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 This study examines the effect of robot-assisted problem-based learning (PBL) on learning 

outcomes in higher education. A quasi-experimental design was adopted, and the application 
was carried out over 16 weeks (48 hours) with two parallel branches. In the experimental group, 
a question-and-answer-focused educational robot was integrated into the project-based 
learning process, while in the control group, the same content was applied without robots. 
Measurements encompassed self-directed learning (including self-management), problem-
solving, and comprehension/discovery dimensions. Bayesian comparisons showed that the level 
of evidence in favor of the experiment was in the medium-strong range for most variables; a 
significant increase was observed particularly in self-management. Problem-solving and 
comprehension/discovery scores were also higher in the experimental condition. Figures and 
tables report posterior effect sizes and 95% confidence intervals. The results indicate that robot-
assisted PBL, which offers timely and elucidative feedback, improves the metacognitive 
processes associated with PBL and aids students in adhering to their study goals more 
consistently. In conclusion, robot-assisted PBL can significantly improve self-management, 
problem-solving, and comprehension outcomes, provided that appropriate feedback design and 
application fidelity are maintained. Future research should examine its effects across various 
fields by integrating long-term follow-up periods and behavioral performance assessments. The 
study enhances the reproducibility of results by evaluating the strength of evidence through 
open Bayesian reporting. This method makes design choices more transparent and establishes 
clear guidelines on how educational technologies should be used responsibly. 

Keywords: problem-based learning, AI robots, blended learning, learning outcomes, self-
directed learning 

INTRODUCTION 

Problem-based learning (PBL) is a student-centered methodology wherein learners assume responsibility 
for a tangible problem, seek information, formulate solutions, and engage in reflection (Albanese & Mitchell, 
1993). Recent syntheses indicate that PBL can enhance cognitive outcomes and motivation, especially in 
higher education. The magnitude of the effect can differ based on the context of application and design 
specifics. So, it’s important to be clear about when PBL works best (Su et al., 2025).  

AI-powered feedback systems and teaching robots can enhance student learning by providing 
personalized and timely feedback. Multi-level meta-analyses indicate that educational robots can improve 
success and conceptual understanding in science, technology, engineering, and mathematics (STEM) 
disciplines; however, their effectiveness depends on factors such as role, quality of interaction, and duration 
of intervention. Automated feedback can also slightly improve writing performance. These results suggest 
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that robot/AI-powered feedback can be a valuable resource in project-based learning (PjBL) contexts 
(Fleckenstein et al., 2023; Ouyang & Xu, 2024; Trapero-González et al., 2024). 

This study is positioned at the intersection of PjBL and robotics/artificial intelligence (AI) assistance. 
Planning, management, and supervision are important components of PjBL derived from self-regulated 
learning (SRL)/self-directed learning (SDL). Meta-analyses focusing on online and blended learning indicate 
that SRL interventions can significantly impact students’ academic performance. Nonetheless, there is a 
deficiency of controlled studies examining the impact of robot-assisted PjBL on problem-solving and 
understanding in relation to the sub-dimensions of SRL and SDL (Guntur & Purnomo, 2024). 

The research gap is concentrated in three areas. First, few studies report the gains observed in robot-
assisted PBL by disaggregating them at the level of SRL/SDL sub-dimensions (such as self-regulation). Second, 
comprehensive evaluations of such interventions alongside problem-solving and comprehension/discovery 
outcomes are rare. Third, examples of findings being reported transparently and reproducibly using Bayesian 
principles are limited, even though reporting guidelines recommend presenting parameter estimates 
alongside Bayesian factors. These gaps necessitate strengthening the practically usable evidence on how and 
to what extent robot-assisted PBL is effective (Kruschke, 2021). 

The aim of this study is to examine the effect of robot-assisted PBL on SDL, problem-solving, and 
comprehension outcomes in a higher education context; to evaluate changes in the self-management 
dimension in particular; and to present the findings using transparent Bayesian reporting principles. The 
research questions are as follows: Does robot-assisted PBL increase levels of SDL compared to teaching 
without robot support; is this increase more pronounced in the self-management dimension; does robot-
assisted PBL provide superiority in problem-solving and comprehension/discovery outcomes; are the 
observed effects meaningful in terms of Bayesian evidence level. The answers to these questions are expected 
to generate applicable principles for how the feedback architecture and the role of robots should be 
structured in PBL designs (Ouyang & Xu, 2024; Su et al., 2025). 

LITERATURE REVIEW 

Problem-Based Learning 

Albanese and Mitchell (1993) describe PBL as a teaching method in which students are initially presented 
with meaningful problem scenarios and encouraged to construct knowledge through group discussions and 
independent work, while also developing clinical reasoning and self-assessment skills. Servant and Schmidt 
(2016) view PBL as a problem scenario-centered method where repeated questioning and hypothesis testing 
guide self-monitoring and knowledge construction. 

Leary et al. (2019) emphasize that at its core, PBL helps teach students how to learn, think, and reason 
within problem-focused social interactions. Furthermore, Leary et al. (2019) define PBL as an educational 
model that places real-world problems at the center of learning and promotes the integration of knowledge 
and the development of problem-solving skills through a combination of individual and group inquiry with 
appropriate teacher interaction. Abildinova et al. (2024) consider PBL as a student-led, problem-centered 
educational method that values contextual situations and reflective processes. 

Current research further details the definition and applications of PBL. According to Jaganathan et al. 
(2024), the main goal of PBL is to help students understand how to solve problems, work together, study on 
their own, communicate, learn deeply, keep their knowledge longer, and learn for the rest of their lives. The 
goal of this method is to better prepare students for their jobs. 

Zhang and Ma (2023) found in their meta-analysis that PBL has a moderate positive effect on student 
learning outcomes compared to traditional teaching models (standard deviation [SD] = 0.441, p < 0.001). 
These findings show that PBL (Su et al., 2025) develops not only academic achievement but also students’ 
emotional attitudes, values, creative thinking skills, computational thinking skills, and other higher-order 
thinking skills. 

Su et al. (2025) emphasize in their systematic review and meta-analysis that PBL has emerged as a 
transformative educational strategy for developing critical thinking skills in medical education. According to 
their studies, PBL students show significant improvement in critical thinking skills compared to traditional 
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teaching methods. This improvement is explained by mechanisms such as PBL encouraging knowledge 
integration through contextual learning, facilitation supporting metacognitive development, and peer 
collaboration developing reflective dialogue. 

Zakaria et al. (2025) investigated the effect of the combination of mobile learning and PBL (M-PBL) on 
student motivation and academic performance. The results show that the M-PBL method made a big 
difference in how motivated students were and how well they could solve problems compared to traditional 
methods. This study shows that PBL can make students more interested in learning by focusing on working 
together, communicating well in groups, analyzing problems, and gaining knowledge. 

This model is based on constructivism theory and the assumption that students construct knowledge by 
doing things and participating in real-world production processes. The model creates collaborative, active 
learning opportunities that encourage students to find solutions and share them through inquiry-based 
activities involving tangible products (Jaganathan et al., 2024; Su et al., 2025). 

The literature also emphasizes the connection between PBL and authentic assessment. Authentic 
assessments prioritize the learning experience as the ultimate outcome, unlike traditional assessment 
approaches that emphasize grades. This method of teaching recognizes that the reflective process can yield 
new insights and facilitate transformative learning for students (Duda et al., 2024). In PBL settings, it is 
essential that students are enabled to engage in the process of exhibiting real-world tasks, selecting methods 
to convey knowledge, and creating assessment instruments for that knowledge. 

Blended Learning 

Megahed and Ghoneim (2022) characterize blended learning as a purposeful integration of online and off-
line resources in instructional design, intended to optimize cognitive and social learning processes. Hrastinski 
(2019) defines blended learning as a cohesive methodology that combines online SDL with synchronous, real-
time interaction, offering students individualized pacing and contextual assistance. 

Current research is expanding the definition and applications of blended learning. According to Platonova 
et al. (2022), blended learning has become popular since it is an excellent technique to handle a student body 
that is becoming more diverse. It mixes online and in-person learning to make the learning environment 
better. This strategy encourages both individual and group learning, and it allows students and teachers to 
use more methods to talk to each other. Niyomves et al. (2024) define blended learning as a combination of 
traditional classroom education, where students and teachers interact directly in a physical space, and online 
learning. This hybrid approach combines the flexibility of online education with the personal interaction of 
classroom education to meet various learning needs and schedules. According to their work, blended learning 
increases student participation, provides a more personalized learning experience, and leverages 
technological advances to improve educational outcomes.  

Li et al. (2024b) examined the effect of active learning instructions in blended learning environments. The 
findings show that blended learning refers to the systematic integration of online and off-line elements within 
the same course and supports the development of students’ comprehension skills. This systematic integration 
has positive effects on students’ anxiety levels and academic performance. Singh et al. (2021) 
comprehensively addressed blended and hybrid learning in the context of the COVID-19 pandemic. According 
to their work, blended learning is a teaching method that combines the efficiency of student-centered 
teaching and the socialization opportunities of traditional face-to-face classes with the digitally enriched 
learning possibilities of the online delivery mode. This approach includes student-centered teaching, which 
requires each student to actively participate in the content; increased opportunities for interaction between 
teacher-student, student-student, content-student, and student-supplementary learning materials; and 
opportunities to collect formative and summative assessments to improve lessons. Sharma et al. (2022) have 
comprehensively examined online, off-line, and blended learning methods. They emphasize that the 
education sector is witnessing a paradigm shift with rapid technological developments and that online, off-
line, and blended learning modes continue to evolve over time. Their research highlights the advantages, 
challenges, and requirements of each of these learning methods. 
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AI Robot-Assisted Instruction 

AI-powered robot-assisted instruction is a way of teaching that uses robotic hardware and smart 
computers to make teaching more interactive and adaptable (Mubin et al., 2013). Interest in the application 
of social robots in education has surged markedly in recent years, with 2023-2024 emerging as pivotal years 
in this domain (Lampropoulos, 2025). Social robots can serve as educators, peer learners, or facilitators in 
educational settings and have demonstrated efficacy in improving cognitive and emotional results (Belpaeme 
et al., 2018). 

Studies indicate that the tangible presence of social robots enhances learning results in contrast to virtual 
representations or contexts lacking educational support (Donnermann et al., 2022). This approach aims to 
provide personalized teaching and emotional engagement by combining sensor technology, machine 
intelligence, and a human-like appearance. Adaptive robotic teaching systems can shape interaction based 
on student performance, provide encouragement, and empathize based on student responses (Donnermann 
et al., 2022). The roles of social robots in education have diversified and expanded in recent years. Robots can 
do more than only teach; they can also let students join in on class by behaving like “skilled ignorant peers” 
(Nasir et al., 2024). This strategy helps the robot aid with learning even if it doesn’t know much about the 
subject, and it makes it easier for the robot to adapt to different places where people study. 

Multi-modal robots that use different types of interaction, like animation, song, dance, gestures, and touch, 
make students far more likely to learn, be interested, and interact with each other (Fung et al., 2024). It has 
been shown to be effective in developing inclusive learning systems, especially for students with specific 
learning difficulties such as dyslexia. Comprehensive reviews in the field of robot-assisted language learning 
show that, with the development of speech and language technologies, social robots are gaining increasing 
academic and commercial interest (Huang & Moore, 2023). The creation of a stable and reliable learning 
partnership through social interaction and personalized responses increases children’s learning participation 
and self-efficacy perception (Lin et al., 2022). 

Research examining human-robot interactive communication shows that robots can provide long-term, 
dynamic instructional support for specific learning goals through their verbal and nonverbal communication 
abilities (Mavridis, 2015). In long-term child-robot interactions, it has been found that robots act as social 
catalysts, enhancing the quality of family interactions and enriching learning experiences (Chen et al., 2025). 

Collaborative problem-solving studies between children and robots reveal that children interact with 
robots in different ways depending on their developmental stages and individual characteristics (Charisi et 
al., 2020). Individual differences such as children’s age groups, temperament characteristics, and social 
anxiety levels influence their behavioral, emotional, and verbal interactions with robots (Barry et al., 2025). 
These findings emphasize the importance of child-centered approaches in the use of social robots in 
educational settings. 

The integration of AI-based generative models into robotic systems has increased the potential for 
personalized language teaching and offered new opportunities to overcome barriers created by limited 
resources and staffing constraints (Verhelst et al., 2024). However, caution is needed regarding the effects of 
long-term interactions between social robots and children on socio-emotional development, and ethical 
considerations must be considered (Langer et al., 2023). 

Bibliometric evaluations indicate that the efficacy of social robots as educators and learning companions 
has been thoroughly investigated in recent years and has become a fundamental component of educational 
technology (Pai et al., 2024). During the years 2023-2024, AI made a lot of progress, which led to a big increase 
in the use of social robots in education (Lampropoulos, 2025). 

The Impact of AI Robot-Assisted Instruction Using Problem-Based Learning on Self-Directed 
Learning 

AI-supported robot teaching and PBL integration offer an innovative approach to developing students’ SDL 
skills. In PBL environments, robots not only provide subject knowledge but also facilitate students’ discovery 
and inquiry processes by offering social and emotional support (Nasir et al., 2024). Robots take on the role of 
“skilled ignorant peers,” supporting students’ productive participation and enriching learning processes 
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without requiring subject knowledge. Comprehensive systematic reviews examining the effects of AI-based 
education systems on SRL show that AI-supported tools strengthen student autonomy by providing 
personalized, adaptive, and real-time support (Younas et al., 2025). Generative AI tools have been found to 
develop students’ self-regulation skills and conceptual understanding by providing dynamic content and 
feedback. 

Scaffolding strategies play a critical role in AI-supported learning environments. AI systems can change 
how they guide students based on how well they do, and they can also get students to think about their 
reasoning repeatedly by asking questions like “why do you think that?” or “could there be another possibility?” 
(Kim et al., 2025). This guided discussion method is the main part of PBL and helps with the self-monitoring 
that is needed for SDL. 

The emotional aspect of educational AI systems is becoming a significant field of study. When students 
face challenges or setbacks, empathic answers from AI systems can mitigate their disappointment and 
maintain their enthusiasm to explore. The tone and quality of AI-based feedback significantly influence 
students’ motivation and confidence. Additionally, emotional responses are crucial in elucidating the link 
between feedback quality and learning engagement (Rong et al., 2025; Zong & Yang, 2025). 

In PBL environments, AI robots can maintain enhanced group dynamics while respecting individual 
learning autonomy (Yang et al., 2023). Experimental studies show that gamified AI-assisted educational robot 
systems significantly boost student motivation and effectiveness in learning. Students exhibit a pronounced 
inclination to engage in continuous study when afforded the autonomy to determine the methods by which 
they monitor their academic progress and solicit pertinent information from robotic systems. AI-enhanced 
individualized learning trajectories can tailor each learner’s educational journey according to their pre-existing 
knowledge and their aspirations for further learning. AI instructors who provide prompt feedback facilitate 
students’ comprehension of their errors, allowing for immediate rectification and learning (Guo et al., 2024; 
Venter et al., 2024). These frameworks ensure that students are not exposed to material that is either 
excessively complex or overly simplistic, thereby optimizing their educational experience. 

A comprehensive examination of the implications of generative AI on SDL reveals that models such as 
ChatGPT, Claude, and Gemini are transforming educational paradigms by offering personalized, interactive 
learning environments (Li et al., 2024a; Wu et al., 2024). Nevertheless, it is crucial to acknowledge that 
educators must place greater emphasis on technology-supported SDL, as students may lack proficiency in the 
utilization of contemporary technological tools. 

Impact of AI Robot-Assisted Instruction Using Problem-Based Learning on Problem-Solving 
Ability 

Educational robotics applications, particularly AI-powered robots, offer significant opportunities for 
developing students’ problem-solving skills. Ouyang and Xu (2024) conducted a multi-level meta-analysis 
demonstrating that educational robotics enhance learning performance in STEM education, stimulate student 
interest, and develop cognitive thinking skills. The research results revealed that robot-assisted learning 
environments outperformed traditional classroom environments in terms of students’ performance on 
problem-solving tests and group project outcomes. Bellas et al. (2024) examined how long-term classroom 
technologies based on intelligent robotics transform education in the age of AI. The study noted that robots 
dramatically shorten students’ data organization time and enable groups to focus more on problem analysis 
and decision-making processes. This increases both the efficiency and quality of problem-solving. 

Bertacchini et al. (2022) found that students showed significant improvements in computational thinking 
skills in an educational robotics lab using the PjBL approach and the NAO robot. Students demonstrated 
improvements in systematic thinking and decision-making strategies while interacting with the robot to tackle 
complex problems. Yang et al. (2023) demonstrated that a gamified AI-supported educational robot system 
significantly increased students’ learning success, improved their learning motivation, flow experiences, and 
problem-solving tendencies. The study emphasizes that the robots’ provision of instant feedback enabled 
students to take a more active role in the problem-solving process and made them more willing to seek 
alternative solutions. 



 
Nasongkhla & Shieh 

6 / 18 Contemporary Educational Technology, 17(4), ep603 
 

Fung et al. (2025) conducted a comparative study examining the effect of learning interaction with 
multimodal robots on student participation. The findings show that robot interaction increases students’ 
emotional, behavioral, and cognitive participation and provides inclusive learning environments for students 
with different learning needs, including those with dyslexia. Huang et al. (2025) found that an AI-supported 
personalized two-tiered PBL approach improved students’ reading performance and problem-solving skills. 
In this study, conducted using generative AI, it was determined that receiving personalized feedback and 
guidance according to students’ cognitive levels positively affected learning outcomes. Long-term follow-up 
studies show that students have made significant progress in the speed and accuracy of their responses to 
new problem scenarios. Interviews reveal that students generally find this approach “challenging but 
rewarding” and that this motivates them to discover the fundamental principles or methods behind each 
problem. 

Impact of AI Robot-Assisted Instruction Using Problem-Based Learning on Learning 
Outcomes 

Students who learn in surroundings of robots that use AI show big increases on tests of their knowledge 
and grasp of concepts. Bertacchini et al. (2022) noted that students in the experimental group achieved 
superior scores compared to those in the control group during an educational robotics laboratory utilizing 
the project-based methodology. Interviews with students showed that they were more likely to ask the robot 
for help and more interested in exploring physical phenomena on their own. Kong et al. (2024) executed a 14-
hour course utilizing the PjBL methodology to enhance AI literacy. 

The study’s findings indicated that students exhibited considerable enhancements in their AI problem-
solving abilities and levels of empowerment, as well as a notable increase in their ethical comprehension. It 
was found that PjBL improved students’ problem-solving skills and helped them evaluate the ethical use of 
AI. 

Zhou et al. (2025) conducted a systematic bibliometric review on online PjBL. The study emphasized that 
the use of AI and virtual reality technologies is critical in developing collaboration, critical thinking, and 
problem-solving skills. It was noted that multi-channel digital teaching methods can improve the quality of 
distance education. 

Yang et al. (2023) demonstrated that a gamified AI-supported educational robot system significantly 
increased student learning success in laboratory safety courses. The system significantly increased learning 
efficiency and the sense of achievement by providing students with real-time feedback. Students reported 
that “real-time assessment” significantly improved their learning processes. (Fung et al., 2025) conducted a 
comparative study examining the effect of multimodal robots on student engagement. Findings showed that 
robot interaction encouraged students’ participation in classroom interactions and yielded satisfactory results 
for both students and educators. 

Ouyang and Xu (2024) conducted a multi-level meta-analysis showing that educational robotics improved 
students’ learning performance, motivation, and computational thinking skills in STEM education. The 
research revealed that robot-assisted learning had a moderate but statistically significant positive effect 
compared to traditional learning methods (g = 0.57). 

Nannim et al. (2025) demonstrated that PjBL with Arduino robots has a significant impact on 
undergraduate students’ success in robotic programming and task persistence. The platform provided equal 
learning opportunities to all students, actively engaging them in the learning process. The study showed that 
hands-on interaction and engaging activities increased student success. 

In complex and interdisciplinary projects, it was observed that students were less likely to lose direction 
with the help of real-time cues from the robot. Groups maintained a high level of collaboration, and the overall 
integration and completion of projects were significantly better than in the control group. 

METHODOLOGY 

This study adopts a quasi-experimental design with a treatment and a control group to examine the effect 
of an AI-supported learning intervention when random assignment is not feasible (Cook et al., 2002). We 
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describe participants, procedures, instruments, and analytic decisions with emphasis on transparency and 
reproducibility. Measurement quality is evaluated using confirmatory factor analysis (CFA) and reliability 
indices consistent with current recommendations (Brown, 2015; McNeish, 2018). 

Figure 1 summarizes the study in three sequential phases. Phase 1 establishes the conceptual framework 
and maps the research plan. Phase 2 prepares the instructional materials and develops the data-collection 
instruments. Phase 3 executes the quasi-experimental design, conducts data collection, and completes 
analysis and reporting–closing the loop from design to dissemination. 

Data Collection Tools 

This section describes the instruments used to capture the study’s key constructs. Tools align with the 
conceptual framework and target three areas: SDL, problem-solving, and learning outcomes. Each scale was 
adapted from established measures and reviewed by domain experts for content relevance. Items use a 
Likert-type response format, with higher scores indicating stronger levels of the construct. We refined wording 
through small pilot checks and clarity edits. At the end of the intervention period, participants completed the 
full battery along with brief demographic items. Scale scoring, reliability, and validity evidence (e.g., CFA and 
internal consistency) are reported before the group comparisons. 

Self-directed learning 

SDL was assessed with a three-factor, nine-item scale adapted to the course context (Fooladvand & Nadi, 
2019; Kar et al., 2019; Kumar et al., 2021). The subscales are self-management, desire for learning, and self-
control (three items each). Items used a Likert-type response format, with higher values indicating stronger 
SDL. Subscale scores are the mean of their items; the overall SDL index is the mean of all nine items. 

Self-management: Refers to an individual’s ability to manage time, utilize resources, and plan learning 
progress. Sample questionnaire items include: “When I encounter new knowledge, I actively consult usage 
guidelines or relevant literature to ensure accuracy”; “Before starting a new learning session, I develop a 
detailed study plan”; “I regularly review my learning progress and adjust my study strategies as needed.” 

Desire for learning: Indicates the continuous pursuit of professional knowledge and an intrinsic interest 
in maintaining high-quality learning. Sample questionnaire items include: “I actively seek opportunities to 
learn the latest academic knowledge and skills”; “I have a strong passion for enhancing my knowledge and 
abilities”; “Even outside of class, I attend relevant seminars or additional courses to further develop my 
professional capabilities.” 

Self-control: Involves the ability to persevere toward goals and not give up when facing pressures or 
uncertainties during the learning process. Sample questionnaire items include: “When I encounter difficulties 
in my studies, I remain calm and continuously look for solutions”; “Even under time pressure, I persist in 

 
Figure 1. Research process (Original diagram by authors) 
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completing my scheduled learning tasks”; “When faced with uncertainties during learning, I actively reflect 
and adjust my strategies instead of giving up easily.” 

Construct validity was supported by a three-factor CFA, which showed good fit, χ²/df = 1.88, CFI = .987, TLI 
= .981, SRMR = .026, RMSEA = .051 (90% confidence interval [CI] [.027, .074]. Internal consistency was 
acceptable to high across subscales: self-management α = .892, ω = .892; desire for learning α = .854, ω = .855; 
self-control α = .850, ω = .855. These metrics indicate that the scale captures distinct yet related facets of SDL 
suitable for group comparisons in the present design. 

Problem-solving ability 

Problem-solving ability (PSA) was measured with a three-factor scale capturing exploration and 
understanding, strategy selection, and monitoring and adjustment (four items per subscale; 12 items total). Items 
were adapted from established problem-solving measures and tailored to the course context (Hesse et al., 
2015; OECD, 2017). Responses used a 5-point Likert format (1 = strongly disagree to 5 = strongly agree). 
Subscale scores are computed as the mean of their items; a total PSA score is the mean of all 12 items, with 
higher values indicating stronger PSA. 

Exploring and understanding: The ability to accurately define the scope and key points of a problem. 
Sample questionnaire items include: “When I face a challenging academic task, I can quickly identify the key 
elements of the problem”; “I am able to clearly describe the components of a complex problem and their 
interrelationships”; “I can break down a complex problem into parts that are easier to understand”; “When 
confronted with a new problem, I swiftly grasp its overall structure and main content.” 

Strategy selection: The capability to choose the most appropriate solution among several alternatives 
based on the context. Sample questionnaire items include: “When dealing with a complex problem, I 
proactively list multiple potential solutions and evaluate their feasibility”; “I can select the most suitable 
strategy based on the nature of the problem rather than relying on just one method”; “I am good at comparing 
different solutions and choosing the most effective one”; “When solving a problem, I consider the risks and 
benefits of each option.” 

Monitoring and adjustment: The practice of continually checking one’s progress and modifying 
strategies based on feedback during problem-solving. Sample questionnaire items include: “I frequently 
reflect on whether my problem-solving strategy is effective and make adjustments as needed”; “When my 
solution doesn’t work, I quickly adopt a new strategy to overcome the challenge”; “During the problem-solving 
process, I am able to promptly detect my mistakes and correct them”; “I regularly check if I have deviated from 
my original plan and, if necessary, re-plan my approach.” 

A three-factor CFA supported the intended structure, χ²/df = 3.11, CFI = .958, TLI = .945, SRMR = .035, 
RMSEA = .080 (90% CI [.066, .094]. Internal consistency was acceptable to high across subscales: exploring and 
understanding α = .894 ; ω = .895, strategy selection α = .886 ω = .887; monitoring and adjustment α = .886, ω = 
.887. These metrics indicate that reliable measurement suitable for group comparisons within the quasi-
experimental design. 

Learning outcomes 

Learning outcomes were assessed with a two-factor scale comprising process outcomes (six items; learning 
process quality) and learning outcomes (six items; perceived performance and goal attainment). Items used a 
5-point Likert format (1 = strongly disagree, 5 = strongly agree). Subscale scores are the mean of their items; 
a total learning outcomes score is the mean of all 12 items. Higher values indicate stronger outcomes. The 
measurement of learning outcomes in this study is based on the dimensions and items proposed by research 
(Erikson & Erikson, 2018; Li et al., 2023). 

Learning process: Encompasses student participation, reflection, and the adjustment of strategies during 
the learning process. Sample questionnaire items include: “I actively participate in class discussions and 
frequently share my viewpoints”; “I take the initiative to interact with teachers and classmates to better 
understand the course content”; “I regularly reflect on my learning methods and evaluate whether I have 
achieved my goals”; “I keep a record of my learning progress and use it to assess my performance”; “After 
receiving feedback from my teacher, I proactively adjust my study strategies to improve my outcomes”; “If I 
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find that my understanding of a particular section is insufficient, I seek additional learning resources to 
supplement it.” 

Learning outcomes: Refers to the final changes in knowledge, skills, and attitudes. Sample questionnaire 
items include: “I can clearly explain the main concepts and theories covered in this course”; “I can apply the 
knowledge I’ve learned to new situations and solve related problems”; “I am able to effectively utilize the skills 
I have acquired in practical tasks or projects”; “I believe that the skills taught in this course are highly beneficial 
for my professional development”; “I am satisfied with my learning experience in this course and feel it has 
enhanced my professional capabilities”; “Through this course, I have gained confidence and motivation for 
future learning.” 

A two-factor CFA supported the intended structure, χ²/df = 1.14, CFI = .998, TLI = .997, SRMR = .028, RMSEA 
= .020 (90% CI [.000, .042]; estimator = [ML/MLR/WLSMV, specify]). Internal consistency was excellent: Process 
α/ω = .938 and outcomes α/ω = .931, indicating precise and stable measurement suitable for group 
comparisons within the quasi-experimental design. 

Sample 

The study included two intact course sections assigned to control (n = 102; 54 male, 48 female) and 
treatment (n = 104; 68 male, 36 female) conditions (Table 1). Participants were undergraduate students 
enrolled in public administration department in Taiwan. Inclusion criteria were enrolled in the target course 
and consent to data use. Students with incomplete post-intervention surveys were excluded listwise from 
scale-level analyses.  

Course Material Content 

This study uses a procurement robot board game as the course content. The board game is inspired by 
the image recognition technology used in the Amazon Go unmanned store’s shopping cart and incorporates 
game elements. In the experimental group, learners must apply IoT principles to control the procurement 
robot and utilize image recognition technology to “purchase” materials–strategically collecting the items 
required by the game’s shopping list. In contrast, the control group receives instruction through traditional 
teacher-led lectures. For the blended learning component, the study employs the Google Classroom platform 
to support learning. Through this platform, learners can access all necessary course resources, including 
instructional videos and presentation slides. Course assignments are distributed via the assignment 
submission area, and an online discussion board is provided to enhance interaction throughout the course. 

Experimental Design 

Control group course design 

The control group utilizes a traditional lecture-based approach. In this setup, key course content, 
supplemental information, and practical reviews are delivered through teacher-led verbal explanations within 
a PBL framework. As students complete their learning records, they are encouraged to ask questions at any 
time to the teacher or teaching assistant. For the practical component, learners engage with instructional 
videos and other resources available on the online platform, which include a series of sequential tasks. 

Experimental group course design 

The experimental group integrates the PBL process through a Q&A robot. Students follow the PBL steps 
to answer questions, with course content and duration identical to that of the control group. Here, key points, 

Table 1. Distribution of gender based on the groups 
Group  N 

Experimental 
Male 68 
Female 36 
Total 104 

Control 
Male 54 
Female 48 
Total 102 
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additional content, and practical reviews are still communicated via teacher lectures; however, each module 
also includes a set of questions posed by the Q&A robot. Learners must search for answers in the instructional 
videos or online resources and respond accordingly. After responding, the robot provides reference answers, 
allowing students to reflect on their responses. Finally, the teacher consolidates the various questions and 
conducts a class-wide review and course summary. This Q&A robot is designed to guide learners in focusing 
on critical content within each module, encouraging them to seek answers independently from the videos or 
online and thereby deepening their understanding. The emphasis is on fostering student autonomy and 
active participation, with the teacher playing a supporting role by guiding learners to complete specific tasks 
at designated times, which helps minimize disparities in group progress. 

Comparison between control and experimental groups 

In the control group, the traditional lecture method is used within a PBL framework, where teachers deliver 
content verbally and students ask questions as needed. In the experimental group, however, the PBL process 
is implemented with students following the established PBL steps–namely, clarifying the problem (I), gathering 
data (G), generating solutions (G), implementing solutions (I), and assessing/improving (A)–with the Q&A robot 
replacing the role of the teacher during the Q&A segment. Both groups use the same online instructional 
platform with access to videos and presentation slides, but the experimental group benefits from the 
additional guidance of the Q&A robot. In both groups, a Q&A session is conducted at the end of each module: 
in the control group, students are responsible for asking questions, while in the experimental group, the Q&A 
robot presents multiple questions. Learners then search for the answers in the instructional materials or 
online, respond to the robot’s questions, and finally, check their responses against the provided reference 
answers. 

The intervention consists of AI robot-assisted instruction using a PBL approach, implemented over 16 
weeks (3 hours per week, totaling 48 hours).  

Data Analysis 

We followed a transparent, stepwise plan. First, we screened data for completeness and plausibility. There 
is no missing data. Primary group comparisons used Bayesian independent-samples t-tests for each subscale 
and total score. We report BF₁₀ (evidence for the alternative over the null), the posterior median of the mean 
difference, and its 95% CIs. Unless otherwise noted, we used the default Cauchy prior on standardized effect 
size (r = 0.707), which is appropriate for psychology and education applications (Rouder et al., 2009; 
Wagenmakers et al., 2018). For interpretation, we use conventional labels as rough guides: BF₁₀ ≈ 1 
(anecdotal), ≈ 3 (moderate), ≥ 10 (strong) (Kass & Raftery, 1995).  

Because our inference is Bayesian and focused on evidence quantification rather than null-hypothesis 
rejection, we did not apply null-hypothesis multiple-comparison corrections. Still, we present the full pattern 
of Bayes factors and effect sizes across outcomes to support cautious, construct-level interpretation 
(Wagenmakers et al., 2018). All analyses were conducted in JASP 0.19.3, which provides validated 
implementations for CFA (via lavaan) and Bayesian t-tests, along with reproducible output (JASPTeam, 2025). 
Visualizations use raincloud plots to display raw data, distribution shape, and summary statistics in a single 
figure (Allen et al., 2019). 

FINDINGS 

Self-Directed Learning 

The experimental group shows a clear rightward shift, with many scores clustered near 4.5-5.0 and a 
higher mean marker than the control group (Figure 2). The control group centers near 4.0-4.2 and has a 
thicker lower tail around 3.2-3.8. The box and whiskers suggest slightly lower dispersion for the experimental 
group, consistent with its smaller SD. A few low outliers appear in both groups, but high scores are more 
frequent in the experimental group. Overall, the distribution indicates better and more consistently strong 
self-management under the Q&A-robot conditions, while some overlap remains between groups. A Bayesian 
t-test was performed to determine whether the experimental and control groups differed according to the 
dimensions of SDL. 
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For the three SDL facets (SMa, SMb, and SMc), the experimental group scored higher than the control 
group on every comparison (Table 2). For SMa, the experimental mean was 4.542 (SD = 0.61) versus 4.229 (SD 
= 0.689) in the control group, with BF₁₀ = 14.011. This is strong evidence for a group difference and points to 
a clear gain in planning and resource use under the Q&A-robot condition. For SMb, the experimental mean 
was 4.474 (SD = 0.539) versus 4.219 (SD = 0.677), with BF₁₀ = 4.000. This is moderate evidence and suggests a 
meaningful, though smaller, advantage for the experimental group. For SMc, the experimental mean was 
4.404 (SD = 0.517) versus 4.239 (SD = 0.610), with BF₁₀ = 1.122. This provides only anecdotal evidence, so the 
difference is uncertain. 

Taken together, the pattern favors the experimental design. The largest and most reliable gain appears 
on SMa, which fits the mechanism of the Q&A robot: prompt-driven searching, immediate reference answers, 
and frequent checks likely reinforced planning and time management. SMb also benefits, consistent with 
more active engagement in tasks. SMc shows a small mean advantage but weak evidence, which suggests 
persistence and control may be more stable or may need a longer exposure to change. Overall, robots seem 
to strengthen day-to-day self-management processes while effects on sustained self-control are less certain. 

Problem-Solving Ability 

The PS chart shows a clear shift in favor of the experimental group (Figure 3). The experimental scores 
cluster around 4.3-4.8 with many points near 5.0. The mean marker is higher than the control group. The 
control group centers closer to 4.0 and has a longer lower tail down to about 3.0. The experimental box is 
higher and slightly tighter, which matches the smaller SD. There are a few low outliers in both groups, but 
they are more frequent in the control group. This pattern supports Table 3: the robot condition improves 
problem-solving, with the strongest lift at the upper end of performance. A Bayesian t-test assessed 
differences in problem-solving subskills between the experimental and control groups. 

For problem-solving, the experimental group scored higher than the control group on all three facets 
(Table 3). For Psa (Exploring and understanding), the experimental mean was 4.349 (SD = 0.538) versus 4.115 
(SD = 0.617), with BF₁₀ = 3.886. This is moderate evidence for a real difference. It suggests the Q&A robot 
helped students define problems and extract key elements more clearly. For PSb (strategy selection), the 
experimental mean was 4.349 (SD = 0.497) versus 4.115 (SD = 0.769), with BF₁₀ = 1.813. This is weak-to-
moderate evidence. It points to a likely, but less certain, advantage in choosing and comparing solution 
methods. For PSc (monitoring and adjustment), the experimental mean was 4.389 (SD = 0.524) versus 4.174 
(SD = 0.754), with BF₁₀ = 1.145. This is only anecdotal evidence, so the difference is uncertain. 

 
Figure 2. Rainclouds plot of SDL scale based on group (Original diagram by authors) 

Table 2. Bayesian t-test result related to SDL based on group 
 Group N Mean SD BF₁₀ W Rhat 

Self-management 
Experimental 104 4.542 0.61 

14.011 6,787.500 1.001 
Control 102 4.229 0.689 

Desire for learning 
Experimental 104 4.474 0.539 

4.000 6,428.000 1.001 
Control 102 4.219 0.677 

Self-control 
Experimental 104 4.404 0.517 

1.122 6,152.000 1.000 
Control 102 4.239 0.610 
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Overall, the pattern fits the course design. The robot’s prompts and reference answers likely supported 
early steps of the PBL cycle, especially clarifying and structuring problems. Gains in strategy selection and self-
monitoring appear smaller and less certain, which may require more time-on-task or stronger scaffolds to 
solidify. The W statistics are consistent with the direction of effects, and Rhat ≈ 1.00 indicates stable Bayesian 
estimation. In short, the Q&A-supported PBL shows its clearest benefit in how students frame problems, with 
tentative advantages in choosing and revising strategies. 

Learning Outcome 

The LO chart mirrors the table pattern (Figure 4). The experimental group sits higher overall, with many 
scores between 4.3 and 5.0 and a mean marker above the control group. The control group centers closer to 
~4.0 and shows a longer lower tail, with several points near 3.0. The box for the experimental group is higher 
and slightly tighter, suggesting better outcomes and a bit less spread. The chart supports moderate gains in 
learning process and a modest advantage in final outcomes under the Q&A-robot condition. Overlap remains, 
but the density peak for the experimental group is clearly shifted upward. A Bayesian t-test was used to 
examine whether there were differences in specific learning outcomes between the experimental group and 
the control group. 

For learning outcomes, the experimental group scored higher on both facets (Table 4). For Loa (learning 
process), the experimental mean was 4.409 (SD = 0.551) versus 4.186 (SD = 0.664), with BF₁₀ = 3.194. This is 
moderate evidence for a real difference. It suggests the Q&A robot supported participation, reflection, and 
strategy adjustment during study. For lob (final learning outcomes), the experimental mean was 4.439 (SD = 

 
Figure 3. Rainclouds plot of PSA scale based on group (Original diagram by authors) 

Table 3. Bayesian t-test result related to PSA based on group 
 Group N Mean SD BF₁₀ W Rhat 

Exploring and understanding  
Experimental 104 4.349 0.538 

3.886 6,410.500 1.000 
Control 102 4.115 0.617 

Strategy selection  
Experimental 104 4.349 0.497 

1.813 6,150.500 1.000 
Control 102 4.115 0.769 

Monitoring and adjustment 
Experimental 104 4.389 0.524 

1.145 6,108.500 1.000 
Control 104 4.349 0.538 

 

 
Figure 4. Rainclouds plot of learning outcomes scale based on group (Original diagram by authors) 
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0.629) versus 4.198 (SD = 0.779), with BF₁₀ = 1.482. This is anecdotal to weak evidence. The mean gap favors 
the experimental group, but the strength of evidence is modest. 

Taken with the earlier results, the pattern is consistent. The robot shows its clearest effects on process-
oriented skills and behaviors. Students plan better, frame problems more clearly, and stay engaged with the 
tasks. Gains on final outcomes are present but less certain. A longer duration, more transfer tasks, or tighter 
alignment between robot prompts and assessments may help translate process gains into stronger 
performance effects. The W and Rhat values indicate stable estimation and do not conflict with these 
conclusions. 

DISCUSSION 

This study showed that using robots in PBL has a favorable and important effect on student outcomes. 
The most significant improvement occurred in the “self-management” aspect of SDL. This outcome aligns with 
existing data indicating that PBL initiates cycles of planning and self-regulation by assigning responsibility to 
students (Ge et al., 2025; Su et al., 2025). The demonstrated superiority in problem-solving and 
comprehension/discovery skills aligns with the structure of PBL, which fosters critical thinking and knowledge 
transfer. Recent reviews covering higher education samples show that PBL leads to meaningful increases in 
cognitive outcomes (Su et al., 2025). Educational robot support may have amplified this effect through 
feedback quality and personalization. Multilevel meta-analyses show that robot-assisted instruction produces 
positive effects on achievement, attitudes, and computational thinking, particularly in STEM contexts; the 
effect may vary depending on the robot’s role and type of interaction (Ouyang & Xu, 2024; Trapero-González 
et al., 2024). The findings indicate that AI/robot feedback produces more effective learning outcomes when it 
is prompt and comprehensive. Recent studies of intelligent tutoring systems and AI feedback highlight that 
customized and clarifying feedback substantially improves learning, although the effect is dependent on 
context (Fleckenstein et al., 2023; Kaliisa et al., 2025). 

Our results concerning SDL align with meta-analyses indicating moderate effects of self-regulation tools 
on academic outcomes in online and mixed learning contexts. This parallel theoretically elucidates the self-
management improvements observed in our study (Guntur & Purnomo, 2024; Yu et al., 2025). Nonetheless, 
the literature indicates that impact estimates for AI interventions are inconsistent. The effect might change 
depending on the type of feedback, how well the content fits, the teacher’s role, and how well the plan was 
carried out. In applications employing extensive language models such as ChatGPT, effects have been noted 
to fluctuate based on context (Kaliisa et al., 2025; Wang & Fan, 2025). So, when we talk about our positive 
results in general, we need to focus on the conditions in which they happened. 

This study has some limitations. Quasi-experimental assignment carries the risk of selection bias. Self-
report-based measures might result in social desirability and recall bias. The particulars of the robot’s 
intervention (feedback content, delay, accuracy check) may have influenced the outcomes. The literature 
indicates that the functionality of the robot/AI and the organization of the feedback are pivotal elements 
affecting the outcome (Letourneau et al., 2025; Ouyang & Xu, 2024). Three recommendations emerge for 
application and research. First, feedback design should be aligned with PBL stages and be explanatory (Kaliisa 
et al., 2025). Second, the robot’s role as “instructor/peer/facilitator” should be clearly defined and selected to 
match the task (Xu & Ouyang, 2025). Third, behavioral and product-based indicators should be added to SDL 
measurements (Guntur & Purnomo, 2024). 

Overall, the findings indicate that robot-assisted PBL can produce meaningful and practically valuable 
effects on self-regulation, problem-solving, and comprehension. This effect is enhanced by appropriate 
feedback design and a clarified robot role; however, contextual elements must be closely managed. 

Table 4. Bayesian t-test result related to learning outcomes based on group 
 Group N Mean SD BF₁₀ W Rhat 

Learning process  
Experimental 104 4.409 0.551 

3.194 6,312.500 1.001 
Control 102 4.186 0.664 

Learning outcomes 
Experimental 104 4.439 0.629 

1.482 6,247.500 1.000 
Control 104 4.198 0.779 
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CONCLUSION 

This study demonstrates that robot-assisted PBL can produce meaningful gains in SDL, problem-solving, 
and comprehension levels. The most significant increase was observed in the self-management dimension. 
Students demonstrated more consistent behaviors in planning the work process, completing tasks on time, 
and effectively using learning resources. The rise in problem-solving and comprehension/discovery skills is 
strengthened when PBL’s metacognitive flow is combined with the robot’s timely and explanatory feedback. 
The findings show that well-designed robot support can increase learning outcomes through the functions of 
guidance, prompting, and error conversion in the PBL cycle. 

The study’s contribution to the literature stands out in three dimensions. First, by systematically testing 
robotic support in a PBL context, it provides detailed evidence on the sub-dimensions of SDL; specifically, the 
increase in self-management concretizes the general findings in the field at the discipline and context levels. 
Second, by focusing not only on success but also on process indicators, it reveals the relationship between 
the quality of feedback and learning outcomes. Third, by using a Bayesian reporting approach, it transparently 
discloses the degree of evidence strength, thereby increasing the interpretability and reproducibility of the 
findings. 

Recommendations have been developed based on the study results. The role of robots in learning 
environments should be clearly defined and aligned with the course objectives; a structure that provides 
facilitative and explanatory feedback should be preferred. Feedback should be timely, detailed, and directly 
related to the task; explanations that go beyond right-wrong information support student self-management 
and lasting learning. Application fidelity should be monitored regularly; checklists, sample interaction 
scenarios, and deviation logs should be kept for each session. Measurement strategies should be enriched 
with performance tasks, product quality, and behavioral traces alongside self-report scales; thus, the transfer 
of acquired gains to real tasks can be assessed more reliably. To increase the generalizability of the design, 
multiple studies should be planned across different disciplines, different institutions, and with longer follow-
up intervals. In Bayesian reporting, effect size estimates and CIs should be provided regularly, clearly 
presenting the levels of evidence. Finally, regulatory variables such as student diversity, teacher support, and 
content difficulty should be defined in advance; these variables should be modeled systematically to 
determine under which conditions the effect is highest. 

Overall, the findings indicate that robot-assisted PBL is a pedagogically robust and scalable approach. The 
sustainability of the effect depends on the quality of feedback design, the clarity of role definitions, and the 
multidimensional design of assessment processes. When these principles are observed, robot-assisted PBL 
has the potential to produce lasting learning outcomes across different disciplines and student profiles. 
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