant 38 stated that “Supervised learning refers to
machines learning from labelled data; reinforcement learning involves using rewards and punishments to guide the
learning process; and unsupervised learning refers to machines learning from data that has no labels”.

Besides, technical literacy of ML involves pre-service teachers’ understanding and application of some algorithms
and neural networks. Specifically, participant 35 reported that “Through this course, I gained practical experience in
training robots to navigate clockwise using various techniques, including supervised learning, K-Nearest Neighbours
(KNN), Artificial Neural Networks (ANN)—including hidden layers—overfitting, backpropagation, and reinforcement

learning”.
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Participants’ reflections also supported the practical application of the AEER pedagogical framework during the
practical exercises. For instance, participant 12 emphasized “effective learning requires clear goals and provide the
process with direction” (Attention), participant 1 indicated that “I believe learning occurs through hands-on experience
rather than relying solely on textbook instruction” (Engagement), participant 5 thought that “allowing the robots to make
mistakes and navigate its own solutions is an effective strategy to learn” (Error-feedback), and participant 14 perceived
effective learning as “replacing passive repetition with active cognition and spaced practice, guided by specific objectives

and continuous reflection and adjustment” (Reflection).

5. Implication and Conclusion

There are implications of the study. First, the study demonstrates that pre-service teachers, regardless of whether they
have a science or non-science background, can develop an understanding of ML. Second, it shows that pre-service
teachers have the capacity to teach ML when provided with training. Third, this study illustrates effective approaches for
conducting teacher development in ML. In the future, we aim to investigate whether teachers with an understanding of
ML can utilise it more effectively in their teaching practices.
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Abstract: Although Artificial Intelligence (Al) literacy is critical for modern educators, a gap remains between
theoretical knowledge and actual usage frequency, with traditional linear models often missing the complex, non-linear
drivers of teacher behavior. To address this, a Classification and Regression Tree (CART) analysis was conducted with
155 K-12 teachers in Taiwan to identify hierarchical predictors of usage frequency using 40 specific literacy indicators.
The results reveal a hierarchical structure where Critical Reflection acts as the primary gatekeeper for adoption.
Pedagogical Efficiency emerged as the strongest overall predictor driving high-frequency use, while Self-Efficacy served
as a key compensatory mechanism for teachers with developing reflective skills. Consequently, AI adoption is a non-
linear process initiated by critical thought and sustained by efficiency. These findings support segmented professional
development strategies that prioritize fostering critical reflection alongside building confidence and efficiency to cultivate

expert practitioners.

Keywords: Educational Data Mining, Technology Adoption, Critical Reflection, Teacher Self-Efficacy

1. Introduction

Artificial Intelligence (Al) has rapidly entered education, with applications from personalized learning to
administrative automation. Yet availability does not guarantee classroom integration: a persistent gap exists between Al
literacy knowledge and daily usage.

Al literacy is multi-dimensional (Adams et al., 2023; Wang et al., 2023), yet linear models oversimplify adoption by
ignoring nonlinear interactions (Hssain et al., 2025). Decision Trees (DT) address this limitation by revealing hierarchical
decision paths (Cuc et al., 2025; Guldal, 2025) that distinguish high- from low-frequency users, a gap this study fills.

1.1 Theoretical Dimensions of Al Literacy

Mapping these non-linear decision paths first requires a comprehensive understanding of Al literacy. Al literacy
spans technological, pedagogical, and ethical dimensions (Karaduman, 2025; Shi, 2025). Higher literacy predicts
engagement via self-efficacy (He et al., 2025), yet teachers report persistent confidence gaps (Karaduman, 2025)—
competence alone does not guarantee usage.

1.2 Application of Decision Trees in Educational Research

Decision trees (DT) reveal non-linear patterns and threshold effects that linear models obscure, with validated
applications in education (Guldal, 2025). The CART approach produces interpretable rules and explicit predictor rankings.

This study therefore employs DT analysis to empirically uncover the hidden, non-linear drivers of teachers' Al usage.

2. Methods

2.1. Participants and Procedure

The participants in this study comprised 155 K-12 teachers in Taiwan (N=155), recruited via Al education workshops

and online communities using purposive and convenience sampling. The sample spanned elementary and junior high
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school levels. After removing incomplete responses and those failing attention checks, the final valid dataset was
subjected to analysis. To assess stability and predictive validity, the dataset was randomly partitioned into a training set
(80%) and a testing set (20%) for split-sample validation (Cuc et al., 2025).

2.2. Measures

Data were collected via a structured online survey. Forty researcher-developed items grounded in established Al
literacy frameworks served as independent variables, spanning eight dimensions: Knowledge (1), Application (E), Ethics
(S), Pedagogy (P), Self-Efficacy (T), Creation (R), Critical Thinking (C), and Anxiety (A), coded by dimension
abbreviation and item number (e.g., P4). Items were treated as individual predictors to detect specific behavioral triggers
(Cuc et al., 2025), enabling identification of precise “tipping points™ in teacher decision-making.

The dependent variable was Al tool usage frequency, binary-coded as High Frequency Users (Weekly/Daily) vs.
Low Frequency Users (Monthly/Occasionally/Never).

3. Results

3.1. Target Variable Distribution and Model Performance

Among the total valid sample (N = 155), 92 teachers (59.4%) were classified as High Frequency Users and 63 (40.6%)
as Low Frequency Users, indicating that regular Al integration remains a behavior of only slightly more than half the
sample.

As shown in Table 1, the model achieved 61.3% accuracy on the testing set (n = 31), with Precision of 0.867, F1
Score of 0.684, and AUC of 0.658.

Table 1 Model Performance Metrics on Testing Data (n = 31)

Metric Value Interpretation

Accuracy 0.613 Overall correctness of the model predictions.

Precision 0.867 High reliability when predicting high usage.
Recall 0.565 Moderate ability to capture the total high-user population.

F1 Score 0.684 Harmonic mean of precision and recall, indicating balanced performance.
AUC 0.658 Area Under the Curve, reflecting predictive discrimination capability.

While overall accuracy (61.3%) is modest, Precision (0.867) indicates that the model’s rules serve as a reliable filter
for identifying high-frequency users, minimizing Type | errors.

3.2. Feature Importance Ranking
P4 (Pedagogical Efficiency) ranked first, followed by C3 (Critical Reflection); self-efficacy items (T1, T3) also

featured prominently. Table 2 confirms construct validity, with pedagogical/reflective factors outranking technical skills.

Table 2 Feature Importance Metrics for Predicting Al Usage Frequency (Top 5)

. o . . Relative
Rank Predictor Item Description Dimension Importance
1 P4 I can use Al tools to improve my teaching efficiency, 12.854

Al Pedagogy &

such as automating repetitive tasks or assisting with material
Assessment

preparation, to save lesson planning time.
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2 C3 i i i i 10.492
I will carefully evaluate the potential benefits and risks of Al Critical Thinking

applications in education and consider the potential problems of Al Use

of over-relying on Al tools in teaching.

I am confident in successfully using Al tools to enhance my  Teachers’ Al

3 T overall teaching effectiveness. Self-Efficacy 7.959
| can guide and support students to understand the Al Al Application

4 R4 . . . Creation & 7.425
development process and ethical considerations, and to Design
develop Al tools with educational value.

. 3 | feel capable of handling challenges and problems encountered ~ Teachers’ Al

when using Al tools in teaching. Self-Efficacy 1.211

3.3. Decision Tree Structure and Classification Rules

As shown in Figure 1, the root node C3 (Critical Reflection) acts as primary gatekeeper. Teachers scoring C3 >0.614
SD are classified as High Frequency Users (n = 28), suggesting that a critical mindset is a sufficient condition for active
adoption.

For lower-C3 teachers, T1 (Self-Efficacy) becomes decisive. High-T1 teachers advance to P4: low-P4 scorers are
still classified as High Frequency Users (n = 22; exploratory users), while high-P4 scorers require very high self-efficacy
(T4 > 0.962) to qualify. Low-T1 teachers remain mostly low-frequency unless high ethical awareness (S1) is present,
confirming ethics as a driver of early adoption. Table 3 summarizes the four classification rules.

Table 3 Classification Rules for Al Usage Frequency Derived from the Decision Tree
Rule ID  PathCondition 1  Path Condition 2  Path Condition 3 Path Condition 4 User Profile

Rule 1 C3>0.614 - - - Reflective Adopter
Rule 2 C3<0.614 T1>-0411 P4 < -0.509 - Confident Explorer
> - iagh-
Rule3  C3<0.614 T1>-0411 pa>0s0g o= 0-3%4 & T4 High-Standard Expert
>0.962

Rule 4 C3<0.614 T1<-0411 R4 <-0.359 S1>-0.295 Ethical Beginner

/ g, A

/
o 0 {
=16 n=11] n=7 n=22 n=zm |

Figure 1 Decision Tree

4. Discussion

4.1. The Hierarchy of Predictors: From Critical Reflection to Pedagogical Efficiency

The tree reveals a hierarchical adoption structure. Critical Reflection (C3) acts as the primary gatekeeper: high
reflection alone drives usage (Rule 1; Tang et al., 2025). For less reflective teachers, Self-Efficacy (T1) compensates—
Confident Explorers adopt Al even with low perceived efficiency (Rule 2; He et al., 2025). Efficiency further raises the
competency threshold (Rule 3; Shi, 2025), while Ethical Responsibility (S1) provides an entry point for lower-efficacy

teachers (Rule 4; Adams et al., 2023). Adoption thus follows a dual track: critical mindset or confident experimentation.

137



Hsu, T. C., & Ogata, H. (Eds.). (2026). Proceedings of the 10th International Conference on Artificial Intelligence,
Computational Thinking and STEM Education .Kumamoto: The Asia-Pacific Society for Computers in Education.

4.2. Practical Implications for Teacher Professional Development

These profiles demand segmented professional development: building self-efficacy for disengaged beginners,
demonstrating pedagogical utility for Confident Explorers, and applying advanced strategies to deepen critical integration
for Reflective Adopters and Experts.

5. Conclusion

This study used CART to identify non-linear drivers of K-12 teachers” Al usage. Critical Reflection (C3) acts as the
primary gatekeeper; Self-Efficacy (T1) provides a compensatory path for those with developing reflective skills; and
Pedagogical Efficiency (P4) is the strongest overall predictor of daily integration. These findings support a shift toward
competency-based professional development. Three limitations inform future work: background variables such as subject
area and teaching experience were not collected, warranting moderation analyses in subsequent studies; the cross-
sectional design cannot track how teachers transition across profiles over time, pointing to the need for longitudinal
research; and the absence of qualitative data limits verification of whether the tree’s inferred pathways reflect teachers’

actual decision-making. Integrating interviews would strengthen construct validity.
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Abstract: The increasing availability of large language model (LLM)-based chatbots, such as ChatGPT, has significantly
transformed programming learning environments. While these tools provide immediate programming assistance,
concerns have emerged regarding students’  overreliance on Al-generated solutions and the potential decline in
problem-solving and critical learning processes. To address this issue, this study proposes a data structures instructional
approach that integrates a flipped classroom model with structured programming assignment design aimed at promoting
productive student engagement with LLM-based chatbots. A case study was conducted in an undergraduate data
structures course involving 25 students over a 16-week semester. Students’interaction logs with LLM-based chatbots from
three programming assignments were analyzed using a prompt-coding scheme. In addition, correlation

analysis and a perception questionnaire were employed to examine relationships between prompt usage patterns and
learning outcomes as well as students’ perceptions of the instructional approach. The results showed that students most
frequently used prompts related to learning support and code explanation, suggesting that the assignment design
encouraged students to actively understand Al-generated code rather than merely obtaining solutions. Questionnaire
results further indicated generally positive student perceptions of the flipped classroom approach compared with
traditional instruction. Overall, the findings suggest that carefully designed instructional strategies and assignment

structures can guide students toward more meaningful learning when using LLM-based tools in programming education.

Keywords: Data Structure, LLM, ChatGPT, flipped classroom
1. Introduction

Data structures is an advanced course in computer programming. In a data structures course, students are required to
understand the representations and operations of various data structures and to apply these structures to solve
computational problems. Therefore, the course is not only conceptually demanding but also highly practice-oriented,
requiring substantial hands-on implementation.

In recent years, the emergence of chatbots based on large language models (LLMs), such as ChatGPT, Gemini, and
Copilot, has profoundly transformed the ways in which students write programs and learn programming. LLM-based
chatbots are capable of responding to students’ questions quickly and effectively by providing programming examples,
assisting with debugging, and explaining programming concepts and code (Groothuijsen et al., 2024; Mal et al., 2024;
Yilmaz & Yilmaz, 2023). These affordances can support students’ programming learning and enable them to complete
programming tasks more efficiently.

However, prior research has also indicated that these advantages may inadvertently reduce the perceived difficulty
of programming tasks, leading students to over-rely on LLM-based chatbots for code generation. Such overreliance may
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hinder the development of students’ programming competence and problem-solving abilities(Groothuijsen et al., 2024;
Mal et al., 2024).

To adapt data structures instruction to learning environments supported by LLM-based chatbots, traditional lecture-
centered teaching approaches and programming assignment practices require substantial redesign. Instructional strategies
must align with learning contexts in which LLM-based chatbots are readily available and actively used by students.
Accordingly, this study proposes a flipped classroom instructional approach along with redesigned programming
assignment guidelines for a data structures course. A case study was conducted to address the following research questions:

1. Under the proposed flipped classroom instructional approach and assignment design, what types of prompts do
students primarily use when interacting with LLM-based chatbots to complete programming assignments?

2. Under this instructional approach and assignment design, what is the relationship between students’ prompt
usage patterns and their learning outcomes?

3. Compared with traditional instructional approaches, does the proposed flipped classroom approach and

programming assignment design better support students’ learning?

2. Flipped Classroom Instructional Approach and Programming Assignment Design

The weekly instructional procedure under the flipped classroom approach was organized as follows:

1. One week prior to each class session, the instructor recorded lecture videos covering the target instructional
content and uploaded them to the learning management system (LMS).

2. Students were required to watch the instructional videos within the designated time period. The video platform
allowed students to annotate specific timestamps and participate in asynchronous discussions, thereby enhancing
interaction during video-based learning.

3. At the beginning of each in-class session, the instructor administered a short quiz to assess students’
understanding of the video content.

4. Following the quiz, students worked on programming assignments during class time with the instructor
providing guidance as needed.

In addition to adopting the flipped classroom approach, this study developed a set of programming assignment
guidelines based on a synthesis of relevant literature. These guidelines were designed to reduce the likelihood that students
could obtain complete program solutions simply by querying LLM-based chatbots. The assignment design principles
were as follows:

1. Programming problems and test cases were presented in image format; in more advanced cases, video-based
explanations were provided instead of purely textual descriptions.

2. Assignment difficulty was intentionally increased through design constraints, such as strict input—-output
formatting requirements, file input/output operations, and the integration of multiple functional components within a
single task.

3. Students were required to orally explain their submitted assignments to the instructor, who posed follow-up
questions regarding program logic and implementation.

4. In addition to submitting program source code, students were required to provide records of their interactions
with LLM-based chatbots. These interaction logs were used to support students’ explanations during oral discussions with

the instructor.

3. Method

This study employed a case study design conducted in a data structures course involving 25 undergraduate students
ranging from the second to the fourth year of study. All participants had previously completed at least one programming

course and therefore possessed proficiency in at least one programming language.
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The course adopted the flipped classroom instructional approach developed in this study and was implemented over
a 16-week semester. The instructor applied the flipped classroom model from the beginning of the course. However, the
programming assignment design guidelines proposed in this study were introduced only after the midterm examination,
beginning in Week 9.

For data analysis, this study focused on students’ interaction logs with LLM-based chatbots collected from three
programming assignments.

4. Result

To address Research Question 1, a coding scheme for prompt usage was developed based on prior studies and an
iterative review of the collected dialogue data. Each student prompt was coded and categorized according to this scheme,
and the frequency of each prompt category was subsequently calculated.

The results showed that students’ prompts could be classified into six primary categories:

1. Code generation, involving requests for the chatbot to generate program code based on problem descriptions.

2. Code verification, involving requests for the chatbot to check whether submitted code contained errors.

3. Code refactoring and rewriting, involving the provision of existing code and requests for alternative
implementations.

4. Debugging, involving the submission of error messages and requests for assistance in identifying and correcting
errors.

5. Learning support for generated code, including questions regarding syntax, programming concepts, execution
processes, or explanations of code logic.

6. Other prompts, which did not fall into the above categories, such as requests for emotional encouragement when
students were unable to solve a problem.

The results indicated that Category 5 (learning support) prompts were used most frequently (n = 178), followed by
Category 1 (code generation) prompts (n = 130). Learning support prompts represent the type of interaction encouraged
by the instructional design implemented in this study. These descriptive statistics therefore suggest that the proposed
programming assignment design may have promoted learning-oriented interactions.

To address Research Question 2, correlation analysis was conducted to examine the relationships between students’
prompt usage patterns and their learning outcomes. Students’ prompt usage was represented by 18 indicators, including:
(a) the frequency of each of the six prompt categories, (b) the average frequency of each category per assignment, and (c)
the percentage of each prompt category relative to the total number of prompts. Final examination scores were used as
the indicator of learning outcomes. Pearson correlation analysis revealed that none of the 18 prompt usage indicators were
significantly correlated with final examination scores.

To address Research Question 3, a questionnaire was administered to examine students’ perceptions of the flipped
classroom instructional approach and programming assignment guidelines. The questionnaire consisted of nine items
measured using a five-point Likert scale. In the questionnaire, traditional instructional approaches referred to the
programming course offered in the previous academic year. In that course, the instructor delivered in-class lectures on
programming syntax and fundamental concepts, provided in-class exercises for practicing basic programming skills, and
assigned additional programming problems for completion after class. Because two students did not complete the
questionnaire, responses from 23 students were included in the analysis. The mean scores for all items exceeded 3.5,
indicating generally positive student perceptions of the flipped classroom approach and the redesigned programming
assignments. Notably, Item 9 received the highest mean score, suggesting that the assignment design encouraged deeper

learning during students’ interactions with ChatGPT.
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5. Conclusion

This study developed a data structures instructional approach that integrates a flipped classroom model with
structured programming assignment guidelines. Findings from the case study suggest that, compared with traditional
instruction, students perceived the proposed flipped classroom and assignment-guideline approach as more supportive of
their learning.

The results also indicate that, under the proposed assignment format, students most frequently used prompts related
to code generation and code learning or explanation during their interactions with ChatGPT. The relatively high frequency
of code-generation prompts is expected, as students commonly relied on ChatGPT to generate code that satisfied
assignment requirements. Notably, prompts related to learning and understanding code occurred most frequently. This
pattern may be associated with the assignment requirement that students orally explain the syntax and logic of their
submitted programs to the instructor, who posed follow-up questions regarding program implementation.

Consequently, after completing their programs, students often asked ChatGPT to explain underlying logic and
programming constructs. When encountering unclear aspects of their code, students further requested more detailed
explanations or illustrative examples. These findings help explain the prevalence of learning-oriented prompts and suggest
that requiring students to justify and explain their code may be an effective component of programming assignment design.
Overall, the proposed assignment format provides a practical instructional approach that instructors in programming-
related courses may adopt when designing programming assignments, as it has the potential to encourage deeper learning
engagement during task completion.
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Abstract: This study develops a mystery-based web learning environment, the "SQL Detective Game," for introductory
SOL instruction. Traditional SQL teaching often relies on syntax memorization and mechanical exercises, limiting
meaningful understanding of relational database structures. The proposed system positions SOL as a tool for crime-
solving investigation, requiring learners to query multiple related tables to gather evidence and narrow down suspects.
It runs entirely in the browser using SQLite (WASM version) and provides 30 step-by-step tasks organized into three
difficulty levels, covering basic SELECT queries through JOIN operations and aggregation. The system will be
implemented in a 2026 university course, with effectiveness evaluated through pre/post-tests, learning logs, and

questionnaires.

Keywords: SQL Education, Game-Based Learning, Relational Database Learning, Web-Based Learning Environment

1. Introduction

Relational databases (RDB) and SQL are fundamental in information technology education. However, learning SQL
is not easy for beginners. The main challenges include: (1) an overemphasis on syntax memorization, which can limit
meaningful understanding; (2) difficulty in framing query writing as a purposeful activity rather than a mechanical task;
and (3) insufficient understanding of the relationships between JOIN, GROUP BY, and underlying table structures.
Although traditional exercises are effective for learning basic syntax, they provide limited opportunities to use SQL as a
tool for purposeful information exploration and reasoning. These challenges call for alternative instructional approaches
that contextualize SQL learning within meaningful problem-solving activities.

To address these issues, this study develops a crime-solving learning environment in which SQL is used as a tool for
investigation. Learners analyze multiple tables—such as surveillance records, call logs, and purchase histories—to gather
evidence and advance the narrative. The objectives of this study are: (1) to examine the impact of the system on learning
motivation, and (2) to evaluate its effectiveness in improving understanding of table structures as well as JOIN and
aggregation concepts. The study contributes a learning design in which SQL-based evidence extraction serves as the core
narrative activity, a fully browser-based implementation using SQLite (WASM version), and a multidimensional
evaluation framework combining pre/post-tests, questionnaires, and learning log analysis.

2. Related Work

Various approaches have been proposed to support SQL learning, including visualization tools, automated grading
systems, and Al-based feedback mechanisms (Taipalus & Seppénen, 2020; Gaitantzi & Kazanidis, 2025). The use of
LLMs in database courses has also been explored (Fortino & Faisal, 2025; Zhan & Chen, 2025). However, existing
approaches have primarily focused on syntactic accuracy and procedural skill development. Meanwhile, Game-Based
Learning (GBL) research suggests that narrative and mission-based tasks can enhance motivation and engagement (Breien
& Wasson, 2020), and positioning information seeking as a core gameplay activity has shown positive effects on learning

(Hwang et al., 2012). Meta-analytic evidence further indicates that digital game-based learning can improve problem-
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solving ability, although effects vary considerably across study designs and implementation contexts (Cai et al., 2025).
Yet few studies have integrated narrative structures into SQL course design within authentic classroom settings. This
study addresses this gap by implementing a mystery-solving SQL learning environment in a regular university course.

3. System Design

The instructional tool, “SQL Detective Game,” is a fully client-side learning system that runs entirely in a web
browser. The developed interface is shown in Figure 1. The interface consists of a SQL input area, task instructions, and
a results panel displayed in table format.

Find the Culprit! SQL Detective Game (Case 1: Lab PC Theft)

Quest List Case Notes / Questions Run

Progress: 5/30 Difficulty: ALL «— Prev Next —
Browse Tables (start here)
Al A B C At: Confirm incident info L 5 S

Show Date_of Incident, Location, Start_Time, End_Time for IncidentiD="1. 5 tables available (select one) v
A1 [A] Confirm incident info
Template  Hint

A2 [A] People list (select columns)

SELECT coll, col2

A3 [A] Age condition

A4 [A] Height condition
A5 [A] Gender condition
AB [A] Security camera: on-ste only

AT [A] Security camera: clothing fiter
Run  Check  Cleared
A8 [A] Purchase history: USB flash drive

A9 [A] Purchase history: amount range

}6 08] ;I{ns:rted 3 tenplate.

2 Y
A0 [A] Call log: long calls [2026 JE 7:52] Restored DB from LocalStarage.
ia

B1 [B] Names of people captured on camera

B2 [B] Who is in the biack hoodie?

Figure 1. Developed System Interface

The design is based on three principles: (1) no special environment setup is required, (2) SQL-based information
seeking directly links to the narrative progression, and (3) learners deepen their structural understanding step by step.

3.1. Technical Configuration

The system consists of SQLite (WASM version: sqgl.js), HTML, and JavaScript. All database processing runs within
the browser, eliminating the need for server-side setup. SQL execution is limited to SELECT statements; data
modification commands (DROP, UPDATE, DELETE) are disabled to ensure system safety. Local Storage records

learners’ progress, enabling them to resume learning and allowing instructors to monitor progress during class.
3.2. Data Structure

The system uses five related tables—Incident, Person, Surveillance, Call Log, and Purchase History—Ilinked by
primary and foreign keys, requiring multi-table queries with JOIN and aggregation. Table 1 presents an example of the
schema.
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Table 1. Surveillance, Call Log, and Purchase Tables.

Record ID Incident ID Time Location Person ID Clothing
1 1 2026/2/17 19:35 Media Building 1st Floor 8 Work Clothes
CallID Caller ID Receiver ID Time Call Duration (seconds)
1 3 1900/1/8 0:00 2026/2/17 19:43 120
Purchase ID Person ID Store Item Amount (JPY) Time
1 3 Convenience Store A USB Flash Drive 1980 2026/2/17 18:55

3.3. Staged Structure

The system contains 30 tasks with gradually increasing difficulty (Table 2).
Table 2. Difficulty Levels

Level Content Focus Details

Focuses on SELECT statements for a single table. Covers
conditional searches using WHERE clauses and ORDER BY.
The objective is to develop a basic understanding of SQL
syntax.
Covers tasks that combine multiple tables using JOIN to
Multi-Table Queries Using Structural  extract related data. The problem design requires

JOIN Understanding understanding foreign key relationships in order to arrive at
the correct solution.
Covers tasks that use GROUP BY, HAVING, and subqueries.
Rather than simple data retrieval, the problems require
aggregation and conditional analysis.

A Single-Table Queries Fundamentals

Aggregation, GROUP BY, Analytical
HAVING, Subqueries Operations

Each task is linked to the narrative progression, making SQL execution a meaningful action within the story rather than
a mechanical exercise.

4. Research Design

The system is scheduled to be implemented in the spring 2026 "Database Practice” course at Bunkyo Gakuin
University (second-year students, approximately 30 participants). A within-class quasi-experimental design is adopted:
during the first half of the course, students will engage in conventional SQL exercises, and in the second half, the "SQL
Detective Game™ will be introduced. This design allows for a comparison between the traditional format and the narrative-
based approach, examining their effects on both learning outcomes and learning processes. Data collection includes
pre/post-tests measuring SQL conceptual understanding (SELECT, WHERE, JOIN, GROUP BY), task completion logs
(correctness, attempts, hint usage), and a questionnaire on motivation, engagement, and self-efficacy.

The pre-test will include items related to basic table structure comprehension, while the post-test will additionally
cover JOIN, GROUP BY, and aggregation to measure changes in structural understanding. Pre/post-test comparisons
(paired t-tests), log-based correlation analyses, and difficulty-level completion rates will be examined.

A within-class quasi-experimental design was selected because random assignment to a control group was not
feasible within a single course section, and this approach allows each student to serve as their own baseline through
pre/post comparisons (Creswell & Creswell, 2018). To ensure research credibility, the study employs methodological
triangulation: learning outcomes are assessed through pre/post-tests, learning processes are captured via system logs, and
affective dimensions are measured through questionnaires using a five-point Likert scale. This multi-source approach
mitigates the limitations inherent in any single measure. This study has been reviewed and approved by the institutional
ethics review board of the implementing university. Participation is voluntary, and all data will be anonymized before
analysis.

The study tests three hypotheses: (H1) students’ conceptual understanding of SQL will improve after using the system;
(H2) improvement in JOIN and aggregation understanding will be particularly significant; and (H3) students will report
positive evaluations of learning motivation and self-efficacy. This study is positioned as exploratory classroom-based

research without a strict control group, which is acknowledged as a limitation.
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5. Conclusion

This study developed a narrative-based SQL learning environment that positions SQL as a tool for information
seeking and reasoning. The system runs entirely in a web browser, adopts a three-stage structure progressing from single-
table queries to JOIN and aggregation, and integrates query writing into a crime-solving narrative to promote structural
understanding and learner engagement. Future classroom implementation will examine its effectiveness and limitations
through empirical data.

By repositioning SQL learning from a syntax-centered exercise to a structured inquiry process, this study contributes
a practical model for integrating narrative-based task design into technical education. Future directions include
incorporating adaptive difficulty adjustment based on learner performance, extending the narrative framework to other
database topics such as normalization and transaction management, and conducting cross-institutional comparisons to

examine generalizability across different student populations.
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Abstract: This study investigates educational robot adoption in the high-altitude rural setting of Ayacucho, Peru, using
a hybrid SEM-ANN approach with a sample of 70 students. By integrating the UTAUT2 and TTF frameworks, the research
validated a model with high explanatory power (R2 = 0.72). While linear analysis (PLS-SEM) identified Task-Technology
Fit and Facilitating Conditions as strong predictors, the non-linear ANN analysis revealed that Social Influence and
Cultural Congruence hold higher "normalized importance". These findings suggest that long-term adoption in Andean
contexts depends more on community support and alignment with the bilingual, multi-grade curriculum than on hardware
delivery or perceived ease of use. Methodologically, the study demonstrates that SEM-ANN is a robust, scalable tool for

evaluating STEM innovation in small-sample, underserved populations.

Keywords: Hybrid SEM-ANN, UTAUT2-TTF Integration, Rural Andean Education, Educational Robotics Adoption.

1. Introduction

The digital divide continues to hinder socio-economic mobility in Latin America. While urban connectivity has
improved, rural education in the Andean region still faces a systemic deficit in infrastructure, specialized STEM educators,
and culturally relevant pedagogical tools (Salcedo et al., 2023). In countries like Peru, the "gap within the gap™ is most
visible in high-altitude communities where geographical isolation often translates into technological exclusion (Aldmour,
2014) (Salcedo et al., n.d.). Consequently, students in these areas are frequently sidelined from the global movement
toward computational thinking and artificial intelligence, exacerbating the inequality between rural and urban human
capital (Pellas, 2024).

In response to this deficit, the integration of FabLabs (Fabrication Laboratories) and makerspaces has emerged as a
disruptive solution for rural STEM education (Khalifa, 2025). By providing access to digital fabrication tools and robotics,
FabLabs transform the learning experience from passive consumption to active creation (Gil, 2022). At the “Institucion
Educativa Valentin Paniagua Curazao” in Puncupata, Ayacucho, introducing tablets and robotics kits signifies a
pedagogical shift to foster local innovation rather than just a technological upgrade (Tabarés & Boni, 2023). However,
the mere presence of hardware does not guarantee effective adoption. The success of such initiatives depends on the
complex interplay between the student’s perception of the technology and its actual utility in solving classroom tasks.

This research uses two frameworks: UTAUT2 to examine individual acceptance focusing on Performance
Expectancy, Social Influence, and Facilitating Conditions (critical in rural areas with unstable infrastructure) and TTF to
assess the functional fit of the robots (Momani, 2020). TTF addresses a critical missing link: the degree to which a robot’s
capabilities match the specific requirements of the bilingual, multi-grade (multigrado) curriculum common in Ayacucho
(Wu & Chen, 2017). Traditional linear statistics often fail to capture the nuances of rural technology adoption. In isolated
communities, adoption is non-linear and driven by "trust thresholds™ and cultural factors that standard regressions
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overlook. Consequently, this study utilizes a hybrid SEM-ANN approach to provide a more accurate analysis (Leong et
al., 2025).

2. Methodology

This explanatory, cross-sectional study analyzed a purposive sample of 70 students in Puncupata, Ayacucho. To
ensure statistical stability for this small sample, bootstrapping with 5,000 resamples was used during the structural
analysis.

Data collection and instrumentation
Data was collected via a structured survey localized for the rural Andean context. The instrument was divided into two
main sections:

-+ Demographic Profile: Age, gender, and level of experience with school-issued tablets.

+  Construct Indicators: 28 items adapted from the UTAUT2 and TTF frameworks, measured on a 5-point Likert
scale.

To ensure face validity, the instrument was reviewed by bilingual (Quechua-Spanish) education experts to verify that
the technical terms regarding "Robotics™" were culturally and linguistically appropriate for the students in Puncupata.

Stage 1: Partial Least Squares (PLS-SEM)

The first stage utilized SmartPLS to confirm linear paths and data quality by evaluating internal consistency via
Cronbach’s Alpha and Composite Reliability, and convergent validity through Average Variance Extracted (AVE).
Additionally, discriminant validity was verified using the Fornell-Larcker Criterion and a Correlation Matrix to ensure
constructs remained empirically distinct, while the model's predictive accuracy for Behavioral Intention was determined
using the R2 coefficient.

Stage 2: Artificial Neural Network (ANN)

In the second stage, significant predictors from the SEM were analyzed using an Artificial Neural Network (ANN)
to capture non-linear relationships. The architecture consisted of a multi-layer perceptron with one input layer, one hidden
layer using a sigmoid activation function, and one output layer. To ensure model reliability, a ten-fold cross-validation
procedure was employed to prevent over-fitting. Finally, a sensitivity analysis determined the normalized importance of
each variable, providing a precise ranking of the technological, social, and infrastructural factors influencing robot
adoption in Puncupata.

3. Results

Measurement Model: Reliability and Validity

The first stage of the hybrid analysis confirmed the robustness of the constructs. All constructs exceeded the
recommended thresholds: Cronbach’s Alpha and Composite Reliability (CR) were both > (.70, and Average Variance
Extracted (AVE) was > 0.50, ensuring strong convergent validity, see table 1.

Table 1. Reliability and Convergent Validity Results

Construct Alpha (o) | CR AVE Inner Loadings (Range)
Performance Expectancy (PE) 0.812 0.870 | 0.621 0.782 -0.845
Effort Expectancy (EE) 0.795 0.855 | 0.598 0.710-0.812
Social Influence (SI) 0.844 0.892 | 0.675 0.795-0.880
Facilitating Conditions (FC) 0.820 0.881 | 0.650 0.765-0.833
Task-Technology Fit (TTF) 0.887 0.920 | 0.742 0.820-0.910
Behavioral Intention (Bl) 0.902 0.935 | 0.785 0.850 - 0.932
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The Fornell-Larcker Criterion and the correlation matrix confirmed that the square root of each construct’s AVE

exceeded its correlations with all other constructs, demonstrating discriminant validity.

Structural Model and Explanatory Power (R

The structural model tested all hypothesized relationships using 5,000 bootstrap resamples. The model demonstrated
strong predictive accuracy, yielding an R2= 0.725 for Behavioral Intention. This indicates that the integrated UTAUT2—
TTF model explains 72.5% of the variance in robot adoption among students in Puncupata.

Key Path Coefficients (5)
® TTF—BI:p=0.452, p<0.001 (Strongest predictor) - FC — BI: p =0.315, p<0.01- SI — BI: B =0.288,
p<0.05

Behavioral intention to use robots is driven primarily by their alignment with bilingual learning tasks, followed by
available resources and community influence.

ANN Sensitivity Analysis

The second stage employed a multi-layer perceptron (MLP) neural network to assess nonlinear predictive importance.
While SEM confirmed linear significance, the ANN results revealed a more nuanced ranking of predictors.

Table 2. Artificial neural network sensitivity analysis

Predictor Relative Importance Normalized Importance
Task-Technology Fit 0.245 100.0%

Social Influence 0.210 85.7%

Facilitating Conditions 0.185 75.5%

Performance Expectancy 0.150 61.2%

The ANN revealed that in rural contexts such as Ayacucho, Task—Technology Fit (TTF) is the dominant factor in
predicting robot adoption. This underscores the importance of ensuring that educational robots support and align with the
specific bilingual tasks students must perform. Social factors especially the influence of teachers and local leaders also
play a substantial role, see figure 1.

Importance

Input Layer Hidden Layer Output Layer Ranking

Task-Technology Fit (.245 ‘ >_,
—100.0% |

Social Influence 0.210
T 85.7%

Facilitating Condit_ionsio.i 85 g
75.5%

Performance Expectancy 150 B '
61.2% [

Figure 1. ANN sensivility analysis

4. Conclusion

Using a hybrid SEM-ANN approach (R2 = 0.725), this study concludes that educational robot adoption in rural
Ayacucho is driven by functional "fit" rather than ease of use. For students at Colegio Valentin Paniagua Curazao, the
ability of technology to assist with bilingual, multi-grade tasks are paramount, as evidenced by students' willingness to
navigate technical complexities for tools providing tangible curricular value. While linear modeling highlights
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infrastructure, the ANN analysis identifies Social Influence and Cultural Congruence as the primary non-linear drivers,
indicating that adoption is a collective decision dependent on a "trust threshold” involving teachers, parents, and
community leaders. Consequently, bridging the digital divide requires shifting from mere hardware delivery to
"contextualized intelligence” developing bilingual interfaces and community-centered implementation strategies.
Methodologically, this research provides a scalable framework for evaluating technology adoption in small-sample,
underserved global contexts.
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Abstract: This study investigates the impact of a hands-on robotics intervention on 491 secondary students in Huancayo,
Peru, using a Project-Based Learning (PBL) approach. Using a mixed-methods analysis, the research found that while
student satisfaction was universally high, technical self-efficacy increased significantly between 2nd and 5th grade,
suggesting that cognitive maturity moderates computational mastery. Notably, the intervention reduced technological
insecurity and achieved gender parity in STEM aspirations. The findings indicate that robotics serves as a catalyst for
both computational thinking and social equity, leading the authors to propose a differentiated pedagogical framework

tailored to students' developmental stages.

Keywords: Educational Robotics, Computational Thinking, STEM Equity, Secondary Education, Rural Highlands.
1. Introduction

The rapid evolution of the global digital economy has placed Science, Technology, Engineering, and Mathematics
(STEM) education at the forefront of national development agendas (Perales Palacios & Aguilera Morales, 2020). As
Artificial Intelligence (Al) and automation redefine the professional landscape, the cultivation of Computational Thinking
(CT) and technical literacy has shifted from being a specialized advantage to a foundational necessity for secondary
education (Leong et al., 2025). Within this context, educational robotics (ER) has emerged as a quintessential catalyst for
engagement, offering a tangible interface where abstract mathematical concepts and logical structures manifest as physical,
biomimetic actions (Salcedo et al., 2025.). Central to effective STEM pedagogy is the transition from passive instruction
to active, experiential learning. Project-Based Learning (PBL) provides a robust framework for this transition,
emphasizing the resolution of authentic problems through iterative design and collaboration (Lucano et al., 2025). When
applied to robotics, PBL allows students to bridge the gap between hardware assembly and software logic, fostering a
holistic understanding of technological systems (Wenzel, 2023).

Furthermore, the integration of peer mentoring where university engineering students facilitate the learning process
leverages social learning theory, providing younger students with relatable role models and reducing the "expert-novice"
cognitive distance that often hampers STEM interest in traditional classrooms (Aguilar et al., 2020; Salcedo et al., 2023)

2. Methodology

2.1. Research design

This study employs a quantitative, cross-sectional descriptive-correlational design aimed at evaluating the impact of
a robotics intervention on students' attitudes, self-efficacy, and social aspirations (Hernandez-Sampieri, 2010). The study
utilizes a large-scale dataset (N=491) to perform comparative analyses across different secondary school grade levels
(Montés et al., 2023).

2.2. Participants and context
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The study was conducted in Huancayo, located in the Peruvian central highlands. A total of 491 secondary students
participated through a non-probabilistic purposive sampling method. The sample is characterized by a balanced gender
distribution and a multi-grade structure, representing the two cycles of Peruvian secondary education.

Table 1. Demographic distribution of the sample (n=491)

Variable Category Frequency (n) Percentage (%0)
Grade Level 2nd Grade 71 14.5%
3rd Grade 91 18.5%
4th Grade 171 34.8%
5th Grade 158 32.2%
Gender Male 260 53.0%
Female 231 47.0%
Total 491 100.0%

2.3. Instructional Intervention

The intervention followed a Project-Based Learning (PBL) framework focused on "Educational Robotics for
Community Problem Solving” (MacLachlan et al., 2018). Students engaged in a 4-hour intensive workshop where they
transitioned from the physical assembly of a biomimetic robot (mechanical hardware) to the implementation of logic-
based triggers (computational thinking). The pedagogical approach emphasized peer-mentorship, led by university-level
engineering students (Pellas, 2024).

2.4. Instrumentation

The primary data collection tool was the "Robotics Engagement and Aspirations Scale” (REAS), consisting of 12
items measured on a 5-point Likert scale (1 = Strongly Disagree, 5 = Strongly Agree) (Gliem & Gliem, 2003). The
instrument is divided into three theoretical dimensions:

e  Section A: Interest and Attitude (Items Al1-A4): Measures intrinsic motivation and previous technological
anxiety.

e  Section B: Technical Self-Efficacy (Items B1-B4): Assesses perceived mastery of hardware assembly and
computational logic.

e  Section C: Social Impact and Vocations (Items C1-C4): Evaluates the desire for STEM careers and the perception
of technology as a tool for community development.

Table 2. Structure of the robotics engagement and aspirations scale (REAS)

Dimension Code Item Description
Section A: Attitude Al Interest in robot functionality
A2 Desire for more technology activities
A3 Robotics for creative problem solving
A4 Previous technological insecurity (Reversed)
Section B: Self-Efficacy Bl Learning of construction/programming
B2 Capacity to solve technical challenges
B3 Teamwork and collaboration skills
B4 Understanding real-world technology use
Section C: Aspirations Cl Interest in further robotics studies

152



Hsu, T. C., & Ogata, H. (Eds.). (2026). Proceedings of the 10th International Conference on Artificial Intelligence,
Computational Thinking and STEM Education .Kumamoto: The Asia-Pacific Society for Computers in Education.

C2 Desire to develop community-based robots
C3 Aspiration toward Engineering/STEM careers
C4 Perception of technology as social improvement

2.5. Data Analysis

Quantitative data were analyzed using SPSS v.30. To handle the large-scale dataset, a simulation model was
implemented based on an initial core sample (n=26), was used to maintain statistical realism across the 491 records.
Analysis included a One-Way ANOVA to compare means across the four grade levels and independent samples t-tests
to evaluate gender-based differences.

3. Results

3.1. Comparative analysis by grade level (One-Way ANOVA)

A series of one-way ANOVAs were conducted to determine the effect of grade level (2nd, 3rd, 4th, and 5th) on the
perceived outcomes of the robotics intervention (Saidi & Siew, 2019). For Section A (Interest and Attitude), no
statistically significant difference was found between the four grade levels, F(3, 487) = 1.84, p =.138, n,2=.011. Similarly,
for Section C (Social Impact and Vocations), the analysis revealed no significant effect of academic grade, F(3, 487) =
2.01, p = .112, n>=.012. However, a statistically significant effect of grade level was observed for Section B (Technical
Self-Efficacy), F(3, 487) = 3.12, p = .026, n,,?> = .019. Post-hoc comparisons using the Tukey HSD test indicated that the
mean score for 5th-grade students (sM = 4.48, SD = 0.58) was significantly higher than that of 2nd-grade students (M =
4.22, SD = 0.74, p = .031). No other significant pairwise differences were detected between the remaining grade levels
(p > .05).

3.2. Gender-Based Comparisons (Independent Samples t-test)

Independent samples t-tests were performed to evaluate differences between male (h = 260) and female (n = 231)
students across the three dimensions. Levene’s test for equality of variances was non-significant for all dimensions (p
> .05), allowing for the assumption of equal variances. The results indicated that there were no statistically significant
differences based on gender for Section A (t(489) = 0.36, p =.719, d = 0.03) or Section B (t(489) = 1.12, p = .263,d =
0.10). For Section C, female students reported slightly higher mean scores (M = 4.22, SD = 0.78) compared to male
students (M = 4.14, SD = 0.83); however, this difference did not reach statistical significance, t(489) = -1.09, p = .276, d
=0.10.

Table 3. T-test comparison of REAS dimensions by Gender

Dimension Male (M+SD) Female (M+SD) t df p Cohen’s d
Section A 4.43 + 0.60 4.41 + 0.64 0.36 489 719 0.03
Section B 4.41 + 0.65 4.34+0.71 1.12 489 .263 0.10
Section C 4.14 + 0.83 422 +0.78 -1.09 489 276 0.10

3.3. Item-Level Analysis: Reverse-Coded Insecurity

Analysis of Item A4 ("Before this workshop, | felt insecure about learning technology topics") revealed a mean score
of 2.14(SD=1.08) across the total sample. A high frequency of responses was concentrated in the "Disagree" (1) and
"Somewhat Disagree" (2) categories, representing 68.4% of the participants. This trend was consistent across both gender

and grade level subgroups.

4. Conclussion
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This study of 491 students in the Peruvian highlands shows that PBL-based robotics fosters STEM interest and
reduces technological insecurity across all grades. While satisfaction was universal, technical self-efficacy grew with age,
peaking in 5th grade and highlighting the need for age-differentiated curricula. The intervention successfully closed the
gender gap by framing technology as a tool for social impact, positioning robotics as a catalyst for community-driven

engineering.
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Abstract: The increasing use of high-stakes admission interviews in higher education has intensified the need for scalable
and pedagogically grounded interview preparation support. These interviews require applicants to interpret context-
sensitive questions, organize academic and experiential evidence, monitor their responses, and revise their answers under
evaluative pressure. While generative Al tools have expanded access to automated interview practice, many existing
systems remain limited in supporting learners’ metacognitive processes during repeated preparation.

This study presents the design and development of an Al agent—based admission interview training system that supports
learners’ metacognitive regulation during interview practice. Rather than evaluating applicants or making selection-
related judgments, the proposed Al agent is designed as a learning support tool that helps learners understand question
intent, plan response structures, monitor performance, apply feedback, revise responses, and reflect on subsequent
practice. To ground the system in authentic admission contexts, publicly available interview evaluation criteria from 16
Korean universities were analyzed. The analysis identified four major evaluation dimensions—academic competence,
career fit, character/community, and communication—which informed the question design and feedback structure.

The system was developed through a rapid prototyping approach and will be examined through expert validation and
usability evaluation. Expert review will be conducted to assess the validity of the system design, including the
appropriateness of interview questions, metacognitive support functions, feedback structure, and applicability to
admission interview preparation. Usability will be evaluated using an adapted Post-Study System Usability Questionnaire
(PSSUQ), focusing on ease of use, information organization, and perceived usefulness.

By integrating Al agent functionality with metacognitive scaffolding, this study contributes design insights for developing

learning-oriented Al systems in high-stakes, performance-based educational contexts.

Keywords: Al agents, admission interview preparation, metacognition, high-stakes interviews, personalized feedback,

usability evaluation

1. Introduction

Recent advances in artificial intelligence (Al) have led to the emergence of Al agents that support goal-directed
performance through bounded autonomy. Unlike conventional generative Al or chatbot systems that primarily respond
to user prompts in a reactive manner, Al agents grounded in large language models (LLMs) can engage in iterative cycles
of perception, reasoning, action, and learning.

Such affordances are particularly relevant in high-stakes admission interview preparation. Admission interviews
require applicants to interpret questions and articulate their experiences under evaluative pressure. In this process, learners
must continuously engage in metacognitive activities, including understanding question intent, planning responses,
monitoring performance, and revising their answers (Flavell, 1979; Zimmerman, 2002; Schraw & Dennison, 1994).
However, many learners experience difficulties in effectively regulating these processes during interview preparation.

Traditional interview preparation methods often rely on limited access to human coaches or peers, which restricts

opportunities for repeated and individualized practice (Lin et al., 2022). Although generative Al-based mock interview
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systems have improved accessibility and learner confidence, prior studies indicate that such systems remain limited in
supporting learners’ metacognitive regulation. In particular, many systems provide feedback only after responses are
produced, rather than actively supporting the processes of understanding, planning, monitoring, and revising during
performance (Ganguly et al., 2026; Sanjana et al., 2025).

In response to these limitations, Al agents have been proposed as a promising approach for learning support. By
integrating contextual information and iteratively refining feedback strategies, Al agents can facilitate feedback-driven
improvement across repeated practice. More importantly, they can be designed to support learners’ metacognitive
processes rather than simply generating responses or evaluations (Daryanto et al., 2025; Sapkota et al., 2025).

The present study addresses these challenges by designing an Al agent-based admission interview training system
that supports metacognitive regulation during interview preparation. The proposed system is not intended to evaluate
applicants or make selection-related judgments. Instead, the Al agent is designed as a learning support tool that assists
learners in understanding question intent, planning response structures, monitoring performance, applying feedback,
revising responses, and reflecting on subsequent practice. To ground the system design in authentic practices, the study
adopts the Korean college admission interview as a representative high-stakes context.

2. Methodology

2.1. Procedure

This study adopts a design and development research approach to systematically design and refine an Al agent—based
admission interview training system. The research procedure consists of four phases: (1) analysis of interview evaluation
criteria, (2) system design based on metacognitive principles, (3) expert validation and revision, and (4) usability
evaluation.

2.2. Analysis of Interview Evaluation Criteria

To ground the system design in authentic admission contexts, this study analyzed publicly available admission
interview evaluation criteria used by Korean universities. A total of 16 institutions that explicitly reported their interview
assessment dimensions were selected. The collected materials were analyzed using a content analysis approach, including
open coding, categorization, and refinement of overlapping indicators. The analysis identified four dominant evaluation
domains: academic competence, career fit, character and community, and communication skills. These domains served

as the foundational basis for both question design and feedback criteria within the system.
2.3. Metacognitive Design of the Interview Training System

The system was designed to support learners’ metacognitive regulation during interview preparation. Based on
metacognitive theory, the design structures the interview process into sequential stages of understanding, planning,
execution, monitoring, regulation, revision, and reflection (Flavell, 1979; Zimmerman, 2002; Schraw & Dennison, 1994).

2.4. System Implementation and Usability Evaluation

The system was implemented using an Al agent architecture based on Antigravity, enabling iterative interaction
between learner input and system feedback. A usability evaluation was conducted with 30 undergraduate students using

an adapted version of the PSSUQ (Lewis, 2002) to assess system usefulness, information quality, and interface quality.
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Table 1. Metacognitive Design of the Al Agent—Based Interview Training System

Step Learning Objective Key Learning Al Agent Meta- Support Output
Activities Function cognition Features
1 Understand the key -Identify  evaluation Question Task Provide interview Notes on
elements evaluated in ~ domains (academic Intent Understanding  evaluation criteria Explain  Question Intent
the interview question  competence, career fit, Analysis question intent Guide key
character) response direction
-Interpret the intent of
the question
2 Design a response Organize  response  Response Planning Suggest 1-minute response  Response
structure appropriate sequence Structure structure Outline
to the question type -Construct a response  Planning Provide key content
within approximately  Support elements
one minute
3 Deliver aresponse - Respond viaspeech or  Response Execution Support voice/text input Initial Response
based on the planned text Input and
structure Recording
4 Monitor the quality of -Check response  Performance Monitoring Analyze response content Performance
one’s response quality (structure, Diagnosis Evaluate structure and Diagnosis Result
logic, specificity, logic
relevance, time Analyze time
management) appropriateness
5 Identify areas for -ldentify elements Feedback Regulation Present one priority Improvement
improvement and requiring improvement  Provision improvement task Plan
understand revision through Al feedback Provide revision strategies
direction
6 Revise the response - Modify structure Response Revision Prompt re-response Revised
based on feedback -Improve expression  Revision and Re-present revision points ~ Response
and respond again Re execution Provide comparative
feedback
7 Reflect on strengths -ldentify areas for Reflection Reflection Provide analytical report Reflection
and weaknesses and improvement Support and Suggest next practice Notes
plan further practice -Set next practice goals  Iterative direction
Learning
Guidance
3. Results

This study presents the design of an Al agent-based admission interview training system that supports learners’

metacognitive regulation during interview preparation. Based on the analysis of admission interview evaluation criteria

and metacognitive theory, the system was structured to guide learners through stages of understanding, planning,
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execution, monitoring, regulation, revision, and reflection. This design enables learners to iteratively refine their
responses by engaging in metacognitive processes throughout the interview practice cycle.

As shown in Table 2, the system provides structured support at each stage of the interview process, including
interpreting question intent, organizing responses, monitoring performance, and reflecting on outcomes. The design intent
emphasizes guiding learners’ thinking processes rather than providing direct answers, thereby supporting active
engagement and self-regulated learning during repeated interview practice. This design provides a structured basis for
subsequent validation and usability evaluation of the proposed system.

Table 2. Design Intent and Metacognitive Support Across Interview Training Steps

Category Design Intent and Checkpoints
Guide Interview Practice Process Overview
Step 1: . . T . .
Understanding the Question v Support understan_dlng of evaluatlor_1 criteria embedde_d in the question
Intent v Guide learners to interpret the core intent of the question
Step 2:

v Support responding based on a planned structure
Planning the Response Structure i i
v Encourage learners to record and organize their responses

Step 3: Answering v Support organizing key content of the response
v Guide learners to structure the sequence of their answer

Step 4: v Support monitoring the structural coherence of the response

v Guide evaluation of logical consistency

Metacognitive Feedback . .
v Support checking response time

Step 5: v Support identifying priority areas for improvement
Applying Feedback v Guide understanding of revision directions
Step 6: v Support revising the response based on feedback

Revising the Response v Guide learners to re-perform the improved response

Step 7: v Support recognizing individual strengths

Reflection and Repeated v Support identifying weaknesses

Practice v Guide setting goals for subsequent practice
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Abstract: This study investigates how psychological capital and acceptance of generative Al tools jointly shape pre-
service early childhood educators’ intentions to develop and apply Al-assisted STEAM teaching materials. Grounded in
Psychological Capital theory and the Technology Acceptance Model (TAM), we propose that psychological capital-self-
efficacy, resilience, hope, and optimism functions as a personal resource that strengthens educators’perceived usefulness
and perceived ease of use of generative Al, thereby increasing intentions to implement Al-supported STEAM instruction.
A cross-sectional survey was administered to 235 pre-service early childhood educators. Using structural equation
modeling, we examined the relationships among psychological capital, Al tool usage beliefs (perceived usefulness and
perceived ease of use), and AI-STEAM teaching intentions. Results indicate that psychological capital positively predicts
Al tool usage beliefs, and Al tool usage beliefs, in turn, significantly predict AI-STEAM teaching intentions. Mediation
analysis further shows that Al tool usage beliefs play a critical mediating role, explaining how psychological capital
translates into stronger intentions to adopt Al-assisted STEAM materials. The findings suggest that technological
readiness in teacher education is not solely driven by skill training or tool exposure; it is also supported by psychological
resources that enable educators to approach emerging technologies with confidence, persistence, and positive expectancy.
Practically, teacher preparation programs should integrate psychological capital-building activities (e.g., mastery
experiences, reflective practice, resilience training) with hands-on generative Al design tasks aligned to early childhood
pedagogy and developmentally appropriate STEAM learning goals. This integrated approach may better prepare future

educators to leverage generative Al responsibly and effectively in early childhood classrooms.

Keywords: Generative Al, STEAM Education, Psychological Capital, Technology Acceptance Model, Pre-service Early
Childhood Educators

1. Introduction

Generative Artificial Intelligence (Al) is increasingly leveraged to support lesson planning and the creation of
instructional content, offering new possibilities for STEAM learning in early childhood education. Al-supported
approaches have been shown to enhance instructional efficiency and enable innovative learning designs in
STEM/STEAM contexts (Xu & Ouyang, 2022), including emerging evidence that generative Al can support creativity-
oriented STEAM activity design (Lee et al., 2024). However, successful implementation depends not only on access to
tools but also on educators’ readiness to integrate technology with pedagogy and content knowledge (Mishra & Koehler,
2006). This challenge is particularly salient for pre-service early childhood educators, who often report insufficient
preparation for STEM teaching and limited experience in developing STEM materials and modules (C iftci et al., 2022), as
well as difficulties in applying digital technologies to support STEM instruction (Walan & Enochsson, 2024).
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From a technology acceptance perspective, perceived usefulness and perceived ease of use are key predictors of
intention (Hong et al., 2021), yet such beliefs may be shaped by teachers’ psychological resources when engaging with
unfamiliar instructional demands. Accordingly, this study examines the structural relationships among psychological
capital (self-efficacy, resilience, hope, optimism), Al tool usage beliefs (perceived usefulness and perceived ease of use),
and intentions to implement Al-assisted STEAM instruction. Clarifying these links can inform teacher education by
indicating how psychological resource-building and Al-related competence development may be jointly designed to
promote sustainable adoption of generative Al in early childhood STEAM teaching.

The study addresses three guiding expectations:

1. Higher psychological capital will be associated with stronger acceptance of Al tools (PU/PEOU).

2. Psychological capital will positively predict AI-STEAM teaching intentions.

3. Al tool usage beliefs will positively predict AI-STEAM teaching intentions and mediate the
PsyCap-intention relationship.

2. Methodology

This study used a quantitative survey and structural equation modeling approach. A total of 235 pre-service early
childhood educators in Taiwan completed a structured questionnaire measuring three latent variables. Psychological
capital was assessed through four dimensions: self-efficacy, resilience, hope, and optimism. Al tool usage beliefs were
assessed using Technology Acceptance Model indicators: perceived usefulness and perceived ease of use. AI-STEAM
teaching intentions were assessed through four components: STEAM curriculum design cognition, AI-STEAM
integration beliefs, AI-STEAM teaching efficacy, and implementation intentions. All items were rated on a 7-Likert-
type scale. Scale reliability and construct validity were assessed within the SEM framework.

Data analysis proceeded in two stages using SEM: (1) testing the measurement model to confirm construct validity
and model fit through standardized factor loadings; and (2) testing the structural model to estimate hypothesized path
relationships among psychological capital, Al tool usage beliefs, and AI-STEAM teaching intentions, including the
mediating role of Al tool usage beliefs.

3. Results

The measurement model showed strong performance, with high factor loadings across constructs. Psychological
Capital loaded strongly on Resilience (0.93), Hope (0.91), Optimism (0.85), and Self-efficacy (0.83). Al Tool Usage
demonstrated high loadings for Perceived Ease of Use (0.98) and Perceived Usefulness (0.81). AI-STEAM Teaching
Intentions also showed robust loadings for Teaching Efficacy (0.96), Implementation Intentions (0.92), Integration Beliefs
(0.88), and Curriculum Design Cognition (0.82).

®. %

| Usefulness | lEase of Usel

81 98-
ob
Al tool use

67

Curriculum Design

77

Al-Technology Integratios

93

Teaching effectiveness

85

Behavior Intention

Structural equation modeling indicated significant relationships among the latent variables (Figure 1). Psychological

Capital positively predicted Al Tool Usage (B = 0.48) and also directly predicted AI-STEAM Teaching Intentions (f =
0.39). Al Tool Usage further positively predicted AI-STEAM Teaching Intentions (B = 0.37). Together, these findings
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support a partial mediation pattern: higher psychological capital strengthens teaching intentions both directly and

indirectly by enhancing perceptions that Al tools are useful and easy to use.

4. Discussion and Conclusion

This study examined how psychological capital and Al tool usage beliefs interact to shape AI-STEAM teaching
intentions among 235 Taiwanese pre-service early childhood educators. SEM results indicate that psychological capital
positively predicts Al tool usage beliefs and directly strengthens AI-STEAM teaching intentions. Al tool usage beliefs
also positively predict teaching intentions and partially mediate the influence of psychological capital. These findings
suggest that preparing future early childhood educators for Al-assisted STEAM instruction requires more than technical
instruction, it requires developing psychological resources that support confident, persistent, and optimistic engagement
with emerging technologies. Teacher education programs should therefore integrate psychological capital-building
strategies with hands-on, developmentally appropriate AI-STEAM design experiences to promote responsible and
effective classroom adoption.

Future work should also examine moderating factors such as Al ethics awareness, pedagogical digital competence,
and prior Al experience, and should validate the model across diverse cultural or institutional contexts to strengthen
universality and inform scalable policy and curriculum development.
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Abstract: This paper presents KIDO, a screen-free tangible robotics kit designed to foster computational thinking (CT)
in primary education (ages 8-10), specifically addressing the lack of digital infrastructure in low-connectivity contexts.
Unlike traditional screen-based solutions, KIDO leverages tangible interaction through three progressive modes.: manual,
programmable (NFC cards), and autonomous. Drawing on constructionist learning theory and embodied cognition, we
conducted a quasi-experimental study with 84 students to evaluate the kit's impact on CT skills and classroom engagement.
Results from pre- and post-tests using the Tech Check instrument show significant improvements in the experimental group
(p <.05, d=0.48) compared to a control group using unplugged activities. Furthermore, classroom observations indicate
that tangible interaction significantly increases time-on-task and collaborative problem-solving. We discuss the
implications of low-cost, open-source hardware for scalable STEM education and provide empirical evidence of its

pedagogical effectiveness in resource-constrained environments.

Keywords: Computational Thinking, Tangible Robotics, Primary Education
1. Introduction

The rapid expansion of computing technologies has transformed the educational landscape, positioning
computational thinking (CT) as a fundamental literacy for the 21st century (Aldmour, 2014). Based on Tatnall, (2015)
Computational thinking encompassing decomposition, sequencing, abstraction, and algorithmic reasoning is now an
essential skill for all learners. Consequently, international frameworks from CSTA and UNESCO emphasize introducing
these skills at the earliest stages of formal education (Aguilar et al., 2020). According to Lucano et al., (2025) early
computational engagement builds essential problem-solving and creativity skills. Yet, global inequities remain, as many
schools in developing nations lack the necessary devices, connectivity, and teacher training (Male & Burden, 2014). This
digital divide exacerbates existing educational inequalities, leaving students in underserved contexts without opportunities
to develop the skills necessary to fully participate in the digital economy (Pierce & Cleary, 2024). Consequently, there is
a pressing need for low-cost, inclusive, and context-appropriate educational technologies that can bring CT learning to
environments with restricted infrastructure. A growing body of research highlights the promise of tangible and screen-
free robotics for engaging young learners in computational thinking (Damjanovic & Branson, 2025). Tangible
programming systems, such as Cubetto and KIBO, leverage physical manipulatives and embodied interaction to teach
algorithmic concepts without relying on traditional computers (Denning & Tedre, 2021). These systems are particularly
effective in early primary education, where abstract reasoning is still developing and kinesthetic learning strategies are
critical (Salcedo et al., 2025). Studies have shown that tangible robotics enhance student motivation, engagement, and
learning outcomes, while also supporting collaborative learning and cross-disciplinary integration (Pellas, 2024).
However, many of these solutions are constrained by high costs, limited adaptability, or dependence on proprietary
components, which restricts their scalability in resource-constrained contexts. In response to these challenges, this study

introduces KIDO, a low-cost, open-source, screen-free robotics kit for low-connectivity schools. It uses three modes
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gyroscope, NFC cards, and color navigation to scaffold learning from basic commands to algorithmic reasoning. Its digital
manufacturing design ensures it is replicable and adaptable for diverse classrooms.

KIDO was developed by combining the VDI 2221 engineering framework with Design Thinking. This dual approach
integrated technical rigor with user-centered innovation, ensuring the kit is both robust and pedagogically effective
through iterative prototyping and stakeholder feedback (Santoso et al., 2021).

2. Methodology

This study used a quasi-experimental mixed-methods design to assess the impact of the KIDO robotics kit on
computational thinking (CT) in primary education. The methodology combined VDI 2221 for structured design,
prototyping, and validation, and Design Thinking for a user-centered approach focused on empathy, rapid iteration, and

classroom feedback. This integration ensured both technical robustness and pedagogical relevance.

—

W=

RN

Figure 1. Prototype of KIDO in classroom testing.

Participants and setting
The intervention involved 84 students (ages 8-10) from two urban primary schools with limited digital infrastructure,
divided into an experimental group using KIDO (n=42) and a comparison group with unplugged CT activities (n=42).
Intervention and procedure

KIDO was developed using VDI 2221 (problem definition, concept generation, evaluation) and refined through
Design Thinking workshops and pilot tests. The intervention consisted of six weekly 45-minute sessions structured in
introduction, challenge (pair work with role rotation), and reflection phases, ensuring consistent implementation across
groups. The control group followed the same structure with unplugged activities. Quantitative data were analyzed using
ANCOVA with effect sizes, while qualitative data were thematically examined to capture engagement, motivation, and
classroom adoption.

3. Results

Analysis of pre- and post-intervention TechCheck scores revealed a statistically significant improvement for the
experimental group using KIDO compared to the unplugged control group. An ANCOVA, controlling for pre-test
performance, indicated a main effect of group on post-test CT scores, F(1, 81) =6.72, p=.011, > = .08. Students in the
KIDO group achieved higher post-test mean scores (M = 15.2, SD = 2.1) than those in the control group (M = 13.6, SD
= 2.4). The adjusted mean difference corresponded to a moderate effect size (d = 0.48, 95% CI [0.12, 0.82]).

Table 1. Pre- and Post-Test Computational Thinking Scores

Group Pre-Test M (SD) Post-Test M (SD) Gain (A) Effect Size (d)
KIDO (n=42) 12.8 (2.3) 15.2 (2.1) +2.4 0.48
Control (n=42) 12.6 (2.5) 13.6 (2.4) +1.0 —

These results suggest that the KIDO kit fostered greater gains in sequencing, debugging, and algorithmic reasoning than unplugged activities alone.
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Student engagement

Classroom observations highlighted a higher proportion of time-on-task among KIDO participants (M = 87%)
compared to the control group (M = 73%). Instances of collaborative interaction (e.g., peer explanation, joint problem-
solving) were also more frequent in the KIDO group, averaging 4.2 interactions per session versus 2.9 in the control.

Indicator KIDO (M, SD) Control (M, SD) Difference
Time-on-task (%) 87 (5.8) 73 (7.2) +14%
Collaborative interactions 4.2 (1.1) 2.9 (1.0) +1.3

Teacher perceptions
Teacher survey data (5-point Likert scale) indicated strong agreement on the usability of KIDO (M =4.6), its curricular
alignment (M =4.4), and its ability to motivate students (M = 4.8). Open-ended responses emphasized the ease of classroom

orchestration and the positive impact of tangible coding on students’ understanding of sequencing and logic.
Ease of Use / Quick Understanding 12
Student Motivation & Enjoyment 15
Engagement with Color Navigation 10
Curricular Integration 8

Classroom Orchestration (Ease) 9

0 2 4 6 8 10 12 14
Frequency of Mentions (Teachers, n=6)

Figure 2. Qualitative Codes From Teacher Feedback On KIDO.

4. Conclusion

This study presents and evaluates KIDO, a screen-free tangible robotics kit designed to foster computational thinking
(CT) in primary education, especially in low-connectivity contexts. Combining manual, programmable, and autonomous
modes, and grounded in VDI 2221 and Design Thinking, KIDO offers a developmentally appropriate and pedagogically
sound learning pathway. Results show significantly higher CT gains compared to unplugged approaches, with moderate
effect sizes and increased student engagement, alongside positive teacher perceptions of usability and alignment. KIDO
demonstrates the potential of low-cost, open-source tools to support equitable computing education without reliance on
constant connectivity. Its design enables replication and adaptation, though limitations include short intervention duration
and limited context. Future research should explore long-term impact, scalability, and teacher integration, as technology
alone is insufficient without pedagogical support.
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Abstract: This study examined the effects of integrating Scrum-based Agile development into a general education
programming course on students’ learning motivation and learning strategies. A quasi-experimental one-group pretest—
posttest design was adopted. Participants were 23 undergraduate students, and data were collected using selected
subscales of the Motivated Strategies for Learning Questionnaire (MSLQ). Results showed significant improvements in
intrinsic goal orientation and self-efficacy, indicating increased internal motivation and confidence in learning. In terms
of learning strategies, significant gains were found in elaboration and effort regulation, suggesting enhanced cognitive
engagement and persistence when facing challenges. The study highlights the potential of Agile pedagogy to enhance

engagement and self-regulated learning in programming education.

Keywords: Agile Development, Programming Education, Learning Motivation, Learning Strategies, Self-Regulated

Learning

1. Introduction

Traditional programming courses often follow a one-time, linear Waterfall Model, in which students move from
requirements analysis to final presentation without meaningful opportunities for revision. As a result, projects tend to
focus on basic functionality rather than addressing real user needs or real-world problems. This approach also provides
limited experience in adapting to changing requirements.

To address this issue, a course is redesigned by integrating key principles of Agile Development, including short
iterative cycles (Sprints), continuous feedback, regular retrospectives, and self-organizing teams. Through multiple
iterations, students continuously refine their projects based on feedback and reflection, improving both quality and usability.
By adopting Agile principles include valuing collaboration, working solutions, and responsiveness to change. These
principles encourage students to develop not only technical programming skills but also essential competencies in
communication, problem-solving, teamwork, and continuous improvement. This approach better prepares them to handle
complex problems in dynamic environments.

In fact, successful team-based project development ultimately relies on each student’s capacity for self-regulated
learning. Team programming tasks require individuals to manage their motivation, monitor progress, adjust strategies,
and respond constructively to feedback. Yet prior research has paid limited attention to how Agile-oriented course design
influences these individual self-regulatory processes. Therefore, this study aims to examine whether integrating Agile
principles into programming instruction affects students’ self-regulated learning, particularly their learning motivation

and strategy use.

2. Related Research

Although Scrum and Agile development originate from software engineering, their adoption in programming and
engineering education has increased in recent years (Fernandes et al., 2021; Vogelzang et al., 2020). Prior studies suggest
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that Agile principles align with student-centered learning by emphasizing self-organizing teams, iterative feedback, and
collaboration (Linden, 2018; Hron & Obwegeser, 2022).

However, existing implementations in higher education vary widely in team size, sprint duration, and facilitation
roles, indicating the absence of a consistent instructional model (Klopp et al., 2020). More importantly, most studies focus
on project outcomes or course structure, with limited attention to how Scrum-based instruction influences students’
learning motivation and meta-cognition. Although some programs involve external professionals to simulate authentic
development contexts (Linos et al., 2020), empirical evidence remains limited regarding the broader learning impact of
student-led Agile implementation. These gaps highlight the need to systematically examine how structured Agile
integration in programming courses affects self-regulated learning.

3. Instructional Design

3.1. Student Roles

In this course, students work in teams of sex and simulate a startup company. Each team includes one Product Owner,
one Scrum Coach, and four Developers. The Product Owner is responsible for defining user stories, prioritizing tasks,
and clarifying product goals. The Scrum Coach facilitates the Scrum process, supports team reflection and continuous
improvement, and communicates with the instructor if additional resources are needed. The Developers implement the
product through iterative cycles, ensuring accurate understanding of requirements and solving problems collaboratively.
Because the Product Owner focuses on maximizing product value while the Scrum Coach emphasizes process efficiency
and sprint goals, tensions may arise. Therefore, close communication between these roles is essential to balance product
expectations and development progress, ensuring alignment within the team.

3.2. Group-based Learning Activities

Each class session begins with Scrum-based activities before moving into lecture and team implementation. The
course operates in four-week sprint cycles, with structured activities assigned to each week. In Week 1, the Product Owner
leads a Sprint Planning Meeting to define development goals and assign tasks, ensuring shared understanding within the
team. In Weeks 2 and 3, the Scrum Coach facilitates short stand-up meetings (approximately 10 minutes). Each member
briefly reports on three points: progress made, plans for the coming week, and challenges encountered. These meetings
are designed to maintain focus and support continuous coordination. In Week 4, a Sprint Review Meeting is conducted
by the instructor. Product Owners present their completed work and demonstrate progress to stakeholders. External
experts are invited to provide diverse feedback, helping teams refine their products and adjust future development
directions.

3.3. Discussion Tools

3.3.1. Sprint Planning: User Story Mapping

After writing individual user stories, each team collaborates to create a User Story Map, which serves as a visual
planning tool for the sprint. Students organize user stories according to the user journey, arranging them in logical steps
and identifying priorities. They distinguish between core features (must-have) and extended features (nice-to-have) to
clarify project value and development focus.
3.3.2. Sprint Retrospective

At the end of each sprint, teams participate in a Sprint Retrospective to reflect on their development process. Using
a structured discussion format, students consider three guiding questions: What worked well? What needs improvement?
What concrete actions should we take next? This reflective tool encourages open communication, collective problem
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solving, and actionable improvement planning. By turning reflection into specific strategies, teams continuously refine

both their project outcomes and their learning process across sprints.

4. Preliminary Evaluation

4.1. Research Questions

This study examines whether integrating Scrum into programming instruction influences students’ learning
motivation and learning strategies. Although the iterative and fast-paced structure of Scrum may increase pressure, regular
progress reporting, feedback, and teamwork may enhance students’ engagement and sense of responsibility. Accordingly,
the study addresses two research questions:

1. Does Scrum-based instruction improve students’ learning motivation?

2. Does Scrum-based instruction promote positive changes in students’ learning strategies?
4.2. Method

This study employed a quasi-experimental one-group pretest—posttest design. The independent variable was Agile-
based team implementation conducted throughout the semester, and the dependent variables were students’ learning
motivation and learning strategies.

Data were collected using selected subscales of the Motivated Strategies for Learning Questionnaire (MSLQ)
developed by Pintrich et al. (1993). The motivation scale consisted of 10 items covering five dimensions: intrinsic goal
orientation, extrinsic goal orientation, task value, control of learning beliefs, and self-efficacy. The learning strategies
scale included 18 items measuring three domains: cognitive strategies (e.g., organization and critical thinking),
metacognitive strategies (e.g., goal setting, monitoring, reflection, and regulation), and resource management
strategies (e.g., effort regulation, peer learning, and help seeking). All items were rated on a five-point Likert scale ranging
from strongly disagree to strongly agree.

Participants were 41 students enrolled in a general education programming course at a university in northern Taiwan.
Survey data were collected at the beginning and end of the semester. A total of 23 valid responses were obtained at both
time points.

4.3. Findings

The results showed significant improvements in several aspects of learning motivation after the course. Students’
intrinsic goal orientation significantly increased (t = 3.20, p = .0045), indicating that they were more motivated by personal
interest and growth. Self-efficacy also showed a significant increase (t = 2.61, p = .0168), suggesting greater confidence
in their learning ability. Although extrinsic goal orientation, task value, and control of learning beliefs showed slight
increases, these changes were not statistically significant. Overall, the Scrum-based instructional approach appeared to
enhance students’ intrinsic motivation and self-efficacy.

Regarding learning strategies, several dimensions also improved. Among cognitive strategies, elaboration significantly
increased (t = 2.23, p = .0117), indicating that students were more likely to deepen understanding by connecting and
explaining concepts. No significant changes were found in overall metacognitive self-regulation. However, within
resource management strategies, effort regulation showed a significant improvement (t = 4.38, p = .0006). This suggests
that students became more persistent and resilient when facing challenges, likely supported by the iterative feedback and

revision processes embedded in Scrum activities.
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Figure 1. The Effects on Self-regulated Learning

5. Concluding Remarks

This study examined the impact of integrating Scrum-based Agile development into a programming course on
students’ learning motivation and learning strategies. The results showed improvements in intrinsic goal orientation, self-
efficacy, elaboration, and effort regulation, suggesting that iterative feedback and structured teamwork may support both
engagement and persistence in learning.

These findings indicate that Agile pedagogy can function not only as a project management approach but also as a
learning design that promotes motivational and strategic development. By embedding reflection, accountability, and
collaboration into the learning process, Scrum may foster self-regulated learning in programming education. Given the
one-group design and limited sample size, future research should adopt comparative or longitudinal approaches to further
examine the long-term effects of Agile-based instruction.
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Abstract: Generative Al is increasingly used to support programming learning, yet its educational value may depend on
how learners engage with Al and on learner characteristics. This study examined (RQ1) how Japanese high school
students used a generative Al coach during micro:bit programming and (RQ2) how pre-survey measures (programming
self-efficacy, Al-use frequency, and programming experience) related to observed use patterns. Participants were 122
first-year students in a required informatics course, who could use a browser-based Al system voluntarily across a six-
session unit. All interactions were logged and coded for functional purpose and use quality following established schemes
(Groothuijsen et al., 2024; Yang et al., 2024). Use was dominated by Solution code generation, with Conceptual
understanding as the second most frequent category, while Debugging and Code explanation were rare and Optimization
was not observed. Non-ideal/Unproductive use was more frequent overall, but learners varied substantially, and learning-
oriented users more often connected generation requests to conceptual checks. Spearman correlations suggested that
learner characteristics related more to how students used Al than to whether they used it: programming experience was
linked to less reliance on code generation and more conceptual-understanding use, while programming self-efficacy
showed a negative relationship with learning-oriented use, underscoring the need for supports that promote conceptual
checking and verification across diverse learners.

Keywords: Generative AL, Programming education, Learning analytics, micro:bit

1. Introduction

Computational Thinking (CT), encompassing decomposition, abstraction, algorithmic design, verification, and
debugging, has been emphasized across educational contexts including K—12 (Grover & Pea, 2013), and programming is
widely treated as a key means of fostering it. Generative Al has rapidly entered programming education through chatbots,
generative models, and intelligent tutoring systems (ITS), offering immediate and personalized feedback (Elnaffar et al.,
2026). However, its learning effects are mixed: case studies report concerns about code quality and overreliance
(Groothuijsen et al., 2024; Yang et al., 2024), and a quasi-experimental high school study further found lower flow, self-
efficacy, and achievement in a ChatGPT-use group (Yang et al., 2025).

Al use likely also varies across learners. Self-regulated learning research in programming documents diverse
strategies, the role of metacognition, and learners’ difficulties in organizing their thinking, implying that uniform
instruction risks over- or under-support (Ramirez-Echeverry et al., 2025). Yet how learners with different characteristics
actually use generative Al remains underexamined. To inform interventions that promote educationally desirable use, this
study addresses:

RQ1: How do learners use generative Al during programming tasks?

RQ2: What relationships exist between learner characteristics and generative Al use during programming tasks?
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2. Methodology

2.1. Participants

A total of 122 first-year students from a Japanese private high school, all enrolled in the required subject Information
I, participated. Students were informed that participation would not affect grades and that data would be anonymized and
used only for academic purposes. Written informed consent was obtained for both questionnaire and interaction-log data;
only consenting students were analyzed.

2.2. Procedure

The study ran during regular Information I classes in October—November 2025 across six sessions using the micro:bit
platform. Session 1 provided an orientation (goals, assessment, assignments, environment); Sessions 2—5 were devoted
to worksheet-based programming with iterative execution and revision; Session 6 covered completion, submission, and
reflection. Generative Al use was not mandated but permitted voluntarily, and was mainly observed in Sessions 2—-6
during problem solving and implementation.

2.3. Generative Al Tool and Agent Design

We developed a browser-based conversational system (Google Gemini API, gemini-2.5-flash) that preserves within-
session context and stores session-level logs so learners can revisit prior exchanges. To avoid the direct answer-giving
typical of generic chatbots, a System prompt configured the agent as a “micro:bit programming coach for high school
students,” emphasizing scaffolded, step-by-step support that prioritized algorithmic reasoning and built-in functionality
over external libraries. The agent was instructed to present solution structures and partial examples with portions left for
learners to complete, to provide structural, logical, syntactic, and algorithmic hints as needed, to limit code per message,
and to mark unfinished parts with TODO comments, thereby supporting learners’ reasoning rather than substituting for it
and discouraging copy-and-paste use.

2.4. Analytical Framework

In Session 1 we administered a pre-questionnaire on programming self-efficacy, Al-use frequency, and programming
experience, and collected system logs of learners’ Al inputs and outputs. Interactions were first coded with Groothuijsen
et al.’s (2024) six functional categories: Code explanation (plain-language explanations of existing code), Solution code
generation (draft solutions, structures, or pseudocode-to-code from task goals), Error checking and debugging (diagnosing
and fixing errors/bugs), Conceptual understanding (deepening concept understanding or comparing implementation
options), Solution code optimization (improving existing code), and Mathematical problem solving (computations used
in code). Use quality was additionally coded with Yang et al.’s (2024) framework, distinguishing Non-ideal/Unproductive
use — shifting cognitive and verification burden to the Al (e.g., minimal self-attempts, delegated diagnosis) — from
Learning-oriented use — preserving understanding and autonomy (e.g., substantive attempts, follow-up questions
clarifying rationale, rewriting rather than copy-pasting). We then related these codes to the pre-survey measures.

3. Results

3.1. Descriptive Patterns of Generative Al Use

Tables 1 and 2 summarize the labeled interactions (n = 93 learners with > 1 label).
Across functional categories, Solution code generation dominated (370), followed by Conceptual understanding (72);

Code explanation and Debugging each appeared about 20 times, Mathematical problem solving once, and Optimization
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was not observed. For use quality, Non-ideal/Unproductive use (351) exceeded Learning-oriented use (230; ~39.6%). In

both cases, large variances indicate substantial between-learner differences.

Table 1 Functional categories (Groothuijsen et al., 2024)

Category Total Mean Var
Code explanation 22 0.24 0.77
Solution code generation 370 3.98 4.18
Error checking and debugging 21 0.23 117
Conceptual understanding 72 0.77 1.78
Solution code optimization 0 0.00 0.00
Mathematical problem solving 1 0.01 0.10

n=293

Table 2 Quality of use (Yang et al., 2024)

Category Total Mean Var

Non-ideal / Unproductive use 351 3.77 3.92

Learning-oriented use 230 2.47 4.07
n=293

To examine individual differences, we compared learners with Learning-oriented ratios > 0.50 (high group, n = 13)
and < 0.20 (low group, n = 7), both with sufficient labels, as exploratory cutoffs. The high group showed frequent co-
occurrence of Conceptual understanding with Solution code generation and some Code explanation and Debugging,
suggesting back-and-forth interactions involving understanding checks and rationale-seeking rather than stopping at the
generated solution. The low group was strongly concentrated in Solution code generation with little Conceptual
understanding; learners often pasted code fragments with minimal context, yielding interactions of limited informational
content. Thus, effective Al use may depend less on whether learners use Al and more on whether they connect generation
to conceptual understanding and articulate their intentions in ways that elicit appropriate support.

3.2. Associations Between Learner Characteristics and Generative Al Use Patterns

Based on the above, correlational analyses focused on three log-derived indices — Solution code generation ratio,
Conceptual understanding ratio, and Learning-oriented use ratio — capturing reliance on generation, engagement in
conceptual understanding, and overall use quality. Spearman rank correlations with the three pre-survey characteristics
are shown in Table 3.

Programming experience was negatively correlated with the Solution code generation ratio (p =—0.26, p < .05) and
positively with the Conceptual understanding ratio (p = 0.24, p
<.05). Programming self-efficacy was negatively correlated with the Learning-oriented use ratio (p =—0.23, p <.05). Al-
use frequency showed only weak, non-significant associations. These results suggest that learner characteristics relate not
to whether learners use Al but to how they allocate use across functions. Less experienced learners appear to rely on

generation to externalize intended solutions, whereas more experienced learners proceed
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Table 3 Spearman correlations between learner characteristics and generative Al use

Predictor Solution code generationratio  Conceptual understanding ratio Learning-oriented use ratio
Programming self-efficacy 0.03 -0.03 -0.23*
Al use frequency -0.12 0.21 0.09
Programming experience -0.26* 0.24* 0.14

*p< .05

more independently and use Al mainly to clarify uncertainties and verify rationales. Al-use frequency alone does not
guarantee desirable use. The negative association between self-efficacy and Learning-oriented use further suggests
divergent help-seeking: high-efficacy learners may use Al instrumentally via concise prompts for efficiency, while lower-
efficacy learners may rely on Al for conceptual scaffolding through more exploratory dialogues.

4. Conclusion

This study described high school students’ generative Al use during micro:bit programming and its associations with
learner characteristics. For RQ1, use was dominated by Solution code generation, followed by Conceptual understanding,
with Debugging and Code explanation rare and Optimization absent; Non-ideal/Unproductive use was more frequent
overall, but with substantial individual variation, as higher Learning-oriented learners more often connected generation
to conceptual checks. For RQ2, programming experience was negatively associated with the Solution code generation
ratio and positively with the Conceptual understanding ratio; Al-use frequency showed only weak associations; and
programming self-efficacy was negatively associated with the Learning-oriented ratio, warranting further examination.
Overall, Al use varied with learner characteristics, suggesting that appropriate use does not emerge uniformly. Limitations
include the single-school, short-term setting, exploratory cutoffs, and correlational design. Practically, the results imply
a need for differentiated guidance: encouraging conceptual verification among high-efficacy learners and supporting
novices in articulating goals before requesting code. Future work should design adaptive supports that reduce overreliance
and promote conceptual checking and verification across diverse learner profiles.
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Abstract: The education field aims to develop STEM teaching methods that integrate knowledge across disciplines and
connect it to daily life. While practical work helps students grasp abstract concepts, teachers often avoid it due to resource
constraints and students’lack of experimental skills, opting for demonstrations instead. This study systematically reviewed
49 studies, identifying 15 benefits and 14 challenges of utilizing the demonstration method in STEM education.
Recommendations are provided for policymakers, universities, and schools to improve demonstration-based teaching

outcomes.
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1. Introduction and Literature Review

STEM education, encompassing science, technology, engineering, and mathematics, has gained prominence due to
its strategic importance and labor market demand (Akcan et al., 2023). However, educators face significant challenges in
implementing effective STEM teaching, such as connecting theoretical knowledge to real-world applications (Hong Kong
Federation of Education Workers, 2017). Practical work is often recommended to address these issues (Abrahams & Reiss,
2010; Fung, 2020), as it engages students in active learning and skill development. Yet, barriers like insufficient resources
and students’ limited prior knowledge hinder its implementation. As an alternative, the demonstration method (DM) is
frequently employed (Moore et al., 2020), using tangible tools or experiments to illustrate concepts and procedures. The
DM is supported by theories like Cognitive Load Theory (Sweller et al., 2019) and Constructivism (Hmelo-Silver et al.,
2007), which highlight its potential to enhance understanding, engagement, and academic performance. However, its
effectiveness remains debated, with studies showing mixed results depending on the context and implementation.

Given the widespread use of the DM in STEM education and its potential to address pedagogical challenges, it is
crucial to examine its effectiveness. While the DM offers benefits such as reducing cognitive load and fostering
collaborative learning, inconsistent findings in existing research highlight the need for a systematic review. This review
aims to explore the mechanisms of the DM, particularly its benefits and challenges, and provide insights to improve
STEM teaching practices.

2. Research Questions

To achieve these objectives, this study seeks to address the following research questions: What are the benefits and
challenges of utilizing the demonstration method (DM) in STEM education?

3. Methodology

The search process utilized the Scopus database with keywords related to the DM approach, such as “demonstration
method,” “teacher demonstration,” and “teaching demonstration,” yielding 853 results as of 2 December 2024. Titles,
abstracts, and keywords were scanned, and non-English items and non-article publications were excluded, leaving 482
articles. Abstracts were then reviewed, and materials unavailable in full-text format online were removed. Articles

unrelated to the DM but containing key terms in their abstracts were also excluded, resulting in 180 articles after
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eliminating duplicates. Further filtering excluded non-empirical studies, non-STEM-related research, and one study due
to an inaccessible website flagged for security risks. Ultimately, 49 publications met the criteria and were included in this
review.

4. Results

The demonstration method offers 15 benefits, including promoting knowledge and understanding, enhancing
academic performance, and fostering interest, motivation, and positive learning attitudes. Students also show a preference
for this method, with additional advantages such as cross-disciplinary linkage, development of technical lab skills,
reduced cognitive load, increased curiosity, and mitigating the impact of inadequate lab skills. For faculty, it provides
comparable effects to other strategies, is favorable to teachers, increases student attention, and addresses blind spots.
Operationally, it saves time and improves preparation efficiency.

The demonstration method faces 14 challenges, including limited impact on academic performance, procedural
knowledge, lab skills, soft skills, and science literacy, as well as reduced opportunities for mistakes and a lack of
understanding of purpose and connections. Faculty-related issues include teaching difficulties, challenges in checking
learning progress, lack of professional training, and limited immediate feedback. Operationally, constraints such as
limited teaching hours, insufficient materials or equipment, and difficulties in managing large class sizes also pose
significant challenges.

5. Conclusion and Implications

This systematic literature review provides an in-depth analysis of the DM in STEM education. This review analyzes
the use of DM in STEM education, summarizing 49 studies that highlight 15 benefits and 14 challenges affecting students,
teachers, and operational aspects. By understanding these insights, we aim to support both educators and students,
fostering more effective teaching practices in STEM education.

This study provides recommendations for policymakers, universities, and schools to enhance the use of the DMs.
Policymakers should allocate resources for professional development programs on DMs, fund additional staff to assist
with demonstration preparation, and support curriculum planning. Universities can expand teacher training by offering
courses to equip educators with skills to implement DMs effectively. Schools should organize collaborative sessions for
teachers to share experiences and foster a supportive environment, empowering them to improve DM implementation.
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Abstract: Unlike what they had in lower years, there are no practice worksheets during lessons for the Year 5 students
taking Advanced Calculus before they sit for graded tasks. Teachers sought to use Al-generated questions to better prepare
students while addressing the fundamental challenge of knowing whether students have learned and how to respond when
they need additional guidance. This study explores Al-powered MCQ generation as a strategy to help students gain
mastery without significantly increasing teacher workload. We implemented two approaches: Student Learning Space
Authoring Copilot for generating MCQs with auto-marking and feedback features across two curriculum chapters, and
Microsoft Copilot/ChatGPT with Microsoft Forms' auto-marking capabilities for another two chapters. Although teachers
are still wary of questions generated by Al tools, with professional expertise in content knowledge and appropriate
intervention, we may still use them to lighten the burden on teachers and focus on other lesson parts. Survey results from
students show that 72% of the students think positively regarding Al in helping them in their learning, with some

commented that Al tool turned out to be more useful that what they used to think.

Keywords: Artificial Intelligence (Al), ChatGPT, Microsoft Copilot, Student Learning Space (SLS), Authoring Copilot
(ACP), Microsoft Forms (MS Forms)

1. Introduction

The big idea behind this is how we know if students have learned and how we respond when they need help from
teachers. We wish to use a variety of data to assess the impact of methods used on students' learning and explore other
strategies beyond the usual mode of learning to help students gain mastery without adding too much extra workload to
teachers. Teachers notice that there have been no practice worksheets to prepare students for the graded tasks. We hope
that Al-generated questions can be used to better prepare students for graded assessments. We aim to see how artificial
intelligence in education can be used to support and meet the needs of teaching and learning.

As teachers may have their own preference, we allowed different explorations to happen within the same teaching
and learning framework. Two teachers used Authoring Copilot in Student Learning Space (SLS) for generating MCQs
with auto-marking and feedback feature for two chapters while the other two teachers used Microsoft Copilot/ChatGPT
with Microsoft Forms'(MS Forms) auto-marking capabilities for another two chapters. These generated questions were
used as formative assessments to support teaching and learning. The four chapters are Limits, Differentiation, Integration
and Differential Equations from Chapter 1 to Chapter 4 respectively.

As a specialised independent school, the students in our school are considered high ability learners in the country.
The MCQs generated were assigned to 175 high ability learners from the Year 5 cohort. The questions were used as

formative quizzes and open for students to attempt one week before each graded task.

2. Auto-marking and/or feedback in SLS Authoring Copilot and MS Forms

2.1. Auto marking and customised feedback in SLS Authoring Copilot
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Authoring Copilot (ACP) in Singapore's SLS is an Al-powered tool that assists teachers in quickly creating and
customizing digital lesson content, like quizzes, sections, and activities, by turning simple text prompts into structured
learning materials, significantly streamlining lesson planning. In our practice, Authoring Copilot in SLS was used to
create quizzes. MCQs were generated for each quiz. For MCQs, questions generated allows auto-marking, which saves
significant time for teachers and gives instant feedback to students. What benefits students more is that the MCQs
generated in SLS also allow response-specific feedback. This gives not just hint but also helps students close some
learning gaps they face in their studies. The screenshots below give an example of what response-specific feedback looks
like.

7] Revision Quiz for Chapter 2 The Derivative

fis not continuous at &

Feedback
how about the negation of the statement?

Feedback Feedback
H 5 vortical tangent imply? 15 the function differentiable i it hasa  Recall the definition of function at a point, Try again

Figure 1. The auto-marking and response-specific feedback for MCQs in SLS
2.2. Auto-marking in MS Forms

MS Forms is a simple web-based application for creating and sharing online surveys, quizzes, polls, and forms to
collect feedback or test knowledge, accessible on any device, with features for real-time results, built-in analytics, and easy
export to Excel for deeper analysis. Multiple-choice questions were generated using ChatGPT, and MS Forms served as
the hosting platform where the questions were deployed and distributed to students via shareable links.

Figure 2. Auto-marking of MCQs in MS Forms

3. Result analysis

3.1. Quantitative result analysis

A couple of days before the actual assessment, teachers can access different platforms to check students’ submission.
This will help to identify students who need help but may not step forward to ask for help. Teachers then can check with
the students to arrange necessary remedials before they sit for the graded tasks.

In this section, we analysed the result of each quiz to see how well the students did the quizzes. When entering the prompts,
we specified our requirement such as 30% simple questions, 50% intermediate level questions and 20% challenging
questions.

Soccess Rate (Chaptes 3 Success Rate (Chapter 2) Success Rate (Chapter 3) Success Rate (Chapter 4)
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Figure 3. Quantitative Results for All Chapters
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From the results above, teachers can quickly identify questions that students are weak in general in respective chapters.
With this, teachers can address the relevant learning points to the students. Teachers can also dive into individual students’
results to cater to their learning needs.

On Al generated questions, for chapters 1, 3 and 4, we can see the success rate spread ranges from around 64% to
72%. This indicates that the effectiveness of Al-generated could be dependent on specific question characteristics or
content areas. For chapter 2, the difficulty level of the questions increases gradually. And questions generated for chapter
4 may also suggest that although half the questions were done well by students, the unpredictable nature of performance
makes Al-generated questions less reliable as a standalone tool. Teachers cannot assume consistent quality across
different question types. We can see that Al as a valuable supplementary tool that can significantly enhance teacher
productivity in question creation whilst maintaining the need for professional judgement in final selection and refinement.

3.2. Qualitative result analysis

A perception survey was conducted after all the formative quizzes were done. There were five multiple choice
questions and three free response questions. The following questions were asked.

QL1: The Al-tools have successfully helped me achieve the lesson's learning outcomes. Q2: | am capable of working on
all Al-based activities.

Q3: Compared to traditional lessons, the Al-tools have enhanced my learning experience.

Q4: Compared to traditional lessons, the Al-tools have motivated me to take a more active role in the learning
process.

Q5: Before using the Al-tools during the lesson(s), what was your perception of the Al tool?

Q6: How has the adoption of the Al-tools in the lesson(s) changed your perspective, and what specific benefits have
you experienced in your learning process as a result?

Q7: Were there any difficulties or challenges you faced while using the Al-tool?
Describe briefly.

Figure 4. Qualitative Results for the First Five Questions

On average, 80.28% of the students chose “agree” or “strongly agree” for the first five questions. This shows that the
Al tools have helped and motivated students to play a more active role in their learning. As for teachers, the Al-tools were
efficient in creating questions up to a certain level which helped reduce teachers time in preparation.

When asked what their perception was before using the Al-tools, students answered that Al-tools are perfect and give
reliable answers and the tools can be used to enhance their learning or provide them with practice questions.

When asked how the adoption of the Al tools changed their perspective and the benefits they experienced,
students responded that Al tools are more useful than what they originally thought, and they can use the tools to enhance
their learning. Some students also commented that it would be easier for teachers to make new questions to test their
knowledge. When asked about the difficulties or challenges they faced while using the Al-tools, students realized
that Al sometimes gave incorrect answers. A few students pointed out that the hallucinations set them back in

understanding the questions and how to solve them.

4. Discussion

In the perception survey, more than 72% of the students think positively regarding Al in helping them in their learning,

with some commented that Al tools turned out to be more useful that what they used to think.
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Some MCQs have more than one acceptable answer, but the system only accepts one of them as “correct”. Some
students will take the initiative to clarify with teachers if they think that the questions/answers are inaccurate. Al tools
have (unintentionally) motivated them in their critical thinking even though there are mistakes in the questions generated
by Al tools. Besides errors in questions, questions generated are quite basic and much easier than expected given that our
students are talented. Thus, teachers are to modify the questions to address the learning needs of students.

Although teachers are still wary of questions generated by Al tools, with professional expertise in content knowledge
and appropriate intervention, we may still use them to lighten the burden on teachers and focus on other lesson parts. The
analysis allowed teachers to take a deeper look at the students’ responses and use it as a guideline for future lesson

preparation and pedagogical purposes or to help students before graded assessments.
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Abstract: In the era of Industry 4.0 and Al, the manufacturing sector is undergoing a digital transformation. Traditional
mold and die engineering now requires talent proficient in cross-disciplinary integration and complex problem-solving
rather than just machining skills. Consequently, fostering digital literacy and critical thinking has become a priority in
educational reform.

For mold engineering students, computational thinking is now a core competency. Integrating Python and Al allows
students to automate data processing while enhancing structured thinking through algorithmic training. However,
effectively embedding these tools into traditional curricula and measuring their impact remain challenges.

This study examines the impact of Al-integrated learning in mold and die engineering across four dimensions: creativity,
algorithmic thinking, collaboration, and critical thinking. Through empirical analysis, the research evaluates
technological interventions and the role of instructional design, aiming to provide pedagogical recommendations for the

digital evolution of engineering education.

Keywords: Al-integrated learning, Computational Thinking (CT), Python, Algorithmic Thinking, Engineering Education

1. Introduction

The era of Industry 4.0 and Artificial Intelligence (Al) has pushed the manufacturing sector toward digital
transformation. In mold and die engineering, traditional machining skills must now be supplemented with cross-
disciplinary integration and complex problem-solving.

Consequently, Computational Thinking (CT)—encompassing digital literacy and algorithmic logic—has emerged as
a core competency. This study explores the impact of an 18-week Python and Al-integrated curriculum on undergraduate
students, focusing on four dimensions: creativity, algorithmic thinking, collaboration, and critical thinking.

2. Literature Review

2.1. Computational Thinking (CT) in Al Education

CT involves problem decomposition, abstraction, and algorithmic design (Wing, 2006). Integrating Python
programming and Al literacy is essential for modern problem-solving (Kong et al., 2021). Research suggests that Al-

integrated programming courses may enhance learning outcomes and cognitive development (Sung et al., 2017).

2.2. Self-Assessment Framework
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This study utilizes the Computational Thinking Scale (CTS) developed by Korkmaz et al. (2017). The CTS provides
a validated, multi-dimensional assessment of students' self-perceived computational thinking abilities across Creativity,
Algorithmic Thinking, Cooperativity, and Critical Thinking.

3. Research method

3.1. Research Design and Participants

This study employed a quasi-experimental one-group pretest-posttest design to evaluate the learning effectiveness of
the proposed course. The participants were 94 undergraduate engineering students in Taiwan. All participants were
enrolled in a programming course integrating Python and Acrtificial Intelligence (Al). A pre-test was delivered in the first
week of the 18-week course, and a post-test using the same instrument was conducted at the end of the semester to
evaluate the changes in their computational thinking.

3.2. Instrument

The questionnaire consisted of 29 items comprising four dimensions: Creativity (Items 1-8), Algorithmic Thinking
(Items 9-14), Cooperativity (Items 15-18), and Critical Thinking (Items 19-29). All items were scored on a 5-point Likert
scale, ranging from 1 (strongly disagree) to 5 (strongly agree). Higher scores indicate greater computational thinking
ability.

3.3. Data Analysis

The collected data were analyzed using SPSS, and paired-samples t-tests were performed to examine pre- and post-
test differences and evaluate the impact of the Al-integrated programming course on students' computational thinking.

4. Results

This study employed a paired-sample t-test to examine the differences between pretest and posttest scores following
the implementation of Al- and Python-integrated learning. The overall results indicated significant differences across all
four dimensions (p<.05). Effect sizes ranged from small to moderate (See Table 1).

Table 1. Paired-samples t-test of Pre-test and Post-test for the Four Concepts

Four Dimensions of Mean M (Standard Deviation df t-value Two tailed p Cohen’s d
Computational SD)

Thinking Pre-test Post-test

1. Creativity 3.90 (.607) 3.76 (.564) 93 -2.491 .015* -257
2.Algorithmic 3.70 (.691) 3.40 (.733) 93 -3.917 <.001*** - 404
Thinking

3. Cooperativity 3.92 (.701) 3.68 (.739) 93 -3.205 .002** -.331

4. Critical Thinking 3.55 (.617) 3.36 (.687) 93 -2.273 .025* -.234

*p<.05 , **p<.01 , ***p<.001

In general, the posttest mean scores showed a significant decrease compared to the pretest mean scores. Algorithmic

thinking showed the largest decline.

5. Discussion

The findings revealed that the posttest mean scores across all four dimensions were significantly lower than the

pretest scores. The instructional interventions are usually expected to improve ability levels; however, decreases in self-
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assessment are not uncommon in educational research. Drawing on the Dunning—Kruger effect (1999), these results may
reflect students’ development of a more cautious, realistic self-assessment after exposure to Al and Python tools. Prior to
the course intervention, students may have held relatively high subjective evaluations of their creativity and thinking
abilities based on prior experiences or intuitive judgments. However, after engaging in problem-solving, comparing
alternative solutions, and conducting systematic analyses using Al and Python tools, students may have gained a clearer
understanding of the complexity and limitations of their abilities, leading them to adjust their self-evaluation standards
and resulting in lower posttest scores.

This study showed that the effect sizes were small to moderate. Although all differences were statistically significant,
the magnitude of change was modest. This may be related to factors such as the duration of the intervention, students’
familiarity with Al and Python, or the instructional design and guidance strategies employed in the course.

Overall, the results suggest that Al- and Python-integrated learning may promote a deeper reconsideration and
reconstruction of their thinking processes rather than increasing self-assessment scores.
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Abstract: This study examines how students’ judgment delegation and responsibility attribution change in a human—AIl
collaborative learning environment. To address the limitations of Al ethics education focused primarily on attitudes, a
three-session autonomous driving robot program using LEGO Education SPIKE Prime was implemented with 17 upper
elementary students. Data were collected through pre- and post-surveys and activity sheets. The results show that students
shifted from uncritical acceptance of Al decisions toward reviewing and verifying Al outputs. Responsibility attribution
increased most notably for users, while responsibility attributed to Al systems and developers also increased and
responsibility attributed to manufacturers slightly decreased. These changes were associated with experiences of Al errors
and reflective activities during learning. The findings suggest that Al ethics education should emphasize experience-based
learning design, supporting students’ critical engagement with Al and their awareness of responsibility in human—AI

collaboration.

Keywords: Autonomous driving robot learning, Human-Al collaboration, Judgment delegation, Responsibility
attribution, Learning experience design

1. Introduction

The rapid advancement of generative Al and automation is transforming education into human-Al collaborative
environments, where learners not only use Al but also review and adjust Al’s decisions (Kong et al., 2025). The delegation
of judgment to Al has been widely reported (Westphal et al., 2023; Albers et al., 2026), yet less is known about how
learners attribute responsibility in Al-assisted decision-making contexts.

Recent frameworks (UNESCO, 2023; OECD, 2026) emphasize that Al ethics education should move beyond
normative instruction toward experience-based learning, where learners actively make decisions and reflect on
responsibility. However, existing studies have largely focused on attitudes, providing limited insight into how judgment
delegation and responsibility attribution evolve.

To address this gap, this study aims to examine how students’ judgment delegation and responsibility attribution
evolve through experience-based learning in a human—Al collaborative environment. A three-session autonomous driving
robot program using LEGO Education SPIKE Prime was implemented, and data were collected through pretest and
posttest surveys and activity sheets.

2. Method

This study included 17 upper elementary students who participated in a three-session autonomous driving robot
learning program using LEGO Education SPIKE Prime. Data were collected through pretest and posttest surveys
measuring delegation, oversight, Al trust, and responsibility attribution, as well as activity sheets documenting students’

decisions and reasoning.
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Descriptive statistics were used to analyze changes in survey responses. Scenario-based responses were coded to
identify patterns of judgment delegation and responsibility attribution. Learner patterns were categorized into three
types—stable, human-responsibility-oriented, and context-dependent—based on changes across sessions.

3. Result

3.1. Survey Results: Changes in Judgment Delegation

The pretest—posttest survey results indicate a shift in students’ judgment delegation. As shown in Figure 1, delegation
decreased from pretest (M = 2.20, SD = 0.63) to posttest (M = 1.57, SD = 0.58), suggesting a reduced tendency to accept
Al decisions without evaluation. In contrast, oversight increased from pretest (M = 3.00, SD = 0.45) to posttest (M = 3.20,
SD = 0.48), indicating a greater tendency to review and verify Al outputs. Meanwhile, Al trust remained relatively stable
(pretest: M = 3.74; posttest: M = 3.71), indicating that students maintained their trust in Al while engaging with it more

371
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Figure 1. Pre—Post Comparison of Mean Scores in Delegation, Oversight, and Al Trust
3.2. Scenario-Based Results: Changes in Responsibility Attribution

Analysis of scenario-based responses revealed changes in responsibility attribution. As presented in Table 1,
responsibility attributed to users increased in both scenarios, while responsibility assigned to Al systems and developers
also increased; in contrast, responsibility attributed to manufacturers slightly decreased.

The increase in user responsibility was especially notable, indicating a growing recognition of human accountability
in Al-assisted contexts. At the same time, the results do not suggest a simple shift away from Al systems, as responsibility
assigned to Al systems also increased in both scenarios. Rather, students appeared to develop a more differentiated
understanding of responsibility, placing greater emphasis on proximal human actors, particularly users.

Table 1. Pre—Post Changes in Mean Responsibility Attribution by Scenario

Agent Pre (M) Post(M) Change
User 2.57 314 +0.57
Al System 3.29 3.86 +0.57
S1
Developer 3.86 414 +0.28
Manufacturer 3.93 3.79 -0.14
User 2.50 3.29 +0.79
< Al System 3.79 4.29 +0.50
Developer 3.71 3.86 +0.15
Manufacturer 3.64 3.36 -0.28

3.3. Learner Pattern Analysis

To further examine individual differences, learners were categorized into three patterns: stable, human-responsibility-
oriented, and context-dependent. Most students exhibited a human-responsibility-oriented pattern, showing increased
emphasis on human accountability. Some maintained consistent perceptions (stable), while others demonstrated context-
dependent variation. The human-responsibility-oriented pattern indicates a shift toward actively recognizing human
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accountability in Al-assisted decision-making. In contrast, the stable pattern reflects consistent perceptions across pretest
and posttest, while the context-dependent pattern suggests that learners adjusted their responsibility attribution depending
on the situation. These findings suggest that although overall trends were observed, individual patterns of change varied
across learners.

Table 2. Distribution of Responsibility Attribution Change Patterns

Behavior Change Type Frequency (n) Percentage (%)
Stable Responsibility Pattern(CH1)

4 23.5%

Human-Responsibility-Oriented Pattern (CH2)
9 52.9%

Context-Dependent Responsibility Pattern (CH3
p p ty (CH3) 4 23.5%
Total 17 100%

4. Conclusion and Discussion

This study examined changes in students’ judgment delegation and responsibility attribution in an autonomous
driving robot-based learning environment. The results showed that delegation to Al decreased, while oversight increased,
indicating a shift toward more critical engagement with Al. Responsibility attribution changed most notably toward
greater user responsibility, while responsibility attributed to Al systems and developers also increased and responsibility
attributed to manufacturers slightly decreased. These findings suggest that students developed a more differentiated
understanding of responsibility in Al-assisted contexts. Most learners demonstrated a human-responsibility-oriented
pattern, with some stable or context-dependent variations. These findings highlight the importance of experience-based
Al ethics education, particularly learning designs that include intentional error situations to promote awareness of Al
limitations and the need for human intervention.

However, this study is limited by a small sample size and reliance on survey-based data. Future research should
incorporate qualitative methods, such as interviews and observations, to provide more in-depth insights.
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Abstract: Safe handling of chemicals in university laboratories requires students to assess risks and implement
appropriate mitigation measures. To support this, the authors previously developed an e-learning course integrating the
ARCS-V motivational model and the Story-Centered Curriculum. However, formative evaluation revealed that delays in
instructor feedback reduced learner motivation, particularly the “Volition” component. This preliminary study examines
the feasibility of using a Large Language Model to provide rapid, personalized feedback on student assignments. A prompt
was designed to emulate a laboratory supervisor and incorporate ARCS-V elements—especially Satisfaction and Volition.
Fourteen feedback comments were generated and reviewed by a chemical safety expert, who judged them to be accurate,
practical, and motivational. Notably, the expert observed that Al-generated feedback sometimes stimulated a stronger
sense of accomplishment than human feedback. This study also discusses limitations related to incorrect or unsafe

responses and outlines initial mitigation strategies.

Keywords: LLM, Chemical Risk Management, Story-Centered Curriculum, ARCS-V, Feedback
1. Introduction

University laboratories handle diverse chemicals, requiring students to assess risks and implement appropriate
mitigation measures. Although students handling chemical substances typically possess foundational knowledge, they
often lack sufficient practical experience for informed safety decision-making, highlighting the need for applied safety
competencies. To address this need, the authors developed an e-learning course based on the ARCS-V model (Keller,
2008) and the Story-Centered Curriculum (SCC) (Schank, 2007), which supports learner motivation through Attention
(A), Relevance (R), Confidence (C), Satisfaction (S), and Volition (V), and situates learning in realistic task contexts. In
this paper, assignments refer to major learner submissions within the course, while tasks denote the individual activities
performed within each assignment. However, a previous pilot study revealed a critical bottleneck: delays in instructor
feedback for open-ended tasks reduced learner motivation, particularly affecting Volition—the will to persist until course
completion. This preliminary study examines the feasibility of using a Large Language Model (LLM) to provide
immediate, pedagogically sound feedback and evaluates whether ARCS-V—based LLM-generated feedback is perceived
by experts as accurate and motivational.

2. Related Work

Effective feedback must be timely and specific to reduce performance gaps (Hattie & Timperley, 2007). Although
LLMs can generate rapid, personalized feedback aligned with instructor criteria (Matelsky et al., 2023), prior studies have
focused mainly on structural quality rather than motivational impact (Mazzullo & Bulut, 2024). This study addresses this
gap by integrating ARCS-V motivational principles into LLM-generated feedback within an SCC-based chemical risk

management course and evaluating its effectiveness through expert review.
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3. Methods

Figure 1 shows the SCC learning flow with LLM-driven feedback. Building on this flow, we created a prompt that
instructed the LLM to assume the role of a university laboratory supervisor when generating feedback for student
assignments. The LLM was instructed to provide feedback as both a subject-matter expert and an educator. For each
assignment, task descriptions and evaluation criteria were inserted into the prompt. The LLM was instructed to judge
whether each submission met the assignment-specific evaluation criteria. The prompt also required the LLM to follow a
fixed feedback structure, including an overall comment, a pass/resubmission judgment with reasons, strengths,
improvement advice, and expectations for the next assignment. Feedback was limited to approximately 10 lines for
conciseness. Table 1 summarizes the LLM prompt components and their ARCS-V alignment.

The LLM used in this study was OpenAl’s GPT-5.2 Instant, accessed through the web interface (https://chatgpt.com).
Using the prompt described above, feedback was generated for assignments 1 through 7 submitted by two learners,
resulting in a total of fourteen feedback comments.

Chemical Safety Rescarch Laborator

Table 1. LLM-Driven Feedback Prompt Components and ARCS-V Alignment

Prompt Components Description
Assignment input Task content is inserted into the prompt (R)
Evaluation criteria Task-specific criteria are provided to the LLM (C).
Role instruction LLM acts as a university lab supervisor (A, R)
Motivational guidance Satisfaction and Volition are explicitly requested (S, V).
Structured feedback Overall, pass, strengths, advice, next expectations (S, C, V).
Concise output Feedback limited to approximately 10 lines (S, V).

4. Results

All 14 feedback comments followed the structure specified in the prompt. In the overall comments, the LLM
consistently acknowledged students’ effort, and all assignments were judged as “Pass,” which aligned with the human
evaluator’s judgment. Regarding the content of the feedback, for example, in Assignment 1 (accident case investigation),
the LLM highlighted as strengths the clear linkage between accident causes and preventive measures, as well as the
student’s ability to summarize safety requirements in their own words. In the advice for improvement, the LLM pointed
out that the student’s statement “acetonitrile has low volatility” was inaccurate and encouraged checking physicochemical
properties using reliable sources. In the expectations for the next assignment, the LLM suggested that focusing on hazard
information and its connection to laboratory behavior in Assignment 2 would help the student grow as a safety-conscious
researcher. These comments were generally appropriate and supportive of learner motivation. However, the remark about
verifying physicochemical properties was somewhat misaligned with the course sequence, as such investigation is the
focus of the following assignment. This indicates that while the feedback was largely valid, some comments could better

account for task progression across assignments.
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To further examine the pedagogical appropriateness of the generated feedback, a chemical safety specialist at a
university conducted a formative evaluation using criteria such as accuracy, practicality, appropriateness as instructor
feedback, contribution to sustaining learner motivation, and ability to stimulate a sense of accomplishment. The Subject
Matter Expert (SME) judged the feedback to be appropriate in all categories. Importantly, the SME noted that the Al-
generated feedback sometimes stimulated student satisfaction more effectively than human-written feedback. However,
because all evaluated assignments met the passing criteria, the SME pointed out that the system’s ability to address
incorrect or unsafe responses remains untested.

5. Discussion and Conclusion

The results suggest that LLM-generated feedback can support sustained learning in chemical risk management.
Prompts designed based on ARCS-V appeared to enhance learner motivation, particularly in terms of satisfaction and
volition. However, this evaluation was limited to 14 submissions that met passing criteria; further validation with more
diverse data, including incorrect or safety-compromised responses, is essential to ensure reliability. In addition, LLM-
generated feedback may be prone to inaccuracies and an overly affirmative tone. To address these limitations while
retaining the benefits of rapid feedback, a human-Al collaborative approach is recommended, combining Al-generated
comments with peer review and instructor feedback. This study examines the feasibility of integrating motivational design
principles into SCC-based learning rather than assessing the intrinsic performance of the LLM. The findings suggest that
the effectiveness of LLM-generated feedback depends not only on model capability but also on how it is embedded within
sound instructional design.
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Abstract: This study examined upper elementary students’ perceptions of information technology through three physical
computing lessons using different learning topics with sensors and servo motors. The students’ free-response descriptions
were categorized into ten types. The results indicated that “understanding of mechanisms” was most frequent in the Smart
Home lesson, ‘functions of information technology” in the Dam system lesson, and “convenience and reduction of human
effort” in the Smart Greenhouse lesson. These findings suggest differences in students’ perceptions of information

technology across learning topics.

Keywords: Elementary education, physical computing, sensors

1. Introduction

In Japanese elementary programming education, students are expected to understand the mechanisms and
characteristics of information technology (Ministry of Education, Culture, Sports, Science and Technology, 2020).
Unfortunately, it has been pointed out that students' understanding remains superficial (Horita, 2019). To address this
issue, several studies on physical computing have been conducted (Muratsu & Takahashi, 2023; Kuroda & Moriyama,
2020). However, few studies have examined how students’ perceptions of information technology differ across learning
topics. We assumed that students’ learning experiences and perceptions of information technology might change
depending on the topics used in physical computing lessons. Therefore, this study aimed to conduct physical computing
lessons using three different approaches and analyze how elementary school students perceive information technology.

2. Methods

2.1. Learning Materials and Overview of the Three Physical Computing Lessons

We used the embot+ starter kit (e-Craft Inc.) as the learning material. This Kit includes a microcontroller board called
the "embot+ core" and cardboard pieces shaped like a character. This core can connect up to three sensors, three servo
motors, two LEDs, one buzzer, and one speaker. Depending on their needs, users have the flexibility to use only the core
or to adapt the cardboard components for their own designs.

We provide an overview of our three physical computing lessons. Table 1 summarizes the subjects, grades, goals,
and learning activities for each lesson. Each session used a different topic, with different sensors, control programs, and

algorithms. Figure 1 shows examples of the models from the three physical computing lessons.
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Table 1. An overview of the three curriculum units conducted

Lesson 1 (Smart Home) :6th Grade Home Economics (Figure 1:a)
Creation of a smart home system that closes curtains as light intensity increases, using a light sensor (LS),

Goals servo motors, LEDs, a buzzer (BZ), and a house model.
Learning (DCreating programs for sensing (@)Creating conditional logic to process sensor data
Activities

(PConstructing a curtain mechanism that operates when a threshold is exceeded
Lesson 2 (Dam Flood Mitigation System) :5th Grade Period for Integrated Studies (Figure 1:b)
Creation of a flood mitigation system that opens floodgates automatically as water levels rise, using a

Goals water sensor, servo motors, and a dam model.
Learning (DCreating programs for sensing (@)Creating conditional logic to process sensor data
Activities

(3Constructing a floodgate mechanism that operates when a threshold is exceeded

Lesson 3 (Smart Greenhouse) :5th Grade Social Studies (Figure 1:c)

Creation of a smart greenhouse system that automatically opens the plastic cover as temperature increases,
using a temperature/humidity (T/H) sensor, servo motors, LEDs, a buzzer, and a greenhouse model.

Goals

Learning (DCreating programs for sensing (@)Creating conditional logic to process sensor data
Activities

(3Constructing a greenhouse mechanism that operates when a threshold is exceeded

Figure 1 Model examples from the three physical computing lessons
a. Lesson 1 (Smart Home).b. Lesson 2 (Dam Flood Mitigation System) c.Lesson 3 (Smart Greenhouse)

2.2. Evaluation Method

To examine students’ perceptions of information technology, students were asked to describe what they learned about
sensors and computers through programming. In this study, to consistently investigate students’ perceptions of
information technology, students were asked to write what they had learned about sensors and computers through
programming. In Lesson 1, responses from 16 sixth-grade students at a public elementary school were analyzed. In
Lessons 2 and 3, responses from 18 fifth-grade students were analyzed. All participating students had prior experience
using embot+ for four hours. The responses were categorized into ten types based on content similarity.

A. Functions of information technology, B. Application in society and daily life,

C. Understanding of mechanisms, D. Convenience and reduction of human effort,

E. Characteristics of information technology, F. Need for human involvement, G. Adjustment of threshold values, H.
Difficulty of creating programs, I. Collaboration with friends, J. Others

3. Results

Figure 2 shows the classification results. The most frequent categories in Lesson 1, 2, and 3 were "C. Understanding
of mechanisms" (36.8%), "A. Functions of information technology" (32.0%), and "D. Convenience and reduction of

human effort” (23.2%), respectively. Differences in students’ perceptions were observed across the lessons.
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Figure 2 Understanding Sensors and Computers through Programming.
4. Discussion

In Lesson 1, C (Understanding of mechanisms) was the most frequent category. Reflections such as “it moves exactly
as programmed” suggest that students recognized how the smart home operated. This result implies that engaging in
mechanism construction may promote recognition of programming logic. In Lesson 2, A (Functions of information
technology) was the most frequent category. Reflections such as “sensors can be controlled by a computer” indicate that
students recognized the functional roles of sensors and computers. This finding suggests that developing sensing programs
and applying conditional logic may have contributed to students’ recognition of these technological functions. In Lesson
3, D (Convenience and reduction of human effort) was the most frequent category. Reflections such as “it moves
automatically thanks to the computer, even if no one is there” indicate that students recognized the benefits of automation.
This finding suggests that constructing an automated greenhouse model may have contributed to students’ recognition of

how automation can reduce human effort.
5. Conclusions

This study suggests that understanding different aspects of information technology may require programming
experiences across multiple topics using sensors and servo motors. By implementing physical computing lessons with
different approaches, the findings showed that students’ perceptions of information technology varied according to the
learning topic.

Future research should further examine how these lessons relate to science, particularly physical concepts that support
deeper understanding of the phenomena students experienced, as well as to mathematics for understanding and handling
data. It is also necessary to examine the role of such lessons in the school curriculum.
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Abstract: Although assessment quizzes enhance learner understanding, their manual creation requires careful review of
lecture content and verification of answer correctness, placing a significant burden on instructors. This study developed
an LLM-based system to automatically generate and evaluate questions from lecture videos. In this system, on-screen text
and spoken content in the video are extracted using Optical Character Recognition (OCR) and Automated Speech
Recognition (ASR), serving as contextual information for the LLM. To reduce the extraction cost, OCR is applied only to
the necessary frames detected by slide-change analysis. To improve ASR for specialized terms, the system generates a
proper-noun list using an LLM and appends it to the ASR prompts. Instructors’ evaluations on a five-point scale showed
that questions generated by gpt-oss and qwen3-vl achieved mean accuracy scores of 4.0 or higher. However, the system’s
automatic evaluation showed only weak agreement with instructor ratings, suggesting current limitations in LLM-based

question evaluation.

Keywords: automatic question generation, automatic question evaluation, lecture video, LLM, ASR, OCR

1. Introduction

In educational institutions, assessment quizzes are used to promote learners’ understanding. However, manually
creating these quizzes requires instructors to carefully review lecture content, which imposes a significant workload.
Molina et al. (2024) proposed an automatic question generation method using lecture slides and reported high relevance
between the generated questions and the slide content. Nonetheless, their approach remains limited by the need to
manually extract key points from slides. Our prior work (Yoshida et al., 2025) examined automatic question generation
from Japanese lecture videos using OCR, ASR, and LLM to eliminate manual context extraction. However, this approach
faced two problems. First, extracting information from lecture videos is time-consuming. Second, OCR/ASR recognition
errors often propagate into the generated questions. Furthermore, evaluating the quality of the questions relied on manual
scoring. While frameworks like G-EVAL (Liu et al., 2023) have shown the potential of Chain-of-Thought (CoT) for
evaluating natural language generation outputs, achieving a Spearman correlation of 0.51 with human judgment, their
application to Japanese pedagogical contexts remains under-explored. Consequently, this study pursues two objectives:
First, the video information extraction and question generation pipeline is redesigned to improve both computational
efficiency and question quality. Second, inspired by G-EVAL, an automatic evaluation method is introduced to enable
question quality verification without relying on manual scoring.

2. Proposed Method

Our proposed system consists of three stages: information extraction (OCR/ASR), question generation, and automatic
question evaluation. Experiments were conducted on a MacBook Pro with an Apple M1 Pro chip and 32 GB of memory.
The details of each stage are described in the following Sections 2.1-2.2.

2.1. Information Extraction (OCR/ASR)
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This stage extracts textual information from lecture videos using OCR and ASR. First, slide-change points are
detected with ffprobe by identifying frames with large pixel differences. Next, GLM-OCR is applied to representative
frames at these points to recognize on-screen slide text, and the extracted text is stored along with its corresponding
timestamp range. In parallel, the audio track is transcribed using mix-Whisper. To improve recognition of domain-specific
proper nouns, the system generates a proper-noun list from the OCR results and provides it to mIx-Whisper as an initial
prompt. By propagating this initial prompt across all subsequent segments, the system ensures consistent terminology
throughout the entire transcription. Finally, the recognized text and its timestamps are stored in a database.

2.2. Question Generation/ Question Evaluation

Questions are generated from the extracted OCR/ASR context using an LLM. To reduce misspellings and
inconsistent surface forms, the proper-noun list used for ASR is also incorporated into the question-generation prompt.
Question generation is conducted using three models: gpt-0ss:20b (8-bit quantization), qwen3-vl:30b (4-bit quantization),
and Llama 3.1:8b (8-bit quantization). The generated question—answer pairs are stored in a database. To evaluate question
quality automatically, we implemented an automatic evaluation module inspired by G-EVAL. This stage has 3 steps. First,
instructors write evaluation criteria and rubrics. Second, the system calls the LLM to generate a Chain-of-Thought (CoT),
which is a detailed evaluation method. Finally, questions are evaluated by inputting the question text, answer text, CoT,
and corresponding context for each question into the LLM. Two LLMs (gpt-0ss:20b (8-bit quantization), qwen3-vl:30b
(4-bit quantization)) are used for evaluation.

3. Experimental Results

The proposed system was used to automatically generate questions for two courses: “Introduction to Oita University”
and “Computer Network.” The course “Introduction to Oita University” contains numerous proper nouns, including

building names and place names. “Computer Network” is a lecture course in computer science.
3.1. Processing time for OCR

In previous studies, frequent OCR processing was a bottleneck. In contrast, this system minimized the number of
OCR operations by using ffprobe to perform OCR only in areas with pixel value changes. As a result, the processing time
for this method was reduced to an average of 5 minutes and 23 seconds across five runs using the same 80-minute video.

Introduction to Oita University Computer Network
12
10

R |
o HE III

gotoss20b  Qwendwl:30b  llama31:8b
gree mNe

number of reviews

o

u Sirongly D

mStrongly Disagree m Disagh

Figure 1. Results of instructor evaluation for automatically generated questions

ftral = Agree mStrongly Agree

3.2. Question generation result

Figure 1 shows the instructor’s accuracy rating. For “Introduction to Oita University,” the mean scores were 4.47 for
gpt-oss, 4.33 for Qwen3-VL, and 2.20 for Llama3.1. t-tests indicated significant differences between gpt-oss and
Llama3.1 and between Qwen3-VL and Llama3.1, whereas the difference between gpt-oss and Qwen3-VL was not
significant, suggesting similar accuracy. For “Computer Network,” the mean scores were 3.96 for gpt-oss, 4.33 for
Qwen3-VL, and 3.54 for Llama3.1. No significant differences were observed between gpt-oss and Qwen3-VL or between
gpt-oss and Llama3.1. However, a significant difference was observed between Qwen3-VL and Llama3.1, with Qwen3-
VL showing higher accuracy.

3.3. Correlation Between Human Evaluation and LLM Evaluation
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Table 1. Spearman’s Rank Correlation (p) Between Human and LLM Evaluations
Evaluation LLM

Video name gpt-0ss:20b qwen3-vl:30b
Introduction to Oita University 0.27 0.51
Computer Network 0.32 0.36

Spearman’s rank correlation coefficient (p) was computed between the instructor’s accuracy ratings and the LLM
evaluation scores (Table 1). For “Introduction to Oita University,” gpt-0ss showed a weak correlation (p = 0.27), whereas
gwen3-vl achieved a moderate correlation (p = 0.51). For “Computer Network,” correlations were modest for both
evaluators (gpt-oss: p = 0.32; qwen3-vl: p = 0.36). In addition to correlation analysis, the mean difference between
instructor ratings and LLM evaluation scores was examined to assess systematic scoring tendencies. For “Introduction
to Oita University,” the average difference was 0.522 for gpt-oss and 1.170 for qwen3-vl. For “Computer Network,” the
average difference was less than 0.001 for gpt-oss and 0.648 for qwen3-vl. These results indicate that both models tended
to assign higher scores than the instructor, suggesting a leniency bias in LLM-based evaluation. Notably, the bias was
particularly pronounced for gwen3-vl in “Introduction to Oita University”. To investigate these scoring discrepancies,
we manually corrected OCR omissions caused by animations and restricted the input context range specifically to
the parts relevant to the generated questions. This additional experiment improved agreement with human ratings in
half of the cases, indicating that context optimization is critical for enhancing evaluation accuracy.

4. Conclusion

This paper proposed a framework that directly generates questions and evaluates question quality from lecture videos.
In instructor evaluations, questions generated by the gpt-0ss:20b and Qwen3-VL:30b models achieved accuracy scores
of 4.0 or higher. However, correlations between human and LLM-based accuracy evaluations remained weak to moderate.
Future work will focus on automating the context optimization process—specifically, extracting video segments relevant
to the generated questions—which our manual analysis identified as critical for reducing scoring discrepancies.

Additionally, we plan to mitigate LLM’s leniency bias and investigate the practical applications of the generated questions.
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Abstract: Students with average or below-average academic achievement often enter class without sufficient readiness
for class, resulting in reduced willingness to participate. This lack of readiness arises when insufficient prior knowledge
increases cognitive load, leading to heightened anxiety and decreased engagement. To address this issue, this study
designs a dialogue-based review chatbot that supports learners’ readiness for class, defined as a psychological and
cognitive preparatory state involving reduced anxiety, perceived ease of engagement, and partial recall of prior content.
The chatbot adopts a four stage dialogue structure - empathy, retrieval, guided explanation, and successful completion -
grounded in Bandura’s four sources of self-efficacy. A large language model extracts the structural elements of science
worksheets, and a state-transition controller generates unit independent dialogue flows. The proposed system does not
aim to measure knowledge, but to facilitate a psychologically safe pre class experience that promotes learners’

expectations of success.

Keywords: interactive review chatbot, peer-like conversational agent, self-efficacy
1. Introduction

Students with average to below-average academic achievement often struggle to engage in classroom activities due
to insufficient readiness for class. Insufficient prior knowledge increases cognitive load, which is associated with lower
engagement (Dong et al., 2020). Prompting learners to recall prior content may foster self-efficacy, which influences
engagement and persistence (Bandura, 1997).

Retrieval practice has been shown to improve performance and reduce anxiety (Agarwal et al., 2012). However,
when recall activities are expose learner’s inability, they may increase anxiety and discourage participation. These
considerations highlight the importance of designing psychologically safe pre-class retrieval activities that support

learners’ readiness for class.
1.1. Related Work and Research Gap

Generative Al-based chatbots have been used as learning support tools that enhance engagement and self-efficacy
when providing process-oriented guidance rather than direct answers (Au et al., 2025; Lee et al., 2024). However, prior
research on dialogue-based learning support has largely focused on engagement and learning outcomes during or after
instruction, with comparatively less attention given to learners’ readiness for class.

Addressing this gap, the present study designs a short pre-class dialogue intervention to support learners’ readiness
and develops a reusable dialogue-generation chatbot based on structural extraction. In this study, readiness for class refers
to a psychological and cognitive preparatory state characterised by (a) reduced anxiety about the class, (b) perceived ease
of engaging with the learning content, and (c) a sense of being able to recall at least part of the content learned beforehand.

1.2. Objectives and Contributions
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The present study designs a chatbot that supports learners’ readiness for class through brief pre-class dialogues,
focusing on preparatory state rather than academic performance. It adopts a staged structure of empathy, retrieval, guided
explanation, and successful completion to alleviate performance-related stress, particularly among learners with average
to below-average achievement.

This paper makes three contributions. First, it explicitly positions learners’ psychological and cognitive readiness for
classroom participation as a design target. Second, it applies Bandura’s (1997) self-efficacy framework into a staged
dialogic design model for pre-class support. Third, it presents a reusable dialogue-generation structure based on science
experiment worksheet templates.

2. System Overview and Design

The proposed chatbot is designed not to assess learners’ knowledge, but to support readiness for class through pre-

class dialogue. It focuses on learners’ preparatory state prior to classroom participation.
2.1. Design Principles and Agent Functions

The design is grounded in Bandura’s (1997) four sources of self-efficacy: enactive mastery, vicarious experience,
verbal persuasion, and physiological and affective states. These are embedded in the dialogue structure to support learners’
readiness. Table 1 summarizes the corresponding design principles and implementations.

Table 1. Design and Implementation Based on Bandura’s Self-Efficacy Framework

Source of Self- Design Intent Specific Behaviours Implementation Elements

Efficacy

Enacti Stepwise success Affirmative feedback; LangGraph state control + staged

mastery retry-to-success hints + MCQ LLM

Vicarious Peer demonstrates Modelling learning strategies (e.g., Peer persona prompt + Ul guidance|

Experience desirable strategies textbook cross-checking)

Verbal Persuasion | Success expectancy Non-judgmental feedback Empathetic, non-judgmental
support feedback control

Physiological & Anxiety reduction Error-label ~ suppression + Correctness-label suppression +

Affective States empathy tone regulation

Each source is operationalized through specific interaction strategies, such as stepwise feedback, peer modelling, non-
judgmental responses, and anxiety-reducing dialogue.

2.2. System Architecture

This system is operationalized through specific LLM functions and system-level control mechanisms (Figure 1). The
system consists of four layers: worksheet input, LLM-based structure extraction, LangGraph state control, and utterance
generation with Ul presentation. LangGraph manages state transitions and structural decisions, while the LLM is used
solely for language generation, enabling unit-independent dialogue flows.

Dialogue Flow Mapping
Experiment & Observation Report

r Report
Structure Phase®

A 1 D
i = *
(LLM) @ [ Yeah | remember! L
e ;
prined L] N In that experiment, what were we
3 3 trying to investigate?
=

- [ Option (ln) J[ Option (2) J

@ Research question & Aim

@ Hypothesis

® Method

® Result & Analysis

® Thought

® Conclusion

Figure 1. Framework for Generating Worksheet-Grounded Pre-class Recall Dialogue
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Figure 2 illustrates the dialogue interface. The left panel displays instructional inputs, and the right panel presents

peer-like interactions delivered in small, multiple-choice steps to prompt retrieval and guide understanding.

Figure 2 Example of the Peer-Based Pre-class Retrieval Dialogue

3. Future Work

Future work will evaluate the chatbot’s impact on learners’ readiness and classroom engagement and examine the
generalizability of the worksheet-based dialogue structure across multiple units. As the study involves minors, it will be

conducted only after review and approval by the university’s institutional ethics committee.
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