
 

Contents lists available at ScienceDirect

International Journal of Human - Computer Studies

journal homepage: www.elsevier.com/locate/ijhcs  

GPTalk: LLM-based virtual companions for metacognitive growth

in self-regulated e-learning

In-Taek Jung a,1 iD, ChungHa Lee a,1 iD, In-Chang Baek a iD, Dongik Oh a iD, Youjin Choi a iD, 

KyungJoong Kim a iD, Duk-Jo Kong b,∗ iD, Jin-Hyuk Hong a,∗ iD
a College of Information and Computing, Department of AI Convergence, Gwangju Institute of Science and Technology, 123 Cheomdangwagi-Ro, Buk-Gu, Gwangju, 

61005, the Republic of Korea
b College of Information and Computing, Graduate School of AI Policy and Strategy, Gwangju Institute of Science and Technology, 123 Cheomdangwagi-Ro, Buk-Gu, 

Gwangju, 61005, the Republic of Korea

H I G H L I G H T S

• GPTalk supports metacognitive development by enabling interactive learning with LLM-based virtual agents.

• Formative interviews with students and teachers provided practical insights into the design of metacognitive support in e-learning environments.

• GPTalk offers interactive support to foster students’ self-regulated learning in solitary e-learning environments.
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A B S T R A C T

Although students need to self-monitor and manage their learning process for effective metacognition, it can be 

particularly challenging in solitary e-learning environments that rely on pre-recorded videos. Unlike interactive 

e-learning or physical classrooms, typical e-learning environments prevent students from interacting with their 

teachers and peers, thereby hindering metacognitive support. To address this challenge, we introduce GPTalk, a 

system designed to support students’ learning experiences by facilitating interactions with LLM-based virtual com­

panions. Through interviews with students and teachers, we identified design recommendations and implemented 

them in GPTalk. A user study involving 32 high-school students demonstrated that, compared to a baseline sys­

tem, GPTalk fostered richer metacognitive engagement and self-regulated learning processes during video-based 

study (e.g., more monitoring questions and in-situ reflections), while short-term content understanding accuracy 

remained comparable across conditions. Overall, our findings suggest that students’ interactions with a virtual 

teacher and peer can support key aspects of their metacognition and self-regulated e-learning processes.

1 . Introduction

In e-learning environments, metacognition is crucial for helping 

learners effectively manage their learning process. Metacognition, which 

represents an individual’s ability to plan, monitor, and evaluate their 

understanding and learning strategies (Flavell, 1979), is particularly 

important in the context of typical e-learning (Kizilcec et al., 2013), 

wherein learners often need to assume greater responsibility for their 

education (Dresel and Haugwitz, 2008) owing to the lack of direct 

teacher guidance and peer interaction (Fetzner, 2013). While group-

based learning in traditional classrooms supports the metacognitive 

development of learners through real-time feedback and dynamic in­

teractions (Bailenson et al., 2008; Graesser et al., 1999; Messinger et al., 

2019), common e-learning environments fail to provide opportunities 

for such rich interactions (Lee et al., 2015). Consequently, learners may 

struggle to monitor their progress and accordingly adjust their learning 

strategies, which can negatively impact their overall learning outcomes.

Metacognition encompasses two interrelated components: metacog­

nitive knowledge, which reflects learners’ awareness of their cogni­

tive processes and learning strategies (Schraw and Moshman, 1995;

Pintrich, 2002), and metacognitive skills, the practical application of 
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this knowledge to regulate and execute cognitive activities (Zimmerman, 

1989). Together, these elements serve as the foundation for metacogni­

tive regulation, a high-level control mechanism that enables learners 

to actively manage and optimize their learning through the processes 

of planning, monitoring, and evaluating (Winne, 1998). At the heart 

of metacognitive regulation is monitoring, which plays a critical role in 

guiding learners to observe and assess their cognitive states and learning 

progress (Nelson, 1990). By facilitating ongoing evaluation, monitoring 

enables learners to make real-time adjustments to their understanding, 

strategies, and overall performance. This process is particularly vital 

in SRL, where the integration of cognitive, motivational, behavioral, 

and emotional dimensions is essential for success. The effectiveness of 

metacognitive monitoring is often assessed through calibration (Schraw, 

2009), which measures how accurately learners evaluate their com­

prehension, performance, and progress. Calibration acts as a feedback 

mechanism, helping learners identify discrepancies between their per­

ceived and actual understanding. Accurate calibration not only allows 

for efficient strategy adjustments tailored to individual needs (Thiede 

et al., 2003; Schraw and Dennison, 1994) but also sustains confidence, 

reinforces motivation, and enhances overall learning outcomes.

Recent advancements in Large Language Models (LLMs) have en­

abled near-human interactions and real-time responses (Bubeck et al., 

2023; Kang et al., 2024; Tamoyan et al., 2025), opening new possibil­

ities for enhancing cognitive engagement in educational domains (Gan 

et al., 2023; Wang et al., 2024). Various studies have demonstrated 

how LLMs can simulate human-like interactions to foster meaningful 

learning experiences by personalizing feedback (Morales-Chan et al., 

2024) and promoting deeper cognitive engagement through vicarious 

dialogues (Choi et al., 2024; Tanprasert et al., 2023) and interactive 

learning tools (George and Dewan, 2024). Building on these capabili­

ties, emerging research has begun to explore the potential of LLMs to 

support SRL in e-learning environments, leveraging their advanced per­

sonalization, reasoning, and real-time processing abilities (Kumar et al., 

2024; Steinert et al., 2023). These studies demonstrate the consider­

able potential of LLMs in supporting SRL. However, considering the 

rapid advancements in LLM technology in recent years, research on their 

applications in e-learning environments is still in its early stages and 

requires further exploration across diverse learning environments and 

contexts. In this study, we propose methods to utilize LLMs for support­

ing metacognition in solitary e-learning environments, contributing to 

ongoing efforts in this emerging area and advancing understanding of 

how LLMs can effectively facilitate SRL.

In this paper, we specifically aim to answer the following research 

questions (RQs):

• RQ1. What are the key design recommendations for developing 

LLM-based systems to support metacognition in solitary e-learning 

environments?

• RQ2. How can an e-learning system enhance students’ metacogni­

tive monitoring abilities and content understanding?

• RQ3. How does an e-learning system support students’ percep­

tions of metacognitive usefulness and enrich their overall learning 

experiences?

To answer these RQs, we conducted in-depth interviews with stu­

dents and teachers to understand their interaction strategies and ap­

proaches for promoting metacognition in classroom settings. Based on 

the acquired insights, we established a set of design guidelines to im­

prove the self-regulated e-learning experience. Using these guidelines for 

enhancing metacognitive growth, we developed GPTalk, a system that 

automatically generates interactions within pre-recorded lectures to em­

ulate the diverse dynamics of offline classes. Through both quantitative 

and qualitative evaluations, we assessed the effectiveness of GPTalk in 

fostering metacognitive skills. Compared to a RAG-based Baseline sys­

tem, GPTalk fostered richer metacognitive monitoring and SRL-related 

behaviors during the video-based study (e.g., more monitoring questions 

and in-situ reflections), while short-term content understanding accu­

racy remained comparable across conditions. Based on these findings, 

we discuss future directions for developing e-learning systems that can 

better support learners’ cognitive and metacognitive needs.

The contributions of this study are as follows:

• Derivation of design recommendations (DRs) to promote 

metacognition: Through formative interviews with ten students 

and eight teachers, we derived system design recommendations to 

enhance metacognitive support in self-regulated e-learning.

• Development of GPTalk: GPTalk, an LLM-based system, trans­

forms an isolated e-learning experience into an interactive learn­

ing experience. It adapts to user interaction logs and emulates 

classroom-like interaction.

• Empirical evidence of process-level impact on metacognition 

and SRL: A user study with 32 students showed that, compared to 

a Baseline, GPTalk fostered richer metacognitive monitoring and 

self-regulated learning behaviors (e.g., more monitoring questions 

and in-situ reflections) during a video-based study.

These contributions provide a foundation for advancing e-learning 

systems that move beyond mere content delivery, instead offering per­

sonalized, metacognitively rich interactions that can better support 

learners’ cognitive and metacognitive development.

2 . Background

2.1 . The importance of metacognition in e-learning environments

Metacognition refers to the awareness and control of one’s cognitive 

processes—understanding what one knows, what one does not, which 

strategies to employ, and how to improve them (Flavell, 1979; Schraw 

and Moshman, 1995). It serves as a key component of Self-Regulated 

Learning (SRL) (Panadero, 2017; Zimmerman, 1986), a foundational 

framework integrating cognitive, motivational, and emotional dimen­

sions of learning (Zimmerman, 1989). Since scholars began to distin­

guish between metacognition and SRL, this metacognition has guided 

advances in educational psychology (Zimmerman, 1986; Pintrich et al., 

1993), enabling learners to actively manage goals, monitor progress, and 

refine strategies (Panadero, 2017). Within the SRL framework, metacog­

nition functions as a high-level regulatory mechanism, directing learners 

in the effective use of cognitive strategies to enhance their overall 

learning process (Pintrich, 2002; Azevedo, 2009; Zimmerman, 2000).

The need for metacognitive skills becomes even more critical in soli­

tary e-learning environments (Azevedo, 2009; Azevedo and Cromley, 

2004; Dabbagh and Kitsantas, 2012; Tsai, 2009), where learners must 

independently navigate their cognitive processes without the immediate 

feedback and guidance typically available in traditional face-to-face edu­

cation (Azevedo, 2009; Dabbagh and Kitsantas, 2012). While traditional 

face-to-face education allows instructors to immediately identify and 

address learners’ misconceptions (Black and Wiliam, 1998; Hattie and 

Timperley, 2007), such instant interaction is limited online (Dabbagh, 

2007; Tsai and Tsai, 2003). In e-learning environments, learners can eas­

ily access diverse materials, such as audio, text, and video, but without 

metacognitive and self-regulatory guidance—like strategies provided 

by SRL—learning efficiency may not improve (Azevedo and Cromley, 

2004). As e-learning environments provide a high degree of freedom 

(Tsai and Tsai, 2003; Liaw and Huang, 2013), such as temporal and spa­

tial flexibility, and increasingly enhance access to learning materials and 

interactivity, the importance of self-regulation becomes even more criti­

cal for fully leveraging these advantages and achieving efficient learning 

outcomes (Barnard et al., 2009). Consequently, effective metacognitive 

supports that enable learners to accurately identify their knowledge gaps 

and proactively refine their learning strategies are essential (Tsai, 2009).

In e-learning environments, where SRL is increasingly recog­

nized as essential, a growing body of research focuses on deliver­

ing metacognitive and self-regulatory support. According to (Garcia 

et al., 2018), numerous studies have explored gamification approaches 
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(Anderson et al., 2014; Berkling and Thomas, 2013; Psathas et al., 2023;

Vapiwala and Pandita, 2023) and adaptive scaffolding for personaliza­

tion (Azevedo and Cromley, 2004; Shute, 2012) to bolster SRL. Such 

research aims to enhance motivation, increase learner engagement, and 

support the development of complex skills that are often challenging to 

cultivate independently. Alvarez et al. (2022) further noted that tools 

designed to support SRL in online learning environments are generally 

grounded in theoretical frameworks such as Zimmerman’s (Zimmerman, 

2000) or Pintrich’s SRL models (Pintrich, 2004), focusing on the core 

stages of SRL. These tools commonly support the metacognitive, moti­

vational, and behavioral aspects of SRL by leveraging features such as 

personalization, visualization, and real-time feedback. While effective in 

enhancing learner engagement and strategy use, they emphasize that im­

proving SRL tools requires an integrated approach with personalization, 

real-world applicability, and sustained learner motivation.

2.2 . Enhancing interactivity in e-learning with LLM support

Recent advancements in LLMs have achieved near-human levels of 

interaction, enabling systems to generate contextually aware, meaning­

ful, and dynamic responses (Bubeck et al., 2023). These capabilities 

have been leveraged in various domains, including education (Lai 

and Tu, 2024), to simulate human-like interactions that enhance user 

experiences (Kang et al., 2024; Tamoyan et al., 2025).

In educational contexts, LLMs have demonstrated the potential to 

create responsive learning environments through their real-time pro­

cessing and interactive conversational abilities (Gan et al., 2023; Wang 

et al., 2024). For personalized learning support, NotebookGPT (George 

and Dewan, 2024) assists students in solving programming problems 

by enabling interactions with GPT. A feedback system based on the 

LangChain framework (Morales-Chan et al., 2024) offers personalized 

feedback to students in e-learning environments through LLMs. To intro­

duce elements of observational learning by providing vicarious dialogue, 

two studies focus on enhancing cognitive engagement in e-learning. 

VIVID (Choi et al., 2024) converts online lecture videos into scripted 

content to help students better grasp concepts and promote cognitive en­

gagement through interactive learning experiences. Similarly, Scripted 

Vicarious Dialogue (SVD) (Tanprasert et al., 2023) enables students 

to engage with educational content through pre-scripted dialogues, fa­

cilitating learning even without direct interactions with instructors or 

peers. However, these systems primarily provide observational forms 

of interaction, where learners engage with scripted or pre-structured 

dialogues rather than actively co-constructing interactions with the

agents.

Recent studies have begun to explore how LLMs can foster SRL and 

metacognition in education. Early work emphasized feedback and reflec­

tion: Steinert et al. (2023) showed how teacher-designed prompts can 

guide LLMs to deliver formative feedback, while (Kumar et al., 2024) 

demonstrated that LLM-supported reflective dialogue enhances self-

efficacy and performance. More recent approaches extend to broader 

SRL processes. Ge et al. (2025) proposed a gamified LLM agent that ex­

plicitly supports planning, performance, and reflection; Li et al. (2025) 

used large-scale analytics to reveal how SRL strategies and scaffold­

ing interact to shape learning outcomes; Cohen and Cohen (Cohen and 

Cohen, 2024) introduced a motivational chatbot that integrates cog­

nitive, emotional, and motivational support; and (Fan et al., 2025) 

combined metacognitive scaffolds with LLM agents to strengthen reflec­

tive practice. Collectively, these works demonstrate promising directions 

for LLM-based SRL support, though many have tended to address specific 

phases of regulation or rely on teacher- or peer-mediated contexts. Our 

work builds on this foundation by focusing on the less-examined case 

of solitary e-learning, where learners lack immediate social interactions 

and require system-mediated scaffolds to regulate their learning.

While vicarious dialogues support conceptual understanding, peer 

and teacher agents extend this by actively engaging learners in reg­

ulating their own learning processes and reflecting on their thinking. 

Designing agents as peers has been shown to promote learners’ cre­

ative engagement and facilitate peer-like interactions (Liu et al., 2024). 

The use of virtual peers is grounded in the pedagogical rationale that 

sharing and refining diverse perspectives can expand learners’ thinking 

beyond individual capabilities (Tanprasert et al., 2023; Isohätälä et al., 

2017). Some studies intentionally introduced errors into peer agents to 

prompt students to teach or correct them, leveraging the learning-by-

teaching effect (Moribe and Ushiama, 2025). This approach supports 

deeper understanding and metacognitive development through the act 

of explaining and correcting others’ mistakes. As the importance of 

regulation beyond the individual level has gained attention (Hadwin 

et al., 2011), a growing number of tools now employ LLM-based agents 

in the role of virtual teachers to facilitate collaborative learning in e-

learning environments (Hao et al., 2025; Wang et al., 2025). These 

agents aim to replicate core teacher functions—delivering content, re­

sponding to questions, providing feedback, and motivating learners. 

Against this backdrop, our study explores the potential of positioning 

LLMs as metacognitive companions, with a particular focus on solitary 

video-based learning. Our contribution lies not in proposing a new con­

ceptual model but in contextualizing and operationalizing established 

SRL principles within this setting.

3 . Formative study for deriving design recommendations

3.1 . Theoretical foundation of DR1–DR4

In multi-person classes, the diverse and vivid interactions among 

teachers and peers play a crucial role in facilitating students’ metacog­

nitive processes, including planning, monitoring, and evaluating their 

learning processes. However, in solitary e-learning, these dynamic inter­

actions are often limited or altogether absent. To address this gap, we 

first grounded our design in Zimmerman’s SRL framework and estab­

lished an initial set of Design Recommendations (DR1–DR4) that map 

onto the forethought, performance, and self-reflection phases. We then 

conducted in-depth interviews with teachers and students to align these 

DRs with authentic instructional practices and to specify them into func­

tional elements of an LLM-based system. The interviews also surfaced 

recurrent needs around sustained motivation and peer interaction; these 

were subsequently codified as DR5 and DR6.

Our DR1–DR4 were grounded in Zimmerman’s SRL framework 

(Zimmerman, 2000), and the structure of each element was further 

informed by well-established pre-LLM SRL and scaffolding literature. 

Specifically, DR1 (goal setting and task analysis) draws on hypermedia 

prompting and scaffolding work (e.g., Bannert, 2006; Puntambekar and 

Hübscher, 2005) that operationalizes forethought via advance organiz­

ers, task analysis prompts, and planning supports. DR2 (self-monitoring 

and evaluation) and DR3 (adaptive strategy adjustment) were com­

posed from help-seeking and metacognitive tutoring principles in in­

telligent tutoring systems—e.g., diagnostic feedback, Socratic checks, 

and fading (Roll et al., 2007)—and conversational, metacognition-

oriented dialogue in tutoring systems (D’Mello and Graesser, 2012). 

DR4 (self-reflection and feedback) follows reflection-prompt traditions 

in computer-based learning (Bannert, 2006) and design exemplars that 

scaffold in-action and post-hoc reflection (e.g., Azevedo and Cromley 

(2004)) (Table 1.).

We selected these strands among many SRL approaches for four rea­

sons. First, they offer mechanism-level prescriptions (e.g., prompts, help-

seeking tutors, diagnostic feedback, fading) that are readily operational­

izable as system features. Second, taken together, they provide full-cycle 

coverage of Zimmerman’s phases (forethought–performance–reflection) 

with minimal redundancy. Third, they exhibit cross-domain robustness, 

having been replicated in hypermedia and ITS settings with college 

learners—an important prerequisite for transfer to solitary video-based 

learning. Fourth, their interaction patterns (turn-based prompts, con­

versational checks, adaptive feedback, reflective questioning) translate 

naturally to LLM-mediated interfaces. Together, these theoretical foun­

dations allowed us to present a structured set of four recommendations 
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Table 1 

Design recommendations (DR1–DR4) and their theoretical underpinnings.

No. DRs Theoretical underpinnings

1 Goal setting and 

planning

Supports learners in setting goals and analyzing tasks before learning; grounded in Zimmerman’s 

forethought phase and supported by scaffolding and hypermedia prompting studies (Bannert, 2006;

Puntambekar and Hübscher, 2005).

2 Self-monitoring and 

evaluation

Enables learners to monitor their understanding and evaluate progress during learning; aligned with 

Zimmerman’s performance phase and supported by studies on Socratic dialogue and metacognitive 

tutoring (Roll et al., 2007; D’Mello and Graesser, 2012).

3 Learning strategy 

adjustment

Provides adaptive feedback and scaffolding to help learners adjust strategies in real time; grounded in 

Zimmerman’s performance phase and supported by feedback-driven scaffolding and fading approaches 

(Roll et al., 2007; D’Mello and Graesser, 2012).

4 Self-reflection and 

feedback

Encourages learners to consolidate outcomes and reflect on their learning; aligned with Zimmerman’s 

self-reflection phase and supported by reflective prompt research (Bannert, 2006) and dialogic 

reflection systems (Azevedo and Cromley, 2004).

(DR1–DR4) as a coherent, academically justified basis for support­

ing SRL in solitary video-based learning, before extending them with 

DR5–DR6 via interview evidence.

3.2 . Formative interviews (Overview)

To concretize each DR into practically relevant system features, we 

examined instructional interactions between teachers and students in 

traditional classroom settings. The interviews aimed to capture the en­

tire learning process, including cognitive, behavioral, and emotional 

dimensions. The semi-structured interviews were also designed based on 

Zimmerman’s cyclical phases model (Zimmerman, 2000), and were con­

ducted with teachers and students, divided into pre-class, in-class, and 

post-class stages. These phases reflect the SRL process, where learners set 

goals and plan strategies (forethought), actively monitor and adjust their 

actions (performance), and evaluate outcomes to inform future learn­

ing (self-reflection). This approach is consistent with prior SRL research 

that combines theoretical frameworks with qualitative methods to in­

form design decisions in applied settings (Tanprasert et al., 2023; Cohen 

and Cohen, 2024; Mejeh and Sarbach, 2025). The interviews examined 

how these phases manifest from both teacher and student perspectives, 

identifying SRL-related learning interactions, particularly metacogni­

tive strategies, and concretizing design considerations for e-learning 

interaction models.

Specifically, we explored:

• Pre-interview questions: Students shared their use of e-learning 

platforms, their purposes for online lectures, subjects studied, and 

time spent on lectures per day and week.

• Pre-class (forethought): We explored strategies for setting learn­

ing goals and analyzing tasks, along with how these strategies could 

be effectively implemented in e-learning environments. For teach­

ers, the focus was on lesson preparation strategies. For students, 

we explored approaches to setting goals and preparing for lessons 

in both e-learning and traditional classrooms.

• In-class (performance): We investigated how self-control, moni­

toring, and interaction strategies are applied during learning and 

their roles in supporting SRL. Teachers discussed strategies to en­

gage students, manage interaction timing and content, and ensure 

effective content delivery. Students described their participation 

methods, peer interactions, and ways to confirm understanding in 

e-learning and classroom settings.

• Post-class (self-reflection): We examined strategies used to evalu­

ate learning outcomes and make improvements. Teachers outlined 

additional learning activities after lessons. Students shared their 

review strategies and approaches to addressing confusion or diffi­

culties.

All questions were adapted to teacher and student perspectives, 

with additional follow-up questions in a semi-structured format when 

necessary. For teachers, the goal was to identify effective strategies for 

supporting learning and metacognitive teaching practices. For students, 

the focus was on understanding the learning strategies and metacog­

nitive regulation methods they employed, comparing their experiences 

in e-learning and traditional classroom environments, and identifying 

elements that could be effectively applied to e-learning contexts. We 

transcribed all interviews and analyzed them using an inductive the­

matic analysis approach (Thomas, 2006), allowing recurring patterns 

and themes to emerge without predefined categories. The first authors 

independently reviewed the transcripts and created initial codes, and 

matched these initial codes with Zimmerman’s three SRL phases through 

a round of discussion. Other co-authors reviewed these initial codes 

and finalized the coding scheme through group consensus. We ensured 

consistency through multiple rounds of collaborative discussion and 

iterative codebook refinement.

3.3 . Students interviews

3.3.1 . Design

Participants. We recruited 10 first-year high-school students (aged 

17 years, with an equal gender distribution of five females and five 

males, referred to as S1–S10) from four local high schools. All of these 

students engaged in e-learning for a minimum of 2.5 hours to a maxi­

mum of 21 hours per week (M: 9.95h, SD: 6.68h), with eight students 

using e-learning platforms that stream pre-recorded lecture content, one 

student utilizing offline academy-provided videos, and another relying 

on short-form content from platforms like YouTube. Each student par­

ticipated in a one-hour-long in-depth interview. Informed consent was 

obtained from their legal representatives, and the study was approved 

by the Institutional Review Board (IRB). The participants were awarded 

approximately $15 for their involvement.

Process. The interviews were designed to compare group learning, 

where multiple students participate simultaneously, with self-regulated 

e-learning. The primary aim was to identify the key types of interactions 

occurring in traditional classroom settings and evaluate their impact 

on learning outcomes. Furthermore, we sought to explore the manner 

in which students implement metacognitive strategies in their learning 

processes and identify elements that could be effectively integrated into 

e-learning environments. Table 2 shows the key insights from the student 

interviews.

3.3.2 . Findings

Challenges Encountered during E-learning. Most students (n=8) 

reported encountering common difficulties in receiving immedi­

ate feedback from e-learning settings. Unlike physical classrooms, 

where students can ask questions and receive prompt responses, e-

learning environments—particularly those relying heavily on video-

based learning—are characterized by a unidirectional flow of informa­

tion. Under these circumstances, opportunities for interaction, such as 

asking questions or engaging with instructors and peers, during lectures 

are limited or nonexistent. The participants expressed frustration with 
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Table 2 

Key insights from student interviews.

Category Findings Comments

Challenges in E-Learning Difficulty in receiving 

immediate feedback

S3: “Acquiring feedback from e-learning tools can take very long; hence,

I prefer to find the relevant information to prepare for the next lecture.”

S6: “In school or at academies, I can ask questions directly, but during

online courses, even posting on the bulletin board can be frustrating.”

S8: “When I fail to understand something, I first check the bulletin board

for answers. If I do not find anything useful there, I turn to internet searches to resolve the issue.”

Isolation and boredom S4: “Video lectures often concentrate solely on the teacher, making it difficult to experience the actual 

class atmosphere. This one-sided approach makes video lectures less engaging compared to traditional 

classrooms.”

S6: “Given the lack of real-time feedback from online instructors, the learning experience feels prolonged 

and less interactive.”

Benefits of Offline 

Learning

Preference for peer 

interactions

S1: “Peers who are in the same learning phase can offer valuable advice based on their own experiences 

and struggles, which can be helpful when I encounter similar difficulties.”

S4: “I feel more at ease asking friends for help because they share my perspectives. Hence, I usually turn 

to them first.”

S5: “While my friends may be less knowledgeable than my teachers, they are easier to talk to because we 

share similar experiences, which makes conversations more comfortable.”

S6: “I feel much more comfortable with friends who share my interests and can relate to my experience.”

S10: “Because teachers assess our performance, I am concerned that asking a silly question might make 

me seem unwise. My friends, on the other hand, are less likely to judge me.”

Metacognitive Learning Strategies Planning before lessons S1: “Before class, I try to visit the teacher to briefly inquire about what we will be learning today, and I 

look up those concepts in advance.”

S9: “I review the topics covered in the previous class and identify areas requiring extra attention during 

today’s class.”

Monitoring understanding 

during lessons

S1: “If I lose interest or fail to understand a teacher’s metaphor, I take notes in my own words and try to 

connect the dots to pinpoint the areas when I am struggling.”

S3: “When something is unclear, I often review my thought process to gain clarity.”

S7: “I tend to review my notes-taking process during class to check for any unclear points.”

Adjusting learning 

strategies based on 

understanding

S1: “If I encounter unclear concepts that are closely related to upcoming topics, I would review materials 

that have already been taught rather than proceeding with new content.”

S9: “When I fail to understand something, I revisit the material or seek help from a friend to grasp the 

concept before proceeding.”

Evaluating knowledge after 

lessons

S3: “I compare my notes with those of my friends to identify any gaps in my understanding.”

S4: “I perform a blank-page review to compare the topics I have actually learned with those that I should 

have learned, identifying any missing points.”

S9: “Answering my friends’ questions often helps me identify aspects of the topic that I have not fully 

grasped.”

the inability to seek clarification or receive immediate feedback dur­

ing lectures, which often led to decreased motivation and engagement. 

Furthermore, the lack of peer collaboration or opportunities to observe 

the learning processes of peers was cited as a source of isolation and 

boredom. These limitations not only delayed the immediate resolution 

of questions but also undermined the students’ ability to engage in self-

monitoring, participate in peer learning, and maintain motivation, all of 

which are crucial for fostering metacognitive growth.

Preference for Peer Interactions. Interestingly, many students (n=6) 

expressed a preference for interacting with their peers over teachers, 

despite the peers’ relative lack of expertise. They found comfort in 

discussing topics with their classmates, who were learning the same 

material, which fostered a sense of camaraderie and relatability. In ad­

dition, one student noted, “I feel much more comfortable with friends who 

share my interests and can relate to my experiences (S6),” while another 

mentioned, “Peers who are in the same learning phase can offer valuable 

advice based on their own experiences and struggles, which can be helpful 

when I encounter similar difficulties (S1)”. Thus, the participants viewed 

their peers, who were in a similar learning situation, as valuable learn­

ing partners, providing a sense of connection that extended beyond the 

instructor’s expertise. The participants appreciated the practical advice 

provided by their peers who had encountered similar difficulties, of­

ten finding these insights more relatable than those provided by their 

teachers. This suggests that peers are not merely fellow learners but also 

essential contributors to the learning process, significantly supporting 

students’ metacognitive development.

Metacognitive Learning Strategies. Although few students (n=2) 

were explicitly aware of the academic definition of metacognition, 

some unconsciously employed metacognitive strategies throughout their 

learning process based on their experiences. For instance, while most 

students (n=8) engaged in basic preparatory activities, such as skim­

ming through textbooks or attempting practice problems, a smaller 

group went beyond these methods by adopting heuristic metacognitive 

strategies. Specifically, they used various methods to create strategic 

learning plans. For example, one student noted, “Before class, I try to 

visit the teacher to briefly inquire about what we will be learning today, and 

I look up those concepts in advance (S1)”. Another student mentioned, “I 

review the topics covered in the previous class and identify areas requiring 

extra attention during today’s class (S9)”. During lectures, the students em­

ployed strategies such as paraphrasing confusing material in their own 

words (S7) and looking back on previous thought processes (S3) to clar­

ify what they did not understand. They also dynamically adapted their 

learning strategies based on their self-monitoring results. “If I encounter 

unclear concepts that are closely related to upcoming topics, I review mate­

rials that have already been taught rather than proceeding with new content 

(S1)”. After the lectures, these students reinforced their learning by en­

gaging with peers, answering questions (S10), and comparing notes (S3) 

to reflect on their knowledge from others’ perspectives. These practices 

reflect an inherent use of metacognitive strategies by the students, even 

if they were not consciously aware of them.

3.4 . Teachers interviews

3.4.1 . Design

Participants. We recruited eight teachers (including four females 

and four males, designated as T1–T8, with a mean age of 31 years and a 

standard deviation of 5.55 years) with over four years of experience in 

teaching diverse subjects, including English, Social Science, and Science, 
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Table 3 

Key insights from teacher interviews.

Category Findings Comments

Role of the 

Teacher

Building rapport and 

motivating students

T3: “I use real-life examples that students can relate to.”

T4: “I inquire about students’ thoughts and personal experiences and link these to the 

lesson content.”

T6: “I think that it is important to adapt my teaching strategies to students’ reactions to 

establish a connection, rather than simply focusing on what I personally find interesting 

or enjoyable.”

T7: “I ask students to reflect on their mood before the class begins.”

T8: “… As I gained more knowledge, I began teaching more complex

content and often stayed up late preparing my lessons to ensure depth. Just when I felt I 

had become proficient at delivering in- depth material, I realized that I was the only one 

speaking in the classroom. This realization prompted me to shift my focus from cover­

ing more material to actively encouraging student participation and engagement during 

classes.”

Metacognitive Teaching Strategies Providing lesson content in 

advance

T5: “I prepare PDFs of the lesson content and share them with students before the class 

begins.”

T8: “I carefully craft thoughtful pre-lesson questions to encourage students to engage with 

the material beforehand.”

Presenting misconceptions 

and correction scenarios

T2: “I ask the same question to multiple students and use their responses to identify and 

correct any mistakes.”

T4: “I first introduce misconceptions and then guide students through the correction 

process to help them reflect on their initial thought process.”

Responding to students’ 

questions with counter-

questions

T4: “Instead of providing direct answers to a student’s questions, I ask other students to 

respond or pose counter-questions to the original questioner, prompting them to identify 

areas they may have overlooked and consider alternative perspectives.”

T6: “I ask students to reiterate what was just explained to ensure thorough understand­

ing.”

Supporting peer 

collaboration

T5: “To promote cooperative learning, I encourage students to explain concepts to peers 

who are struggling.”

T6: “I allocate time for group research on unfamiliar terms, following which students 

present their findings to the class.”

T7: “During group activities, I ensure that each team presents a key concept from the 

lesson to foster collaborative learning.”

T8: “At the end of each lesson, I pair students to discuss the topics they have learned and 

address any questions they may have.”

to middle- and high-school students. Each interview was approximately 

one hour in length and conducted over Zoom. The participants were 

awarded approximately $37.5 (IRB approved).

Process. We conducted these interviews to explore the types of in­

teractions in physical classrooms, which are often underrepresented in 

e-learning environments, and to identify effective teaching strategies. 

We primarily focused on understanding the role of teachers, not just as 

providers of knowledge but also as facilitators of students’ emotional, 

psychological, and cognitive development. Furthermore, we examined 

ways in which teachers employed metacognitive strategies to guide stu­

dents and identified elements that could be effectively integrated into 

e-learning platforms. Table 3 shows the key insights from the teacher 

interviews.

3.4.2 . Findings

Most teachers (n=7) adhered to a standardized lesson preparation 

process, following the curriculum and achievement standards set by the 

Ministry of Education. They designed a semester-long curriculum, which 

determines the amount of material to be covered during each class and 

incorporates digital resources and activities. While the overall prepa­

ration framework remains consistent, classroom interactions become 

highly diverse depending on each teacher’s approach and the dynamics 

of their students. Leveraging their extensive experience, the teachers em­

ployed diverse instructional strategies to communicate more effectively 

with their students.

Building Rapport and Motivating Students. A high-school physics 

teacher, T8, shared an enlightening experience highlighting the critical 

role of educators: “I am pursuing a part-time master’s degree in relativity. As 

I gained more knowledge, I began teaching more complex content and often 

stayed up late preparing my lessons to ensure depth. Just when I felt I had be­

come proficient at delivering in-depth material, I realized that I was the only 

one speaking in the classroom. This realization prompted me to shift my focus 

from covering more material to actively encouraging student participation 

and engagement during classes”. This insight underscores the shift from 

content delivery to fostering active student engagement and understand­

ing. Similarly, other teachers emphasized the importance of addressing 

students’ emotional and psychological needs. For instance, T2 stated 

that they spent time with students outside of class to build rapport 

with them, while T7 noted that they asked students about their mood 

before classes to create a comfortable and supportive learning environ­

ment. T4 mentioned the importance of allowing students time to think 

and respond. Collectively, these perspectives demonstrate that educa­

tors not only serve as knowledge providers but also function as holistic 

learning facilitators who support students’ psychological, emotional, and 

cognitive development.

Metacognitive Teaching Strategies. All teachers mentioned that they 

typically handled classes of 20 to 30 students at a time, which made it 

difficult to manage them effectively and offer individualized support. 

Despite this, they continuously employed various strategies to foster 

metacognitive reflection and collaborative learning among peers. These 

strategies include introducing deliberate errors for students to iden­

tify and correct (T4), sharing a range of student responses to the same 

question (T2), and organizing group activities where students summa­

rized their learning and discussed questions with one another (T4-8). 

They are aimed at providing students with opportunities to articulate 

their understanding, reflect on their knowledge, and consider alternative 

perspectives, thereby fostering their metacognitive growth.

3.5 . Six design recommendations (DR1-DR6)

Thus, RQ1 is addressed by deriving six design recommendations 

(Table 4) that apply metacognitive support in solitary e-learning. As 

established in the preceding subsection, DR1–DR4 were structured on 

Zimmerman’s SRL framework and the pre-LLM literature. The interviews 

then served two purposes: they specified how each of these four 
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Table 4 

Six DRs and corresponding functional elements.

No. Design recommendations Functional elements

1 Goal setting and planning Provide content summaries before classes to help students set learning goals and 

identify focus areas

2 Self-monitoring and evaluation Incorporate quizzes and misconception correction scenarios into lessons to promote 

self-assessment and knowledge evaluation

3 Learning strategy adjustment Adjust in-class feedback based on the level of a student’s query (question or answer) 

to help them refine their learning strategies

4 Self-reflection and feedback Conduct reviews with a virtual peer guided by a virtual teacher to help students 

organize and consolidate their understanding of the material

5 Motivation and sustenance Include elements of empathy and real-life examples to maintain students’ interests 

and engagement

6 Peer learning Create opportunities for virtual peer collaboration to replicate the experience of 

having learning companions in an e-learning environment

DRs should operate as system functions in solitary e-learning, and 

they also informed the derivation of two additional recommendations 

(DR5–DR6). Our analysis of teacher interviews indicated that teach­

ers did not primarily perceive themselves as transmitters of knowledge, 

but rather as holistic facilitators who orchestrate students’ planning, 

monitoring, strategy adjustment, and reflection. Students, in turn, con­

sistently reported a preference for peer-like interactions—often valuing 

exchanges with similar others over interactions with a more knowl­

edgeable teacher. These convergent themes underwrite DR5 (motiva­

tional/affective sustenance) and DR6 (peer learning/collaboration) as 

cross-cutting supports that enhance SRL in solitary settings. Accordingly, 

DR1–DR4 are conceptualized as metacognitive DRs that directly sup­

port learners’ self-regulation, while DR5 and DR6 function as e-learning 

support DRs that sustain the overall learning experience.

Guided by these insights, we specified functional elements for each 

phase of the study. Pre-class (DR1) integrates teacher practices (e.g., 

advance organizers, task analysis) with students’ planning routines 

to deliver concise previews and scaffold focused goal setting. In-class 

(DR2), the system supports knowledge monitoring by incorporating 

misconception-correction scenarios and Socratic counter-questions 

commonly used by teachers; in-class (DR3), it adapts strategies by 

diagnosing the level of a learner’s query and providing tailored prompts 

and feedback. Post-class (DR4), it facilitates peer-oriented review (e.g., 

guided comparison and blank-page recall) to consolidate understanding 

and inform subsequent study. Two interview-derived, cross-phase 

supports are embedded throughout: DR5 provides motivational and 

encouraging expressions consistent with the teacher-as-coach role, and 

DR6 operationalizes peer learning—either via direct student–peer ex­

changes (e.g., co-explanations, question reformulations) or by enabling 

learners to observe and learn from dialogues between a virtual teacher 

and a virtual peer.

The concrete realization of these six DRs in an LLM-based system—

including persona design (virtual teacher and virtual peer), prompt and 

feedback templates, adaptation logic, orchestration policies, and their 

integration within a video-based learning interface—will be detailed in 

Section 4.

4 . GPTalk: Metacognition support tool in e-learning environments

Based on the six DRs, we developed GPTalk, an LLM-based learning 

support tool specifically tailored to facilitate metacognition in e-learning 

environments. GPTalk automatically generates various in-context inter­

actions grounded in the metacognitive DRs (1-4), with each interaction 

considering the e-learning support DRs (5-6). Among these, the inter­

actions based on DR1, 3, and 4 are specifically designed to support 

personalized learning experiences for each user by leveraging the user’s 

question and answer logs. We designed GPTalk to feature two types of 

AI agents: a teacher agent that offers instructional guidance to support 

knowledge acquisition, and a peer agent that fosters collaborative learn­

ing by simulating peer interaction. This dual-agent design was directly 

motivated by insights from our formative interviews (Section 3), which 

revealed that learners often struggle without both teacher-like guidance 

and peer support in e-learning environments. The peer agent takes on 

the role of a less knowledgeable partner (Moribe and Ushiama, 2025) to 

encourage learners to share and refine diverse perspectives, ultimately 

expanding their thinking beyond individual capacity (Tanprasert et al., 

2023; Liu et al., 2024; Isohätälä et al., 2017). To address the hallucina­

tion issue—an inherent limitation of generative AI—and to ensure that 

interactions are aligned with the learner’s materials, we employ a vec­

tor database-based Retrieval-Augmented Generation (RAG) (Lewis et al., 

2020) approach with the support of prompt engineering techniques. 

Within this framework, interactions are strategically embedded within 

the lecture, providing each student with a unique and personalized 

learning experience.

The following two sections provide a detailed overview of GPTalk: 

Section 4.1 focuses on the student’s perspective, explaining the inter­

action flow and user experience with the tool, while Section 4.2 shifts 

to the system perspective, explaining the implementation of functional 

components such as RAG and prompt engineering.

4.1 . Main functions and user interaction

This section details the primary functions and interactions of GPTalk 

through the perspective of an imaginary student, Lily, who is learning 

economics. Please refer to Fig. 1 for the detailed user interface and the in­

teraction examples. The learning process in GPTalk is divided into three 

phases, as shown in Fig. 2.

4.1.1 . Pre-class interaction

Using the chat window on the lecture screen, Lily prepares for the 

lecture. Guided by DR1 [goal setting and planning], the virtual teacher 

summarizes the lecture content, highlights learning keywords (Fig. 1(A)-

1), and reminds students of the keywords they planned to focus on.

Goal Setting by Providing Keywords. When the virtual teacher asks 

Lily about the topics she wishes to focus on, Lily provides the learning 

keywords related to her interests (Fig. 1(A)-2). The virtual teacher then 

provides a concise explanation based on these keywords (Fig. 1(A)-3). 

Since each student may have different areas of focus during the lec­

ture, the virtual teacher tailors its explanations based on the learning 

keywords selected by each student.

Keyword Reminders for Motivation. Using the keywords selected 

by Lily, the virtual teacher scans through the lecture script and performs 

vector searching to find similarities between the content of the script and 

the keywords Lily is interested in. When the keywords Lily has chosen 

begin to be explained in the lecture, the virtual teacher and peer take 

turns sending reminder messages to keep her engaged and motivated 

with the upcoming content (DR 5 [motivation and sustenance]).

4.1.2 . In-class interaction

While Lily attends the lecture, GPTalk generates interactions based 

on DR2 [Self-monitoring and evaluation] to support the learning process 
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Fig. 1. User interface of GPTalk showing the lecture video player (left) and interaction examples with student Lily: (A) pre-class interaction, (B) in-class interaction, 

and (C) post-class interaction. In the video progress bar, purple dots with solid lines indicate chat timings with the virtual teacher and peer (John), while yellow dots 

with dotted lines represent direct student chats. Details of interaction generation are provided in Sections 4.1.1 (A), 4.1.2 (B), and 4.1.3 (C).

Fig. 2. Diagram illustrating the learning process involving three phases: Pre-class (goal setting), in-class (repeated for each chapter with learning activities, monitoring, 

QA sessions, and answer correction), and post-class (peer activity and QA sessions). User actions are indicated in orange, while virtual teacher and peer activities are 

indicated in a diagonal pattern with violet.

as follows: (1) a conversation in which Lily is asked to correct a mistake 

made by a virtual peer (low-level knowledge) and (2) a QA dialogue 

between the virtual peer and the virtual teacher. Additionally, she can 

ask GPTalk any questions that arise and receive real-time answers from 

the virtual teacher.

Clarifying Concepts by Correcting the Peer’s Incorrect Answers. As 

the ongoing chapter nears its end, the virtual teacher asks the virtual 

peer a question about a specific concept, and the virtual peer provides an 

incorrect answer. The teacher then prompts Lily to identify and correct 

the peer’s misconception. This exercise helps Lily assess and reinforce 

her understanding of the concept. During this interaction, the virtual 

teacher evaluates Lily’s level of comprehension and adjusts the feedback 

based on her responses to enhance her understanding of the material in 

line with DR3 [learning strategy adjustment].

Providing Dialogue Content Suitable to the Learning Level. When 

Lily responds to the teacher’s requests during their interactions, the 

virtual teacher assesses Lily’s level of understanding and provides cus­

tomized feedback on her responses to deepen comprehension based 

on DR3 [learning strategy adjustment]. Based on Lily’s responses, 

the teacher offers detailed explanations and uses auxiliary teaching 

strategies, such as employing metaphors or leveraging Lily’s interests 

in line with DR5 [motivation and sustenance].

Receiving real-time responses from the virtual teacher and peer.

During the lecture, Lily asks a question through the chat window on the 

right side of the lecture screen. She submits her inquiry (Fig. 1(B)-1), 

and the virtual teacher responds in real time (Fig. 1(B)-2), referenc­

ing both the current lecture material and relevant information stored 

in the vector database. This interaction not only provides Lily with a 

contextually accurate answer but also encourages deeper engagement 

by integrating relevant content from previous lectures and materials. 

Lily also freely asks the virtual peer questions about concepts she finds 

confusing (Fig. 1(B)-3) and receives immediate responses.

4.1.3 . Post-class interaction

When the lecture concludes, the virtual teacher guides Lily to engage 

in paired activities with a virtual peer to review her level of under­

standing. The virtual peer reviews Lily’s question logs, and subsequently, 

following DR4 [self-reflection and feedback] and DR6 [peer learning], 

the virtual peer initiates activities to revisit key lecture concepts. These 

peer activities are specifically designed to focus on topics raised in Lily’s 

question logs, ensuring a personalized review of her queries.

Reflecting through Peer Activities. Once Lily completes the lecture, 

the virtual teacher first summarizes the entire content and subsequently 

prompts Lily and the virtual peer to engage in reflection activities, with 
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Fig. 3. Developmental workflow of GPTalk. The figure illustrates the sequence of the interaction generation process: (1) Pre-processing for RAG, considering learning 

context and personalization; (2) integrating the system and DR prompts into the vector database, contextual scripts, and chat logs; and (3) generating interactions.

the peer taking the lead. These peer activities are designed to help the 

virtual peer and Lily share their knowledge and provide feedback on 

each other’s understanding. To identify relevant topics for these person­

alized peer activities, the virtual peer analyzes Lily’s chat logs. The peer 

begins by explaining topics based on Lily’s questions and then requests 

Lily to articulate (Fig. 1(C)-1), in her own words, how well she under­

stands the material based on the questions she had (Fig. 1(C)-2). Finally, 

the virtual teacher wraps up the session by summarizing both Lily’s and 

the peer’s responses.

4.2 . System design

Reliable Interaction Generation. Fig. 3 illustrates the developmental 

workflow of GPTalk. Providing accurate information in the educational 

field is essential to effectively support learners’ understanding; how­

ever, this is often hindered by hallucination issues commonly associated 

with LLMs. To address these challenges and ensure reliable, contextual 

interactions, we integrated an RAG approach (Lewis et al., 2020). In 

this design, lecture materials and authentic QA data are transformed 

into a searchable knowledge base. When a learner submits a query, 

relevant segments and prior interactions are retrieved and combined 

with prompt-engineered instructions, ensuring that generated responses 

remain aligned with the instructional content and context.

Considerations of the Learning Context. To reinforce the connection 

between the student and the system, we incorporated the given lecture 

context and chat log into the interaction generation process. The sys­

tem leverages the timestamp of the currently viewed video to extract 

the instructor’s utterances from the preceding minute of the transcript. 

By integrating this context into the prompt, the system then enhances 

the language model’s ability to accurately pinpoint and respond to the 

student’s questions based on the relevant context, even when the stu­

dent provides minimal contextual information. This strategy effectively 

establishes a seamless connection between the lecture and chat inter­

action, reinforcing the perception that the lecturer in the video and 

the virtual teacher constitute a unified entity. Consequently, the coher­

ence between the video and chat contexts is improved, enhancing the 

student’s sense of presence within the e-learning environment.

Personalized Learning Support. The system utilizes chat logs to 

deliver a personalized learning experience. At the beginning of each lec­

ture, the virtual teacher provides a summary of the content and asks stu­

dents to identify specific focus areas. Based on the students’ responses, 

GPTalk searches the lecture script to identify relevant segments and of­

fers customized reminders to maintain student focus. Furthermore, to 

deliver feedback that is aligned with the students’ understanding, the 

system uses an LLM to analyze interaction logs, categorizing compre­

hension levels as high or low, and adjusting feedback accordingly. After 

the lecture, the system conducts a personalized review through a turn-

taking talk with a virtual peer, focusing on the student’s previously 

raised questions.

Model Settings and Interaction Generation. To implement the DRs 

presented in Section 3.3, Sections 4.1.1–4.1.3 translate these recommen­

dations into GPTalk’s fine-grained functional elements. Subsequently, 

GPTalk employs a structured generation process wherein each DR is 

translated into specific interactions using diverse prompt templates (see 

Fig. 3, Step 2). These “DR prompts” are integrated into the overall 

“system prompt,” along with three components: the vector database, 

contextual script, and chat log, as outlined in Step 1 of Fig. 3. Before 

the lecture starts, the system generates user interactions that are dy­

namically embedded within the lecture content. Students then engage 

in these interactions by providing responses and personal queries. Input 

logs are retrieved in real time from the vector database. This information 

is then used to update the contextual script and is stored in the chat log 

to enhance personalized learning.
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Fig. 4. The detailed information of the user study, illustrating (A) the experimental process and (B) the counterbalanced experimental design. A total of 32 students 

were divided into eight groups to ensure counterbalancing across experimental conditions (1A: Q1-6, 1B: Q7-12, 2A: Q13-18, 2B: Q19-24).

4.3 . Implementation

GPTalk is implemented using React2 and connected to a Flask3

server, enabling simultaneous web access for students. We leveraged 

OpenAI’s GPT-4o-2024–05-13, capable of generating responses within 

232 milliseconds, aligning with the natural pace of human conversa­

tion. This choice allows the system to provide fast and contextually 

appropriate responses, thereby enhancing the overall user experience. 

To further improve reliability, we implemented an RAG pipeline using 

the LangChain framework and Chroma library. Lecture scripts and 909 

related teacher–student Q&A pairs were collected and converted into 

3072-dimensional embeddings with OpenAI’s text-embedding-3-large 

model to construct a vector database. When a query is submitted, the 

system retrieves the lecture segment corresponding to the learner’s cur­

rent viewing point along with its summary, and combines these with 

the most relevant Q&A entries from the database. This enriched context 

is then passed to GPT-4o, enabling it to generate answers that remain 

faithful to the lecture material while mitigating hallucinations.

The temperature, a hyperparameter controlling the model’s diversity, 

ranges from 0 to 2, with a default of 1. In this study, the researchers em­

pirically adjusted the temperature to 0.7 to enhance the generation of 

responses that are more consistent and reliable. While this adjustment 

potentially reduces output diversity and increases predictability, it was 

designed to achieve a balance between producing engaging responses 

and ensuring trustworthy results. A similarity threshold of 0.1 was ap­

plied to the RAG pipeline to filter retrieved context, selecting one or two 

of the most relevant entries to ensure accurate output generation.

5 . User study design

In this section, we describe the design of a user study conducted to 

evaluate the effectiveness of GPTalk in addressing RQ2 and RQ3. The 

study was structured to examine two key aspects:

• Objective learning outcomes: To measure performance improve­

ments, we designed pre- and post-tests to assess students’ metacog­

nitive monitoring abilities and content understanding (RQ2).

• Subjective user perceptions: To capture students’ perceptions 

of metacognitive usefulness and overall e-learning experiences, 

we incorporated the Metacognitions Questionnaire and User 

Experience Questionnaire (UEQ) as evaluation tools (RQ3).

2 https://react.dev/.
3 https://flask.palletsprojects.com/en/3.0.x/.

To quantitatively evaluate the effectiveness of GPTalk in enhancing 

metacognitive monitoring, we conducted an IRB-approved user study in­

volving 32 first-year high-school students who had no prior economics 

knowledge. In line with common practices in many exam-oriented ed­

ucational contexts, participants regularly engaged in solitary e-learning 

through pre-recorded video lectures, where learners passively viewed in­

structional content without opportunities to ask questions in real time, 

receive immediate feedback, or actively participate in class activities. 

Participants reported spending 2–20 hours per week (M = 5.23, SD 

= 4.90). Two systems were tested: GPTalk and Baseline (details in 

Section 5.1.) As shown in Fig. 4(A), each experimental session consisted 

of a pre-test, a 30-minute economics lecture, a post-test, followed by 

metacognition-related questionnaires and a five-minute semi-structured 

exit interview. Each participant completed two sessions in total, using 

different lecture topics for each system condition. A within-subject de­

sign was used to minimize bias, ensuring all participants interacted with 

both systems. Tests were counterbalanced to account for order effects.

Fig. 4(B) illustrates the counterbalanced design with 32 students di­

vided into eight groups. Each group, with four participants, was assigned 

different system usage orders and test types. The tests consisted of 24 

multiple-choice questions (5 options each) based on lecture content from 

the early, middle, and final sections. For each lecture, 12 questions were 

divided (Lec. 1: Q1–12, Lec. 2: Q13–24) into two sets of six (pre-, post-

tests). Participants used one system for the first lecture and switched 

to the other for the second. For example, in the first lecture, partici­

pants completed either Q1–6 or Q7–12 as a pre-test, watched the lecture 

using either Baseline or GPTalk, and then answered the remaining six 

questions as a post-test, followed by an interview.

5.1 . System settings

The primary distinction between the GPTalk and Baseline systems 

lies in their integration of interactive functionalities. To minimize hallu­

cinations and ensure context relevance, both systems employ the same 

RAG technology, referencing a single vector database and prompt en­

gineering. When using Baseline, students can ask questions at any time 

during the lecture and receive real-time answers identical to those pro­

vided by GPTalk. GPTalk enhances its functionality by incorporating 

interactions grounded in the six DRs outlined in Section 3.4. Alongside 

the virtual teacher, a virtual peer supports learners throughout the pre-, 

in-, and post-lecture phases, offering tailored assistance with study plan­

ning, knowledge monitoring, and personalized review. As introduced in 

Section 4.1, GPTalk provides a range of metacognitive interactions not 
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available in Baseline, enabling learners to engage in both direct and vi­

carious interactions with the virtual teacher and peer, thereby enriching 

their overall learning experience.

5.2 . Metacognitive monitoring analysis

To quantitatively assess metacognitive monitoring abilities, we lever­

age the Knowledge Monitoring Assessment (KMA) framework, a widely 

adopted method in cognitive psychology and education (Schraw, 2009). 

Most KMA strategies follow a common approach that involves the anal­

ysis of a 2×2 contingency table based on students’ knowledge estimates 

and their test performance (Fleming and Lau, 2014). The four elements 

of this table are categorized based on correctness and confidence levels: 

(+ +), (– –), (+ –), and (– +). For instance, (+ –) represents low confi­

dence in a correct answer. According to Tobias and Everson (Tobias and 

Everson, 2009), (+ +) and (– –) serve as indicators of accurate moni­

toring ability, while (+ –) and (– +) function as indicators of inaccurate 

monitoring ability. These elements are interpreted based on their com­

plex interrelationships, because a decrease in (+ +) could either benefit 

or adversely impact performance depending on whether this change cor­

responds to an increase in (– –) or any other element. Statistical analyses 

commonly focus on the relationships between these elements, utiliz­

ing metrics that quantify the alignment between confidence judgments 

and actual performance. Schraw et al. (2013) identified 10 represen­

tative statistical measures commonly employed in the 2×2 framework 

and evaluated their interpretive efficiency. Their results indicated that 

combining sensitivity and specificity is optimal for explaining sample 

variance. Sensitivity measures the ability to correctly identify accurate 

monitoring instances (e.g., recognizing when a learner is confident and 

correct), emphasizing learners’ capacity to validate their knowledge. 

Specificity, on the other hand, evaluates the ability to detect inaccurate 

monitoring instances (e.g., identifying when a learner is confident but in­

correct), focusing on learners’ awareness of their limitations. However, 

no single metric can comprehensively explain all aspects of the sample 

variance, highlighting the need for at least two metrics to achieve a more 

nuanced and thorough interpretation.

To assess improvements in metacognitive monitoring with GPTalk, 

we applied two key metrics: the odds ratio, which relies on the rel­

ative proportions of the four components between the two systems, 

and the d’ metric, which relates confidence levels to correctness us­

ing the difference between sensitivity and a modified specificity value. 

For convenience, we refer to the aforementioned four components as 

follows: Knowledge (K): correct answers with high confidence (+ +), 

Partial Knowledge (PK): correct answers with low confidence (+ –), 

Misinformed (MI): incorrect answers with high confidence (– +), and 

Uninformed (UI): incorrect answers with low confidence (– –).

5.3 . Questionnaires and interviews

Our survey aimed to evaluate the participants’ perceptions of 

GPTalk’s effectiveness in supporting their metacognitive activities, and 

its impact on their e-learning experiences. Building on prior research 

(Chen et al., 2023), we utilized 10 items from the Metacognitions 

Questionnaire (Wells and Cartwright-Hatton, 2004), adapting them to 

focus on self-regulated e-learning and metacognition. The question­

naire comprises five items assessing trust and confidence in mem­

ory (Cognitive Confidence) and five items evaluating awareness and 

engagement with thought processes (Cognitive Self-Consciousness). 

Additionally, we used a user experience questionnaire (UEQ) (Laugwitz 

et al., 2008) to evaluate the contributions of GPTalk to students’ e-

learning experiences. These questionnaires were administered using a 

7-point Likert scale. Given the within-subject study design and the sam­

ple size of 32 participants, we performed a paired t-test, applying the 

central limit theorem to analyze the questionnaire responses. The exit 

interview included open-ended questions to evaluate participants’ expe­

riences with both systems. The questions were grounded in DRs derived 

from the formative interviews, focusing on SRL and metacognition in e-

learning settings. To minimize potential bias, the systems were referred 

to as “System A” (Baseline) and “System B” (GPTalk) during the exper­

iment, and participants were not informed of the specific identities of 

the two systems.

6 . Findings

6.1 . Metacognitive effect

6.1.1 . Content understanding

Accuracy We asked the 32 participants to answer six multiple-choice 

questions (with five options each) in both the pre- and post-tests. Each 

participant used both systems and completed pre- and post-tests for each 

system, resulting in a total of 24 questions answered. For each partici­

pant, we calculated the mean accuracy across the six questions within 

four conditions: Pre/Base, Pre/GPTalk, Post/Base, and Post/GPTalk. 

This yielded 32 values per condition (one for each participant), which 

were then subjected to paired t-tests (df = 31, two-tailed) to examine 

differences across conditions (Post/Base vs. Post/GPTalk, Post-Pre/Base 

vs. Post-Pre/GPTalk) and to control for familywise error across the two 

planned comparisons, Bonferroni-corrected p-values were computed. As 

shown in Fig. 5, the post-test results presented content understanding ac­

curacies of 55.73% (SD = 0.270) and 63.02% (SD = 0.277) when using 

Baseline and GPTalk systems, respectively. In the post-test, GPTalk and 

Baseline were not significantly different in accuracy (t(31) = −1.365, 

p = 0.182, Cohen’s d = 0.24), and this remained non-significant after 

Bonferroni correction (p𝑏𝑜𝑛𝑓  = 0.364), despite the numerical difference 

in means (Baseline: M = 0.557, SD = 0.270; GPTalk: M = 0.630, 

SD = 0.277). Compared to the pre-test, the post-test scores demon­

strated improvements of 13.02pp (SD = 0.316) and 23.44 pp (SD = 

0.302) for Baseline and GPTalk, respectively. The improvement from 

pre- to post-test did not significantly differ between GPTalk and Baseline 

(t(31) = −1.438, p = 0.161, Cohen’s d = 0.25), and it remained 

non-significant after Bonferroni correction (p𝑏𝑜𝑛𝑓  = 0.321), despite the 

numerical difference in gain scores.

6.1.2 . Changes in metacognitive monitoring indicators

We examined the differences in the metacognitive monitoring met­

rics between the pre-test and post-test for each system, as shown in 

Fig. 6. For each of the 24 items, participants also rated their confidence 

in their chosen answers on a 7-point Likert scale. These confidence rat­

ings were then binarized into high (5–7) and low (1–4) categories. Based 

on these ratings and answer correctness, we calculated the counts for K, 

PK, MI, and UI for each participant across the four conditions (Pre/Base, 

Pre/GPTalk, Post/Base, Post/GPTalk). We then conducted paired two-

tailed t-tests (df = 31) to compare the two systems within each phase 

for each metric.

The metrics K, PK, and UI exhibited similar trends in both systems: K 

increased (+32.29 pp for Baseline and +39.58 pp for GPTalk), while PK 

(–19.27 pp and –16.15 pp) and UI (–26.04 pp and –23.35 pp) decreased. 

In contrast, MI increased by 13.02 pp with Baseline but remained un­

changed with GPTalk. This difference in MI provides a signal that the 

two conditions may have shaped learners’ confidence calibration in 

different ways. GPTalk also showed a relatively higher increase in K 

(+7.29 pp) and smaller decreases in PK and UI (−3.12 pp and −2.69 

pp, respectively). These descriptive differences are consistent with the 

observed 13.02 pp increase in the MI metric for Baseline. Moreover, 

GPTalk showed differences in item transitions (more than 10): more 

items shifted from MI to K (22 vs. 11), and fewer transitioned from UI to 

MI (20 vs. 30). Overall, the observed patterns differed across the two sys­

tems: MI increased by 13.02 pp under Baseline but remained unchanged 

under GPTalk. In the item-transition analysis (counts > 10), GPTalk 

showed more MI→K transitions (22 vs. 11) and fewer UI→MI transi­

tions (20 vs. 30) than Baseline. Together with the larger increase in K 
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Fig. 5. The number of correct answers (accuracy rates) of the pre-/post-tests in each system. The bar graphs, positioned above and below the box plots, illustrate the 

distribution of correct answers (accuracy rates) for both systems.

Fig. 6. Changes in metacognitive monitoring indicators across the pre- and post-tests in each system. K (Knowledge): correct answers with high confidence, PK 

(Partial knowledge): correct answers with low confidence, MI (Misinformed): incorrect answers with high confidence, and UI (Uninformed): incorrect answers with 

low confidence.

and the smaller decreases in PK and UI under GPTalk, these results sum­

marize how confidence–accuracy categories and their transitions were 

distributed differently across conditions.

In interviews, S27, who achieved a high MI score, commented when 

using Baseline: “Before using the system, I answered the questions based 

on vague general knowledge; however, as I became more familiar with the 

content, I was able to answer the questions more easily. Although the prob­

lems were confusing, they were not too difficult.” This suggests that while 

the concepts became more familiar, they were not clearly internalized. 

Participants with higher MI scores may have overestimated their un­

derstanding, which may have led them to provide incorrect answers 

with high confidence. In contrast, no changes were observed in the MI 

metric when using GPTalk, suggesting that the system may have sup­

ported participants’ monitoring of their knowledge relative to Baseline. 

The statistical analysis revealed a significant difference in the MI indica­

tor (t(31) = 2.352, p = 0.025, Cohen’s d=0.42), indicating a moderate 

effect size. For the other indicators— K (t(31) = −1.191, p = 0.243, 

d=0.21), PK (t(31) = −0.641, p = 0.526, d = 0.11), and UI(t(31) = 

−0.419, p = 0.678, d = 0.07) showed no statistically significant dif­

ferences. While GPTalk did not result in an absolute decrease in MI, 

its relative stability compared to the 13.02 pp increase observed in 

Baseline suggests that it may help limit the growth of overconfident 

responses based on inaccurately monitored knowledge during learning 

progression.
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Table 5 

Summary of fixed and random effects for metacognitive monitoring categories of logistic mixed-

effects models. For each group 𝑐 ∈ {K,PK,MI,UI}, we fit a separate model: isGroupc ∼ System + 
(1|Participant) + (1|Item).

Group Effect 𝛽 SE(𝛽) Wald-𝑧 𝑝 OR CIlower CIupper

Knowledge

GPTalk vs Baseline 0.32 0.23 1.392 0.164 1.377 0.878 2.160

Partial Knowledge

GPTalk vs Baseline 0.134 0.367 0.366 0.714 1.144 0.557 2.348

Misinformed

GPTalk vs Baseline −0.437 0.249 −1.751 0.079 0.646 0.397 1.053

Uninformed

GPTalk vs Baseline 0 0.299 0 1.000 1.000 0.556 1.798

Random Effects

Participant (SD) 1.093

Test item (SD) 0.374

6.1.3 . Odds ratio and d’

We report the results of the odds ratio and d’ metric to present a 

comprehensive comparison of the four indicators (K, PK, MI, and UI). 

The odds ratio is a widely used statistical metric for analyzing cate­

gorical data comprising discrete variables. We used the odds ratio to 

evaluate the relative effectiveness of each system in enhancing accurate 

metacognitive monitoring and reducing errors in confidence judgments. 

By calculating the relative ratios of the above indicators for the two 

systems, we can compare the overall improvement in monitoring ef­

fectiveness between the GPTalk and Baseline systems. Furthermore, by 

examining the d’ value of each system, we can assess the relationship 

between correctness and confidence levels, achieving a comprehensive 

comparison of the specific characteristics.

Odds Ratio Calculation. We used mixed-effects logistic regression 

to examine how GPTalk influences metacognitive monitoring across 

the four response categories. This modeling approach enables a more 

reliable estimation of effect sizes by treating the system (GPTalk vs. 

Baseline) as a fixed effect and incorporating participant- and item-level 

variability as random intercepts. Each category was modeled as a bi­

nary outcome (e.g., is_K = 1 vs. 0), allowing us to estimate how the 

GPTalk system changes the likelihood of belonging to each monitoring 

group relative to the Baseline. The resulting odds ratios (ORs) provide 

interpretable effect-size estimates that reflect system-driven changes in 

metacognitive behavior while accounting for individual differences and 

item difficulty.

Table 5 summarizes the fixed and random effects for metacognitive 

monitoring categories of logistic mixed-effects models. For Knowledge 

(K), the estimated odds ratio for GPTalk relative to Baseline was 1.377; 

however, this effect was not statistically significant (p = 0.164, CI in­

cludes 1). For Partial Knowledge (PK), the estimated odds ratio was 

1.144 (p = 0.714), indicating no statistically significant difference be­

tween GPTalk and Baseline. For Misinformed (MI), the estimated odds 

ratio under GPTalk was 0.646, but this effect was not statistically signif­

icant (p = 0.0799). Finally, for the Uninformed (UI) category, the odds 

ratio was 1.00 (p = 1.00), indicating no detectable difference between 

conditions. Taken together, these model estimates indicate that the di­

rection and magnitude of the odds ratios varied across categories, but 

the differences between GPTalk and Baseline were not clearly separated 

in this analysis.

d’ Calculation. The d’ metric is calculated using the formula 
(

𝑧( 𝐾
𝐾+𝑃𝐾 ) − 𝑧( 𝑀𝐼

𝑀𝐼+𝑈𝐼 )
)

. This metric assesses how effectively partici­

pants connect confidence levels with correctness, a nuance not captured 

by accuracy metrics alone. The d’ value is derived from the proportion 

of correct and incorrect answers provided with high confidence, offering 

a nuanced view of metacognitive monitoring. The d’ values for Baseline 

and GPTalk are 0.684 and 0.883, respectively. The z(K/((K+PK))) val­

ues were similar across the two systems (0.999 for Baseline and 1.007 for 

GPTalk). The z(MI/((MI+UI))) values were 0.315 for Baseline and 0.124 

for GPTalk. We conducted a paired-samples t-test to compare d’ values 

between the two systems. The analysis indicated that d’ did not signif­

icantly differ between GPTalk and Baseline (t(31) = 1.61, p = 0.118, 

Cohen’s d = 0.28). The difference in mean d’ values (0.883 vs. 0.684) is 

reported descriptively, but it was not statistically distinguishable in this 

comparison.

6.1.4 . Interaction duration per system

We analyzed interaction log data to compare the time spent using 

the two systems and the number of interactions performed. Interaction 

time was divided into system interactions (pre-, in-, and post-class) and 

video viewing time, calculated by subtracting interaction time from to­

tal usage. The total learning time averaged 38.4 minutes for GPTalk 

and 37.4 minutes for Baseline, with GPTalk users spending 1.0 minute 

more. Pure lecture viewing time was 36.1 minutes (96.5%) for Baseline 

and 33.8 minutes (88.0%) for GPTalk, while interaction time was 4.6 

minutes (12%) for GPTalk and 1.3 minutes (3.5%) for Baseline. Students 

asked slightly more questions in Baseline (3.35 vs. 2.90 on average), but 

GPTalk included four additional system-initiated interactions per lec­

ture. Compared to Baseline, where students frequently replayed lecture 

segments, GPTalk encouraged more interaction, potentially enabling 

students to engage more effectively with the lecture content.

6.2 . Subjective experience regarding metacognition and engagement

6.2.1 . Metacognitive effects of GPTalk

To evaluate how GPTalk influenced students’ subjective metacogni­

tive awareness, we analyzed the Metacognitions Questionnaire (MCQ) 

at the subscale level. The two subscales (Cognitive Confidence and 

Cognitive Self-Consciousness) showed strong internal consistency, with 

Cronbach’s alpha values of.85 and.87, respectively. Because each sub­

scale represents a theoretically unified construct, we computed summed 

scores for each subscale and conducted paired-samples t-tests comparing 

GPTalk and Baseline. To control for family-wise error, the Bonferroni 

correction was applied. Both subscales showed statistically significant 

improvements under GPTalk after correction. Cognitive Confidence in­

creased significantly (t = 3.003, p𝑏𝑜𝑛𝑓  = 0.0105), indicating that 

GPTalk enhanced students’ confidence in recalling and evaluating lec­

ture content. Cognitive Self-Consciousness also increased (t = 3.273, 

p𝑏𝑜𝑛𝑓  = 0.0052), suggesting that GPTalk helped students become more 

aware of and reflective about their thought processes during learn­

ing. Fig. 7 presents the summed MCQ scores across the two subscales 

(Cognitive Confidence and Cognitive Self-Consciousness) for GPTalk and

Baseline.

Enhancing Students’ Trust and Confidence through Virtual Peer 

Interactions. Students appreciated that observing peers questioning the 

virtual teacher made them rethink the concept. For instance, one stu­

dent noted, “When the peer questioned about things I thought I already 
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Fig. 7. Comparison of the summed MCQ score in two subscales (Cognitive confidence and cognitive self-consciousness) between GPTalk and Baseline. Statistical 

significance was determined using Bonferroni correction (*𝑝𝑏𝑜𝑛𝑓 < 0.05 and **𝑝𝑏𝑜𝑛𝑓 < 0.01).

knew, it made me reconsider them, which helped me understand the concepts 

more clearly (P21).” When the virtual peer answered incorrectly to 

the teacher’s question, observing the virtual teacher correct the peer’s 

misconceptions also helped the students avoid being misled by their 

memory at times in video-based learning. This demonstrates that DR 

2 [Self-monitoring and evaluation] helped students actively reflect on 

their understanding and evaluate their own knowledge by observing 

the virtual peer’s interactions and responses. For instance, one student 

noted, “When the virtual peer made a mistake, it made me reflect once again 

on the concept, in a correct way (P29).” Additionally, when the teacher 

asked students to correct this wrong answer, it gave them the opportu­

nity to reconsider the relevant concept. “By correcting my peer’s incorrect 

answer, I had the opportunity to reconsider the relevant concept (P14).”

Empowering Continuous Reflection and Metacognition. In the in­

terviews, students described GPTalk as more effective than the Baseline 

for supporting their ongoing recognition and reflection on their thought 

processes. This shows that DR 1 [Goal setting and planning] encouraged 

students to remain aware of their goals and actively engage in reflecting 

on their thought processes. For instance, one student noted, “The virtual 

teacher highlighted the importance of the keyword I chose at the beginning 

when it came up during the lecture, which kept me focused and engaged 

in my thought process (P23).” Additionally, through the peer activity, 

the students were able to monitor their own thinking processes. For in­

stance, one student expressed, “Having the virtual friend explain the given 

concept first and then ask, ‘What did you learn today?’ was really helpful be­

cause it encouraged me to reconsider the concept (P3).” It aligns with DR 6

[Peer learning], where students first listened to the virtual peer explain 

a concept and then took their turn to explain it at the end of the lecture 

(Table A.6). This process helped students recall what they had learned 

during the lecture. One student noted, “The peer activity helped me revisit 

the lecture content and exchange answers with the virtual peer, which made 

it easier to retain the material for a longer time (P5).”

Moreover, GPTalk’s virtual teacher facilitated efficient and person­

alized learning by guiding students through a review process centered 

on their own questions. This can be connected with DR 3 [Learning 

strategy adjustment], as it encouraged students to adapt their learning 

strategies based on their reflections. It helped them better understand 

their thought processes when working through a problem in video-based 

learning, allowing the students to focus their reviews on areas they were 

unsure about. For instance, one student expressed, “I think it helped me 

reflect on things I may have forgotten toward the end of the lesson and allowed 

me to explore topics I was more interested in (P14).”

Valuing Immediate Responses while Seeking Diverse Interactions.

Some students valued the ability of Baseline to address their questions 

immediately, but they struggled to understand others’ perspectives on 

the material and to think of or articulate questions when watching the 

lecture video. For example, one student noted, “It was disappointing to 

not know my friends’ views on the topic I was studying (P25),” Although 

another mentioned, “While System B (GPTalk) allowed me to reflect on in­

teractions where I asked questions or received responses, System A (Baseline)

allowed me to only reflect on what I was curious about (P27).” Students 

reported that using Baseline allowed them to ask questions and receive 

feedback only on areas they believed they didn’t understand. This in­

dicates that GPTalk provides students with diverse peer perspectives, 

leading to a more comprehensive and enriching learning experience 

compared to Baseline. These results indicate that the interactions in 

GPTalk are crucial for helping students monitor and reflect on areas 

they may have overlooked or misunderstood, thus offering more robust 

support for metacognitive learning.

6.2.2 . Self-regulated e-learning experience with GPTalk

To examine user experience differences between GPTalk and the 

Baseline, we conducted paired-samples t-tests across the eight UEQ 

items and applied a Bonferroni correction to control for familywise error 

(Fig. 8). The results indicate that GPTalk achieved significantly higher 

scores than the Baseline in terms of interestingness, fun, originality, 

and novelty of experience. In contrast, GPTalk showed comparable per­

formance to the Baseline on ease of use, efficiency, and clarity, with 

no statistically significant differences observed. The Baseline received 

a higher mean score for simplicity; however, this difference was not 

statistically significant.

Enriching Engagement and Enjoyment through Peer Interaction.

Students reported that their e-learning experience with GPTalk was 

more interesting (Fig. 8(e), GPTalk: 6.15 and Baseline: 5.21, p𝑏𝑜𝑛𝑓  = 

0.0079) and enjoyable (Fig. 8(f), GPTalk: 6.06 and Baseline: 5.06, p𝑏𝑜𝑛𝑓
= 0.0074) compared to that with Baseline. They felt more engaged and 

entertained when interacting with the virtual friend, both when ask­

ing questions and answering them. For instance, one student noted, 

“Having a virtual friend made me feel like I was studying with an actual 

friend (P1).” During these interactions, the students actively engaged 
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Fig. 8. Comparison of e-learning experience between GPTalk and Baseline. The number refers to the mean value and the statistical significance was determined using 

Bonferroni correction (*𝑝𝑏𝑜𝑛𝑓 < 0.05, **𝑝𝑏𝑜𝑛𝑓 < 0.01, and ***𝑝𝑏𝑜𝑛𝑓 < 0.001).

with both the virtual teacher and student. For example, they responded 

to questions initially posed by the virtual teacher to the virtual student 

(Table A.8). Some students stated that because the virtual peer asked 

questions to the teacher throughout the lecture, it also encouraged them 

to ask their own questions as well. This shows that DR 4 [Self-reflection 

and feedback] helped students consolidate their learning process. For 

instance, one student noted, “If it were just the virtual teacher and me, it 

would be a question-and-answer session. However, having a virtual friend 

encouraged me to keep asking questions, and I think this interaction helped 

me with my studies (P24).” It demonstrates that students felt a sense of 

closeness and comfort knowing that a virtual peer was present in the 

e-learning environment, which influenced them to ask questions more 

freely to the teacher. This feedback suggests that GPTalk provides stu­

dents with a more exciting and enjoyable learning experience, boosting 

their motivation and engagement compared to Baseline in an e-learning 

environment.

Novel Approaches in Self-regulated E-learning. Despite this, most 

students stated that the virtual teacher’s guidance in GPTalk added more 

originality to their e-learning experience (Fig. 8(g), GPTalk: 6.12 and 

Baseline: 5.31, p𝑏𝑜𝑛𝑓  = 0.0003) and was novel (Fig. 8(h), 6.03 and 5.28, 

p𝑏𝑜𝑛𝑓  = 0.0146). The students also felt more engaged with the topic 

and more curious about the subject matter. For instance, one participant 

stated, “When the virtual teacher asked me a question, it encouraged me to 

pay more attention to the lecture, which I did (P7).” Some students felt 

that GPTalk increased their curiosity about key concepts that they might 

have overlooked in their previous e-learning experiences. For instance, 

one student stated, “System B (GPTalk) made me feel like my virtual 

peer was really listening, which made me more curious about the details 

of the concept (P26),” while another mentioned, “I felt like my virtual 

peer was paying attention to the lecture, which made me more engaged and 

motivated to answer the virtual teacher’s questions (P3).” According to DR 5

[Motivation and sustenance], the interactions with the virtual peer and 

guidance from the virtual teacher motivated students to engage more 

deeply with the learning experience, leading them to perceive GPTalk 

as more inventive and cutting-edge.

Balancing between Simplicity and Interactivity. Students perceived 

Baseline as simpler compared to GPTalk, but no significant change was 

found (Fig. 8(b), GPTalk: 6.37 and Baseline: 6.75, p𝑏𝑜𝑛𝑓  = 0.0947). As 

mentioned in the earlier finding, while the engaging nature of GPTalk 

positively impacted students’ e-learning experience, some students pre­

ferred Baseline because it had a simpler question-and-answer format. 

For example, one student noted, “System B (GPTalk) was fun, but it made 

me focus more on the chat than the lecture. Hence, I think that System A 

(Baseline) was better because I could ask questions and focus on what I was 

unsure about (P8).” The example from P9 about the conversations be­

tween the student and the virtual peer (Table A.10) also shows that high 

interactivity and freedom in GPTalk could make them talk about subjects 

that are unrelated to the lecture. Some students (n = 3) felt that the con­

stant questioning by the virtual peer in GPTalk interrupted the lecture 

flow, thereby hindering their e-learning experience. For instance, one 

student mentioned, “In System B (GPTalk), the constant questioning by the 

virtual friend interrupted the flow of the online lecture and interfered with my 

learning (P10).” This shows that while interactivity can enhance engage­

ment for the students, excessive interactions may disrupt the learning 

experience. These results demonstrate that GPTalk was perceived as 

a more engaging, enjoyable, and inventive e-learning experience than 

Baseline, while balancing interactivity and simplicity remains an open 

challenge for optimizing self-regulated e-learning environments.

7 . Discussion and future works

7.1 . Reflections on LLM-based metacognitive support in solitary e-learning

In summary, our findings indicate that GPTalk currently acts as 

a selective SRL support, strengthening certain regulatory processes 

without yet yielding reliable gains in short-term content understanding 

performance. GPTalk increased SRL-related behaviors (e.g., attention 

to the lecture, question generation, brief in-situ reflection). Still, these 

process-level changes did not translate into statistically significant 

differences in test accuracy compared to the Baseline, suggesting 

that the system mainly targets motivational and engagement-oriented 
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components of SRL rather than directly scaffolding task-specific content 

understanding strategies. This pattern is in line with SRL theory, which 

conceptualizes SRL as a multidimensional construct — cognitive, 

metacognitive, behavioral, motivational, and emotional/affective 

— where achievement emerges from multiple components working 

together (Panadero, 2017), and with meta-analytic evidence that SRL 

activity only partially mediates the effects of SRL interventions on 

achievement (Jansen et al., 2019).

Rather than interpreting this as a failure of SRL support, we view 

it as an early LLM-based example of process–outcome decoupling, un­

derscoring the need to move from supporting isolated SRL moments 

within a single lesson toward phase-spanning, long-term support across 

forethought, performance, and reflection. Recent umbrella and meta-

analytic reviews of computer-assisted SRL similarly stress that the 

relationship between SRL skill development, technology-supported en­

vironments, and learning outcomes is “complex and multi-directional,” 

and that more robust achievement gains tend to arise when diverse SRL 

supports are integrated across the full SRL cycle and over extended pe­

riods (Prasse et al., 2024; Guntur and Purnomo, 2024). Building on this, 

future iterations of GPTalk should provide richer forethought support 

(e.g., goal setting and planning), more explicit scaffolding of cogni­

tive and metacognitive strategies during content understanding, and 

post-lesson reflection that feeds into subsequent sessions, enabling us 

to test whether the observed SRL gains can accumulate into durable 

improvements in academic achievement.

7.2 . Enhancing personalization through an accumulated log-based vector 

database

GPTalk supports personalized learning by leveraging students’ in­

teraction logs (questions and answers) and DR-based prompts. When 

a student plans and inputs a focus area, the virtual peer and teacher 

direct attention to that topic. Furthermore, GPTalk enables personal­

ized peer activities at the end of each lesson, providing students with 

the opportunity to revisit their questions. This approach is favored by 

the participants of this study, as the learners appreciate the emphasis 

on their knowledge gaps and the personalized experience. Despite these 

benefits, GPTalk can be improved further. Currently, GPTalk utilizes a 

general vector database for content referencing and RAG (Veletsianos, 

2009); however, future improvements could focus on accumulating and 

storing detailed interaction logs to develop a hyper-personalized vector 

database for each learner. This advanced RAG strategy (Kuhail et al., 

2023) would enable GPTalk to more accurately track and analyze in­

dividual learning patterns, offering highly customized feedback and 

support to optimize the personalization process.

However, implementing such a system requires careful consideration 

of ethical issues, including data privacy and algorithmic bias. Future de­

velopments should focus on advancing these personalization techniques 

while maintaining transparency and granting users control over their 

data. This approach would significantly bolster the ability of GPTalk to 

foster personalized learning and metacognitive development, delivering 

more effective and impactful educational experiences tailored to each 

learner’s unique requirements.

7.3 . Designing personas of the virtual peer

The current version of GPTalk includes single personas for both 

the virtual teacher and the virtual peer. However, during interviews, 

students (n=10) expressed a preference for interactions with a wider 

variety of personas, particularly for the virtual peer. While the single-

persona model for each virtual teacher and peer has proven effective 

in metacognitive e-learning experiences (Section 6), this feedback sug­

gests that having multiple personas for virtual peers has the potential to 

comprehensively address the diverse needs and preferences of individ­

ual students. It also indicates that students desired multiple personas for 

virtual peers due to the sense of closeness and intimacy that comes from 

the shared identity of being peers (Qin et al., 2020; de Las Heras et al., 

2020).

Existing research in educational contexts and on the design of 

learning-focused chatbots highlights the value of diverse personas. For 

instance, Veletsianos (Veletsianos, 2009) underscored the importance 

of designing personas tailored to specific learner characteristics, such as 

their learning style, motivation, and cognitive ability. Similarly, Kuhail 

et al. (2023) demonstrated that students prefer interacting with bots ex­

hibiting a range of personalities and emotional expressions, which can 

enhance engagement and satisfaction. Furthermore, Hew et al. (2023) 

suggested that students can be supported in setting goals and form 

stronger connections with virtual agents in online activities when the 

virtual agent offers personalized feedback and shares similarities with 

them. These studies support the idea that creating multiple, distinct 

virtual peers could be beneficial for GPTalk.

While implementing multiple personas to reflect the diverse pref­

erences of students can be challenging (Haugeland et al., 2022), it is 

important to carefully design various virtual personas for SRL to re­

flect the diverse needs of the students. In our study, although the virtual 

peer was designed to focus on learning-related content, it occasionally 

responded to ambiguous conversations that were not directly related 

to learning without offering guidance (Table A.9). Therefore, when 

designing the virtual peer persona, it is crucial to ensure that it can 

steer conversations back to the learning content whenever the student’s 

dialogue with the peer drifts away from learning.

Future works of GPTalk could include diverse individualized per­

sonas that reflect the unique traits and preferences of each student. Such 

a design would not only cater to a broader spectrum of user needs but 

also enhance the educational value of the platform by offering more 

personalized and relatable interactive experiences. By integrating these 

insights, future research and developmental efforts could create a more 

inclusive and effective learning environment, wherein each student can 

interact with a virtual peer that better aligns with their individual 

characteristics and learning needs.

Furthermore, we found that the role of the virtual peer agent un­

derscores important contributions to socially shared regulated learning. 

Previous research has emphasized that collaboration with peers fosters 

articulation, negotiation of strategies, and critical reflection (Isohätälä 

et al., 2017; Hadwin et al., 2011). While our study was grounded in 

virtual peer collaboration, it aligns with prior work on online vicari­

ous learning (Tanprasert et al., 2023) and LLM-based socially shared 

regulated learning (Edwards et al., 2025) in viewing socially shared 

regulation as a process that can emerge through the observation of 

shared interactions. Our findings suggest that observing interactions 

between a virtual teacher and a virtual peer can also reproduce these 

benefits, prompting learners to reconsider concepts and engage in col­

laborative sense-making. This indicates that socially shared regulatory 

processes can be meaningfully approximated through LLM-based agents, 

thereby extending classroom-based theories (Panadero, 2017) of SRL 

into solitary learning contexts. Together, our insights demonstrate that 

LLM-driven metacognitive support not only aligns with established the­

ories but also expands their applicability to settings where immediate 

social interaction is limited. In doing so, our study provides empirical 

evidence that solitary e-learning can be enriched with deeper forms of 

metacognitive regulation when mediated by virtual companions.

7.4 . Connecting virtual and real interactions with educational agents

Based on the DRs we derived from the formative interviews, we also 

suggest ways to apply our DRs in the practical implications of educa­

tional settings with virtual agents. Since previous studies have indicated 

that virtual agents and real peer interactions can complement each 

other (Du Boulay et al., 2010; Ferschke et al., 2015), it is essential to 

consider the practical implications of integrating educational agent sys­

tems like GPTalk not only into e-learning environments but also into 

blended learning contexts (Martha et al., 2019; Shukla et al., 2024). 
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Thus, future research may focus on interactions among real students, ac­

tual peers, and virtual agents. Our findings—where students effectively 

communicated and learned with a virtual peer during peer learning 

activities—suggest new opportunities for group interactions. Aligning 

with DR 1 [Goal setting and planning] and DR 2 [Self-monitoring and 

evaluation], we propose that virtual agents should not merely act as 

tools for goal setting and monitoring but also be designed to encourage 

students to participate more actively and critically in decision-making 

processes. For instance, instead of simply listening to a student’s re­

sponse, the agent could ask reflective follow-up questions such as, “Why 

do you think it is important to study this?” or “What outcomes might you 

expect if you approached this differently?” These questions could be posed 

to the target student and their peers, enhancing the quality of self-

regulation and self-monitoring within the context of socially shared 

regulated learning (Isohätälä et al., 2017).

This process also ties into DR 3 [Learning strategy adjustment] and 

DR 4 [Self-reflection and feedback]. While our study demonstrated how 

virtual agents could guide learning strategy adjustments based on an 

individual student’s responses, this can be extended to activities that in­

volve solving problems collaboratively, such as debates or discussions 

(Rivadeneira and Inga, 2023). The virtual agent could mediate in these 

scenarios to facilitate student interaction. For example, when the agent 

detects differences in opinions among students, it could highlight these 

differences and steer the discussion with prompts like, “How does this ap­

proach compare to the alternative?” or “Which parts of your peer’s opinion 

do you disagree with, and why?” The agent can help students critically 

evaluate and adjust their strategies by doing so, ultimately enhancing 

their self-reflective experience (Moreno and Mayer, 2005). With DR 6 

[Peer learning], virtual agents can be extended to support interactive 

teaching models tailored for class-wide student engagement by broad­

ening the concept of “groups” (Christopher et al., 2003). For instance, a 

virtual peer agent could be pre-programmed to participate in providing 

feedback on student work during a gallery-walk session. Expanding such 

interactions with virtual agents aligns with DR 5 [Motivation and suste­

nance], as it has the potential to increase student motivation (Ferschke 

et al., 2015) and enhance self-efficacy (Kim and Wei, 2006). For future 

work, clarifying the effects of each DR on fostering metacognition will 

be necessary, as this can provide a more detailed understanding of their 

individual contributions and guide targeted interventions.

7.5 . Limitations

Our study has several limitations. First, we selected first-year high 

school students as our target group, focusing on students who engage 

most in e-learning. It is important to apply GPTalk to students across dif­

ferent age groups to determine whether varying insights emerge based 

on grade level or educational stage. Additionally, as we aimed to ver­

ify the effect of GPTalk on students’ metacognition and e-learning, we 

experimented using a single subject to avoid confounding variables that 

could arise from differences in subject matter. Hence, future research 

will need to explore the impact of GPTalk across a wider range of sub­

jects and learning contexts to ensure the generalizability of the findings. 

Lastly, while GPTalk’s high level of conversational freedom allowed 

students to engage in various discussions, it also led to off-topic conver­

sations unrelated to the lecture (e.g., one student engaged in unrelated 

discussions with the virtual peer). This suggests that it may be necessary 

to impose some limitations on the freedom of student questions within 

the system to maintain students’ focus on the lecture. Therefore, future 

research will need to incorporate filters to limit the freedom of students’ 

conversations or questions, ensuring that interactions remain within the 

scope of learning.

8 . Conclusion

In this paper, we introduced GPTalk, an LLM-based system de­

signed to foster metacognitive growth in e-learning environments. 

Grounded in formative studies with students and teachers, GPTalk 

provided preliminary indications of enhanced metacognitive engage­

ment and self-regulated learning processes, particularly in how students 

monitored their understanding, articulated uncertainties, and briefly re­

flected during video-based study. By integrating LLMs to emulate class­

room dynamics and provide personalized, real-time feedback, GPTalk 

suggests a possible way to partially bridge the gap between solitary 

e-learning and traditional classroom interactions by enriching the reg­

ulatory processes that accompany video learning. At the same time, 

GPTalk in its current form primarily supports a subset of SRL—such 

as attention, motivation, and in-lesson reflection—within a single ses­

sion, and there remains unexplored design space for providing more 

comprehensive, longitudinal support across the full SRL cycle that may 

be necessary to yield robust gains in content understanding and perfor­

mance. We see this work as an initial step toward LLM-based companions 

that more broadly and consistently scaffold SRL over extended learn­

ing trajectories, with the ultimate goal of helping students translate 

metacognitive and self-regulatory gains into durable improvements in 

academic achievement. Taken together, our findings suggest that in­

teractions with virtual teachers and peer companions can help create 

richer self-regulated learning experiences in solitary e-learning settings, 

while also highlighting the need for more comprehensive and long-term 

SRL-focused designs in future systems.
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Appendix A . Chat logs in GPTalk and Baseline

See Fig. A.9 for the chat logs of GPTalk, and Fig. A.10 for those of 

the Baseline.

A.1 . Class chat log (P3)

In GPTalk, P3 actively engages in peer-to-peer discussions, with 

the virtual peer and teacher encouraging critical thinking and a 

deeper understanding of economic concepts (Table A.6). In con­

trast, in the Baseline condition, P3 asks a direct question and re­

ceives a factual response from the teacher (Table A.7). This demon­

strates how GPTalk promotes deeper engagement and reflection, 

whereas Baseline provides a more traditional, one-way learning

experience.

Fig. A.9. Five examples of chat logs in GPTalk. The graph’s X-axis represents the lecture progress, while the Y-axis represents the five students who participated in 

the user study. During each DR event, students interacted with their virtual teacher or peer, with markers indicating when a conversation occurred.

Fig. A.10. Five examples of chat logs in Baseline. The graph’s X-axis represents the lecture progress, while the Y-axis represents the five students who participated 

in the user study. The conversation was started by the student with the requirement of a minimum number of questions. The teacher’s responses were generated 

without DR-guided prompts.
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Table A.6 

Chat transcript in GPTalk: peer activity interactions (P3).

Utterer Content

(16 previous messages)

Teacher “Today, we learned about the basic concepts of economic activities. 

Economic activities are divided into production, distribution, and con­

sumption, with the main participants being households, businesses, 

and the government. Households are the primary participants in con­

sumption, businesses focus on production, and the government works 

to maximize social welfare. Now, let’s do a peer activity to review 

what we learned today with your partner!”

Peer “[Student’s Name], let me go first! You asked about consumption, 

right? Yeah, it’s something we do to feel satisfied. But if you’re forced 

into it, even though consumption technically happens, there’s no 

satisfaction. Like, if someone made you eat food you didn’t want, 

that’s not something you chose, so you wouldn’t feel good about it. 

Now, can you tell me what you learned in this lecture?”

Student “When a company buys stuff to make products, that’s not 

consumption—it’s production. Like you mentioned earlier, if some­

thing starts off being consumed by an individual but later gets 

used for business purposes, it shifts from being consumption to 

production.“

Teacher “Exactly, [Student’s Name]! If something an individual first consumes 

gets used later for company activities, it turns into production. So, 

depending on who’s using it and why, the same action can count as 

consumption or production. You totally got it!”

Table A.7 

Chat transcript in Baseline: question and answer interactions (P3).

Utterer Content

Student “Can rarity and scarcity appear simultaneously for the same 

resource?”

Teacher “Yes, rarity and scarcity can occur simultaneously for the same re­

source. Rarity refers to a situation where the absolute quantity of a 

resource is limited, while scarcity arises when the amount of the re­

source is insufficient to meet human desires. Therefore, if a resource 

is both absolutely limited and falls short of fulfilling human needs, it 

can possess both rarity and scarcity. For example, natural monuments 

are rare because of their limited quantity, and they can also be scarce 

if many people desire them.”

A.2 . Class chat log (P17)

In GPTalk, P17 engages collaboratively by answering a question on 

behalf of a virtual peer, actively participating in discussions with teacher 

support (Table A.8). In contrast, the Baseline condition involves direct 

question-and-answer interactions, focusing on straightforward explana­

tions (Table A.9). This example suggests that GPTalk enhances students’ 

thinking by providing examples to support their understanding.

Table A.8 

Chat transcript in GPTalk: answering a question on behalf of a virtual peer (P17).

Utterer Content

(12 previous messages)

Teacher “[Peer’s Name], referring to what we just learned, what is an 

example of a service provided in production activities?”

Peer “Hmm… Is selling goods in a shop a service?”

Teacher “[Peer’s Name], it might be a bit confusing. Selling goods in a 

shop is a consumption activity. Examples of services include 

medical services and educational services. [Student’s Name], 

what are some other examples of services in production 

activities?”

Student “I think it is transportation services.”

Teacher “That’s correct, [Student’s Name]! Transportation services are 

a good example of production activities. Various services we 

encounter daily can all be part of production activities. You’re 

doing great!”

Student “Why is selling goods in a shop considered a consumption 

activity?”

Teacher “Good question, [Student’s Name]. Selling goods in a shop is 

considered a consumption activity because consumption refers 

to the act of purchasing goods for satisfaction. Essentially, a 

consumer buys an item to use or consume it for satisfaction, 

which is why the activity of selling goods is a consumption 

from the consumer’s perspective. While sales are a part of the 

firm’s production, from a consumer’s viewpoint, it’s considered 

a consumption.”

Table A.9 

Chat transcript in Baseline: question and answer interactions (P17).

Utterer Content

Student “What is a tangible asset?”

Teacher “A tangible asset refers to an object that actually exists and has 

value. Examples include goods, real estate, gold, raw materials, 

machinery, daily necessities, and grains.”

Student “What are some things that have rarity?”

Teacher “Things that have rarity typically include goods, real estate, 

gold, raw materials, machinery, daily necessities, and grains. 

For example, the unique masterpiece by the artist can be con­

sidered absolutely rare. Rarity refers to the state where the 

absolute quantity of a resource is limited, which can apply to 

such artworks or natural monuments.”

A.3 . Class chat log (P9)

In GPTalk, P9 engages in off-topic peer discussions, fostering collab­

oration and mutual support (Table A.10). In contrast, the Baseline con­

dition involves direct teacher–student question-and-answer exchanges 

(Table A.11). This example suggests that the absence of virtual peers 

influences the participant’s attitude toward the class.
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Table A.10 

Chat transcript in GPTalk: discussing an off-topic subject (P9).

Utterer Content

(36 previous messages)

Teacher “That’s right, [Student’s Name]! The flow of goods and money is a 

key concept in the circular flow, so keep studying with attention. 

Next, we’ll dive deeper into scarcity and rational choice.”

Student “[Peer’s Name], are you in the department of science or humanities?”

Peer “I’m in humanities! How about you?”

Student “I’m in science, of course, having swag!”

Peer “Oh, that’s cool! Science must be exciting! Although we’re in different 

fields, let’s study hard together! What’s your favorite subject?”

Student “Math.”

Peer “So, you like math! It’s a fascinating subject. I enjoy studying history. 

Even though we love different subjects, we can help each other by 

studying together. Let’s support each other in math and history!”

Student “Yes, I really struggle with history.”

Peer “It’s fine, [Student’s Name]! I’ll help you. While studying history, feel 

free to ask me anything you don’t understand. I’ll also seek your help 

when I struggle with math!”

Student “[Peer’s Name], can you explain what a free good is?”

Peer “A free good is a resource that isn’t scarce, thus it can be used 

without payment. Like a sunlight.”

Table A.11 

Chat transcript in Baseline: question and answer interactions (P9).

Utterer Content

Student “What is rent?”

Teacher “Rent refers to the money received in exchange for providing land.”

Student “Can you give examples of groups that belong to a household?”

Teacher “Groups that belong to a household typically refer to individuals and 

families. For example, think of what we usually call a household. 

Each household is a representative example of a group that belongs to 

a household.”
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