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ABSTRACT
Background: STEM education aims to develop innovation and problem-solving skills through interdisciplinary learning, yet 
struggles to foster student engagement and interdisciplinary thinking. Whilst alternate reality games (ARGs) can boost moti-
vation via game-based problem-solving, integrating large language models (LLMs) remains underexplored. LLM-based virtual 
agents offer new opportunities for adaptive support.
Objectives: This study aimed to investigate the effectiveness of an LLM-assisted ARG system (LLM-ARG) in enhancing aca-
demic performance, metacognitive awareness, and engagement.
Methods: A quasi-experimental study compared LLM-ARG with conventional ARG methods amongst primary school students. 
The experimental group used LLM-ARG with personalised virtual agent support, whilst the control group employed a conven-
tional ARG with a traditional, rule-based virtual agent that offered only pre-scripted feedback. Data were collected through pre- 
and post-tests, metacognitive awareness questionnaires, and interaction logs. ANCOVA and correlation analyses were conducted.
Results and Conclusions: LLM-ARG significantly improved learning achievements and metacognitive awareness compared to 
conventional ARG. High-frequency interactions promoted exploration but did not consistently enhance problem-solving, whilst 
low-frequency interactions led to higher success via goal-directed strategies. Metacognitive competence emerged as a key predic-
tor of academic performance, highlighting the need to balance exploration with efficiency. This study demonstrates how LLM-
driven scaffolding supports diverse learning strategies and promotes adaptive learning in STEM education.

1   |   Introduction

Science, technology, engineering, and mathematics (STEM) ed-
ucation is widely recognised as a crucial approach for enhanc-
ing students' scientific literacy, critical thinking, and abilities 

to solve interdisciplinary problems (English 2023). Integrating 
science, technology, engineering, and mathematics into real-
world scenarios, STEM education fosters students' autono-
mous exploration and innovative practises, deepening their 
disciplinary knowledge and honing their problem-solving skills 
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(Tan et al. 2023). As educational technologies evolve, the impor-
tance of STEM education has become more prominent in the 
educational sector (Li et al. 2020). Yet, its practical application 
encounters numerous challenges, such as the abstract nature 
of scientific knowledge (Qian and Choi  2023), the complexity 
of learning materials (Gao et  al.  2020), and traditional teach-
ing methods falling short when it comes to motivating students 
intrinsically, thus limiting their learning motivation and effec-
tiveness (Lin and Wang  2021). From a cognitive science per-
spective, these challenges can impose a high cognitive load on 
students, hindering their ability to effectively process informa-
tion and engage in deep learning (Sweller 1994). The question 
of how to effectively create realistic learning environments that 
enable students to comprehend and apply abstract and complex 
concepts is now a central concern in educational research and 
practise (Chernikova et al. 2020).

Alternate Reality Games (ARGs) are interactive narratives that 
use the real world as a platform, often blurring the line between 
the game and reality (Örnebring 2007). Unlike typical games that 
are confined to a screen, ARGs integrate digital content with real-
world locations and tasks to create an immersive, trans-media 
experience (Jagoda et al. 2015). Grounded in situated learning 
theory, they are extensively employed to kindle students' passion 
for learning and to promote their active engagement (Gilliam 
et al. 2017; Meekaew and Ketpichainarong 2021). Through the 
creation of puzzles and challenges, ARGs effectively boost stu-
dents' motivation to learn (Hou et al. 2023; Sofianidis et al. 2024) 
and facilitate their problem-solving in blended virtual and real 
settings (Stylianidou et  al.  2020). Although ARGs are widely 
recognised for their significant potential to foster active inquiry, 
research indicates that many students struggle with the organi-
sation and processing of complex real-world information, which 
impacts their performance in ARG tasks (Whitton et al. 2014). 
For example, the overload of multimodal information, including 

visual, auditory, and textual data, can increase cognitive load, 
thereby reducing students' efficiency of information processing 
(Moon and Ryu 2021). To unlock the full potential of ARGs in 
STEM education, it is vital to provide tailored learning sup-
port that assists students in navigating challenges encountered 
during the inquiry process, thus boosting their inquiry skills 
and educational outcomes (Liang et al. 2021).

Chatbots driven by generative artificial intelligence, acting as 
virtual agents, have shown substantial promise in advancing 
human-computer interactions within educational settings (Yan 
et al. 2024). Large Language Models (LLMs) employed in these 
chatbots have witnessed rapid advancements recently, particu-
larly in the fields of knowledge retrieval, text recognition, and 
multimodal interactions, which have notably increased the chat-
bots' potential in educational applications (Kuhail et al. 2023). 
LLM-based chatbots, by providing instantaneous feedback and 
supplementary information, effectively aid students in problem 
solving, and are recognised as personal tutors or learning as-
sistants that can be seamlessly incorporated into educational 
systems (Dokukina and Gumanova  2020; Essel et  al.  2022). 
Supported by extensive data, these chatbots not only manage 
information efficiently, but also enhance student engagement 
and problem resolution, delivering tailored learning feedback 
(Chen et al. 2023; Kasneci et al. 2023). Nonetheless, the integra-
tion of LLM technology into complex situational learning tasks 
remains underexplored, with most studies focusing primarily 
on its application in online learning platforms (Ooi et al. 2023). 
Whilst prior research has established the benefits of adaptive 
feedback, the unique affordances of LLMs—such as their abil-
ity to engage in natural language dialogue, provide explanatory 
feedback, and offer metacognitive scaffolding—remain under-
explored within immersive learning environments (Du 2025; El 
Hajji et al. 2025).

To address these deficits, this study developed an LLM-assisted 
ARG system (LLM-ARG) that leverages a personalised virtual 
agent to provide adaptive scaffolding. From a theoretical stand-
point, such an agent can support learning in two critical ways: 
(1) by reducing extraneous cognitive load through just-in-time 
information and feedback (Sweller  1994), and (2) by fostering 
self-regulated learning (SRL) skills, such as planning, monitor-
ing, and reflection, which are crucial for developing metacogni-
tive awareness (Zimmerman 1995). Building on this theoretical 
framework, this study investigates the effectiveness of the LLM-
ARG system by specifically examining its impact on students' 
(1) learning achievements, (2) metacognitive awareness (as a key 
outcome of SRL scaffolding), and (3) behavioural engagement 
within the game environment. Accordingly, the pivotal research 
questions are:

1.	 Do students learning with LLM-ARG achieve better learn-
ing performance and metacognitive awareness than those 
learning with conventional ARG (C-ARG)?

2.	 What are the differences in the behavioural engagement 
and interaction patterns of students using LLM-ARG and 
those using C-ARG?

3.	 What are the relationships amongst interaction frequency, 
metacognitive skills, and academic performance?

Summary

•	 What is currently known about this topic
○	 STEM education struggles with fostering student 

engagement and interdisciplinary thinking.
○	 Alternate reality games (ARGs) can boost motiva-

tion via real-world problem-solving.
○	 Large language models (LLMs) offer adaptive sup-

port but are rarely used in ARGs.

•	 What does this paper add
○	 Introduces an LLM-assisted ARG system to improve 

STEM engagement and outcomes.
○	 Demonstrates that personalised virtual agents en-

hance metacognitive awareness.
○	 Identifies a balance between exploration and effi-

ciency as key to effective learning.

•	 Implications for practise and/or policy
○	 Applying LLM-driven ARGs can significantly en-

hance personalised STEM education.
○	 Teachers should balance exploratory learning with 

efficiency-driven strategies.
○	 Policymakers should promote AI tools that build 

students' metacognitive and strategic learning skills.
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2   |   Literature Review

2.1   |   Alternate Reality Games

To foster enthusiasm for STEM learning amongst students, 
ARGs effectively bolster the interactions between digital 
game tasks and real-world settings (Hou et  al.  2023). Serving 
as a game-based learning paradigm, ARGs engage students 
through interactive narratives and challenges, thereby igniting 
their spirit of active inquiry (Vayanou et al. 2019) and increas-
ingly becoming a focal point in educational research (Elsom 
et al. 2023; Hou et al. 2023). By incorporating digital tools and 
problem-solving techniques, ARGs craft an immersive learning 
environment that not only enhances the realism of the educa-
tional experience, but also inspires students to actively engage 
and investigate (Kassutto et al. 2021).

ARGs have been successfully integrated into classroom ed-
ucational practises (Christopoulos et  al.  2023; Jesionkowska 
et al. 2020), with studies affirming their ability to markedly boost 
student engagement, ignite motivation, and enhance the over-
all learning experience (Srisawasdi and Panjaburee  2019). By 
forging connections between learners and real-world scenarios, 
ARGs employ gamified narratives and comprehensive feedback 
mechanisms to guide students in refining their inquiry strate-
gies (De Beer and Bothma 2016; Habibi et al. 2022). Research 
indicates that ARGs foster advanced cognitive skills such as 
critical thinking, problem-solving, and teamwork through in-
terdisciplinary tasks (Gilliam et al. 2017; Tulloch et al. 2021). In 
STEM education, ARGs serve as an ideal platform that enables 
students to hone their critical thinking and collaborative skills 
within interdisciplinary settings (Stylianidou et al. 2020). These 
complex, multidisciplinary tasks require students to amalgam-
ate knowledge from various domains to tackle dynamic educa-
tional challenges. Such environments not only aid in the transfer 
and practical application of knowledge, but also potentially en-
hance students' abilities in deep thinking and innovation. This 
potential benefit merits further investigation in the context of 
STEM education.

Despite their potential, students encounter numerous challenges 
during the learning process in ARGs. The inherent uncertainty 
of puzzles in ARGs, coupled with the complexities of real-world 
scenarios, heightens the difficulty of problem solving, often 
impeding students' ability to collect clues and synthesise infor-
mation for task completion (Gilliam et  al.  2017). Throughout 
the ARG tasks, students may feel frustrated, discouraged, and 
distracted, which can prevent them from achieving the desired 
learning outcomes. Some may lose motivation altogether if the 
challenges surpass their abilities (Richey et  al.  2019). Given 
the complexity and diversity of these tasks, ineffective organi-
sation and internalisation of information can disrupt students' 
cognitive construction processes (Glazewski and Ertmer 2020). 
Furthermore, an overload of tasks or information can lead to 
cognitive overload, undermining the efficiency and effective-
ness of their knowledge construction (Sewell et  al.  2020; Xu 
and Ouyang  2022). Successfully navigating these challenges 
requires learners to possess strong metacognitive skills to moni-
tor their understanding, manage cognitive load, and adjust their 
problem-solving strategies (Seufert  2018). However, students 

often struggle to self-regulate effectively in such complex en-
vironments (Jin et al. 2023). This highlights a critical need for 
adaptive, personalised feedback within ARGs to serve as an ex-
ternal scaffold, thereby fostering the metacognitive awareness 
necessary for successful inquiry-based learning.

2.2   |   Virtual Agent

Virtual agents facilitate learner autonomy by establish-
ing roles akin to tutors or partners, offering essential guid-
ance and feedback throughout the learning journey (Seo 
et  al.  2021). In educational settings, these agents assume a 
supportive role by fostering independent learning amongst 
students, without overtly directing the learning trajectory 
(Wang et al. 2024). Learning is inherently a dynamic process 
that evolves not only through personal intellectual effort, but 
also via interactions with others or with technological systems 
(Pettersson 2021). Virtual agents adeptly mimic the functions 
of teachers or peers, providing timely feedback and emotional 
support when challenges arise, thus enhancing the social di-
mensions of learning. Additionally, they enrich opportunities 
for collaboration and communication, enabling deeper knowl-
edge construction (Chen et  al.  2020; Song et  al.  2019). By 
transitioning traditional face-to-face engagements into novel 
forms of human-machine collaboration, virtual agents effec-
tively enrich the interactive experience across varied learning 
settings (Guo et al. 2024).

With virtual agents' support, students can effectively complete 
learning tasks and practises, benefiting from timely feedback 
that assists them in identifying and rectifying errors (Oker 
et  al.  2020; Sikström et  al.  2022). Additionally, virtual agents 
boost students' self-efficacy and learning motivation through 
emotional feedback, which also strengthens their social pres-
ence in the learning process, reduces anxiety, and ignites 
their internal drive to learn (Chou et  al.  2022; Fountoukidou 
et al. 2019). This emotional support not only increases students' 
feelings of security and belonging in virtual environments, but 
also motivates them to engage more actively in learning activ-
ities (Schlimbach et  al.  2024). Research indicates that virtual 
agents not only spur learning motivation but also enhance the 
efficiency with which students execute tasks, thereby improv-
ing their performance and cognitive growth in complex learning 
scenarios (Krassmann et al. 2019; Lin et al. 2020). Virtual agents 
are emerging as potent educational tools that provide sustained 
support, boosting engagement and a sense of achievement 
amongst students tackling intricate tasks (Sinatra et al.  2021). 
Whilst the benefits demonstrated in these studies are signifi-
cant, the effectiveness of most traditional virtual agents is con-
strained by their underlying technology. Typically reliant on 
pre-scripted dialogue trees and rule-based systems, their ability 
to provide truly adaptive, explanatory feedback or understand 
novel student inquiries is limited (Han et al. 2025). This rigidity 
can hinder the development of sophisticated learning processes 
that require more than pre-programmed hints (Al-Abri 2025). 
Therefore, to enable the kind of dynamic, conversational scaf-
folding needed for effective learning in varied STEM educa-
tional settings, this research turns to the advanced capabilities 
of LLMs.
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2.3   |   Personalised Learning Based on LLM

Personalised learning refers to tailoring instructional content, 
pace, and approach to meet the unique needs and abilities of in-
dividual learners (Zhang et al. 2022). Whilst traditional adaptive 
systems often personalise by recommending pre-defined content 
pathways (Kasneci et al. 2023), the unique affordance of an LLM 
is its ability to provide dynamic, conversational, and individu-
alised support in real-time. An LLM is a natural language pro-
cessing technology trained on extensive datasets to effectively 
understand and generate human language (Thirunavukarasu 
et al. 2023), with applications ranging from content summarisa-
tion to automated question-answering (Kasneci et al. 2023; Yang 
et al. 2024). As LLM capabilities advance, they are increasingly 
used to provide this kind of personalised, data-driven support 
(Chang et al. 2024).

Functioning as virtual agents, LLM-powered chatbots offer 
robust learning support by moving beyond simple feedback to 
enhance the learning experience through engagement and per-
sonalization (Chen et al. 2024; Lin and Mubarok 2021). By ana-
lysing students' real-time progress, LLMs can generate tailored 
recommendations or prompts to help them overcome challenges 
(Hu et al. 2024) and can accommodate diverse proficiency levels 
through dynamic adjustments, thus enabling adaptive learning 
(Goslen et al. 2024). Whilst prior research has shown these sys-
tems can improve general outcomes like learning achievements 
and motivation (Hew et al. 2023; Lee et al. 2022), their specific 
capacity to deliver timely, explanatory feedback is particularly 
well-suited for fostering self-regulated learning skills (Bibauw 
et al. 2019; Xia et al. 2023). Therefore, this study chooses to focus 
specifically on how this LLM-driven personalised scaffolding 
impacts metacognitive awareness and behavioural engagement, 
two key components of self-regulated learning.

Integrating learning support into game environments has 
been shown to significantly enhance learners' acquisition of 
knowledge and skills in game-based settings (Liao et al. 2019). 
However, if the learning support is poorly integrated, it may lead 
to increased cognitive load, disrupting students' gaming experi-
ence (Bainbridge et al. 2022). Virtual agents offer a promising 
solution by seamlessly embedding learning support into games, 
enhancing both learning outcomes and the overall gaming ex-
perience. This approach achieves the dual objectives of sparking 
interest and promoting education (Guo et al. 2024). Accordingly, 
this study incorporated LLM virtual agents into ARG, leverag-
ing the immersive nature of ARG and the interactivity of virtual 
agents to investigate their potential effects on students' STEM 
learning performance, particularly in terms of knowledge ac-
quisition, skill development, and engagement.

3   |   ARG Design With an LLM-Assisted Virtual 
Agent Approach

3.1   |   System Framework

As shown in Figure 1, the LLM-ARG system was designed to 
facilitate students' engagement with STEM curricula in a sim-
ulated real-world environment. Central to the system is ‘V,’ an 
LLM-Assisted Personal Virtual Agent, which supports students 
in conducting active inquiries within STEM. The system com-
prises three core modules: the Game module, the Learning 
module, and the PVA module (Personal Virtual Agent module). 
The Game module manages the gaming aspects, including the 
game plot, quests, non-player characters (NPCs), and explora-
tion scenes. The Learning module oversees the educational 
components embedded within the game, such as learning rules, 
materials, tests, and feedback mechanisms. The PVA module 

FIGURE 1    |    LLM-ARG system framework.

 13652729, 2025, 6, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/jcal.70139 by X

ian Jiaotong U
niversity, W

iley O
nline L

ibrary on [28/11/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



5 of 19Journal of Computer Assisted Learning, 2025

integrates the LLM functionality, enabling seamless interaction 
with both the Game and Learning modules through compo-
nents such as the LLM platform, chatbot, prompt engineering, 
and game plugin. This cohesive framework ensures a dynamic 
and immersive learning experience for students.

Figure 2 illustrates the ARG system workflow, where students en-
gage in learning and complete all ARG tasks with the assistance 
and support of the virtual agent, ‘V.’ The system includes four 
game tasks: ‘Accepting the Invitation,’ ‘Kart Structure,’ ‘Three 

Electrical Systems,’ and ‘Four Key Processes,’ each mapped to 
a planned learning pathway for students. After completing one 
task, students can proceed to the next or choose to review pre-
vious content. Upon entering a task, students explore the scene 
to learn relevant knowledge points and collect knowledge cards 
through their exploration. They are also required to complete 
test questions to achieve the task objectives. Additionally, stu-
dents can review their acquired knowledge cards and game 
achievements in the Library and Achievement Gallery sections 
on the home page, further reinforcing their learning outcomes.

FIGURE 2    |    The system flow of the ARG system.
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3.2   |   STEM Learning Content

STEM inquiry activities were designed around the four dimen-
sions of science, technology, engineering, and mathematics, with 
clearly defined learning content and objectives that aimed to 
help students build a holistic knowledge framework and develop 
multifaceted skills through interdisciplinary tasks, as shown 
in Figure  3. These inquiry activities were introduced through 
game task modules, specifically ‘Accepting the Invitation,’ ‘Kart 
Structure,’ ‘Three Electrical Systems,’ and ‘Four Key Processes.’ 
Crucially, these game modules were designed to mirror authen-
tic real-world processes, requiring students to bridge digital 
gameplay with real-world scientific and engineering knowledge. 
Each module provides students with an initial understanding of 
the relevant learning content and foundational skills. By partic-
ipating in interactive gameplay, students can engage with key 
knowledge points and receive immediate feedback, serving as 
a preparatory step for deeper exploration and learning in sub-
sequent tasks.

In the science dimension, students learn fundamental methods 
of scientific inquiry, such as conducting knowledge searches 
and organising information, whilst applying logical reasoning 
to analyse specific challenges, including the load distribution of 
the kart frame and the energy transmission pathways of the bat-
tery. The technology dimension focuses on data collection, tool 
operation, and environmental interaction skills, encouraging 

students to deepen their technical understanding through data 
visualisation and practical applications. In the engineering 
dimension, students evaluate and optimise the stability of the 
kart frame, honing their system optimization skills through 
prototype design, iterative testing, and performance refine-
ment. Finally, the mathematics dimension emphasises the de-
velopment of quantitative analysis skills by engaging students 
in tasks such as measuring component dimensions, calculating 
speed-to-weight ratios, and applying geometric principles to en-
hance kart performance.

3.3   |   Personalised Virtual Agent Strategy

In designing the functionalities of the LLM virtual agent ‘V’, 
we adopted a learner-centred approach that provides three pri-
mary types of adaptive feedback, which are used consistently 
throughout this paper: (1) Answer Feedback, which diagnosed 
conceptual errors and delivered tailored explanations after stu-
dents submitted responses; (2) Task-Oriented Feedback, which 
activated milestone reminders and reflective prompts if learners 
deviated from goals; and (3) Achievement Feedback, which trig-
gered in-game rewards and progress summaries upon subgoal 
completion. This strategy ensures that feedback dynamically 
adapts to gameplay contexts whilst preserving pedagogical co-
herence. Table 1 illustrates these mechanisms with concrete ex-
amples within the ‘Kart Structure’ task.

FIGURE 3    |    STEM learning content.
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The system interface, shown in Figure  4, serves as the central 
hub for these interactions. All feedback from agent ‘V’ is delivered 
through the Dialogue Window. The process is initiated when a 
student submits a response in the Question Window, which auto-
matically triggers Answer Feedback. Following this, the student 
can choose to engage further by asking follow-up questions. This 
entire interaction sequence—from receiving the initial automatic 
feedback to any subsequent, student-chosen dialogue—is defined 
as engaging with feedback. This clarifies that whilst initial feed-
back is automatically provided, deeper engagement is optional, al-
lowing students to tailor the level of support they receive.

The LLM-ARG system employs this structured three-phase 
adaptive support framework to enhance learning effectiveness, 
engagement, and self-regulation. In the task execution phase, ‘V’ 
delivers real-time Answer Feedback by diagnosing errors and of-
fering targeted conceptual clarifications. As students progress, 
the objective tracking phase utilises Task-Oriented Feedback to 
help students monitor their learning trajectories, evaluate per-
formance, and generate personalised learning plans. Finally, 
the achievement reinforcement phase leverages Achievement 
Feedback through gamified mechanisms to enhance engage-
ment by visualising progress and acknowledging learning mile-
stones. Through these interconnected phases, the LLM-ARG 
system dynamically adapts to diverse learning needs, balancing 

exploratory refinement with structured goal attainment to op-
timise both cognitive development and sustained engagement.

3.4   |   System Description

The overall technical framework of this study is illustrated in 
Figure 5, which is structured as a cyclic interaction model com-
posed of four key modules: Students Interacting with Agent ‘V’, 
Data Processing and Transmission, Platform Interaction with 
Baidu AI Cloud Qianfan, and Feedback and Optimization. This 
framework emphasises the dynamic and continuous interaction 
between the virtual agent and the learning environment, lever-
aging the advanced capabilities of the Baidu AI Cloud Qianfan 
Platform as the technical backbone. The Qianfan platform is an 
all-in-one service platform launched by Baidu, offering a range 
of large model services, including ERNIE-Bot, as well as access 
to third-party large models. It is equipped with a comprehensive 
toolchain for the development and application of large models. 
The integration of ERNIE-Bot-4 into the LLM-ARG system al-
lows for adaptive and intelligent interaction, significantly en-
hancing the quality and effectiveness of automated responses.

The LLM-ARG system is composed of four core modules. The first 
module is Students Interacting with Agent ‘V’. In this module, 

TABLE 1    |    LLM-driven feedback mechanisms in the ‘kart structure’ task.

Gameplay loop Design purpose

LLM interaction method 
(prompt strategy + 

feedback type) Concrete case

Task interaction 1. Reinforce conceptual 
accuracy

Prompt: ‘If answer = correct > 1. 
Praise 2. Explain chassis 

mechanics 3. Encourage inquiry’

‘Great job! The chassis is indeed 
the main structural framework 

of the kart. Think about why 
it supports the entire body.’

2. Cultivate inquiry-
driven learning attitudes

1. Diagnose knowledge gaps Prompt: ‘Detect error_
type = conceptual_

misalignment > 1. Normalise 
mistake 2. Clarify tire 
role 3. Scaffold hints’

‘It seems you are focusing on the tire, 
but remember that the chassis serves 

as the backbone of the structure.’
2. Guide self-correction 

strategies

1. Prevent frustration Prompt: ‘If repeated_
errors = 2 > 1. Highlight key 

terms 2. Suggest observational 
tasks 3. Trigger reflection’

‘Try observing how the 
chassis supports the car body. 
It might help you rethink the 

structural framework.’

2. Promote real-
world connection

1. Address persistent 
misconceptions

Prompt: ‘If repeated_errors 
≥ 3 > 1. Activate metacognitive 

questioning 2. Contrast functions 
3. Suggest self-monitoring’

‘Let's pause and consider: What is 
the primary purpose of the chassis 

compared to the power system?’2. Train metacognitive 
monitoring

Objective 
tracking

1. Align actions with 
learning goals

Prompt: ‘Post-task > 1. Extract key 
concepts 2. Generate personalised 

plan 3. Preview next topic’

‘You've mastered the chassis 
concept! Next, we'll explore how 

the power system integrates 
with it. Stay curious!’

2. Bridge current and 
future knowledge

Reward 
unlocking

1. Enhance intrinsic 
motivation

Prompt: ‘Upon reward_
unlock > 1. Contextual praise 

2. Link reward to skills 3. 
Inspire creative application’

‘Congratulations on unlocking 
the motor card! Think about 

how the chassis and motor work 
together in real applications.’

2. Foster knowledge transfer 
through gamification
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8 of 19 Journal of Computer Assisted Learning, 2025

students interact with the virtual agent through various inputs, 
including player input, variable identification, instruction under-
standing, and persona dialogue. Agent ‘V’ dynamically interprets 
and responds to player actions and queries, delivering context-
aware feedback that supports problem-solving and learning. The 
persona dialogue feature allows for personalised guidance, mak-
ing the interaction experience more engaging and informative.

The second module is Data Processing and Transmission, which 
handles data interaction between the game environment and 

the Baidu AI Cloud Qianfan Platform. It consists of three key 
components: Call Plugin, Data Transmission, and Parsing Data 
Plugin. The Call Plugin manages obtaining Access Tokens and 
submitting HTTP requests to the Qianfan platform for model in-
vocation. The Data Transmission component processes prompt 
data and game data to facilitate real-time interaction between 
the game engine and the large model. The Parsing Data Plugin is 
responsible for extracting and processing dialogue content from 
the model output, ensuring that the feedback provided by ‘V’ is 
relevant and coherent.

FIGURE 4    |    System interface.

FIGURE 5    |    Technology roadmap.
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The third module is Platform Interaction with Baidu AI Cloud 
Qianfan, where the ERNIE-Bot-4 model, hosted on the Qianfan 
platform, conducts model-based reasoning and dynamically 
generates context-aware responses. The integration with the 
Qianfan platform ensures smooth and effective communication 
between the game and the model, leveraging Qianfan's capabili-
ties for efficient large model utilisation.

The fourth module is Feedback and Optimization, which 
forms a critical part of the closed-loop interaction. After re-
ceiving responses from the model, the system enters the feed-
back loop. This module consists of Data Display and Visual 
Support. In Data Display, the system presents feedback return 
and result display to the game engine, providing users with 
clear and concise information. In Visual Support, the system 
provides real-time guidance and interactive support within 
the game interface, allowing students to receive instant feed-
back and make prompt adjustments. This feedback loop fa-
cilitates continuous interaction and re-engagement, allowing 
learners to refine their actions and enhance their problem-
solving strategies.

The cyclic structure of the system ensures that after feedback is 
processed and presented, students can resume interaction with 
Agent ‘V’, forming a closed-loop learning cycle. This dynamic 
process helps maintain engagement whilst allowing continuous 
improvement through iterative feedback and response adap-
tation. By seamlessly integrating game-based interaction with 
model-driven reasoning, the system offers a coherent and effi-
cient educational experience.

4   |   Experimental Design

4.1   |   Participants

To evaluate the learning effectiveness of this approach, a quasi-
experimental design was adopted, involving 57 students aged 
12–13 from two classes at a primary school in eastern China. These 
students had over 2 years of information technology education and 
possessed basic computer skills, enabling them to engage in digi-
tal game-based learning. One class was designated as the experi-
mental group and the other as the control group. The experimental 
group, consisting of 28 students (14 boys and 14 girls), utilised the 
LLM-ARG approach, whilst the control group, comprising 29 stu-
dents (15 boys and 14 girls), employed the C-ARG approach. All 
students in both groups were taught by the same teacher to ensure 
consistency in instruction.

The experimental group received real-time feedback through the 
LLM-ARG system, including knowledge-based feedback, task-
oriented feedback, and achievement-driven motivational feedback. 
Knowledge-based feedback was designed to reinforce learned 
content, task-oriented feedback supported the construction of cog-
nitive structures, and achievement-based feedback motivated stu-
dents by rewarding their progress with achievements and items. In 
contrast, the control group's C-ARG system employed a traditional 
rule-based e-learning approach. The agent's feedback was limited 
to pre-scripted responses triggered by predefined rules (e.g., con-
firming a correct answer or providing a generic hint after an in-
correct one). Crucially, this system lacked the LLM's capacity for 

dynamic, conversational interaction; it could not interpret student-
initiated questions in natural language, diagnose the underlying 
nature of a misconception, or provide personalised metacognitive 
prompts. This design allows for a direct comparison between a 
standard game-based learning environment with basic feedback 
and one enhanced with novel LLM-driven, dialogic scaffolding, 
which is the focus of our study.

4.2   |   Experimental Procedure

To evaluate the effectiveness of the LLM-ARG system, we utilised 
the interdisciplinary STEM curriculum ‘Dream Car Factory’ as 
the experimental teaching content. The experimental procedure 
is illustrated in Figure 6. Over the course of 5 weeks, learners 
participated in a structured STEM learning process designed to 
integrate ARG-based instructional interventions.

In Week 1, learners engaged in introductory activities, which 
began with a 20-min session to introduce learning activities and 
rules. Following this, students completed a 30-min pretest to as-
sess academic performance and metacognitive awareness. These 
introductory activities ensured that all participants had a clear un-
derstanding of the learning objectives and initial baseline data be-
fore engaging in the main instructional content. During Weeks 2 to 
4, both the experimental group and the control group participated 
in core instructional activities designed to build STEM knowledge 
and skills through lectures and hands-on problem-solving tasks. 
Following the instructional activities, each group completed a 60-
min ARG task independently. The LLM-ARG group interacted 
with the personalised virtual agent ‘V’, which provided adaptive, 
real-time support, whilst the C-ARG group followed the same 
instructional activities using a system that provided only tradi-
tional, non-adaptive guidance, the specifics of which are detailed 
in the Participants section. Both groups were exposed to identi-
cal scenarios, educational content, and task durations to ensure 
consistency in the learning environment. In Week 5, a 60-min 
posttest was conducted to evaluate academic performance and 
post-intervention metacognitive awareness. This design ensured 
that the ARG intervention was systematically integrated into the 

FIGURE 6    |    Experimental procedure.
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10 of 19 Journal of Computer Assisted Learning, 2025

standard curriculum, maintaining consistent instructional time 
and task structure for both groups.

4.3   |   Data Collection

The measurement tools used in this study included tests and 
questionnaires designed to assess learning achievements and 
metacognitive awareness. All pre- and posttests were rigorously 
reviewed by teachers and experts to ensure that participants 
could understand the questions accurately.

At the initial stage of the study, a pretest was conducted to ascer-
tain the prior knowledge of students in both the experimental and 
control groups before they engaged in the learning activities. In 
contrast, the posttests were intended to examine differences in the 
learning achievements of the two groups after employing differ-
ent learning modalities. Both tests covered knowledge related to 
kart structure, three electrical systems, and the four key processes, 
each consisting of 20 multiple-choice questions with a total score of 
100 points. All tests were designed by the research team and were 
meticulously reviewed by experts and teachers with over 10 years 
of teaching experience to ensure the validity of the assessments. 
The KR-20 values before and after the tests were 0.72 and 0.74, re-
spectively, indicating acceptable internal consistency of the tests.

Metacognitive awareness refers to an individual's ability to re-
flect on and adjust their own cognitive processes. The metacog-
nitive awareness questionnaire was based on the measurement 
approach by Schraw and Dennison  (1994) and revised by Lai 
and Hwang (2015). This questionnaire consisted of five items, 
including questions such as, ‘When I complete a task, I ask my-
self if what I have learned from the task is sufficient.’ It used a 
5-point Likert scale for scoring (1 = strongly disagree; 5 = strongly 
agree), and with a Cronbach's alpha of 0.83, it demonstrated 
good reliability.

To analyse learning behaviours, student interactions within the 
ARG environment were captured in detailed system logs. This 
study adopted the behavioural analysis framework proposed 
by Liang et al. (2024), resulting in the coding system shown in 
Table 2. The appropriateness and clarity of this coding scheme 
were validated through discussions with two experienced teach-
ers prior to the study. Crucially, the data logging and coding pro-
cess was fully automated by the game system to ensure objectivity 
and eliminate the need for manual coding. The system logged 
specific events as follows: ‘E’ (Exploring) was recorded when a 
student navigated to a new game scene; ‘R’ (Reading learning ma-
terials) was recorded when a student opened a knowledge card 
and kept it on screen for more than 3 s; and ‘S’ (Skipping learning 
materials) was recorded if the card was closed in less than that 
time. All other codes (e.g., A, C, I, F, Q) were also logged au-
tomatically based on discrete user actions. Because this process 
was automated, inter-rater reliability analysis was not applicable. 
This automated process ensured a reliable and detailed record of 
the gaming experience, which was saved for subsequent analysis.

4.4   |   Data Analysis

All quantitative data were analysed using statistical software. To 
examine the effectiveness of the LLM-ARG system, two separate 
analyses of covariance (ANCOVA) were conducted to compare 
the posttest scores of learning achievement and metacognitive 
awareness between the experimental and control groups, with 
their respective pretest scores serving as the covariate. To inves-
tigate the differences in behavioural patterns, a lag sequential 
analysis was performed on the coded interaction logs from the 
system. The significance of behavioural transitions was deter-
mined by calculating z-scores from the adjusted residuals, with 
a z-score greater than 1.96 considered statistically significant 
(p < 0.05). Finally, to explore the relationships amongst interac-
tion frequency, metacognitive skills, and academic performance 

TABLE 2    |    Coding schema of game behaviour.

Code Code name Student learning behaviours in the game

E Exploring Student explores learning scenarios

R Reading learning materials Student reads graphic and video learning materials

S Skipping learning materials Student skips reading graphic and video learning materials

A Answering question Student answers a question in the game

C Answering the question correctly Student answers a question in the game correctly

I Answering the question incorrectly Student answers a question in the game incorrectly

I1 Answering the question 
incorrectly for the first time

Student answers a question in the game 
incorrectly for the first time

I2 Answering the question incorrectly 
for the second time

Student answers a question in the game 
incorrectly for the second time

I3 Answering the question 
incorrectly for the third time

Student answers a question in the game 
incorrectly for the third time

F Choosing to receive feedback from V Student actively selects to receive feedback from V, including 
answer feedback, task feedback, and prop feedback.

Q Q&A with V Student interacts with V and asks V questions

 13652729, 2025, 6, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/jcal.70139 by X

ian Jiaotong U
niversity, W

iley O
nline L

ibrary on [28/11/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



11 of 19Journal of Computer Assisted Learning, 2025

within the experimental group, a Pearson correlation analysis 
was conducted.

5   |   Experimental Results

5.1   |   Learning Achievement

This study employed Analysis of Covariance (ANCOVA) to 
investigate differences in the learning achievements of the 
experimental and control groups. The instructional method 
was set as the independent variable, with posttest scores as 
the dependent variable and pretest scores as the covariate. The 
Levene's test for equality of variances did not reach statistical 
significance (F = 0.580, p = 0.450), confirming the assump-
tion of homogeneity of variances. The test for homogeneity 
of regression slopes indicated that there was no significant 
interaction between groups concerning the pretest scores 
(p = 0.927), verifying that the linear relationships met the 
fundamental assumptions of ANCOVA. Table 3 presents the 
descriptive statistics for both groups. After controlling for pre-
test scores, ANCOVA revealed a significant difference in the 
posttest scores between the two groups (F = 4.258, p = 0.044). 
According to Ferguson  (2009), a partial eta squared (η2) of 
0.073 indicates a small effect size. This suggests that students 
using the LLM-ARG significantly outperformed those using 
C-ARG, demonstrating that the LLM-based virtual agent ARG 
enhanced students' learning achievements.

5.2   |   Metacognitive Awareness

This study employed ANCOVA to investigate the differences in the 
metacognitive awareness scores of the experimental and control 
groups. The instructional method was designated as the indepen-
dent variable, with post-questionnaire metacognitive awareness 
scores serving as the dependent variable and pre-questionnaire 
scores as the covariate. The Levene's test for equality of variances 
did not reach statistical significance (F = 1.932, p = 0.170), con-
firming the assumption of homogeneity of variances. The test for 
homogeneity of regression coefficients indicated no significant 
interaction between the groups and the pretest scores (p = 0.554), 
demonstrating that the data met the fundamental assumptions 
of ANCOVA. Table 4 presents the descriptive statistics for both 

groups. After accounting for the pretest scores, ANCOVA re-
vealed a significant difference in the scores of the two groups 
(F = 4.480, p = 0.039). According to Ferguson (2009), a partial η2 
of 0.077 indicates a small effect size. This suggests that students 
using the LLM-ARG significantly outperformed those using C-
ARG in terms of metacognitive awareness, indicating that the 
LLM-based virtual agent ARG enhanced students' metacognitive 
awareness.

5.3   |   Lag Sequential Analysis

Lag sequential analysis, a statistical method for analysing the de-
pendency of event sequences in time-series data, was employed 
to reveal patterns and trends in interactive behaviour sequences. 
Students in the experimental group generated a total of 2306 be-
haviour codes, whilst those in the control group produced 1745. 
Subsequently, the frequencies of various behaviour sequences 
were calculated, and an adjusted residuals table was produced 
using matrix methods. The residuals table consisted of rows rep-
resenting the initial student behaviours and columns correspond-
ing to subsequent behaviours. Adjusted residuals were computed 
through matrix operations, and sequences were considered sta-
tistically significant (p < 0.05) when Z-values exceeded 1.96.

Tables 5 and 6 display the results of the adjusted residuals anal-
ysis, whilst Figures 7 and 8 illustrate the pathways of learning 
behaviours, highlighting significant differences between the ex-
perimental and control groups. In these diagrams, arrows indi-
cate the direction of behaviour transitions, the thickness of the 
lines represents the significance level, and the Z-values next to 
the arrows denote statistical significance. Black lines represent 
behaviour sequences common to both groups, whilst red lines 
indicate significant behaviour sequences unique to the exper-
imental group. Different types of behaviour codes are marked 
with corresponding coloured blocks.

5.4   |   Comparison of Behaviour Sequences Between 
Experimental and Control Groups

The significant behaviour sequences identified in the experi-
mental group included E → E, E → R, R → S, R → A, S → A, A → C, 
A → I1, C → F, I1 → F, I2 → F, I3 → F, F → Q, Q → E, Q → R, Q → C, 

TABLE 3    |    The ANCOVA results of learning achievement.

Group N Mean SD Adjusted mean SE F η2

Experimental group 28 69.29 7.90 69.29 1.01 4.258* 0.073

Control group 29 66.38 6.39 66.38 0.99

*p < 0.05.

TABLE 4    |    The ANCOVA results of metacognitive awareness.

Group N Mean SD Adjusted mean SE F η2

Experimental group 28 4.15 0.34 4.15 0.04 4.480* 0.077

Control group 29 4.05 0.27 4.05 0.04

*p < 0.05.
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Q → I2, and Q → I3. In contrast, the control group's significant 
behaviour sequences included E → E, E → R, R → S, R → A, S → A, 
A → C, A → I, C → E, C → R, I → C, and I → I.

Both groups exhibited similarities in exploration, reading ma-
terials, and answering questions. They tended to continue ex-
ploring after exploration (E → E) and chose to read materials 
after exploring (E → R). However, they often skipped parts of the 
content whilst reading (R → S), indicating that students might 
selectively skip based on interest or time management.

Additionally, after reading materials, students attempted to an-
swer questions (R → A) but frequently gave incorrect answers. 
Both groups showed a tendency for incorrect answers to out-
number correct ones, as reflected in the experimental group's 
A → I1, A → I2, A → I3 and the control group's A → I transitions, 
indicating challenges in applying learned knowledge. These pat-
terns suggest that regardless of virtual agent support, students 
exhibited similar learning behaviours in self-directed tasks, es-
pecially in exploring and problem-solving.

In the experimental group, students frequently interacted with 
the virtual agent following both correct and incorrect responses 
(C → F, I1 → F, I2 → F, I3 → F), engaging in repeated interactions 
(F → Q, Q → Q). These interactions led to higher correct answer 
rates (Q → C) and reduced error rates (Q → I2, Q → I3). This 
continuous feedback loop not only improved accuracy but also 

stimulated motivation, encouraging students to explore further 
(Q → E) and read materials (Q → R). These findings highlight the 
important role of the virtual agent in promoting both learning 
motivation and outcomes.

5.5   |   Interaction Frequency and Success Rate

The analysis of interaction frequencies (Q_count) within the 
LLM-ARG experimental group revealed that students interacted 
with the virtual agent a mean of 20.21 times (SD = 2.50), with a 
median of 20 interactions (see Table 7). As shown in Figure 9, 
the distribution was concentrated around this central point; the 
two most frequent interaction counts were 20 (10 students) and 
19 (9 students), together accounting for 68% of the participants 
(19 out of 28). The full range of interactions spanned from a min-
imum of 14 to a maximum of 30, indicating that whilst most 
students exhibited moderate engagement, a small subgroup of 
learners interacted more extensively with the agent.

5.6   |   Problem-Solving Success

In this study, problem-solving success was quantified using 
a success rate (Q_success_rate), calculated as the proportion 
of tasks a student answered correctly after interacting with 
the LLM-based agent. This approach, adapted from Liang 
et al.  (2024), operationalizes success based on the outcomes of 
these supported interactions. Overall, the system demonstrated 
robust efficacy, with students achieving an average success rate 
of 0.88 (SD = 0.12). The data showed a strong tendency towards 
successful outcomes: the median success rate was 0.83, and 75% 
of students achieved a success rate of 0.83 or higher. Notably, at 
least 25% of the students achieved a perfect 1.00 success rate, as 
their failure rate was zero.

These results indicate that the LLM-ARG system effectively sup-
ported most students in reaching correct solutions. However, the 
variability in outcomes, with the minimum success rate recorded 
at 0.62, suggests that some students still faced challenges, partic-
ularly with the more complex tasks presented in the later stages 

TABLE 5    |    Results of residuals transition in the experimental group.

E R S A C I1 I2 I3 F Q

E 9.69* 29.4* −1.19 −5.91 −5.91 −4.2 −1.69 −0.97 −7.98 −9.49

R −5.44 −4.89 9.2* 43.42* −6.5 −4.62 −1.86 −1.07 −8.77 −10.44

S −1.12 −0.44 −0.26 8.53* −1.28 −0.91 −0.37 −0.21 −1.73 −2.06

A −5.53 −6.5 −1.28 −6.35 18.04* 33.17* −1.82 0.05 −8.57 −10.19

C −5.53 −6.5 −1.28 −6.35 −6.35 −4.51 −1.82 −1.04 34.6* −10.19

I1 −3.93 −4.62 −0.91 −4.51 −4.51 −3.2 −1.29 −0.74 24.58* −7.24

I2 −1.58 −1.86 −0.37 −1.82 −1.82 −1.29 −0.52 −0.3 9.9* −2.92

I3 −0.91 −1.07 −0.21 −1.04 −1.04 −0.74 −0.3 −0.17 5.69* −1.68

F −7.47 −8.45 −1.73 −8.57 −8.57 −6.09 1.66 −0.52 −11.57 37.92*

Q 15.42* 3.7* −1.99 −9.88 11.67* −7.02 4.78* 3.3* −13.33 0.44

*p < 0.05.

TABLE 6    |    Results of residuals transition in the control group.

E R S A C I

E 14.37* 18.18* −2.89 −10.22 −10.22 −11.49

R −10.13 −8.86 11.37* 35.52* −8.86 −9.95

S −2.87 −2.5 −0.71 11.37* −2.5 −2.81

A −10.13 −8.86 −2.5 −8.86 7.78* 20.29*

C 17.93* 9.51* −2.48 −8.77 −8.77 −9.85

I −11.39 −9.95 −2.81 −9.95 20.29* 12.04*

*p < 0.05.
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of the game. The fact that a substantial proportion of students 
(25%) were able to use the agent to achieve a perfect success rate 
underscores the system's potential for scaffolding learners to-
wards mastery of foundational content.

5.7   |   Interaction With Virtual Agent

To further explore interaction differences, students were strat-
ified into two groups based on a median split of the interaction 
frequency (Median = 20): a low-interaction group (Q_count ≤ 20, 
n = 20) and a high-interaction group (Q_count > 20, n = 8). As 
shown in Table 8, an inverse relationship between interaction fre-
quency and immediate success was observed: the low-interaction 
group achieved higher success (M = 0.92, SD = 0.09) than the high-
interaction group (M = 0.79, SD = 0.14), t = −2.375, p = 0.041.

The lag sequential analysis indicated that high-interaction stu-
dents engaged in iterative feedback loops, reflecting exploratory 
learning, whilst low-interaction students employed more goal-
directed strategies, achieving greater immediate success. These 
patterns suggest that interaction frequency alone does not deter-
mine learning outcomes, highlighting the importance of differ-
ent learning strategies.

5.8   |   Correlation Analysis

To gain deeper insights into the relationships amongst interac-
tion frequency, metacognitive skills, and academic performance, 
we conducted a Pearson correlation analysis. Table  9 presents 
the Pearson correlation matrix amongst key variables, including 
interaction frequency (Q_count), success rate, metacognitive 

FIGURE 7    |    Behavioural transition diagram of the experimental group.

FIGURE 8    |    Behavioural transition diagram of the control group.
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pretest and posttest scores, as well as academic performance mea-
sures (pretest and posttest scores). The results revealed several 
significant associations between key variables. Notably, pretest 
and posttest scores were highly positively correlated (r = 0.646, 

p < 0.001), indicating that better initial academic performance 
led to sustained high performance. Similarly, metacognitive pre-
test scores were significantly correlated with both pretest scores 
(r = 0.702, p < 0.001) and posttest scores (r = 0.637, p < 0.001), 
suggesting that metacognitive awareness positively influences 
academic success.

Furthermore, a strong positive correlation was observed between 
metacognitive pretest and posttest scores (r = 0.723, p < 0.001), 
reflecting the continuity of metacognitive competence through-
out the intervention. These findings align with prior research 
emphasising the critical role of metacognitive regulation in pro-
moting academic achievement.

However, it is noteworthy that interaction frequency (Q_count) 
and success rate did not exhibit a significant correlation 
(r = −0.169, p = 0.389), indicating that frequent interactions 
do not necessarily translate to higher success. Interestingly, a 
marginally significant negative correlation was observed be-
tween interaction frequency and metacognitive pretest scores 
(r = −0.367, p = 0.055), suggesting that students with higher 
metacognitive skills tend to interact less frequently, likely due to 
more efficient problem-solving strategies.

6   |   Discussion

In this study, we developed an ARG system based on a person-
alised LLM virtual agent, known as LLM-ARG. This system 
supports student interaction with the virtual agent within a 
gaming environment, providing three types of adaptive feed-
back (Answer, Task-Oriented, and Achievement Feedback) to 
foster autonomous learning and interdisciplinary inquiry capa-
bilities. The study examined the effectiveness of the LLM-ARG 
method compared to the C-ARG method in interdisciplinary 
STEM educational activities. The results indicate that the LLM-
ARG method enhances students' learning achievements and 

TABLE 7    |    Descriptive statistics of key metrics.

Metric Mean SD Min Max 25% 50%

Q_count 20.21 2.50 14 30 19 20

Success rate 88 12 62 100 83 83

Failure rate 12 12 0 38 0 17

FIGURE 9    |    Distribution of Q interactions.

TABLE 8    |    Group comparison of high vs. low interaction based on a median split.

Group N Q_count (mean) Success rate (mean)
Standard deviation 

(success rate) t-value p

High interaction 8 22.63 0.79 0.14 −2.375 0.041

Low interaction 20 19.25 0.92 0.09

TABLE 9    |    Pearson correlation matrix amongst key variables.

Q_count Success_rate Pretest Posttest Meta_pre Meta_post

Q_count 1

Success_rate −0.169 1

Pretest −0.181 0.314 1

Posttest −0.320 0.357 0.646*** 1

Meta_pre −0.367 0.087 0.702*** 0.637*** 1

Meta_post −0.109 0.096 0.490** 0.305 0.723*** 1

**p < 0.01. 
***p < 0.001.
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metacognitive awareness whilst also promoting positive be-
havioural engagement.

In terms of learning achievements, this study found that stu-
dents in the experimental group statistically significantly 
outperformed those in the control group, indicating that the 
LLM-powered virtual agent contributed to improved learning 
outcomes. This result can be interpreted through the lens of 
Cognitive Load Theory (Sweller  1994). The complex, interdis-
ciplinary nature of the STEM tasks could impose a high ex-
traneous cognitive load on students. By providing real-time, 
explanatory feedback and answering student-initiated questions, 
the LLM-ARG likely mitigated this load, allowing students to al-
locate more cognitive resources to problem-solving and knowl-
edge construction. This finding aligns with a growing body of 
research that positions LLMs not just as information providers, 
but as tools for scaffolding higher-order thinking skills (Lee 
et al. 2024). Whilst other studies have shown LLMs supporting 
critical judgement (Aprin et al. 2024) or ethical problem-solving 
(Hu 2024), our study extends this understanding to the context 
of interdisciplinary STEM education. It suggests that an LLM's 
capacity for contextualised feedback is particularly effective 
in helping students apply and integrate complex knowledge, 
which is consistent with other work showing beneficial impacts 
when integrating gaming with LLM-supported learning (Goslen 
et  al.  2024; Xu et  al.  2024). Overall, the findings suggest that 
integrating LLM virtual agents into ARGs can provide more 
meaningful learning support for students' academic develop-
ment in STEM.

In terms of metacognitive awareness, a significant enhance-
ment in the experimental group was observed. This finding 
strongly supports the role of the LLM-ARG as a tool for scaf-
folding SRL (Zimmerman 1995). The results are consistent with 
previous research demonstrating that LLM-supported learning 
tools can improve students' abilities to understand and man-
age their cognitive states during the learning process (Goslen 
et al. 2024; Meyer et al. 2024). The personalised feedback and 
guidance from the virtual agent likely encouraged students to 
engage in key SRL processes such as planning, monitoring, and 
self-evaluation, which are foundational to metacognition (Lim 
et al. 2023; Maghsudi et al. 2021). Through real-time feedback 
and adaptive support, the LLM-ARG assists students in reflecting 
and adjusting throughout the learning process. This mechanism 
encourages students to become more aware of their learning 
states, thereby enhancing their self-management and metacog-
nitive skills in future learning tasks. This result highlights the 
potential of LLM-ARG as a valuable tool in educational contexts 
that demand a high degree of student self-regulation, such as the 
interdisciplinary STEM environment explored in this study.

In terms of learning behaviours, lag sequential analysis revealed 
that the experimental group engaged in productive, iterative 
learning cycles. Significant behavioural paths showed students 
interacting with the LLM virtual agent after both correct and 
incorrect answers (C → F, I1 → F), which led to subsequent Q&A 
dialogues (F → Q) that resulted in higher accuracy (Q → C). This 
contrasts sharply with the control group, whose behaviours 
were more linear and lacked these rich feedback loops. This sug-
gests that the LLM virtual agent acted as a key scaffold for SRL. 
By providing timely, explanatory feedback, the agent helped 

students monitor their understanding and control their learning 
strategies immediately following an error, prompting them to 
re-engage more actively with the learning tasks. Although the 
LLM-ARG encouraged these positive behaviours, students in the 
experimental group, like those in the control group, still showed 
a tendency to skip some materials, reflecting a persistent chal-
lenge in self-directed learning. Nevertheless, the finding that the 
agent's instant feedback and continuous interaction promoted 
more systematic engagement aligns with research on the role 
of feedback in promoting positive learning behaviours (Duggal 
et al. 2021; Huang et al. 2023), further validating the potential of 
LLM-driven systems to support active learning processes.

Analysis of interaction patterns in the LLM-ARG group showed 
that most students demonstrated moderate engagement, whilst 
a subgroup engaged intensively through iterative query–revision 
loops. This aligns with metacognitive refinement strategies in 
self-regulated learning (Qiao et al. 2022) and was accompanied 
by an inverse relationship between interaction frequency and 
immediate success. Low-frequency interactors adopted a more 
performance-oriented strategy, efficiently resolving problems 
for higher immediate success, whereas high-frequency interac-
tors followed a mastery-oriented approach, using iterative feed-
back loops to refine understanding. These findings highlight the 
system's adaptability to diverse learning strategies and suggest 
that the value of an AI tutor should be assessed not only by ef-
ficiency but also by its ability to support both exploratory and 
goal-directed learning.

The correlation analysis provides further insight into the rela-
tionship between learning behaviours and outcomes. As noted, 
interaction frequency did not significantly correlate with im-
mediate problem-solving success. In contrast, metacognitive 
competence emerged as a much more reliable predictor of ac-
ademic performance. Specifically, pre-intervention metacogni-
tive awareness showed strong, significant positive correlations 
with both pretest (r = 0.702, p < 0.001) and posttest academic 
scores (r = 0.637, p < 0.001). This aligns with existing research 
highlighting that students with stronger metacognitive skills 
tend to perform better academically (Haataja et  al.  2022; 
Katsantonis 2025). This reinforces the interpretation from our 
behavioural analysis: it is not the quantity of interactions that 
predicts success, but the underlying quality of a student's learn-
ing regulation. The marginally significant negative correlation 
between interaction frequency and pre-intervention metacog-
nitive awareness (r = −0.367, p = 0.055) further supports this, 
suggesting that students who already possess stronger meta-
cognitive skills may adopt more efficient, strategic learning 
behaviours that require fewer interactions (Liang et  al.  2024). 
Ultimately, these findings underscore the importance of foster-
ing metacognitive competence as a key driver of academic suc-
cess in technology-enhanced learning environments.

Whilst the LLM-ARG system effectively supported learning 
progression, the variability in student performance was notable. 
Although the direct correlation between interaction frequency 
and success rate was not statistically significant (r = −0.169, 
p = 0.389), the comparison between the low- and high-interaction 
groups revealed a significant difference in their strategies and 
immediate outcomes. This highlights that a simple linear rela-
tionship does not capture the complexity of the learning process 
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and that frequent interactions do not necessarily result in better 
learning outcomes (Li et  al.  2022). As discussed, students ap-
peared to adopt two different learning strategies. Students with 
higher pre-intervention metacognitive skills tended to employ a 
more efficient, streamlined problem-solving approach, contrib-
uting to higher success rates despite fewer interactions. In con-
trast, the high-interaction students engaged in an exploratory 
approach. Whilst this exploratory strategy is valuable for build-
ing understanding, it may also increase cognitive load in the 
short term, requiring a careful balance between exploration and 
efficiency to optimise learning in complex problem-solving en-
vironments (Sankaranarayanan et al. 2024; Seufert et al. 2024).

7   |   Conclusions

This study demonstrates that the LLM-ARG system effec-
tively supports adaptive game-based STEM education by bal-
ancing exploratory refinement with goal-oriented efficiency. 
Through LLM-powered scaffolding, the system dynamically 
facilitates both structured learning and open-ended inquiry, 
fostering a cognitively coherent and efficient learning expe-
rience. The positive correlation between metacognitive com-
petence and academic success highlights the critical role of 
integrating metacognitive support mechanisms within ARG 
frameworks to enhance learning outcomes. Moreover, the sys-
tem's ability to balance engagement and efficacy by accom-
modating diverse learning strategies further reinforces its 
educational value.

Despite these achievements, several limitations remain. The 
study was limited to interdisciplinary STEM education with a 
relatively small sample size and short duration, potentially af-
fecting the generalizability of findings. Future research should 
expand the sample size and explore the system's applicability 
across diverse disciplines and student populations. Additionally, 
whilst we theorised that the LLM agent helps manage cognitive 
load, this was not directly measured. Future work could ex-
plicitly investigate how the system impacts students' cognitive 
load during complex problem-solving tasks. This study focused 
on interaction frequency rather than qualitative strategies. The 
finding that high-frequency interaction did not yield higher im-
mediate success suggests that the quality of inquiries is critical. 
High-frequency interactions likely reflect exploratory learning, 
but their self-regulation efficiency remains unclear. Future 
research should analyse dialogue content more closely to ex-
amine how different strategies affect learning outcomes. The 
observation that students used both efficient and exploratory 
strategies opens a new avenue for investigation, particularly 
regarding their long-term effects on conceptual understanding 
versus problem-solving speed, and how LLM-driven systems 
can support flexible strategy switching based on learning goals. 
By further exploring these nuances, future research can help 
unlock the full potential of LLMs to support diverse learners in 
dynamic educational contexts.
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