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Abstract

Effective learners actively engage with and select their learning processes from metacog-
nitive monitoring, a cornerstone of educational success. Metacognitive monitoring
is an essential aspect of effective learning and enables learners to reflect on their
thought processes, learning strategies, and knowledge states, thereby regulating their
own learning. Enhancing metacognitive monitoring skills has shown substantial ed-
ucational benefits, as evidenced by existing pedagogical and social research. This is
particularly true in mathematics, where precise metacognitive monitoring correlates
strongly with improved performance. Effective metacognitive monitoring is essential
for enhancing mathematical abilities among learners.

Children aged 7 to 11 are in a pivotal developmental phase where metacognitive
skills can be significantly shaped. This period is critical for cultivating these skills,
which are vital for their future academic and personal growth. In traditional class-
room settings, expert teachers encourage students to think about their own learning
by asking them reflective questions. Yet, their time is limited, making it difficult to
address each student’s needs in large classes. With the progress of AI, computer-
based learning environments (CBLEs) are increasingly capable of replicating learning
support at scale and are well-positioned to tailor support in large, diverse learner pop-
ulations. However, adapting teacher-driven interventions to CBLEs poses significant
challenges. For example, intelligent tutoring systems (ITSs) often provide frequent
prompts that can interrupt the natural flow of learning activities and may reduce
learners’ trust in these systems. Additionally, ITSs require learners to articulate their
thoughts during self-reflection, a process that is essential yet complex. These subjec-
tive responses are often unreliable. To address these challenges, our work proposes a
novel technique that estimates young learners’ metacognitive monitoring performance
(MMP) by analyzing their spontaneous facial responses, thus aiming to emulate the
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nuanced approach of expert teachers within digital learning environments.
Building upon the prior work about emotion expressed during metacognitive mon-

itoring, we developed the Meta-Facial Expression Interpreter (M-FEI), an approach
to estimate MMP through facial cues. It enables real-time estimation and has been
proven to outperform an existing conventional method. These conclusions have been
derived from a first large user study conducted with 184 children aged 7 to 11 from
two provinces in China and from Scotland.

An ITS designed to enhance learners’ metacognitive monitoring was employed
in a second large-scale user study. This compared mathematical learning outcomes
between a tailored metacognitive monitoring intervention using M-FEI (condition 1)
and, respectively, using the conventional method (condition 2). The study included
a total of 215 children aged from 7 to 12. The results showed that children in
condition 1 achieved improved learning outcomes and significantly outperformed those
in condition 2.

This PhD thesis has pioneered an innovative approach for tailoring learning support
by a multi-modality deep learning neural network. This approach has the potential to
benefit a diverse range of learners for a variety of subjects by providing personalized
and effective educational support in improving metacognitive monitoring skills.



Lay Summary

Thinking about your own learning is an essential skill for learning better. It occurs at
various stages throughout the learning process, such as when learners assess their own
knowledge of a task, evaluate their answers, or review the strategies they have used.
To support this thinking process, various teaching methods have been developed,
particularly in the field of mathematics. These methods help learners effectively check
their answers and refine their own learning processes.

In real classrooms, expert teachers play a crucial role in noticing when children are
thinking about their own learning. This is especially important for young learners who
may struggle to explain what they think about their own work, such as being unsure
whether their solutions are correct, or they may be over-influenced by their peers.
Based on these insights, teachers guide learners to reflect on their own knowledge,
helping them be aware of what they know and what they need to learn. Consequently,
such support facilitates better learning outcomes among learners. Yet, their time is
limited, making it difficult to address each student’s needs in large classes.

In this research, we looked at how young students show their emotions and how
they reflect on their own learning. We created a tool that looks at children’s faces,
where they are looking, and their head movements to identify how well a student
is doing this. We called it the Meta-Facial Expression Interpreter, or M-FEI. It can
give quick and reliable guesses about someone’s self-reflection performance, and it
did better than the older methods used in research. These conclusions have been
derived from a big study with 184 children aged 7–11, carried out in schools in China
and Scotland.

A smart computer program designed to help children reflect on their learning was
used in a second big study. This study compared mathematical learning outcomes
between a special support to help children reflect on their learning using M-FEI (con-
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dition 1) and using the conventional method (condition 2). The study included a
total of 215 pupils aged 7–12. The results showed that pupils in condition 1 achieved
improved learning outcomes and did better than condition 2.

This PhD thesis introduced a new way to give children learning support. This
approach has the potential to benefit a diverse range of learners for a variety of
subjects by providing support that fits each child and really helps them learn.
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Definitions

Metacognition: The broad definition of metacognition as ‘thinking about
thinking’ is often interpreted widely (Winne 2011). Its definition includes any
cognitive process that receives information from and has a controlling influence
on another cognitive process (Shea et al. 2014).

Metacognitive monitoring: Metacognitive monitoring refers to evaluating
the ongoing progress or current state of a particular cognitive activity (Winne
2011). In particular, the metacognitive monitoring in this PhD thesis refers to
self-evaluating the ongoing task’s solution.

Affective states: Affective states refer to the internal experiences associated
with feelings, emotions, and moods.

Emotions: In this thesis, emotions are distinguished from ‘affective states,’
which are the formal, externally measurable aspects of affective states. They
are externally expressed and recognizable responses, often identified through
facial expressions.

Facial expressions: Facial expressions are visible movements of facial muscles
that convey specific emotions.

Facial cues: They are more broadly, encompass these expressions as well as
other nonverbal facial signals, including subtle movements such as gaze direc-
tion and head orientation. In this thesis, the facial cues are facial expressions,
head gestures, and gaze directions.

Smart game/serious game: It is a computer-based game designed for a
primary purpose other than pure entertainment.

xxi



Intelligent tutor system: An ITS is a computer-based platform designed to
simulate human tutoring by enhancing learner engagement, improving reten-
tion, and supporting overall learning outcomes through immediate feedback
and personalized instruction.

xxii



Chapter 1

Introduction

不积硅步，无以至千里；不积小流，无以成江海。(Translation: A journey of a thousand
miles may not be achieved without the accumulation of each single step, just as the
enormous ocean may not be formed without gathering every brook or stream.)

— 荀子 (Xun Zi)

This chapter presents an overview of the PhD thesis, including its background,
motivation, prior research and its limitations, and the proposed approach to addressing
these challenges. The idea behind this PhD thesis was presented at the ACM IDC
2022 Doctoral Consortium (DC) in a paper: ‘Real-time Feedback based on Emotion
Recognition for Improving Children’s Metacognitive Monitoring Skill’ (Ruan et al.
2022).

Learning is a dynamic process through which individuals acquire, process, and
retain knowledge, skills, and attitudes. It involves the assimilation of new information
and the integration of experiences into existing cognitive frameworks (Winne 2011).
As learners engage with the learning environment, they exercise autonomy by selecting
topics, choosing materials, and devising suitable learning strategies. Through self-
regulation, they actively pursue and achieve predefined learning goals. Building on
this foundation, self-regulated learning (SRL) further enhances learners’ capabilities
to manage and control their own educational experiences.

SRL encompasses key components such as goal setting, strategic planning, progress
monitoring, and adaptive adjustments to learning strategies to optimize performance
(Winne 2011). This learning skill is crucial for helping pupils achieve better learning

1
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outcomes. However, noticeable differences exist in how effectively pupils develop and
apply SRL skills. An example of this is the performance gap observed between stu-
dents in mathematical learning outcomes, which highlights these disparities (Bullen
et al. 2020, Siregar et al. 2020). Such performance gaps suggest that the SRL strate-
gies in learners may be unevenly developed or inconsistently applied. To address this,
expert teachers or tutors often play a crucial role by providing timely prompts and
guidance to support learners in regulating their own learning processes.

Among the various components of SRL, metacognition, commonly defined as
‘thinking about one’s thinking’, plays an essential role by enabling learners to eval-
uate their understanding, plan strategically, and adjust their approaches based on
task demands (Schraw & Dennison 1994). This has been recognized as a crucial
approach in improving learning outcomes (Higgins et al. 2016). Metacognitive pro-
cesses encompass the strategic actions and the motivation required for effective learn-
ing (Winne 2011). Skilled self-regulated learners continuously monitor and regulate
their cognitive activities, enabling them to evaluate the effectiveness of their learning
strategies and make informed adjustments. Empirical studies have demonstrated that
proficiency in metacognitive monitoring significantly enhances SRL and contributes
to improved learning outcomes, particularly in complex subjects such as mathematics
(Isaacson & Fujita 2006, Desoete & De Craene 2019, Sawyer et al. 2014, Brosnan
et al. 2016, Grainger et al. 2016, Carpenter et al. 2019). For instance, a study by
Isaacson & Fujita (2006), involving 84 students, found that learners who effectively
monitored and evaluated their learning processes achieved higher final examination
scores. Recently, this has emerged as an effective pedagogical approach to enhance
learning outcomes through delivering tailored interventions to improve metacognitive
monitoring performance (MMP) (Higgins et al. 2016).

Current interventions aimed at enhancing pupils’ MMP generally fall into two
categories. The first category, standard approaches, involves direct teacher guidance
and structured problem-solving sessions, as documented in studies by Cogliano et al.
(2020) and Montero et al. (2021). The second category includes computer-based
interventions that use digital tools and interactive tutor systems to enhance metacog-
nitive skills and simulate real-classroom teacher interactions, supported by findings
from Maras et al. (2019) and Clabaugh et al. (2019). Detailed descriptions of these
intervention types are provided in Section 2.4. Empirical studies demonstrate that
both types of intervention effectively enhance learners’ learning outcomes. For exam-
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ple, Grawemeyer et al. (2015) reported improved grades among children who received
metacognitive support, and Maras et al. (2019) noted significantly higher scores on
mathematical questionnaires among supported groups compared to control groups.
Similarly, studies by Cogliano et al. (2020) and Montero et al. (2021) observed im-
proved performance following training with standard metacognitive interventions.

Compared to standard metacognitive interventions, computer‐based interventions
offer several additional benefits. Firstly, these digital platforms tend to create more
engaging and comfortable learning environments, as children typically demonstrate
increased enthusiasm and involvement when interacting with technology in secure
settings (Valencia et al. 2019). Secondly, technological devices and advanced algo-
rithms enable the capture and analysis of subtle, implicit indicators—such as facial
expressions, head gestures, gaze directions, and body gestures—that can significantly
enhance the quality of metacognitive support (Azevedo et al. 2022). Lastly, computer-
based interventions facilitate automated personalization and consistent replication,
allowing tailored feedback to be efficiently delivered to individual learners (Clabaugh
et al. 2019).

Computer‐based intervention designs often provide support through text-based
feedback on past learning activities. For instance, in the approach described by
Maras et al. (2019), immediate feedback is provided after each question attempt,
reporting the current question’s achieved score and the cumulative score. Subsequent
feedback, delivered after completing a series of questions, includes the number of
correct responses, reminders about the goal to maximize total scores, and strategic
recommendations for managing increased difficulty. However, despite these notable
advancements, there are significant limitations in existing computer-based interven-
tions, especially for pupils.

Current mechanisms of computer‐based interventions predominantly rely on learn-
ers’ explicit self-rated responses to estimate their MMP to provide feedback (Kautz-
mann et al. 2016, Kautzmann & Jaques 2019). Therefore, learners are frequently
required to assess their own performance, a repetitive and burdensome process. How-
ever, such mandatory self-assessment sessions have been shown to disrupt learners’
flow and engagement in the learning process (Riku 2021). Moreover, subjective re-
sponses are often inaccurate, especially when pupils struggle to articulate their feelings
(Brown et al. 2015), which undermines the effectiveness of subsequent interventions.
Consequently, these inaccurate MMP estimations reduce the accuracy of computer-
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ized interventions, sometimes providing unnecessary feedback to learners who do not
need it while omitting feedback from those who require it. As a result, learners are
at risk of experiencing frustration or disengagement. This issue becomes especially
critical in scenarios where timely and responsive feedback is essential to maintaining
learner engagement and sustaining learning momentum (Graesser 2020).

To address these limitations, an effective strategy involves leveraging objective
data derived from learners’ spontaneous behaviors to estimate their MMP. Prior re-
search by D’Mello et al. (2009) investigated undergraduate students’ behaviors during
sessions interacting with computer-based metacognitive interventions. In these ses-
sions, learners were encouraged to reflect more deeply on their learning strategy and
received feedback for metacognitive monitoring. It was observed that the majority
of the spontaneous behaviors were facial expressions, while other behaviors like head
nods, shakes, and jaw movements were infrequent. Additionally, research has shown
that occurrences of certain emotions, identifiable through facial expressions, are cor-
related with MMP in learning sessions (Taub & Azevedo 2018, Cloude et al. 2020,
Taub et al. 2021). Notably, studies by Taub, conducted with undergraduate stu-
dents, reveal that emotions such as boredom and surprise are significantly correlated
with MMP during learning processes (Cloude et al. 2020, Taub et al. 2021). Even
though the intricate interactions between learners’ spontaneous behaviors and their
MMP remain incompletely understood, prior research highlights potential directions
for investigation.

Building upon the prior research, this PhD thesis aims to accurately estimate
pupils’ MMP by analyzing their spontaneous facial cues, including facial expressions,
gaze directions, and head gestures. Using these estimations, this research tailors and
provides metacognitive interventions that have validated benefits to MMP in previous
studies, and tests the efficacy of these interventions on pupils’ mathematical learning
outcomes in a computer-based learning environment (CBLE).

To achieve this target, this PhD work addresses the following central research
questions:

RQ1. To what extent does MMP impact pupils’ learning outcomes in CBLEs, and
can pupils’ MMPs be inferred from their facial cues?

RQ1.1 How does MMP influence pupils’ task scores?

RQ1.2 What facial cues have a significant correlation with MMP?
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RQ1.3 What is the performance of the conventional approach in estimating
pupils’ MMP?

RQ1.4 Is it possible to estimate pupils’ MMP using deep learning to interpret
their facial expressions? If yes, does this improve MMP estimation?

RQ2. Given the established benefits of metacognitive interventions in educational
research, can interventions tailored to MMP, as identified through facial cues,
enhance pupils’ mathematical learning outcomes in CBLEs?

RQ2.1 Does the intervention using the M-FEI approach improve pupils’ mathe-
matical learning outcomes?

RQ2.2 How do the mathematical learning outcomes of pupils who receive the
tailored intervention using the M-FEI approach compare with those of
pupils who undergo the KMA-based approach?

Addressing RQ1:
To investigate RQ1, this research initially experienced challenges due to the unavail-
ability of relevant data. To address this, a smart game was developed, and a user
study was conducted to collect the necessary data for analyzing pupils’ MMP and
their facial cues across different MMP states. The development of the smart game,
the procedures of the user study, and the analysis of the collected data are detailed
in Chapter 3.

Following this, the focus progressed toward estimating MMP using deep learning
and facial expression interpretation techniques. Chapter 4 presents a comparison
between conventional approaches and the newly proposed Meta-Facial Expression
Interpreter (M-FEI). Experimental results illustrate the advantages of M-FEI in terms
of performance, generalizability, and educational applicability, which are analyzed in
detail in the same chapter.

Addressing RQ2:
To address RQ2, an additional user study was conducted to validate the educational
benefits of the M-FEI approach, as detailed in Chapter 5. Although this research fo-
cused on the context of mathematics, metacognitive monitoring is a universal learning
skill applicable across various educational activities. Therefore, it is anticipated that
the proposed contributions could be extended to other learning contexts in future
work, which is highlighted in Chapter 6.
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1.1 Thesis Structure

The following provides a structured overview of this thesis:

Chapter 2 presents the foundational background and related research underpinning
this study. It begins with an examination of the expanding role of artificial intelligence
and its potential within education. Subsequent sections explore validated interven-
tions for enhancing metacognitive monitoring, which are grouped into standard and
computer-based approaches, highlighting educational methodology advances driven
by technology. The chapter also explores the concept of metacognitive monitoring
within SRL, emphasizing its significance for educational success and detailing how it
can be effectively supported in children. Finally, this chapter reviews available tech-
niques for estimating MMP, specifically focusing on interpreting facial expressions
within educational settings.

Chapter 3 details a user study that examines the collection of facial cues asso-
ciated with pupils’ metacognitive monitoring. This research involves developing an
application, called Meta-Brainhood, designed to stimulate metacognitive monitoring
while capturing relevant facial cues. The results observed in the user study provide ad-
ditional support for the impact of MMP on learning performance in a CBLE. Findings
from this study identify facial cues significantly correlated with the MMP of pupils,
indicating their potential as real-time indicators in educational contexts.

Chapter 4 outlines the development of a deep-learning model, Meta-Facial Ex-
pression Interpreter (M-FEI), aimed at accurately estimating MMP through facial
expression analysis. Leveraging data from a large-scale user study detailed in Chapter
3, Chapter 4 addresses the limitations of conventional methods, which often inaccu-
rately evaluate MMP. The objective is to refine estimation accuracy, enabling more
effective and minimally intrusive educational interventions for pupils.

Building on the technique developed in Chapter 4, Chapter 5 investigates the
implementation and educational effectiveness of the intelligent tutor system (ITS)
designed to enhance pupils’ metacognitive monitoring. This system employs both the
novel M-FEI-based approach and a conventional method, providing tailored interven-
tions aligned with learners’ estimated MMP.

Chapter 6 concludes the key findings of the research questions and the key contri-
butions of this research. It also reports limitations and future works in this research.
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1.2 Main Contributions

Throughout this PhD project, a methodology was successfully developed and imple-
mented to improve young pupils’ mathematical learning outcomes through metacog-
nitive interventions tailored based on facial interpretation. Specifically, the research
investigated the feasibility of estimating MMP through facial cues and validated the
effectiveness of M-FEI-based metacognitive monitoring interventions in enhancing
pupils’ mathematical performance in a CBLE.

This work not only confirms the practicality of using facial expressions to tailor
metacognitive monitoring interventions but also reveals the potential of real-time in-
terventions to significantly improve educational outcomes. Furthermore, the method-
ology established in this research provides a framework for other researchers aiming to
integrate deep-learning-based techniques into educational technologies. This method-
ology encompasses the design of data collection studies, data pre-processing, model
proposals, and the validation of educational benefits associated with these models.

1.3 Publications Resulting from This Research

It should be noted that some content of this PhD thesis has been published in peer-
reviewed conferences during this PhD research. Their relation to this thesis will be
mentioned at the beginning of the relevant chapters. The following publications are
available online.

1. Ruan, X., Palansuriya, C. and Constantin, A. (2022), Real-time Feedback based
on Emotion Recognition for Improving Children’s Metacognitive Monitoring
Skill. In: Proceedings of the 21st Annual ACM Interaction Design and Children
Conference, pp. 672–675. DOI: https://doi.org/10.1145/3501712.3538831.

2. Ruan, X., Palansuriya, C., Constantin, A. and Tsiakas, K. (2023), Supporting
Children’s Metacognition with a Facial Emotion Recognition-based Intelligent
Tutor System. In: Proceedings of the 22nd Annual ACM Interaction Design and
Children Conference, pp. 502–506. DOI: https://doi.org/10.1145/3585088.3593882.

3. Ruan, X., Palansuriya, C. and Constantin, A. (2023), Affective Dynamic Based
Technique for Facial Emotion Recognition (FER) to Support Intelligent Tutors

https://doi.org/10.1145/3501712.3538831
https://doi.org/10.1145/3585088.3593882
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in Education. In: International Conference on Artificial Intelligence in Educa-
tion, Springer, pp. 774–779. DOI: 10.1007/978-3-031-36272-9_70.

4. Ruan, X., Wang, K., Palansuriya, C. and Constantin, A. (2024), Identifying
Children Metacognitive Monitoring Performance Through Facial Expressions.
In: Companion Proceedings of the 2024 Annual Symposium on Computer-
Human Interaction in Play, pp. 242–248. DOI: https://doi.org/10.1145/3665463.3678790.

5. Ruan, X., Constantin, A., Palansuriya, C., Wang, K., and Atkinson, M. (2025),
Nurturing Self-aware Learning through Facial Expression Interpretation. In:
Proceedings of the CHI Conference on Human Factors in Computing Systems,
pp. 1-8 DOI: https://doi.org/10.1145/3706599.3720258.

https://doi.org/10.1007/978-3-031-36272-9_70
https://doi.org/10.1145/3665463.3678790
https://doi.org/10.1145/3706599.3720258


Chapter 2

Background of Research

学如逆水行舟，不进则退。(Translation: Learning is like rowing upstream; not to
advance is to drop back.)

— 曾国藩 (Zeng Guofan)

2.1 Artificial Intelligence in Education

Artificial Intelligence (AI) is often stereotypically associated with advanced robotic
systems endowed with vast computational power and adaptive behaviors that emulate
human cognition. However, in the educational domain, AI applications have evolved
far beyond these traditional interpretations (Chen et al. 2020). Modern AI systems are
increasingly employed to assess student work, deliver real-time feedback, and pinpoint
areas for improvement (D’Mello & Graesser 2013). Moreover, these technologies
facilitate the creation of virtual learning environments that foster interactive and
immersive educational experiences (Guo 2020).

The integration of AI technologies in the educational setting has increased markedly
in recent years, garnering significant scholarly and practical attention. For instance,
Google’s DeepMind has investigated methods to enhance personalized learning through
the implementation of AI-based learning systems (Tombazzi et al. 2023). Similarly,
the German Research Center for AI (DFKI) has established a dedicated research group
that focuses on the intersection of educational technology and AI applications in learn-
ing and teaching (German Research Center for Artificial Intelligence (DFKI) 2025).

9
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These developments highlight a growing recognition of AI’s potential to transform
educational practices through more adaptive and personalized learning experiences.

Integrating AI into educational platforms enables the correlation of learners’ be-
havioral data with their ongoing learning performance. AI-driven analysis facilitates
the evaluation of individual learning competencies by inferring students’ thought pro-
cesses and capabilities. For example, Orji et al. (Orji & Vassileva 2022) employed
AI techniques to classify learner characteristics, thereby allowing for dynamic, person-
alized interventions that adapt to each student’s needs. As educational paradigms
evolve, AI systems are increasingly prepared to offer support grounded in established
tutoring models and their inherent pedagogical frameworks. Additionally, modern
user interfaces that accommodate various input modalities, such as voice, text, and
clicks, provide multifaceted feedback through diverse output formats, including text,
graphical representations, and visual cues. Advanced human-computer interaction
functionalities, such as natural language processing, speech recognition, and affective
state detection, further augment the capacity of these systems to enhance learning
outcomes (Graesser 2020).

2.2 Mathematical Learning Interventions

Interventions aimed at enhancing learners’ mathematical performance are typically
classified into two categories: standard and computer-based. Standard interventions
are most frequently employed in educational research and delivered by teachers or
tutors in classrooms. These approaches use visual aids, such as images, diagrams,
and numerical equations, to facilitate learners’ self-reflection in problem-solving (Fang
2012, Jitendra & Star 2011). Empirical evidence suggests that participants benefit
from these interventions and demonstrate significant improvements in mathemati-
cal learning outcomes, notably achieving a deeper understanding of the underlying
mathematical structures (Herzog & Casale 2022).

In contrast, computer-based interventions employ various technological approaches,
including tablet-based video modeling, interactive software interfaces, and robotic as-
sistants (Jowett et al. 2012, Grawemeyer et al. 2015, Clabaugh et al. 2019). These
approaches offer the advantage of scalable and consistent delivery, overcoming limi-
tations associated with the traditional learning environment, such as limited teacher
availability, challenges in providing individualized support, and the difficulty of adapt-
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ing interventions across large-scale educational settings. For example, Clabaugh et al.
(2019) deployed a Socially Assistive Robot (SAR; see Figure 2.1) in 17 households
to support primary arithmetic practice. The SAR was programmed to dynamically
adjust both task difficulty and the intensity of feedback in response to the number
of errors committed by the learner. Specifically, if a child exceeded a predetermined
error threshold, the difficulty level was reduced; otherwise, it was maintained or in-
creased. In addition, corrective feedback was provided immediately upon an error
being made by the child, with its level calibrated to minimize subsequent mistakes
while remaining within acceptable limits. Empirical results demonstrated that partic-
ipants exhibited significantly higher scores in numerical operations and mathematical
reasoning following this intervention compared to baseline measures.

Figure 2.1: Example physical in-home learning environment (Clabaugh et al. 2019).

Grawemeyer et al. (Grawemeyer et al. 2015) evaluated the effectiveness of an
open learner model (OLM), the Maths Island Tutor (see Figure 2.2), in enhancing
the understanding of mathematical concepts among 24 children. The experiment
was structured into three sessions: in session 1, no errors were present in the con-
ceptual representations; in session 2, errors were introduced without informing the
participants; and in session 3, errors were introduced and explicitly communicated.
Following these sessions, participants were instructed to identify the mathematical
concepts they had learned by selecting the corresponding flags on the mathematics
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islands and by circling the flag associated with any error (see Figure 2.2). The results
indicate that the use of an OLM can foster metacognitive benefits in young learners.

Figure 2.2: Example interface of Open Learner Model (OLM) (Grawemeyer et al.
2015).

Maras et al. (Maras et al. 2019) introduced a novel computer-based metacognitive
intervention, the Math Challenge, to assess the effectiveness of feedback in enhanc-
ing mathematical learning. The Math Challenge is structured into seven progressively
challenging levels, with increasing question complexity at higher levels. The program
commences with comprehensive instructions outlining its structure, objectives, and
point allocation system. Prior to each problem, a five-point pre-test intention mea-
sure is administered to gauge the learner’s anticipated effort in answering correctly.
Following each question, a five-point post-test confidence judgment was obtained,
after which immediate feedback was provided, detailing the correctness of the re-
sponse, the points earned for that item, and the cumulative score. Upon completion
of each level, additional summary feedback was then delivered, comprising the num-
ber of correct responses, total points accumulated, a reminder of the learning goal,
and strategic recommendations (e.g., lowering the difficulty level results in simpler
questions but fewer points per item). Empirical findings indicated that participants
who received feedback achieved significantly higher scores on the Math Challenge
compared to those who did not.
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Within computer-based interventions, the way support is delivered by intelligent
agents has become increasingly sophisticated. Intelligent Tutoring Systems (ITSs)
are designed to respond not only to learners’ answers, are designed to respond not
only to learners’ answers, but also to a variety of behaviors, such as gestures, facial
expressions, spoken language, and even physiological signals like heart activity (ECG)
and brain activity (EEG) (Graesser 2020).

One well-known example is AutoTutor D’Mello & Graesser (2013), which was
created to engage learners in conversational interaction. Instead of simply giving
correct answers, AutoTutor guides learners through supportive dialogue, for instance,
by prompting with questions like ‘Could you at least try to give me an answer?’ or
offering encouragement such as ‘Let’s try this together.’ Through these conversational
moves, AutoTutor motivates learners to elaborate on their ideas and express them in
complete sentences or explanations.

In addition, other ITSs have sought to interpret learners’ nonverbal signals, such
as facial expressions and body gestures, in order to provide more adaptive and context-
sensitive support. An affective-sensitive AutoTutor (Azevedo et al. 2009) was imple-
mented with 256 production rules that specified how AutoTutor was to respond to the
learner’s emotions. For example, if a learner is not performing as expected, AutoTutor
adapts by adjusting the content to sustain engagement. To challenge high-performing
learners, it introduces more difficult problems. When a low-performing learner is frus-
trated, AutoTutor offers a hint or an easier question to guide the learner back on
track.

2.3 Metacognitive Monitoring

The process of evaluating the process of learning or the current state of knowledge is
referred to as metacognitive monitoring (Rivers et al. 2020).

2.3.1 Role of Metacognitive Monitoring in Learning

Self-regulated learning (SRL) is the intentional and strategic adaptation of learning
activities to achieve specific learning goals (Winne & Hadwin 2010), and is commonly
practiced by successful learners. Winne (2011) elucidates the interdependent roles of
metacognition in the SRL. Throughout the phases of SRL, learners have opportuni-
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ties to metacognitively monitor properties of information, declarative and procedural
knowledge, and their cognitive experience.

To emphasize the role of metacognitive monitoring in SRL, this subsection out-
lines the dynamic sequence of four distinct phases and illustrates how metacognitive
monitoring operates within them. In Phase 1 (Defining the Task), learners begin by
assessing their understanding of the task at hand and may engage in metacognitive
monitoring to clarify task requirements. As they start working, they might also adopt
metacognitive control strategies if they recognize that the task is unclear. Moving
into Phase 2 (Setting Goals and Planning), learners implicitly evaluate possible goals
and plan cognitive strategies to achieve them. During Phase 3 (Engagement), learn-
ers become actively involved in the task, applying tactics, constructing outputs, and
engaging in cognitive processes, while metacognitive activities occur spontaneously
and alongside their cognitive efforts. Finally, in Phase 4 (Large-Scale Adaptation),
learners reflect on their overall approach after completing the task, aiming to develop
strategies that will make handling similar tasks more effective in the future. Through-
out these phases, metacognitive monitoring plays a crucial role by allowing learners
to continuously assess their understanding, track their progress, and make informed
adjustments to their strategies, thereby supporting effective self-regulated learning.

This process can be illustrated with a practical example. When learners are asked
the question, ‘What caused the fall of Rome?’, they engage in metacognitive moni-
toring by continuously evaluating the completeness and adequacy of their responses.
Specifically, they assess the quality of the information recalled, the effectiveness of the
strategies used to retrieve and organize that information, and their overall confidence
in the response. Similar monitoring occurs in mathematics, such as when a child
solves ‘245 + 378 = ?’ and then reflects on whether their calculation seems correct,
or when working through a multi-step word problem and checking if each step follows
logically. In reading comprehension, learners may pause after a passage to consider
whether they have understood the main idea, or in science, they may review whether
their explanation of why plants need sunlight is accurate. Across these tasks, learners
monitor the quality of their reasoning and their confidence in their responses.
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2.3.2 Measurements for Metacognitive Monitoring Performance

Previous studies have investigated the measurements of learners’ ability to monitor
their cognitive processes. For instance, Wojcik et al. (Wojcik et al. 2013) presented
children with 20 pairs of nouns—each pair consisting of a ‘cue’ and an ‘answer.’
Upon receiving a cue, children provided a Feeling of Knowing (FOK) judgment by
indicating ‘yes’ if they anticipated recognizing the associated answer or ‘no’ if they
did not. Subsequently, participants selected an answer corresponding to the cue, and
MMP was quantified by the degree of agreement between their FOK judgments and
the actual responses.

In a related study, Grainger et al. (Grainger et al. 2016) evaluated MMP in 64
children by having them watch a four-minute educational video, after which they
completed a worksheet on its content. Once all questions were answered, the chil-
dren provided a Judgment of Confidence (JOC) for each response on a seven-point
scale ranging from ‘extremely unsure’ to ‘extremely sure.’ The researchers calculated
the average confidence for correct responses and incorrect responses, defining the
difference between these averages as an index of metacognitive monitoring accuracy.
Similarly, Brosnan et al. (Brosnan et al. 2016) employed a comparable experimental
design by administering a set of mathematical questions followed by a JOC worksheet
to assess children’s MMP. These results from comparing MMP indicate that chil-
dren’s ability to accurately monitor cognitive processes is notably limited, especially
when tasks are complex or time-constrained (Brosnan et al. 2016, Grainger et al.
2016). Researchers found that MMP among children appears to be heterogeneous,
varying with task complexity and the conditions under which tasks are performed.
Specifically, when confronted with more demanding or strictly timed tasks, children
tend to exhibit less precise metacognitive monitoring.

2.4 Metacognitive Interventions for Math Learning

Supporting metacognition is recognized as one of the most effective and cost-efficient
educational interventions (Desoete & De Craene 2019). Research in educational psy-
chology has consistently demonstrated that metacognitive abilities are strong predic-
tors of academic achievement, often surpassing the predictive power of intellectual
capabilities (Isaacson & Fujita 2006, Desoete & De Craene 2019). Furthermore,
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extensive evidence underscores the effectiveness of metacognitive development as a
strategic intervention for enhancing the educational outcomes of school children (Hig-
gins et al. 2016, Montero et al. 2021).

This section examines a range of educational interventions designed to improve
students’ mathematics performance by enhancing their MMP. In line with interven-
tions used in mathematics education (see Section 2.2), metacognitive interventions
are introduced in two categories: standard and computer-based.

2.4.1 Standard Metacognitive Monitoring Intervention

Standard metacognitive interventions are delivered by teachers in traditional class-
room settings, often involving guided questioning, feedback, and structured reflection
activities.

Montero et al. (2021) conducted a study to investigate whether metacognitive
training could enhance the mathematics performance of students aged 12 to 13 (Grade
7). The study involved 40 students (19 males and 21 females) from a high school in
the Philippines. Initially, the students’ metacognitive monitoring skills were assessed
using the Metacognitive Awareness Inventory (MAI) (Sperling et al. 2012), a tool with
an 18-item self-report questionnaire designed to evaluate metacognition in children
from 3rd to 9th grade. The participants then underwent six weeks of metacognitive
training from October 3 to December 2, 2016, including strategy instruction, guided
metacognitive interventions, structured practice, and performance evaluation. This
training was integrated into their Grade 7 mathematics lessons using a method known
as I.M.P.R.O.V.E (Mevarech & Kramarski 1997), covering the entire unit on Algebra.
Post-intervention, a second MAI assessment was administered to evaluate any changes
in the student’s metacognitive skills, particularly in mathematics. The effectiveness
of the intervention was analyzed using a t-test1 to compare the pre-test and post-test
MAI scores and use Cohen's d (Cohen 2013) to measure the significance of the
changes. The results indicated a significant improvement, with a t-value of 5.983
and p<.052, suggesting that the metacognitive training had a substantial impact.
Among the metacognitive processes, monitoring, planning, and evaluating, monitoring

1The t-test is a statistical method used to determine whether there is a significant difference
between the means of two groups.

2A t-value of 5.983 indicates a large difference between group means relative to the variability
in the data, and p<.05 indicates that this difference is statistically significant at the 5% level.
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showed the most significant improvement, with a Cohen's d value of 1.003, indicating
a significant difference. Despite these positive outcomes, the study had limitations,
notably the absence of a control group. This omission makes it difficult to conclusively
attribute the improvements solely to the metacognitive training, as other factors
such as natural maturation or learning from other courses could also influence the
results. Furthermore, while the participants, both students and teachers, provided
positive feedback on the intervention, the lack of a control group remains a significant
drawback in the research design.

Cogliano et al. (2020) investigated the impact of training in metacognitive mon-
itoring and control skills on undergraduate students’ academic performance and the
accuracy of their metacognitive judgments. The study involved 103 undergradu-
ate students who initially completed a pre-test using the Metacognitive Awareness
Inventory (MAI) method. Following this, the students participated in ten weekly
multiple-choice practice tests, which included feedback. They were also required to
complete feedback assignments that prompted them to self-assess their understand-
ing of well-learned versus yet-to-be-learned material based on the feedback received.
Furthermore, the students evaluated the effectiveness of their study strategies and
planned their future study approaches. By the third week, the students were ran-
domly assigned to either a trained group or a control group. The trained group
received instruction on the benefits of retrieval practice, learned how to self-regulate
their learning strategies, and evaluated the feedback independently. Meanwhile, the
control group engaged in reading and activities relevant to the course content but not
focused on metacognitive skills. The outcomes of the study were assessed through
course examinations conducted in Weeks 6, 10, and 15. The results demonstrated
that students in the trained group performed better on final exam questions that
had not been covered in the quizzes compared to those in the control group. This
suggests that metacognitive training, particularly in retrieval practice and feedback
evaluation, can significantly enhance students’ ability to manage their learning and
improve their academic performance.

3Cohen's d is a measure of effect size that quantifies the magnitude of difference between two
group means, expressed in standard deviation units. A larger value indicates a stronger effect, with
common benchmarks being 0.2 for a small effect, 0.5 for a medium effect, and 0.8 or above for a
large effect (Cohen 2013).
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2.4.2 Computer-based Metacognitive Monitoring Intervention

Computer-based metacognitive interventions are implemented within computer-based
learning environments (CBLEs), using digital tools or intelligent systems that align
with theories to assist learners in monitoring and regulating their thinking.

Math Challenge, which is proposed in Maras et al. (2019), stands out as a
computer-based intervention designed to enhance children’s mathematics performance
by improving their metacognitive monitoring accuracy. This intervention features a
structured program with seven ascending levels of difficulty, with each level presenting
increasingly challenging questions. To aid in developing the children’s metacognitive
monitoring skills, the Math Challenge provides immediate feedback after each ques-
tion. This feedback includes the total score accumulated, the correct answer to the
current question, the overarching learning objective, and a preview of the challenges
expected at the next level. Such detailed feedback is crucial in helping children under-
stand their learning process and adjust their strategies accordingly. While the study by
Maras et al. did not specifically measure the changes in metacognitive monitoring ac-
curacy before and after the intervention, it did evaluate the overall effectiveness of the
program by comparing the average mathematics scores between the feedback group
and a control group. The results indicated a significant difference in mathematical
performance, with the feedback group achieving an average score of 7.67, markedly
higher than the control group’s average of 3.21. This outcome suggests that the
Math Challenge effectively supports children in enhancing their mathematical abil-
ities, likely facilitated by the metacognitive insights gained through the structured
feedback provided.

Kautzmann et al. (Kautzmann & Jaques 2019) developed an Animated Peda-
gogical Agent (APA) designed to foster metacognitive engagement among learners
within a CBLE. The APA provides learners with four levels of metacognitive prompts
based on estimations of their MMP. At the first level, the prompts are more abstract,
encouraging students to activate their prior knowledge by reflecting on the task state-
ment—for example, ‘Before entering a new step for the equation you are solving, try
to identify the parts of the equation and think about your knowledge to solve it.’ The
second level prompts help students consider the knowledge they have already applied
in previous tasks, guiding them with statements such as ‘Before you proceed, I want
you to reflect on your knowledge. I think you have the knowledge to take a correct
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new step in the equation. And you, what do you think about that?’ At the third level,
the prompts direct students to recall and connect with tasks similar to the current
one they have previously solved, using prompts like ‘Try to identify the parts of the
equation and think if you have already applied any knowledge you can use now.’ Fi-
nally, at the fourth level, the APA utilizes the ITS interface to display similar steps the
student has successfully completed before, prompting them to draw from their prior
solutions: ‘I have selected steps that you had previously solved. Think about your
past solutions to identify if you have the knowledge to solve the current step.’ The
results of this intervention demonstrated that pupils who completed exercises with
these metacognitive prompts achieved significantly higher mathematical performance
compared to those who did not receive such support.

By comparing standard metacognitive interventions with computer-based inter-
ventions, it becomes clear that traditional approaches rely heavily on teachers to de-
liver interventions within classroom settings. Teachers guide and encourage learners to
reflect on their learning; however, their time and attention are limited, making it chal-
lenging to address individual student needs, particularly in large classes. Computer-
based interventions help mitigate this limitation by providing scalable learning support
through educational software, intelligent tutoring systems, and adaptive learning plat-
forms. These systems can deliver consistent, tailored metacognitive support, making
them a promising solution for enhancing self-regulated learning in diverse educational
environments.

2.5 Estimation of Metacognitive Monitoring Perfor-
mance

This section introduces the estimation of MMP, a central component of this research
that will be further developed and implemented in detail in Chapter 4 and Chapter
5. Accurate estimation of MMP is essential for tailoring metacognitive support to
learners in CBLEs, enabling timely and personalized interventions that promote more
effective learning processes.
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2.5.1 Conventional Approach of Estimating Metacognitive Mon-
itoring Performance

In the conventional approach, MMP is estimated based on the agreement between
learners’ JOC and their actual performance on previous tasks (Kautzmann et al. 2016,
Kautzmann & Jaques 2019). In this method, learners are asked to explicitly rate how
confident they are in the correctness of their solutions after completing each task,
and these self-reported confidence ratings are then compared to their actual out-
comes. For example, the APA, which was developed in (Kautzmann & Jaques 2019),
prompts pupils to articulate their confidence right after a task they solved. The sys-
tem employs a Knowledge Monitoring Assessment (KMA) matrix (Romesburg 2004),
which repeatedly measures an estimation of a learner’s MMP. The KMA leverages
the Hamann coefficient (Romesburg 2004) to statistically correlate task scores with
self-rated confidence levels4. This measure provides insight into the alignment, or mis-
alignment, between perceived and actual performance. By continuously monitoring
this alignment, the APA is capable of adapting the subsequent metacognitive support
in real-time, tailoring its feedback to address each learner’s specific needs based on
previous monitoring performance.

Similarly, Guo et al. (Guo 2020) adopted a variant of the KMA within a serious
gaming environment to estimate MMP. In their approach, the system relies on his-
torical MMP data to determine the appropriate information prompts while learners
engage with game-based tasks. This method of using past performance data al-
lows the system to deliver context-aware, adaptive metacognitive support, ultimately
aiming to enhance learning outcomes.

However, this conventional approach relies on repetitive self-assessment question-
naires, requiring learners to frequently evaluate their performance. Such activities
have been shown to disrupt learners’ flow and engagement (Riku 2021), and the
subjective nature of these responses often results in inaccurate evaluations.

4This is an important measurement of MMP. This PhD thesis will introduce this method in
Section 4.6.1.
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2.5.2 Potential Approach of Estimating Metacognitive Moni-
toring Performance

In addition to cognitive assessments, emotions play a significant role in learning (Efk-
lides 2011). Recognizing this, researchers have increasingly explored the relationship
between changes in emotions during learning activities and metacognitive monitoring
accuracy (Taub et al. 2018, Taub & Azevedo 2018). This line of inquiry is predicated
on the understanding that emotions can alter cognitive processes such as attention,
memory retrieval, and problem-solving abilities, all of which are integral to learning.
Changes in emotion during learning can either impact or reflect metacognitive pro-
cesses. For example, positive emotions like interest and happiness might boost cog-
nitive resources and promote deeper engagement with the learning material, thereby
enhancing metacognitive accuracy (Taub et al. 2021). Negative emotions such as
frustration or boredom might reflect cognitive overload or distraction, showing one’s
inability to accurately self-assess their learning (Taub et al. 2021).

2.5.2.1 Relationship Between Experienced ‘Feelings’ and Metacognitive
Monitoring

As discussed in Jack et al. (2012), the concepts of emotion, facial expressions, facial
cues, and affective states are often conflated between research fields. As these dis-
tinctions are critical to the framework of this thesis, this thesis clarifies them here.
Affective states refer to internal experiences associated with feelings, emotions, and
moods. Emotions are the formal, externally measurable aspects of affective states, ex-
pressed through observable responses and shaped by subjective interpretation. Facial
expressions are visible movements of facial muscles that convey specific emotions. Fa-
cial cues, more broadly, encompass these expressions as well as other nonverbal facial
signals, including subtle movements such as gaze direction and head orientation.

The complex relationship between learners’ affective states5 and their metacogni-
tive monitoring process during the learning process has been explored in educational
research. Several studies emphasize the bidirectional interplay between metacogni-
tive activities, such as evaluating, monitoring, and planning, and learners’ affective
states, indicating that each can significantly shape the other. According to Mandler

5Here, we use the term affective states, as the remainder of the research is grounded in theoretical
analysis and focuses on describing learners’ feelings.
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(Mandler 1989), the metacognitive monitoring process can provoke visceral arousal
and spontaneous affective responses. This reaction typically occurs when learners en-
counter challenges or inconsistencies that disrupt their cognitive equilibrium. These
disruptions can lead to feelings of frustration or confusion, which are common when
learners realize their understanding is not as profound as they assumed (Mandler
1989, D’Mello & Graesser 2012). Moreover, Efklides (Efklides 2011) proposed the
MASRL model, which describes the dynamic interactions between metacognition and
affective states during SRL. The MASRL model suggests that both metacognitive
experience and affective states are influenced by task features and task processing.
For instance, the fluency of processing or occurrences of cognitive interruptions can
simultaneously influence both affective states and metacognitive experiences, indicat-
ing that the experienced affective state reveals the metacognitive process (Efklides
2011).

2.5.2.2 Relationship Between Emotions and Metacognitive Monitoring

In a study by Cloude et al. (Cloude et al. 2020), the interplay between expressed
emotions and metacognitive monitoring accuracy was examined in a study of 117 un-
dergraduate students. The study used iMotions (iMotions 2018) technology6, which
measures emotions such as confusion, boredom, and frustration at several intervals
—specifically at 0, 14, 28, and 42 minutes into the learning session. MMP for each
participant was quantitatively assessed using a weighted formula: 50% of the correla-
tion between the JOL scores and actual quiz performance, 25% from the quiz scores
themselves, and the remaining 25% from the JOL scores. This approach provided
a nuanced view of each student’s ability to accurately gauge their learning. The re-
sults of the study highlighted a significant negative relationship between increases in
boredom and MMP, indicating that higher levels of boredom were associated with
decreases in metacognitive accuracy. Additionally, persistent confusion was found to
have a detrimental effect on performance, suggesting that ongoing uncertainty impairs
effective learning and metacognitive evaluation. This implies that learners exhibiting
higher levels of boredom are likely experiencing lower engagement and, consequently,
unsatisfactory metacognitive monitoring. These preliminary findings have profound
implications for revealing MMP by interpreting facial expressions in metacognitive

6iMotions is employed to measure emotion by generating a vector of evidence scores corresponding
to various emotions.
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monitoring processes.
Taub and colleagues (Taub et al. 2021, 2018) have contributed significant em-

pirical research that explores the relationship between specific emotions and MMP
in undergraduate students. Their studies reveal that different emotions distinctly
influence MMP, with notable implications for educational strategies and interven-
tions. Their research found that surprise is negatively correlated with MMP. This
suggests that when learners encounter unexpected information or outcomes within
the learning process, it often leads to a disruption in metacognitive monitoring. This
disruption could stem from the cognitive recalibration required when new information
contradicts prior knowledge or expectations, leading to decreased satisfaction with
one’s metacognitive assessments. Conversely, the emotion of frustration, although
typically viewed negatively, showed a positive correlation with MMP according to
Taub’s findings. This counterintuitive result suggests that frustration might act as a
motivational force that pushes learners to address and overcome challenges, thereby
enhancing their metacognitive monitoring. Frustration might stimulate deeper en-
gagement with the task and more thorough exploration of different problem-solving
strategies, ultimately leading to improved metacognitive evaluations.

These insights highlight the complex interplay between emotions and metacogni-
tive processes, offering a new perspective for analyzing MMP in educational settings.
The revealed correlation in undergraduate students suggests a potential approach
to interpret pupils’ MMP through spontaneous emotional and behavioral responses
that naturally occur during learning. Compared to MMP estimation based on JOC,
which relies on repetitive and burdensome self-reports, this potential enables more
immediate and objective insights into learners’ metacognitive states.

2.6 Computational Approaches for Emotion Inter-
pretation in Education

2.6.1 Foundations of Machine Learning and Deep Learning

2.6.1.1 Support Vector Machine Emotion Classifier

Machine learning (ML) and deep learning provide computational methods for iden-
tifying patterns in data and making predictions. In emotion interpretation, Support
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Figure 2.3: Example support vector machine (SVM) classifier for identifying emotions

Vector Machines (SVM) are widely used classical ML algorithms that classify data
by finding the optimal hyperplane separating different classes (Hearst et al. 1998).
This approach is particularly effective for structured, low-dimensional features such
as facial expressions, gaze directions, and head gestures.

As illustrated in Figure 2.3, SVM aims to find the boundary (green line) maxi-
mizing the distance between classes (i.e., red and blue), improving generalization to
unseen data (Hearst et al. 1998). With the boundary established from the training
data, the SVM classifier classifies new data samples (for example, pupils’ facial cues)
by determining on which side of the boundary (which class of emotion) they fall.

2.6.1.2 Deep learning Neural Networks Emotion Classifier

Deep learning (LeCun et al. 2015), as a subset of ML, leverages multi-layered neural
network structures to automatically learn hierarchical representations from raw data.
In this process, the initial layers typically extract low-level features such as edges, col-
ors, and simple textures from the input images. Subsequent layers build upon these
to detect more complex patterns like facial components (e.g., eyes, mouth, eyebrows)
and their configurations. Deeper layers combine these patterns to form high-level
abstract representations associated with emotional expressions. Through this hierar-
chical processing, deep learning models can progressively transform raw visual data
into meaningful features that support emotion interpretation without requiring manual
feature design.

Figure 2.4 shows an example of a convolutional neural network (CNN) (Cao et al.
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Figure 2.4: Example convolutional neural network for identifying emotions. Note: σ
and tanh are two functions for non-linear operations on input values (Dubey et al.
2022).

2018) for identifying emotion from an input facial recording. The deep learning
model can automatically extract subtle visual cues, such as a slight frown or raised
eyebrows. The following layers combine these representations across frames, and
a Long Short-Term Memory (LSTM) network (Singh et al. 2023) is then used to
capture the temporal dependencies between these cues over time. This allows the
model to understand how emotional expressions evolve throughout a sequence, rather
than treating each frame independently. By learning these patterns directly from
large datasets of pupils’ facial expressions, the model becomes capable of interpreting
emotions across diverse individuals.

2.6.2 Leveraging Technology for Interpreting Emotions in Ed-
ucational Contexts

Understanding learners’ emotional states has been studied in prior work. With ad-
vancements in artificial intelligence, particularly in deep learning, it has become in-
creasingly feasible to detect emotions by analyzing facial expressions. This section
introduces existing research and technological developments that leverage AI-based
approaches to interpret emotions through facial expression analysis, laying the ground-
work for their application in educational contexts.

Bradley and Lang proposed a model of estimating arousal7 and valence8, allowing
7Arousal refers to the physiological and psychological state of being stimulated to a point of

perception.
8Valence represents the intrinsic attractiveness or averseness of an event, object, or situation.
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for interpreting emotions from facial expressions (Bradley et al. 1992). In this model,
emotions are depicted along continuous scales of arousal and valence, facilitating a
dynamic representation of facial expression changes over time.

Rudovic et al. (Rudovic, Lee, Dai, Schuller & Picard 2018) further explored
the heterogeneity in facial expressions, body movements, and physiological responses
from learners as they watched the same short video. They employed high-dimensional
data embedding techniques to project these features into a two-dimensional space,
revealing distinct distributions for different children’s data. Such heterogeneity poses
significant challenges to the accuracy of ML algorithms in classifying emotions across
different children. The diverse expressions of emotions can lead to reduced clas-
sification accuracy when standard ML models are applied without adjustments for
individual differences. This highlights the necessity for personalized approaches in the
automatic recognition of emotional states, particularly in educational settings where
understanding and addressing individual emotional responses can greatly enhance
learning outcomes.

Rudovic, Utsumi, Lee, Hernandez, Ferrer, Schuller & Picard (2018) proposed Cul-
tureNet which is a deep neural network architecture specifically designed to account
for cultural differences in behavioral data. Their work compares a 5-layer neural net-
work, trained on a mixed dataset of Asian and European children, with CultureNet,
which consists of two independent sub-networks, each trained exclusively on data from
one cultural group. The study evaluates model performance under different condi-
tions: when both training and validation data share the same cultural background
versus when they are culturally mixed, and across the entire dataset. CultureNet
shows superior performance compared to the baseline models. This approach reveals
a key insight: children display culturally distinctive behaviors, expressing the same
emotion through different facial expressions and body gestures, which can lead to
significant estimation errors in cross-cultural evaluations. The findings suggest that
incorporating culture-specific models can improve classification accuracy. However,
the improvement in accuracy values is relatively modest, which raises questions about
the practical significance of these improvements.

Building on previous work in Rudovic, Utsumi, Lee, Hernandez, Ferrer, Schuller &
Picard (2018), researchers introduced the Personalized Perception of Affect Network
(PPA-net) to classify affective states, namely arousal, valence, and engagement, in
children from diverse cultural backgrounds. This network integrates multiple modali-
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ties, including video recordings that capture facial expressions, head movements, body
movements, poses, and gestures; audio recordings; and physiological signals such as
heart rate, electrodermal activity, and body temperature. The architecture comprises
six layers (Hahnloser et al. 2000). Layers 0 and 1 are responsible for pre-processing
the multi-modal data, while layer 2 focuses on learning culture-specific features. Layer
3 is dedicated to gender-based differences, and layer 4 captures individual-specific nu-
ances; finally, layer 5 generates the output predictions. The training strategy unfolds
in three phases. In the first phase, all layers are trained on a combined dataset from
all children, establishing a universal foundation. The second phase involves generat-
ing four separate neural networks tailored for Asian males, Asian females, European
males, and European females. During this stage, layers 0 and 2 are copied from the
global model and fixed, whereas layers 3 and 4 are fine-tuned using subgroup-specific
data. In the third phase, individual networks are created by copying layers 0 through
3 from the appropriate subgroup network, and then layer 5 (and an additional layer,
if applicable) is updated using each child’s unique data. Experimental results indicate
that PPA-net outperforms the baseline network. For instance, in the case of valence
classification for Asian males, PPA-net achieves a mean accuracy of 0.59 ± 0.12,
compared to 0.58 ± 0.12 for the baseline network. Although the improvement is
modest (PPA-net’s accuracy is within the traditional network’s mean and standard
deviation), they concluded that incorporating cultural, gender, and individual-specific
adaptations can enhance the accuracy of affect classification, providing a nuanced
approach that builds on and refines earlier models.

Shi et al. Shi et al. (2021) developed a system to better recognize children’s
emotional states, focusing on how excited or calm (arousal) and how positive or
negative (valence) they feel. Their system combines different types of information,
such as body movements, facial expressions, voice, and how children perform in games.
Unlike earlier work by Rudovic et al. (Rudovic, Utsumi, Lee, Hernandez, Ferrer,
Schuller & Picard 2018), their approach adjusts the model to work better for each
individual child by using both general data from many children and specific data from
each child. This helps the system provide more accurate results. For example, for
one child, their method correctly identified emotional states 91% of the time, slightly
better than using only general or individual data alone. However, while the accuracy
is high, the improvement over simpler methods is relatively small.

Kort et al. (Kort et al. 2001) developed a comprehensive four-quadrant model
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that underpins the MIT group’s affective learning companion. This model conceptu-
alizes effect along the two fundamental dimensions of arousal and valence, thereby
dividing the affective space into four distinct regions. By continuously monitoring
key facial features, such as the movements of the eyebrows, eyes, and mouth, the
system maps subtle facial cues onto these quadrants to infer a learner’s emotional
state in real-time. The fully automated program leverages pattern recognition and
machine learning techniques to achieve reliable classification, enabling the learning
companion to adapt its instructional strategies based on the detected affective state.
This integration of psychological theory with advanced computational methods exem-
plifies how automated systems can enhance learning by being sensitive to students’
emotional cues.

In a related effort, D’Mello & Graesser (2013) introduced a dynamic decision
network designed to interpret facial data and detect students’ cognitive states dur-
ing learning. Unlike static classifiers, this network incorporates temporal dynamics
by continuously updating its predictions as new facial data is received. It not only
captures instantaneous expressions but also tracks the evolution of these expressions
over time, thereby distinguishing among cognitive states such as confusion, engage-
ment, or boredom with greater accuracy. The dynamic decision network integrates
both static facial features and their temporal changes, employing probabilistic models
that balance immediate cues against longer-term patterns. This nuanced approach
allows for a more context-aware and adaptive response, highlighting the potential of
dynamic models to advance the design of intelligent tutoring systems that respond in
real-time to the evolving cognitive and emotional signals from learners.

The integration of deep learning advances has significantly enhanced the field of
facial expression recognition, particularly in identifying expressions related to MMP,
such as confusion, frustration, surprise, and boredom. These prior developments
provide a technical foundation for this research to interpret young pupils’ facial ex-
pressions during learning activities.

2.7 Summary

This chapter began by highlighting the growing integration of AI techniques in educa-
tional platforms, which creates new opportunities to personalize and tailor educational
support based on interpreting learners’ responses. In the context of mathematical
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learning, both standard and computer-based interventions are reviewed, illustrating
their respective strengths and limitations. The chapter then focused on metacogni-
tive monitoring, a central theme of this thesis, explaining the importance of MMP in
mathematics learning and outlining the conventional approach to its estimation.

Recognizing limitations of conventional MMP estimation approaches, which often
rely on self-assessment methods, are limited in their suitability for young pupils. This
PhD research is motivated to investigate alternative solutions. Prior studies have
demonstrated the relationship between facial cues and MMP in undergraduate stu-
dents, suggesting the potential of non-verbal indicators for metacognitive monitoring
in pupils. Building on this foundation, and supported by advances in deep learning that
enable automatic and objective interpretation of facial cues, this research investigates
how pupils’ facial cues can be effectively used for MMP estimation. Furthermore, it
explores the educational impact of interventions informed by this approach, aiming to
enhance learning outcomes through timely and individualized support.





Chapter 3

User Study 1: Collecting Facial Cues
in Metacognitive Monitoring of Pupils

When one door closes, another opens; but we often look so long and regretfully upon the
closed door that we do not see the one which has opened for us.

— Alexander Graham Bell

This chapter reports research used, in part, to address RQ1 in Chapter 1. It re-
ports the development of a smart game to stimulate children to perform metacognitive
monitoring and reflect upon their past performance. The smart game was used to col-
lect data for this PhD research. Content from this chapter was presented at the ACM
IDC 2023 paper titled Supporting Children’s Metacognition with a Facial Emotion
Recognition-based Intelligent Tutor System (Ruan, X., Palansuriya, C., Constantin,
A., & Tsiakas, K., 2023, June).

Metacognitive monitoring refers to the process of monitoring one’s own thought
processes and existing state of knowledge. As discussed in Chapter 2, research con-
sistently demonstrates that children achieve better learning outcomes when they have
better metacognitive monitoring performance (MMP). Interventions designed to sup-
port metacognitive monitoring are typically adapted based on post-task evaluations
of MMP, such as confidence in judgments.

The work presented in this chapter was motivated to investigate the relationships
between facial cues and MMP in pupils aged 7 to 11, building upon prior findings from
undergraduate students discussed in Section 2.5. This investigation was conducted in

31
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the context of pupils engaging in mathematics-related tasks within computer-based
learning environments (CBLEs). Specifically, it presents the first user study, involving
168 pupils aged 7 to 11 from two provinces in China, where facial cues were recorded
as participants engaged in cognitive tasks, including inhibitory control, working mem-
ory, and target switching, related to mathematics, physics, and other science subjects
(Brookman-Byrne et al. 2018, Träff et al. 2019). The analysis identified a set of
facial cues associated with MMP in pupils. Overall, the findings underscore the po-
tential of using facial cues for real-time, adaptive assessment of pupils’ metacognitive
monitoring.

3.1 Introduction to the User Study 1

As discussed in Section 2.3 and Section 2.4, metacognitive monitoring plays a pivotal
role in self-regulated learning (SRL). In learning, metacognitive monitoring interven-
tions are provided to enable learners to accurately reflect on what they know and
what they do not know (Zumbach et al. 2020).

Affective states refer to the internal experiences associated with feelings, emotions,
and moods. Understanding the affective states experienced by learners during self-
regulated learning (SRL) is essential, as these emotional responses can signal moments
of cognitive dissonance or the recognition of knowledge gaps, both of which play a
critical role in reflecting effective metacognitive processes (Mandler 1989). In Chapter
2, prior studies about the interaction between affective states and metacognitive
monitoring have been reviewed (Mandler 1989, Efklides 2011). In addition, some of
the research also observed that emotions such as surprise, frustration, and confusion
often emerge when discrepancies occur (Taub & Azevedo 2018, Cloude et al. 2020,
Taub et al. 2021). Building on these reviewed findings in undergraduate students,
Chapter 2 highlighted the potential of estimating pupils’ MMP through interpreting
their emotional responses. Thus, this chapter deepens the investigation of how facial
cues, such as facial expressions, head gestures, and gaze directions, can serve as
indicators of pupils’ MMP.

To achieve this, the chapter focuses on a user study that was designed and con-
ducted using a tailored serious game, facilitating the collection of comprehensive data
on pupils’ facial cues and MMP data. This contribution establishes a foundation for
estimating MMP based on nuanced observations of affective states.
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The chapter begins with a review of related work that informed the design of
the user study, detailed in Section 3.3. The research questions are presented in
Section 3.2. The application developed specifically for the user study is introduced in
Section 3.4. The procedure of the user study is outlined in Section 3.5, followed by
a description of the data pre-processing methods in Section 3.6. The results of the
user study are then presented, along with a discussion of the findings in Section 3.8
and Section 3.9.

3.2 Research Questions

Given the specific population (pupils aged 7 to 11) and the deployment scenario
(maths in computer-based learning), two specific sub-questions, RQ1.1 and RQ1.2,
were investigated to address RQ1 from Chapter 1. These sub-questions were designed
to extend prior evidence on the relationship between MMP and task performance in
young learners while they solve mathematics-related tasks in CBLEs, and to further
explore the correlation between MMP and facial cues in children.

3.3 Related Works

Chapter 2 discussed the correlation between affective states/emotions and MMP, so
this section highlights related work about collecting facial data and potential factors
that need to be controlled.

3.3.1 Development of Datasets from Collecting Facial Data in
Metacognitive Monitoring

Previous studies aimed at building datasets from collecting facial data in educational
settings have used a variety of stimuli, including engaging participants to read mate-
rials or solve predefined tasks. These stimuli are designed to replicate the affective
states that participants typically experience in real-world educational environments
(Linson et al. 2022, Gupta et al. 2016, Singh et al. 2023). Typically, such studies
employed readily accessible devices, such as webcams, to capture subjects’ facial cues.
For instance, Linson et al. (Linson et al. 2022) focused on investigating real-time feed-
back on student engagement in the remote-learning scenario. They invited students
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to watch a pre-recorded linear algebra course and recorded facial behaviors through
laptop cameras. The duration of the course recording is limited to 10 minutes to
optimize the balance between comprehensive data capture and considerations like file
size and attention span. Similarly, Gupta et al. (Gupta et al. 2016) aimed to capture
engagement ‘in the wild’, thus bridging the gap between controlled laboratory settings
and real-world applicability in domains such as online learning and healthcare. Their
setup involved high-resolution video recordings via a full HD webcam, allowing for
detailed observations of facial cues and better insights into user engagement.

A common method used to assess MMP is Judgment of Learning (JOL) questions
(Taub et al. 2021), where participants are requested to predict their ability to recall
previously studied material. The Judgment of Confidence (JOC) questions (Maras
et al. 2019) are also frequently employed, allowing researchers to compare individu-
als’ perceived certainty with their actual performance. JOC questions are particularly
popular with children, as they are more straightforward for children to assess their
achieved performance rather than predicting future outcomes (Mandler 1989). In-
spired by these methodologies, the user study aimed to develop a data collection
prototype that engages children in metacognitive monitoring by having them answer
JOC questions after completing tasks.

3.3.2 Factors Affecting Facial Cues in Learning Environments

Facial cues serve as critical nonverbal indicators in learning environments, reflecting
the intricate interplay of cognitive, emotional, and environmental factors. This section
reviews essential factors that must be controlled in the user study to accurately capture
facial cues associated with metacognitive monitoring. Identifying and managing these
variables is necessary to ensure the reliability and validity of the resulting observations
and findings.

3.3.2.1 Cognitive Load

Cognitive load significantly influences facial cues as learners engage with complex
materials. Research by D’Mello et al. (D’Mello et al. 2007) demonstrates that as
cognitive load increases, learners may exhibit expressions of confusion, frustration,
and boredom. Furthermore, the design of the user interface (UI) can also exacerbate
cognitive load during user interactions with an application, as noted by Oviatt (Oviatt
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2006). When the UI presents information that overwhelms users, it often leads to
increased signs of boredom and disengagement. This evidence highlights the critical
need to manage cognitive load in the user study. It is essential to ensure that the
cognitive load borne by subjects is solely attributable to the task demands and not
confounded by external factors such as poor user interface design.

3.3.2.2 Learning Environment

The learning environment, encompassing everything from classroom design to inter-
personal dynamics, plays a significant role in shaping how emotions are expressed
and perceived. Supportive and engaging environments are known to foster a broader
spectrum of emotional expressions (Pekrun & Linnenbrink-Garcia 2012, Ainley 2006).
Therefore, it is crucial to create an environment that is not only conducive but also
motivating to subjects, as this is vital for gathering meaningful data on facial cues.

Recognizing the importance of minimizing the influence of these diverse external
factors on pupils, the application used in this user study was designed to reduce these
factors’ impact on facial cues, ensuring that the cues primarily reflected MMP.

In summary, this section reviewed the literature on facial data collection in educa-
tional settings and highlighted critical factors for ensuring data quality and reliability.
Building on these insights, the remainder of this chapter presents the design of a
data collection tool, the development of stimuli to effectively elicit metacognitive
monitoring, and the analysis of the collected data to address the outlined research
questions.

3.4 The Meta-Brainhood Prototype Application

To collect facial data from pupils, a smart game, Meta-Brainhood, was used. The
game was built on Brainhood, a previously developed educational game for children
(Tsiakas et al. 2020).

3.4.1 Brainhood

Interaction design for children is a specialized field within user experience research
that focuses on adapting UI and interactive experiences to align with the cognitive,
emotional, and physical capabilities of children. To support this work, a collaboration
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Attempt score

Target

Player

Figure 3.1: Brainhood game environment

was established with Dr. Konstantinos Tsiakas and Prof. Panos Markopoulos, drawing
on their expertise and the Brainhood interface they developed (Tsiakas et al. 2020).

Brainhood is a cognitive training serious game that challenges children to control
an archer character and hit targets appearing in various positions on-screen, see Figure
3.1. The Brainhood platform was selected because it is specifically designed to en-
hance generic cognitive skills crucial for solving mathematics problems, as supported
by literature (Fanari et al. 2019, Brookman-Byrne et al. 2018, Li et al. 2020). The
game’s design is modular, based on several variables: the number of target/player
positions, target types, player colors, and task rules. Players encounter two target
types (red/green apples, left/right birds), two player colors (green, red), and seven
possible target/player positions. This parametric design allows for a diverse range of
game configurations to accommodate different player skills and preferences.

The prototype of Brainhood features three primary task parameters: rules, dif-
ficulty, and speed. The rules segment includes four types: Move and Shoot, Avoid
Birds, Remember Targets, and Switch Targets, each introducing different goals and
complexities. These rules can be combined in 15 different ways, offering varied game-
play complexity and difficulty. Difficulty levels adjust the number of target locations
(3, 5, 7), while speed settings control the frequency of target appearances (Fast at
1 second per target, Medium at 1.5 seconds, Slow at 2 seconds). Altogether, these
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Figure 3.2: The workflow in Meta-Brainhood

parameters result in 195 potential task configurations, each designed to test and
enhance specific cognitive abilities.

3.4.2 New Variant from Brainhood - Meta-Brainhood

The Brainhood prototype (Tsiakas et al. 2020) was enhanced to develop Meta-
Brainhood, which is a modified version tailored for pupils aged 7–11 in China. This
platform integrates Brainhood tasks designed for self-regulated game-based learn-
ing and includes functionality for collecting MMP data and facial cues data. An
overview of the workflow of Meta-Brainhood is presented in Figure 3.2. Notably,
Meta-Brainhood was specifically designed to simulate various cognitive tasks related
to mathematical learning and to capture pupils’ facial responses corresponding to
those tasks.

Affective states are indicated by facial cues, such as expressions, head gestures,
and gaze directions (Ekman & Friesen 1978). Ekman et al.’s work showed that af-
fective states like happiness, sadness, anger, fear, surprise, and disgust are distinctly
encoded in facial cues (Ekman 1999). Beyond expressions, head gestures and gaze
directions both provide additional insights into an individual’s affective state. Ac-
cording to Argyle et al., gaze direction not only indicates where attention is focused
but also reflects levels of interest and the dynamics of social interactions, important
factors in collaborative learning environments (Argyle et al. 1994). Accordingly, new
functionalities were implemented in Meta-Brainhood to enable the collection of facial
cues data.

Regarding factors that potentially affect facial cues in the user study. To reduce
cognitive load, the platform was adapted to be more accessible for younger users.
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(a) The introduction video at the beginning of Meta-Brainhood. 1: the content of the
introduction video; 2: the progress bar of the introduction video.

(b) Welcome page of Meta-Brainhood. 1: ’Hello, welcome to Brainhood!’; 2: Six cognitive
tasks; 3: Test start button; 4: The button to review awarded coins; 5: Test progress.

Figure 3.3: Modifications of the original version of Meta-Brainhood.
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Table 3.1: The six tasks in the Meta-Brainhood and the corresponding cognitive
tasks. (IC: inhibitory control; VSWM: visual and spatial working memory; TS: target
switching.)

Task ID Task name Cognitive tasks

Task 1 Avoid birds IC
Task 2 Remember targets VSWM
Task 3 Target switch TS
Task 4 Avoid birds & Remember targets IC & VSWM
Task 5 Target switch & Remember targets TS & VSWM
Task 6 Avoid birds & Remember targets & Target switch IC & VSWM & TS

A brief instructional video is inserted as the beginning of the Meta-Brainhood, as
shown in Figure 3.3a. This video provides pupils with a clear demonstration of the
game objectives, component descriptions, overall flow, and key game-play settings.
Additionally, the task selection page was simplified by presenting only six tasks, as
highlighted in the red circle 2 in Figure 3.3b. This approach minimizes cognitive load
by streamlining the information available at the game’s outset. Detailed descriptions
of the six cognitive tasks involved are listed in Table 3.1. They consist of different
combinations of cognitive tasks. The first three tasks include three basic cognitive
skills: inhibitory control (IC) (Brookman-Byrne et al. 2018), visual and spatial working
memory (VSWM) (Fanari et al. 2019), and target-switch (TS) (Li et al. 2020). The
rest of the three tasks combine tasks from these basic ones, see Table 3.1 (Tsiakas
et al. 2020, Ruan et al. 2023). These cognitive skills have been shown to play a
critical role in mathematics, physics, and other science subjects (Brookman-Byrne
et al. 2018, Träff et al. 2019).

To enhance pupil engagement and foster a comfortable learning environment, the
existing reward system was modified for the user study. Specifically, the traditional
‘scores’ were replaced with ‘coins’, as highlighted by the red ellipse 4 in Figure 3.3b.
This adjustment enabled pupils to earn coins based on their performance, which could
subsequently be exchanged for gifts. Furthermore, to ensure a familiar and conducive
learning atmosphere, the user study was conducted in the pupils’ regular classroom
setting.

To collect pupils’ MMP data, a JOC question was implemented, requiring pupils
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(a) The JOC question. 1: Was it right to
shoot that target? 2 (from left to right): It
is correct, Not sure, It is wrong.

(b) The JOC question. 1: Was it right to
miss that target? 2 (from left to right): It
is correct, Not sure, It is wrong.

Figure 3.4: The JOC question used in Meta-Brainhood.

to self-assess their confidence in their responses following each attempt (see the self-
judgment of confidence in Figure 3.4). The system poses the questions: ’Was it
right to shoot that target?’ and ’Was it right to miss that target?’. Pupils rate their
confidence using a scale that includes the options: ’It was correct’, ’Not sure’, and
’It was wrong’.

The Meta-Brainhood interface underwent formative evaluation by three experts in
child–computer interaction. The experts explored the application and participated in a
semi-structured interview focused on the system’s ease of use and its appropriateness
for children. Based on their feedback, the interface was refined. For example, labels
were modified to enhance clarity for children, and language was simplified for younger
users. Overall, the experts concluded that the interface is both easy to use and
suitable for children.

3.5 User Study Procedure

This section outlines the recruitment process for involving pupils in the user study
and details the procedures for data collection, transfer, and storage. The research
was conducted with a strong understanding of children’s rights and adhered strictly
to ethical approval protocols, ensuring that all procedures respected the rights and
well-being of the child participants. Ethical approval for this study was obtained from
the Ethics Committee of the University of Edinburgh, School of Informatics (Approval
Code: RT#6963) in November 2023, and from the Ethics Committee of Shandong
Normal University (Approval Code: SDNU2023050) in October 2023. The related
ethics application documents are available in (github/affect2mmp 2025).
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Figure 3.5: Location map of the user study 1

3.5.1 Recruitment and Participation of Children

The user study was conducted in mid-November 2023 in China. We advertised this
study in target schools. In the end, we involved 186 pupils recruited from two primary
schools.

Prior to the study, information sheets and participant consent forms1 were dis-
tributed, including versions for both children and their parents. Participation in the
study was voluntary, allowing pupils to schedule their time for the workshop and pro-
viding the flexibility to interrupt or withdraw at any point. Signed consent forms and
information sheets from both pupils and their parents were obtained for participation
and data collection.

Data from 14 pupils were excluded due to interruptions during the workshop, and
data from 4 pupils were excluded due to technical issues with webcam activation. The
final dataset used for analysis comprised 168 pupils, with a mean age of 9.83 years
and a standard deviation of 1.62, including 80 males and 88 females. The locations
of two schools are marked in Figure 3.5.

3.5.2 Materials

Meta-Brainhood was installed on laptops for this study. All content was translated
from English into Chinese to ensure accessibility in the pupils’ native language. Ses-

1A copy version of these documents is available on the GitHub site, (github/affect2mmp 2025).
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sions were conducted in classrooms at each participating primary school to provide
a familiar and comfortable environment. Each classroom was equipped with desks,
chairs, power chargers, laptops, and a whiteboard.

3.5.3 Procedure

The study was conducted over a period of seven days in two schools simultaneously
in Region A and B, with six sessions held per day. Each pupil participated in only
one session, which was scheduled according to a pre-arranged timetable. In each
session, pupils worked individually on laptops and could ask for help by raising their
hands. Before beginning, laptop webcams were set up for the pupils, and a briefing
was provided on completing six tasks within Meta-Brainhood. Their objective was
to accumulate as many reward coins as possible. After inputting basic information
(age, gender, nationality), the application played an introductory video outlining how
to engage with the game, as shown in Figure 3.3a.

Pupils spent approximately 35 minutes completing all tasks. After finishing, par-
ticipants had the option to exchange their earned coins for gifts (toys, pens, bags,
and notebooks) and decide whether to proceed with another round or conclude their
participation in the workshop.

3.5.4 Data Collection

As for pupils’ MMP, the JOC questionnaire automatically appeared on the screen
after each attempt. In total, pupils were asked to make 60 attempts and respond to
60 JOC. Then Meta-Brainhood automatically stores pupils’ scores and JOC responses
in a document on the laptop.

To record facial cues, the Meta-Brainhood recorded pupils’ facial area through
the webcam included in the laptop. Based on the timestamps of self-rated JOCs, the
Meta-Brainhood clipped periods during which children were reporting JOC (that is,
from the moment the JOC questionnaire appeared on the screen to when the children
submitted their responses and the questionnaire closed). Consequently, each child
contributed 60 video clips of performing metacognitive monitoring, and the video
clips were stored on the laptop’s built-in hard disk.
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3.6 Data Acquisition and Pre-processing

This section introduces the measurements of MMP, performance, and facial cues
collected from the user study. Facial cues include facial expressions, direction of the
gaze, and head gestures. All of these measurements will be used to address the
research questions in this chapter.

3.6.1 Measurements for MMP and Cognitive Task Performance
in Meta-Brainhood

It was first important to develop the measurements used to assess MMP and cognitive
task performance among pupils in the user study.

Attempt score (AS): In task t ∈ {1,2, . . .6}, pupils are given 10 attempts (p ∈
{1, . . .10}) and are requested to shoot or miss a target. The ASt,p is 1 if the attempt
p is correct (shot or miss) in task t, or 0 if pupils incorrectly shoot or miss the attempt.

ASt,p =

1, if pupils correctly address the attempt,

0, otherwise.
(3.1)

Task score (TS): The TSt is calculated by:

TSt = ∑
p∈[1,...10]

{ASt,p}. (3.2)

Attempt confidence rating (ACR): Pupils’ JOC responses for attempt p of task t
are valued on a scale from 0 to 1:

ACRt,p =


0, if respond ’It is wrong’,

0.5, if respond ’Not sure’,

1, if respond ’It is correct’.

(3.3)

Attempt Calibration Index (ACI): To measure pupils’ MMP for attempt p of task
t, the approach outlined by (Schraw 2009) was followed. The ACIt,p was calculated
as the squared deviation between ACRt,p and ASt,p, as shown in Equation 3.4.
This formula computes the squared deviation between confidence ratings and actual
performance, where higher values (closer to 1) indicate higher MMP.

ACIt,p = 1− (ACRt,p−ASt,p)2 (3.4)
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Task Calibration Index (TCI): For the MMP of each task, the TCIt is calculated
by:

TCIt =
1

10 ∑
p∈[1,...10]

ACIt,p. (3.5)

3.6.2 Measurements and Pre-processing for Facial Cues in Ad-
dressing JOC Question

OpenFace (Baltrusaitis et al. 2018) is a comprehensive, anatomically based system for
describing all visually discernible facial cues. In this study, OpenFace was adopted to
numerically measure pupils’ facial cues, including Action Units (AUs), gaze directions,
and head gestures.

Action Units: These represent individual components of muscle movement, called
AUs, based on the Facial Action Coding System (Ekman & Friesen 1978). OpenFace
extracted the facial AUs from face images coming from the facial recording and valued
each AU from 0 (weak) to 5 (strong). All 17 AUs2 detected by OpenFace are displayed
in Figure 3.6.

Head pose: Head pose is represented by six values, such as, location and rotation.
The location of the head is the relative location to the camera in millimeters (positive
Z is away from the camera).

Head rotation: In OpenFace, head’s rotations are represented along three axes:
X, Y, and Z. Rotation along the X-axis, known as pitch, corresponds to the head
moving up and down where a positive pitch means the person is looking upward,
while a negative pitch indicates they are looking downward. Rotation along the Y-
axis is referred to as yaw and reflects left-to-right movement, a positive yaw means
the head is turned to the right, and a negative yaw means it is turned to the left.
Lastly, rotation along the Z-axis is called roll, describing the head tilting from side
to side, a positive roll tilts the head toward the left shoulder, whereas a negative roll
tilts it toward the right shoulder.

Gaze direction: Gaze direction from OpenFace is averaged for both eyes and
represented by two values of radians in world coordinates. For example, if a person is
looking left-right (horizontal) this will result in a change of gaze direction (the first
value) from positive to negative, and, if a person is looking up-down (vertical) this

2AU numbers are not sequential because some were reserved for muscle groups that were later
split, merged, or discarded.
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(a) Inner
brow raiser
(AU1)

(b) Outer
brow raiser
(AU2)

(c) Brow
lowerer
(AU4)

(d) Upper lid
raiser (AU5)

(e) Cheek
raiser (AU6)

(f) Lid
tightener
(AU7)

(g) Nose
wrinkler
(AU9)

(h) Upper lip
raiser (AU10)

(i) Lip corner
puller (AU12)

(j) Dimpler
(AU14)

(k) Lip
corner

depressor
(AU15)

(l) Chin
raiser (AU17)

(m) Lip
stretcher
(AU20)

(n) Lip
tightener
(AU23)

(o) Lips part
(AU25)

(p) Jaw drop
(AU26)

(q) Blink
(AU45)

Figure 3.6: Action units detected through OpenFace in this PhD thesis. Facial images
from Ekman et al. (2002). Note: The 17 AUs shown are those supported by Open-
Face. These represent the AUs OpenFace supports with reliable detection accuracy,
focusing on those most commonly associated with expressive facial behavior.

will result in a change of gaze direction (the second value) from negative to positive,
if a person is looking straight ahead both of the angles will be close to 0.

The facial recordings input to OpenFace contain 30 frames per second. OpenFace
was used to extract values for facial cues (AUs, head gestures, and gaze directions)
from each frame. As a result, the raw output file includes 30 instances of each facial
cue per second. The raw facial cue data corresponding to each individual’s metacog-
nitive monitoring segments (comprising a total of L frames) were pre-processed to
reduce noise and improve data reliability. These pre-processing steps included remov-
ing missing values, standardizing the scale, and smoothing the values, as validated in
Taub et al. (2021).

1. Removing missing values: For each facial cue, missing values were replaced
with the corresponding average value within the same video.

2. Standardize scale: The rescaling process was applied to eliminate influences
from the subject difference by converting the intensity value of each AU to the
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Figure 3.7: Judgment of learning questionnaire. 1: How well do you understand the
rule? 2: Very bad, bad, not bad, good, very good (left to right). 3: Submit.

range of [0−1]. The formula used for rescaling is:

rescaled(x) =
x −min(x)

max(x)−min(x) , (3.6)

x is the specific feature value of facial cues, and the min(x) and max(x)
represent the minimum value and maximum value of the corresponding feature
in the recording.

3. Smoothing of facial cues: To reduce noise and smooth values of facial cues of
L frames, a mean value filter with a window size of 11 was applied to each
rescaled facial cue. For example, the value of frame l was replaced by the
average of itself and its five preceding and five succeeding frames, see Equation
3.7.3

filtered(xl) =
1

11

5

∑
i=−5
xl+i , 5< l ≤ L−5 (3.7)

3.7 Statistical Summary of Pupils’ Performance and
Facial Cues

This section presents the relevant data collected from pupils in the user study, as
outlined in Section 3.6. The following descriptions cover pupils’ preparation of the
rules prior to completing tasks, task scores, and MMP during task performance.
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Figure 3.8: The distribution of pupils’ Judgment of Learning responses in tasks.

3.7.1 Pupils’ Preparation on Tasks

Before each of the six tasks, the rules were presented through a video demonstration,
allowing pupils to replay or skip sections according to their individual learning pace.
This approach aimed to ensure an adequate level of preparation prior to beginning
each task. Pupils’ confidence in their understanding of the rules was then assessed
using a JOL questionnaire, with scores ranging from 0 (very bad) to 4 (very good),
see Figure 3.7.

For Task 1 (IC test), pupils reported a medium level of confidence (‘Not bad’),
with an average JOL score of 1.92, indicating that they felt somewhat comfortable
and had an adequate understanding of Task 1.

For Task 2 (VSWM test), confidence levels showed a slight decrease, with an
average JOL score of 1.87. Despite this small drop, the pupils still felt relatively
confident (‘Not bad’) about their understanding of Task 2.

For Task 3 (TS test), this task saw an increase in confidence, with an average
JOL score of 2.36, above the ’Not bad’ confidence level. This suggests that pupils
felt ‘Not bad’ about Task 3, and the rule complexity in this task may have been more
manageable for pupils.

For Task 4 (IC&VSWM test), confidence dips in this task, with an average JOL
score of 1.98, suggesting that the pupils felt ‘Not bad’ in their understanding of Task

3This smoothing process was essential to mitigate the effects of transient, non-informative facial
movements (e.g., minor twitches or brief lighting changes) that do not reflect genuine metacognitive
monitoring behaviors but could otherwise introduce noise into the analysis (Taub et al. 2021).
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Figure 3.9: The distribution of pupils’ task scores in tasks.

4.
For Task 5 (TS&VSWM test), the confidence levels remained around the ‘Not

bad’ level, with an average JOL score of 2.06, suggesting that the pupils felt ‘Not
bad’ in their understanding of Task 5.

For Task 6 (IC&TS&VSWM test), pupils again reported a ’Not bad’ confidence
level, with an average JOL score of 2.11. This value suggests that pupils felt moder-
ately confident in their performance on the task.

3.7.2 Pupils’ Task Scores

The distribution of pupils’ scores (TS) across six different tasks is presented in the
histograms shown in Figure 3.9. These distributions suggest varying levels of task
difficulty, reflecting differences in the cognitive demands placed on the pupils.

Pupils’ average TS in Task 1 and Task 3 are 8.44 and 8.59, respectively. The
distributions show a concentration of higher scores, implying that these tasks were
relatively easier for most pupils, which may be due to the nature of the cognitive skills
tested.

Pupils’ average TS in Tasks 2, 4, 5, and 6 are 6.14, 6.76, 6.82, and 6.68, respec-
tively. These distributions exhibit a broader spread of scores. Considering these tasks
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are based on the visuospatial working memory (VSWM) cognitive test (refer to Table
3.1), this pattern suggests that VSWM represents a more challenging cognitive skill
for pupils aged 7 to 11, as indicated by the more moderate and dispersed scoring.

It is clearly identified that there is a gap in the task score distribution of Tasks
2, 3, and 4, indicating a possible bimodal trend. This suggests that pupils tended
to either perform well or poorly on these tasks, with fewer falling in the mid-range,
which may reflect differences in understanding, prior knowledge, or strategy use for
those tasks.

The score distributions for Tasks 2, 4, 5, and 6 indicate a clear educational need to
enhance VSWM among pupils in this age group. Given the critical role that VSWM
plays in learning processes such as understanding spatial relationships and managing
visual information in mathematics, these findings were communicated to the principal
of the school where the study was conducted.

3.7.3 Pupils’ MMP in Tasks

Participants were asked to self-reflect on their task attempts and report their con-
fidence using the JOC following each attempt. The distribution of pupils’ MMP,
measured by TCI, across six different tasks is presented in Figure 3.10.

Task 1 and Task 3 predominantly show MMP clustering at higher values. Pupils’
average TCI in those tasks is 0.78 and 0.79, respectively. This suggests that most
pupils either selected ‘It is correct’ when making the correct attempt or selected ‘It
is wrong’ when making the incorrect attempt.

Tasks 2, 4, 5, and 6 show more uniformly spread distributions, though with a slight
skew towards lower MMP. The average TCI in these tasks is 0.58, 0.59, 0.59, and
0.58, respectively. This pattern (less than 0.75) shows that most pupils don’t know
whether their attempts were correct or incorrect. This could indicate a consistent
challenge across the cohort, suggesting that these tasks engaged cognitive skills that
are challenging for this age group.

Combining distributions as depicted in Table 3.2, it offers valuable insights into
the impact of pupils’ MMP on task scores. Notably, the similar distribution in those
figures suggests that pupils tend to achieve higher performance in tasks where they
have a clear understanding of their own capabilities. This observation underscores the
importance of MMP in learning, as students who effectively evaluate their knowledge
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Figure 3.10: The distribution of pupils’ MMP (represented by Task Calibration Index
(TCI)) in tasks.

Table 3.2: Summary of Judgment of Learning, Task Scores, and Metacognitive Mon-
itoring Performance by task

Task ID Avg. JOL Avg. TS Avg. TCI

Task 1 1.92 8.44 0.78
Task 2 1.87 6.14 0.58
Task 3 2.36 8.59 0.79
Task 4 1.98 6.76 0.59
Task 5 2.06 6.82 0.59
Task 6 2.11 6.68 0.58
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Table 3.3: Measuring the Pearson-coefficients between pupils’ MMP and cognitive
tests. IC: inhibitory control; VSWM: visual and spatial working memory; TS: target
switching.

Task ID Cognitive tests Correlation by tasks

ρ(TCIt ,TSt) p

Task 1 IC 0.67 < 0.01
Task 2 VSWM 0.42 < 0.01
Task 3 TS 0.55 < 0.01
Task 4 IC&VSWM 0.47 < 0.01
Task 5 TS&VSWM 0.47 < 0.01
Task 6 IC&TS&VSWM 0.42 < 0.01

and skills are better equipped to tackle tasks successfully. Such findings highlight
potential areas for developing educational strategies to enhance metacognitive moni-
toring among students, thereby improving their overall task performance.

Based on these statistical descriptions, RQ1 is investigated in Section 3.8.1.

3.8 Experiment Results

Drawing on pupils’ task scores, MMP, and measured facial cues, this section addresses
the two research questions outlined at the beginning of the chapter. First, it examines
the impact of pupils’ MMP on their task performance, and then identifies the facial
cues that show significant correlations with MMP.

3.8.1 RQ1.1

This section addresses RQ1 by reporting the impact of pupils’ MMPs on their task
scores in Meta-Brainhood. The Pearson correlation coefficient was calculated between
pupils’ calibration indexes (TCIt) and their cognitive task scores (TSt), as presented
in Table 3.3. In addition, a linear regression analysis was conducted to examine the
relationship between task scores and MMPs, with the results shown in Figure 3.11
and Table 3.4.
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Figure 3.11: Linear regression between task scores and MMP. Note that the Y axis
(TS) is task score, and the X axis (TCI) is MMP; see Equation 3.2 and Equation
3.5.

Based on the numerical results presented in Table 3.4 and the visual trends illus-
trated in Figure 3.11, the following observations can be drawn.

For Task 1 (IC test), there was a strong correlation (r = 0.67) between TCI and
TS, indicating that higher MMP is strongly associated with better task performance.
The regression analysis indicates that task scores increase by 6.09 points for each
one-point increase in TCI, starting from a base score of 3.71.

For Task 2 (VSWM test), there was a moderate correlation (r = 0.42), suggesting
a positive but less pronounced relationship between TCI and TS. From the regression
analysis, each unit of increase in TCI is associated with an increase of 3.98 points in

Table 3.4: Linear Regression Results Between MMP and Task Scores

Task ID Correlation (r) Slope Intercept Interpretation

Task 1 0.67 6.09 3.71 Strong positive relationship
Task 2 0.42 3.98 3.83 Moderate positive relationship
Task 3 0.55 3.92 5.51 Moderate positive correlation
Task 4 0.47 3.68 4.57 Moderate positive correlation
Task 5 0.47 3.55 4.71 Moderate positive correlation
Task 6 0.42 3.31 4.77 Moderate positive correlation
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task scores, with an intercept of 3.83.
For Task 3 (TS test), there was a moderately strong correlation (r = 0.55) with

task scores. The regression analysis indicates that each one-point increase in TCI
is associated with a 3.92-point increase in task score, starting from a baseline score
of 5.51. This suggests that TCI makes a significant contribution to improved task
performance.

For Task 4 (IC & VSWM test), there was a moderate correlation (r = 0.47).
From the regression analysis, a one-unit increase in TCI leads to a 3.68-point increase
in task scores, starting from a baseline score of 4.57.

For Task 5 (VSWM & TS test), there was also showed a moderate correlation (r
= 0.47). The regression analysis shows that task scores increase by 3.55 points for
each one-point increase in TCI, beginning from 4.71.

For Task 6 (IC & VSWM & TS test), the correlation value (r = 0.42) was
reported, and it is similar to Task 2. The regression analysis shows that task scores
are quantified as increasing by 3.31 points for each one-point rise in TCI, with an
intercept of 4.77.

3.8.2 RQ1.2

This section investigates the relationships between pupils’ MMP and their facial cues
expressed during cognitive tasks. Following the data pre-processing procedures de-
scribed in Section 3.6.2, numerical results were obtained for all measured facial cues
from the metacognitive monitoring clips. The expression of each facial cue was rep-
resented using the average value and the standard deviation of its measurements.

Facial cues during metacognitive monitoring were analyzed by measuring the av-
erage intensity and standard deviation of expression levels. These measurements were
then correlated with pupils’ MMP, as detailed in Table 3.5 and Table 3.6.

Based on the illustrated significant correlated facial cues4 in Table 3.5 (average
values) and Table 3.6 (standard deviation values), the facial expressions that are
significantly correlated with MMP, either at the average level or the standard deviation
level, were identified. These include the outer brow raiser (AU2), brow lowerer (AU4),
cheek raiser (AU6), lid tightener (AU7), lip corner puller (AU12), dimpler (AU14), lip
corner depressor (AU15), lip tightener (AU23), lips part (AU25), and blink (AU45).

4Denoted with a symbol *.
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Additionally, significant correlations were observed with gaze direction (horizontal Gx
and vertical Gy ), head location within the webcam frame (H(loc.)x , H(loc.)y ) and
H(loc.)z ), and head rotations (up and down (H(rot.)x ), left and right (H(rot.)y )).

3.8.2.1 How Does Variation in MMP Affect the Expression of Identified
Facial Cues During Tasks?

Cognitive tasks in Meta-Brainhood are designed to engage pupils in metacognitive
monitoring while applying various cognitive skills. As shown in Table 3.5 and Table
3.6 (number of samples = 9859), distinct correlations were observed between the
expression of facial cues and MMP performance.

For Task 1 (IC test), an increase in MMP values correlated with heightened
average expression levels of cheek raising (AU6) and blinking (AU45). Specifically, it
happens with cheek raising exhibits greater variability in expression, signifying more
pronounced movements and more frequent blinking. Additionally, the direction of
gaze predominantly shifted leftward with minimal deviation, reflecting a more stable
and focused gaze to the left. The head pose was typically elevated and simultaneously
tilted downward, suggesting a specific attentive stance adopted during this task.

For Task 2 (VSWM test), as MMP values escalated, there was a noticeable
increase in the average expression levels of brow lowering (AU4) and lips parting
(AU25). Brow lowering showed considerable variability, suggesting fluctuating inten-
sity in frowning. Conversely, lip corner pulling (AU12) demonstrated a decrease in
average expression levels, implying less frequent smiling or positive expressions. This
reduction was accompanied by lower variability in its expression, indicating a more
consistent facial demeanor. Additionally, the movement of the gaze vertically and
the head pose both horizontally and vertically showed reduced variability, indicating
a more controlled and steady positioning throughout the task.

For Task 3 (TS test), an increase in MMP was associated with a heightened av-
erage expression level of lips parting (AU25), indicating more frequent occurrences
of this behavior. Conversely, lip corner pulling (AU12) showed a decrease in av-
erage expression levels, accompanied by lower variability, suggesting less frequent
smiling or positive facial cues. The lip corner depressor (AU15) and blinking (AU45)
remained stable in average expression but exhibited contrasting variability patterns:
the lip corner depressor showed lower variability, indicating a more consistent expres-



3.8. Experiment Results 55

sion, while blinking displayed higher variability, reflecting more frequent blinking. In
terms of gaze and head movement, there was lower variability in the change of the
left-right gaze direction, suggesting a steadier horizontal gaze. The horizontal head
pose changes showed higher variability, indicating more frequent adjustments, while
changes in left-right head rotation exhibited lower variability, reflecting a more stable
head orientation.

For Task 4 (IC & VSWM), the lip corner puller (AU12) was the only facial cue
to show a significant correlation with MMP. As MMP values increased, there was a
noticeable decreasing trend in the average expression levels of AU12, accompanied
by lower variability. This pattern indicates a reduction in both the frequency and
intensity of smiling or positive expressions, suggesting that increased metacognitive
activity during the test is associated with decreased display of positive emotions.

For Task 5 (TS & VSWM), an increase in MMP correlated with a rise in the
average expression level of lip parting (AU25), indicating more frequent lip parting. In
contrast, the average expression level of lip corner pulling (AU12) decreased, accom-
panied by lower variability, suggesting a reduction in smiling or positive facial cues.
Expressions such as outer brow raising (AU2), dimpling (AU14), and lip tightening
(AU23) showed no significant change in average levels but exhibited significantly lower
variability, reflecting more consistent and stable expressions. Additionally, gaze direc-
tion and head pose were notably steadier, with head location moving away from the
screen, and gaze direction remaining more stable throughout the task.

For Task 6 (IC & TS & VSWM), as MMP values increased, there was an enhanced
stability in the expression of eyelid tightening (AU7) and the horizontal gaze direc-
tion. This pattern suggests that with higher muscle potential, there was a significant
reduction in the variability of eyelid tightening and a more consistent horizontal gaze.

The analysis above is used to reduce the scope of analyzing facial cues. Now,
the results derive a set of facial cues that have a significant correlation to MMP. In
Section 3.10, a regression analysis of facial cues is conducted to predict MMP in all
tasks.
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Table 3.5: Pearson-coefficients between facial cues’ average level (ave.) and MMP.
Note: * and yellow highlighting indicate statistical significance (p < .05). IC: in-
hibitory control; VSWM: visual and spatial working memory; TS: target switching.

(a) AUs

Task ID Cognitive tests Ave. of AU1 to AU12

AU1 AU2 AU4 AU5 AU6 AU7 AU9 AU10 AU12

Task 1 IC -0.12 -0.01 0.01 0.08 0.20∗ 0.09 0.12 0.12 0.02
Task 2 VSWM 0.00 0.06 0.21∗ 0.10 -0.06 0.01 0.02 -0.03 -0.17∗

Task 3 TS -0.12 0.04 0.06 0.05 -0.02 0.07 0.11 -0.01 -0.17∗

Task 4 IC&VSWM 0.07 0.03 0.09 0.03 -0.08 -0.03 -0.02 -0.13 -0.20∗

Task 5 TS&VSWM -0.09 -0.08 0.07 0.09 -0.03 -0.01 0.08 -0.06 -0.15∗

Task 6 IC&TS&VSWM -0.10 0.08 0.15 0.08 -0.06 0.01 -0.04 -0.09 -0.08
Ave. of AU14 to AU45

AU14 AU15 AU17 AU20 AU23 AU25 AU26 AU45

Task 1 IC 0.04 -0.03 -0.07 0.05 0.09 -0.13 0.04 0.19∗

Task 2 VSWM -0.11 0.00 -0.10 -0.02 -0.03 0.15∗ 0.00 -0.02
Task 3 TS -0.06 -0.05 -0.06 -0.07 -0.02 0.19∗ 0.06 -0.02
Task 4 IC&VSWM -0.12 -0.01 -0.00 0.03 -0.00 0.01 0.04 -0.10
Task 5 TS&VSWM -0.14 0.08 -0.05 0.01 -0.11 0.17∗ 0.04 -0.05
Task 6 IC&TS&VSWM -0.13 -0.06 -0.06 -0.14 -0.01 0.08 0.08 -0.00

(b) Gaze direction

Task ID Cognitive tests Ave. of gaze direction (G)

Gx Gy

Task 1 IC 0.29∗ -0.04
Task 2 VSWM -0.04 -0.01
Task 3 TS 0.04 -0.13
Task 4 IC&VSWM 0.06 -0.02
Task 5 TS&VSWM 0.02 -0.01
Task 6 IC&TS&VSWM 0.03 0.05
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Table 3.5: Pearson-coefficients between facial cues’ average level (ave.) and MMP.
Note: * and yellow highlighting indicate statistical significance (p < .05). IC: in-
hibitory control; VSWM: visual and spatial working memory; TS: target switching.
(continued)

(c) Head pose

Task ID Cognitive tests Ave. of head pose location (H(loc.)) and rotation (H(rot.))

H(loc.)x H(loc.)y H(loc.)z H(rot.)x H(rot.)y H(rot.)z

Task 1 IC -0.09 -0.17∗ -0.04 -0.16∗ -0.07 -0.02
Task 2 VSWM -0.08 -0.06 0.14 0.02 0.03 -0.07
Task 3 TS 0.01 -0.12 -0.09 -0.01 -0.05 0.06
Task 4 IC&VSWM -0.04 -0.01 -0.04 0.15 -0.06 0.12
Task 5 TS&VSWM -0.13 -0.08 -0.00 0.22∗ -0.11 0.03
Task 6 IC&TS&VSWM -0.04 0.09 0.01 0.15 -0.03 0.01
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Table 3.6: Pearson-coefficients between facial cues’ standard deviation (std) and
MMP. Note: * and yellow highlighting indicate statistical significance (p < .05). IC:
inhibitory control; VSWM: visual and spatial working memory; TS: target switching.

(a) AUs

Task ID Cognitive tests Std. of AU1 to AU12

AU1 AU2 AU4 AU5 AU6 AU7 AU9 AU10 AU12

Task 1 IC -0.06 0.01 -0.06 0.06 0.16∗ -0.00 0.09 0.09 -0.06
Task 2 VSWM -0.06 -0.00 0.17∗ 0.07 -0.06 -0.13 -0.07 -0.09 -0.22∗

Task 3 TS -0.11 0.01 -0.02 -0.03 0.02 0.05 0.02 -0.07 -0.17∗

Task 4 IC&VSWM -0.00 0.03 -0.04 0.03 -0.09 -0.09 -0.02 -0.15 -0.19∗

Task 5 TS&VSWM -0.12 -0.16∗ -0.06 -0.00 -0.05 -0.14 -0.06 -0.15 -0.23∗

Task 6 IC&TS&VSWM -0.06 0.03 0.07 0.04 -0.02 -0.20∗ -0.00 -0.13 -0.09

Std. of AU14 to AU45

AU14 AU15 AU17 AU20 AU23 AU25 AU26 AU45

Task 1 IC -0.05 -0.09 0.05 0.04 0.07 -0.14 0.01 0.12
Task 2 VSWM -0.10 -0.15 -0.08 -0.14 -0.11 -0.10 -0.11 -0.10
Task 3 TS -0.10 -0.19∗ -0.05 -0.11 -0.00 -0.14 -0.10 0.17∗

Task 4 IC&VSWM -0.13 -0.10 0.04 -0.01 -0.02 -0.12 -0.08 -0.13
Task 5 TS&VSWM -0.18∗ -0.01 0.04 -0.12 -0.16∗ 0.02 -0.08 -0.08
Task 6 IC&TS&VSWM -0.11 -0.13 0.09 -0.04 0.02 -0.05 -0.06 -0.08

(b) Gaze direction

Task ID Cognitive tests Std. of gaze direction (G)

Gx Gy

Task 1 IC -0.29∗ -0.03
Task 2 VSWM -0.11 -0.18∗

Task 3 TS -0.25∗ 0.09
Task 4 IC&VSWM -0.11 -0.04
Task 5 TS&VSWM -0.23∗ 0.01
Task 6 IC&TS&VSWM -0.17∗ -0.10
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Table 3.6: Pearson-coefficients between facial cues’ standard deviation (std) and
MMP. Note: * and yellow highlighting indicate statistical significance (p < .05). IC:
inhibitory control; VSWM: visual and spatial working memory; TS: target switching.
(continued)

(c) Head pose

Task ID Cognitive tests Std. of head pose location (H(loc.)) and rotation (H(rot.))

H(loc.)x H(loc.)y H(loc.)z H(rot.)x H(rot.)y H(rot.)z

Task 1 IC -0.03 -0.01 0.02 0.07 -0.13 -0.07
Task 2 VSWM -0.04 -0.16∗ -0.17∗ -0.14 -0.14 -0.15
Task 3 TS 0.17∗ 0.15 0.06 0.11 -0.16∗ 0.10
Task 4 IC&VSWM -0.02 0.05 -0.06 0.08 -0.04 0.04
Task 5 TS&VSWM -0.09 0.02 -0.02 0.00 -0.14 -0.10
Task 6 IC&TS&VSWM 0.04 -0.08 0.02 -0.00 -0.05 0.04

3.9 Discussion

Building on the results presented in Section 3.8, this discussion focuses on two key
areas. First, it examines the reinforcement of the positive relationship between MMP
and cognitive task performance in young learners aged 7 to 11, specifically within
mathematics-related tasks conducted in CBLEs. Second, it explores the potential of
predicting MMP through pupils’ facial cues, offering new insights into non-intrusive
approaches for metacognitive monitoring.

3.9.1 MMP Predicts Task Performance in Pupils

Overall, the data consistently support the hypothesis that higher metacognitive moni-
toring capabilities (TCI) are associated with improved task performance (TS). Across
all tasks, the average increase in task scores is approximately 4.09 points for each one-
unit increase in TCI.

This study reinforces prior research demonstrating a strong positive correlation
between MMP and task performance, confirming that young pupils with higher MMP
consistently achieve better learning outcomes (Higgins et al. 2016, Bellon et al. 2020,
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Kautzmann & Jaques 2019). Importantly, this study extends these findings to scenar-
ios where young pupils engage in mathematics-related cognitive tasks within CBLEs.
These results offer insights for future research aiming to enhance pupils’ learning
outcomes in CBLEs by improving their metacognitive monitoring abilities.

3.9.2 Impact of Pupils’ MMP on Facial Cues

While prior studies have demonstrated the correlation between facial cues and MMP in
undergraduate populations (Taub et al. 2018, 2021), this study is the first to establish
this correlation in younger learners, specifically pupils aged 7 to 11 in a CBLE.

The findings reveal that multiple facial expressions and head movements are sig-
nificantly associated with MMP in this age group, extending previous research from
undergraduate students to an early education group. Furthermore, this study reveals
that the strength of these correlations is influenced by the gender factor, providing
new insights into how individuals shape the relationship between facial cues and MMP.

In particular, increases in MMP were consistently associated with heightened ex-
pressions in certain muscle groups-most notably increased lip parting-coupled with a
reduction in the frequency and variability of expressions typically linked to positive
affect, such as those involving the lip corner puller. This shift away from overtly posi-
tive expressions may indicate that effective MMP is less about maintaining a pleasant
effect and more about engaging cognitive resources that could include subtle signals
of frustration or focused concentration.

These facial adjustments appear to be part of a broader pattern wherein more
stable and controlled gaze directions and head movements are observed alongside
changes in facial muscle activity. Such steadiness likely reflects an underlying focus
of attention that is critical for accurately monitoring one’s cognitive processes. The
reduction in variability of certain expressions (for example, a more consistent eyelid
tension and less frequent smiling) points to a state of engagement that minimizes
distractions like boredom Cloude et al. (2020).

Furthermore, the results align with the findings in undergraduate students Taub
et al. (2021), who demonstrated that while unexpected affective responses (e.g.,
surprise) tend to disrupt metacognitive accuracy, a controlled level of frustration
may enhance monitoring performance. The observed decrease in positive, smiling
expressions, alongside increased indicators of cognitive effort (e.g., heightened lip
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parting and controlled facial cues), suggests that young learners may adopt a more
effortful, potentially slightly frustrated, stance that promotes more reflective and
accurate self-assessment of their knowledge.

3.10 Preliminary Experiments for Estimating MMP
in Following Chapter

3.10.1 Interaction Effects of Gender on Correlation between
Facial Cues and MMP

Given that gender significantly influences facial expressions, with women typically
exhibiting more pronounced positive expressions than men (Dimberg & Lundquist
1990), an analysis was conducted to re-examine the relationship between facial cues
and MMP. This investigation specifically explored how this relationship differs between
male and female participants and will contribute to next MMP estimations.

Significant interactions were observed between facial cues and MMP with respect
to gender, highlighting distinct expression patterns associated with metacognitive
processes in male and female pupils, see Table 3.7.

For male pupils, several facial cues exhibited significant positive correlations with
MMP, including AU4 (brow lowerer), AU7 (lid tightener), AU23 (lip tightener), and
AU25 (lips part). These results suggest that increased activation of these facial
actions is associated with higher metacognitive monitoring performance among males.
Conversely, some facial cues showed significant negative correlations, such as AU12
(lip corner puller), AU15 (lip corner depressor), AU45 (blink), and H(loc.)x (horizontal
head location), indicating that these behaviors are related to lower MMP in male
pupils.

For female pupils, the patterns were different. Only Gx (horizontal gaze direction)
showed a significant positive correlation with MMP, suggesting that greater horizon-
tal gaze shifts are linked to better metacognitive performance. Significant negative
correlations were found for AU12 (lip corner puller), Gy (vertical gaze direction),
and H(loc.)y (vertical head location), implying that frequent activation of these cues
corresponds to lower MMP in females.

It is important to note that no facial cue showed an opposite correlation of di-
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Table 3.7: Pearson-coefficients between average expressions of facial cues and MMP
by gender. Note: * and yellow highlighting indicate statistical significance (p < .05).

Facial Cue Males Females

AU4 0.06∗ -0.02
AU7 0.04∗ -0.02
AU12 -0.04∗ -0.05∗

AU15 -0.04∗ -0.02
AU23 0.04∗ -0.00
AU25 0.06∗ -0.02
AU45 -0.04∗ -0.02
Gx -0.00 0.04∗

Gy -0.01 -0.05∗

H(loc.)x -0.04∗ 0.00
H(loc.)y -0.01 -0.04∗

rections between male and female pupils. However, gender appears to moderate the
strength and significance of these correlations:

• Significant only for males: AU4, AU7, AU23, AU25, AU15, AU45, and H(loc.)x .

• Significant only for females: Gx , Gy , and H(loc.)y .

• Significant for both males and females: AU12 (both show a negative correla-
tion).

Together, these findings highlight that gender is a key moderating factor in the
relationship between facial cues and metacognitive monitoring. This insight is critical
for developing more accurate, personalized models of MMP estimation, which will be
addressed in the following chapter.

3.10.2 Multivariate analysis: How Multiple Facial Cues To-
gether Predict MMP?

Building on prior studies that examined correlations between facial cues and MMP,
primarily in adult learners, this section advances the research by investigating the
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predictive power of facial cues for estimating MMP in pupils aged 7 to 11 within
CBLEs. A multiple regression analysis is also conducted to identify which facial cues
predict pupils’ MMP. This section is the first to reveal both the performance of MMP
estimation in young learners and the extent to which facial cues can explain and
predict MMP.

OLS regression (Dismuke & Lindrooth 2006) was used to model MMP as a func-
tion of facial expression metrics. Prior to analysis, data were checked for normality,
and outliers were addressed. The model included 50 predictors, encompassing both
mean and standard deviation values of facial cues and head pose angles. The model
achieved an R-squared of 0.02 and an adjusted R-squared of 0.02, indicating a modest
fit5. The overall model was statistically significant (p < 0.01), suggesting that the
set of predictors contributes to explaining variability in MMP.

Table 3.8: Regression analysis of facial cues that significantly predict MMP (TCI).
Note: this table includes facial only cues with p < 0.05.

Facial Cues Coefficient Standard Error 95% Confidence Interval

Ave(AU1) -0.10 0.06 [-0.22, 0.02]
Ave(AU4) 0.08 0.04 [0.01, 0.15]
Ave(AU25) 0.09 0.04 [0.00, 0.17]
Ave(head hori. pose) -0.10 0.04 [-0.18, -0.03]
Ave(head vert. pose) -0.08 0.04 [-0.16, -0.01]
Ave(Nodding) 0.10 0.05 [0.01, 0.19]
Ave(vert. gaze) -0.10 0.05 [-0.21, 0.00]
Std(AU6) 0.33 0.10 [0.14, 0.52]
Std(AU12) -0.33 0.10 [-0.52, -0.14]
Std(hori. gaze) -0.52 0.13 [-0.76, -0.27]
Std(vert. gaze) 0.35 0.14 [0.07, 0.62]

Among the facial cues analyzed, a select few had significant impacts on the MMP
as illustrated in Table 3.8. Visualized facial AUs are shown in Figure 3.12. Notably,
the average intensity of brow lowering (AU4) demonstrated a positive correlation with

5R-squared measures the proportion of variance in the dependent variable explained by the inde-
pendent variables in an OLS regression. It ranges from 0 to 1, where higher values indicate better
explanatory power of the model.
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MMP, where an increase in brow lowering intensity led to a rise in MMP scores, as
evidenced by a coefficient of 0.08 (p = 0.02). Similarly, the intensity of lips parting
(AU25) was positively associated with MMP, increasing the score by 0.09 for each
unit increase (p = 0.05). Head movements also played a crucial role, with both
horizontal and vertical translations of the head showing negative associations with
MMP, decreasing the score by 0.10 (p = 0.01) and 0.08 (p = 0.03), respectively,
per unit increase. Additionally, the rotational motion around the x-axis, indicative of
nodding, positively impacted MMP, increasing it by 0.10 with each unit increase (p
= 0.04). The variability in expressions such as cheek raising (AU6) and lip corner
pulling (AU12) also significantly affected MMP, with the standard deviation of AU6
increasing MMP by 0.33 (p < 0.01) and that of AU12 decreasing it by 0.33 (p < 0.01).
Lastly, gaze behavior was influential, where the standard deviation in the horizontal
gaze angle significantly reduced MMP by 0.52 (p < 0.01), while the vertical gaze
variation increased it by 0.35 (p = 0.02).

The most significant predictors of MMP appear to be gaze behaviors and head
gestures, alongside specific facial action units. For example, greater variability in hor-
izontal gaze direction has a strong negative effect on MMP, suggesting that frequent
shifts in eye movement from side to side may indicate distraction or reduced atten-
tional focus, which hinders metacognitive monitoring. In contrast, variability in cheek
raising and lip corner pulling positively correlates with MMP. These variations may
reflect dynamic emotional expressions, such as amusement, contentment, serenity, or
even mild embarrassment, which have been linked to increased cognitive engagement
and self-awareness (Ekman & Friesen 1978). This suggests that certain expressive
facial movements may signal a more engaged or reflective mental state, based on
which, learning technologies can be used to enhance MMP.

These findings illustrate the key facial expressions, head gestures, and gaze direc-
tions in predicting MMP, which were used for the subsequent classification attempt.

3.10.3 ML-based MMP Classification

Given the significant features identified in previous linear regression analyses, the
performance of a machine learning model in classifying MMP into three classes was
investigated. Three classes of MMP are: precise MMP (ACI = 1), uncertain
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Figure 3.12: Key facial cues in OLS regression. Note: The AUs’ animations are from
iMotions (2018).
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MMP (ACI = 0.75)6, and imprecise MMP (ACI = 0). Given the multidimensional
nature of the facial cues and behavioral metrics involved, selecting a robust classifier
capable of handling high-dimensional spaces and complex decision boundaries is cru-
cial. For this task, the Support Vector Machine (SVM) classifier (Hearst et al. 1998)
was selected (the introduction of SVM was presented in Section 2.6.1). SVMs are par-
ticularly effective in classification tasks involving high-dimensional spaces, even when
the number of dimensions exceeds the number of samples, making them well-suited
for the feature-rich data in this study.

The SVM model was established to understand the separability of the classes based
on the selected features in Table 3.8. A standard train-test split was employed, with
20% of the dataset reserved for testing to evaluate the model’s performance. The data
was standardized to ensure that all features contributed equally to the model, avoiding
bias toward features with inherently larger scales. The trained SVM classifier achieved
an accuracy of approximately 59.8% on the test set. This performance indicates a
moderate level of capability in classifying the MMP levels using the identified facial
cues. More advanced methods, such as deep learning, may better capture the nuanced
patterns and improve classification performance. This will be further explored in the
next chapter through the development of a neural network-based model designed to
estimate MMP.

3.11 Chapter Summary

From experiments addressing RQ1.1, the results in the user study reinforced the im-
portance of MMP in young pupils in CBLEs and explored the potential for identifying
pupils’ MMP through facial cues.

From experiments addressing RQ1.2, a set of facial expressions, including outer
brow raiser, brow lowerer, cheek raiser, lid tightener, lip corner puller, dimpler, lip cor-
ner depressor, lip tightener, lip part, and blink, were found to be associated with pupils’
MMP. Additionally, gaze direction, head position, and head movements (up/down,
left/right) were also linked to variations in MMP. Notably, the inner brow raiser,
brow lowerer, lip part, cheek raiser, lip corner puller, and both vertical and horizontal
movements of the head and gaze were found to have predictive value for MMP.

These findings highlight the importance of pupils’ MMP in CBLEs and the po-
6As the square operation in Equation 3.4, the ACI of ‘Not sure’ JOC is 0.75.
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tential use of facial cues for estimating MMP. Facial cues can offer indirect insights
into pupils’ cognitive states, which is particularly valuable for developing adaptive and
responsive CBLEs for enhancing MMP.

Furthermore, gender emerged as a key factor influencing this relationship, sug-
gesting that facial cues linked to metacognitive states may differ between males and
females. Especially, from the ML-based MMP classification study, its results indicate
that relying solely on simple linear relationships is insufficient for accurately estimating
MMP, and more advanced modeling approaches are needed to capture the complex,
non-linear interactions between facial cues and metacognitive monitoring processes.

As a baseline to support the long-term aim of improving children’s mathematics
learning outcomes through enhanced metacognitive monitoring (as detailed in Chapter
5), the work of this chapter paves the way for future automatic metacognitive moni-
toring supports in educational technologies for young children’s mathematics learning
(Harter 2012, Harris & Brown 2013, Lehnert 2024).

To be clear, this work makes four key contributions:

1. Reinforces the positive impact of MMP on young pupils’ mathematics-related
task performance in CBLEs, providing empirical evidence from children aged 7
to 11.

2. Identifies specific facial cues that are indicative of MMP in children, advanc-
ing the understanding of behavioral markers relevant for metacognitive state
estimation in this age group.

3. Shows that simple linear models are insufficient for accurately capturing the
complex relationship between facial cues and MMP, highlighting the need for
more sophisticated modeling approaches.

4. Reveals that gender significantly moderates the correlation between MMP and
facial cues, emphasizing the importance of considering demographic factors
when developing predictive models of metacognitive monitoring.





Chapter 4

Nurturing Self-aware Learning through
Facial Expression Interpretation

纸上得来终觉浅，绝知此事要躬行。(Translation: Knowledge gained from paper always
feels superficial; To truly grasp a matter, one must personally practice it.)

— 陆游 (Lu You)

This chapter reports an approach to estimate metacognitive monitoring perfor-
mance (MMP) through facial expressions. Content from this chapter has been pre-
sented at the ACM CHI 2025 in the paper Nurturing Self-aware Learning through
Facial Expression Interpretation (Ruan, X., Constantin, A., Palansuriya, C., Wang, K.
& Atkinson, M., 2025, April).

Learning technologies are designed to tailor support to improve learning by rec-
ognizing and responding to learners’ feelings about learning tasks. An advanced
technique, Meta-Facial Expression Interpreter (M-FEI), is proposed in this chapter’s
work for estimating precise, imprecise, and uncertain MMP in pupils, which
were illustrated in Section 3.10.3.

In addition to the user study of Chapter 3 in China, an additional user study
was conducted in Scotland to validate the generalizability of M-FEI. Through M-
FEI, pupils’ MMP was estimated by analyzing their facial expressions. This approach
represents a significant improvement over a conventional method, offering a more
immediate response when a learner encounters a new task.
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Figure 4.1: Comparison of interventions using two approaches of estimating MMP
(conventional approach and the Meta-Facial Expression Interpreter (M-FEI)). The
green arrow of the conventional approach is the estimated MMP based on numbers
Nc1 to Nc4 . Specifically, Nc1 is the number of instances that the pupil judged their
answer as correct and solved the task correctly; Nc2 is the number of instances that
the pupil judged their answer as correct but solved the task incorrectly. Similarly,
Nc3 counts instances when pupils thought they were wrong yet were correct, and Nc4
counts cases where pupils thought they were wrong and they were. The green arrow
of M-FEI represents the MMP estimated based on facial expressions while pupils are
reflecting on their solutions. The details are presented in Sections 4.6.1 and 4.6.2.

4.1 Introduction

As introduced in Chapter 2, there has been a significant shift towards computer-based
learning environments (CBLEs) in education in recent years. Advanced technologies
demonstrate that tailoring metacognitive interventions using the conventional ap-
proach, like the knowledge monitoring assessment (KMA) matrix, improves learning
outcomes (Kautzmann et al. 2016, Kautzmann & Jaques 2019, Guo 2020).

However, previous research has raised concerns about the accuracy of conventional
approaches and their difficulties in articulating confidence for young learners (Pintrich
et al. 2000, Mihalca & Mengelkamp 2020). Stemming from the link between facial
cues and MMP, this chapter introduces a deep-learning approach called Meta-Facial
Expression Interpreter (M-FEI)1 for enhancing MMP estimation (Taub & Azevedo
2018, Taub et al. 2021). This work has developed M-FEI for tailoring metacognitive

1In the context of M-FEI, ‘facial expressions’ refers to the visual appearance of the face in
recordings, rather than the underlying facial muscle movements typically referenced in the definition
chapter. The term ‘expression’ is used here because, in the machine learning field, it is commonly
adopted to describe facial appearances in analysis.
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monitoring support. An example comparing M-FEI with the conventional approach is
presented in Figure 4.1. For instance, when M-FEI identifies imprecise metacognitive
monitoring in a learner, it triggers the targeted strategy to provide tailored hints and
examples, aiding learners in assessing their knowledge (Kautzmann et al. 2016, Kautz-
mann & Jaques 2019). Conversely, when learners display confidence precisely, the
system minimizes guidance, fostering autonomy and maintaining the learning flow.
This automatic estimation of MMP maintains learners’ flow and engagement by elim-
inating the need for confidence articulation (Amershi et al. 2014, Komatani & Nakano
2020) and enables real-time tailoring of metacognitive monitoring interventions for
individual needs.

A user study was conducted in two countries to develop a dataset of pupils’ facial
expressions, named Affect2Metacognition (A2M), while they engaged in metacogni-
tive monitoring. The M-FEI was developed to estimate pupils’ MMP by interpreting
facial expressions, and this method was compared with the conventional approach.
The comparison revealed limitations in the accuracy of the conventional approach for
MMP estimation. In contrast, the M-FEI method achieved an average 14% increase
in accuracy for identifying MMP, along with a 15% reduction in false alarms.

4.2 Research Questions

Following RQ1.1 and RQ1.2 from Chapter 3, the current chapter investigates the
identification of MMP and addresses the following RQ1.3 and RQ1.4.

4.3 Related Work Informing M-FEI Design

This chapter presents a technique, M-FEI, designed to estimate learners’ MMP and
tailor metacognitive monitoring interventions. Accordingly, the related work section
will review three key areas: research on adaptive support for metacognitive monitoring,
the benefits of eliminating self-articulation in MMP estimation within CBLEs, and the
feasibility of applying deep learning techniques in M-FEI.
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4.3.1 Adaptive Support of Metacognitive Monitoring

Considering the significant impact of MMP on pupils’ learning outcomes, extensive
research has focused on developing interventions that enhance MMP during the com-
pletion of educational tasks. Barzilai et al. (Barzilai & Blau 2014) showed that
metacognitive instructions, which introduce learning concepts and variables, have a
positive impact on children’s performance. Prior research includes investigations into
the effectiveness of metacognitive support, using feedback on achieved performance,
for pupils’ metacognitive monitoring. Works from Urban & Urban (2021b,a) high-
light how feedback on past performance can positively influence the student’s MMP.
Prompting pupils with instructions about their past performance has been shown to
significantly boost their MMP (Urban & Urban 2021b).

Despite the benefits of providing performance feedback, there is evidence sug-
gesting that such instructions may lead pupils to rely excessively on the feedback
when reflecting on their performance, potentially at the expense of neglecting other
relevant task information, such as a task’s specific details and objectives (Epley &
Gilovich 2006, Simmons et al. 2010, Urban & Urban 2021a). This reliance could limit
the development of metacognitive skills. To address these challenges, studies have
focused on developing adaptive support for metacognitive processes, which are gradu-
ally withdrawn/increased based on the estimations for occurrences of their imprecise

MMP. For example, Kautzmann et al. (Kautzmann et al. 2016, Kautzmann & Jaques
2019) introduced an Animated Pedagogical Agent (APA), as previously discussed in
Section 2.4.2. APA agent prompts pupils to articulate their confidence and uses
that input to adapt subsequent metacognitive monitoring support. Similarly, research
by Guo et al. (Guo 2020) also employs a variant of the KMA to estimate MMP,
relying on historical MMP data to prompt different information while subjects are en-
gaged in learning tasks. These studies claimed that better learning performance was
achieved by learners with real-time adaptive support, which underscores the benefit
of real-time adaptation of metacognitive support based on the conventional MMP
estimation (Kautzmann et al. 2016, Kautzmann & Jaques 2019, Guo 2020).
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4.3.2 Conventional MMP Estimation and Automatic MMP
Estimation

As observed in the previous section, conventional MMP estimation typically relies on
results from KMA based on previously completed tasks. However, this approach has
substantial limitations. Firstly, the relevance of past KMA outcomes in estimating
MMP for upcoming tasks diminishes when the new tasks significantly differ in content
or domain. For instance, a pupil’s previous performance in reading comprehension
tasks may not accurately estimate their MMP in arithmetic tasks (Pintrich et al.
2000, Mihalca & Mengelkamp 2020). Secondly, variations in a pupil’s prior knowledge
and experiences can skew MMP classifications, particularly when shifting from one
topic to another (Mihalca & Mengelkamp 2020). Thirdly, reliance on self-assessment
poses challenges, particularly for younger learners. For instance, younger elementary
school students tend to provide less nuanced self-descriptions and often lack the
metacognitive skills necessary to accurately identify areas of knowledge, especially
when tackling complex tasks (Harter 2012, Harris & Brown 2013, Amershi et al.
2014, Lehnert 2024). Furthermore, repeated self-assessment inquiries can disengage
learners from the learning content (Komatani & Nakano 2020).

Recent advances in HCI advocate automatic methods that respond to spontaneous
human behaviors, such as eye movements, facial expressions, and interaction patterns,
to monitor learners’ processes in real-time (D’Mello et al. 2007, Baker & Ocumpaugh
2014). Vanneste et al. (Vanneste et al. 2021) implemented a computer vision-based
model in classrooms that can recognize behaviors indicative of cognitive engagement,
such as note-taking or hand-raising, without requiring learners to verbally describe
their activities. Similarly, Behera et al. (Behera et al. 2020) explored the automatic
detection of non-verbal behaviors, including hand-over-face gestures, and head and eye
movements, as well as emotions expressed through facial expressions. Their method
effectively identified when learners were struggling with difficult tasks, bypassing the
need for them to articulate their difficulties explicitly. Furthermore, Baltaci et al.
(Baltaci & Gokcay 2016) monitored students’ stress levels by assessing pupil dilation
and facial temperature, showing the potential of interpreting learners’ psychological
signals. These findings underscore the feasibility of an automatic approach to MMP
estimation that relies on real-time, spontaneous behaviors.

Prior work has shown that explicitly alerting users is not always an optimal inter-
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vention. The proposed M-FEI, to estimate MMP using facial expressions, represents
a non-intrusive approach termed ‘mindless’ (Riku 2021) that improves the flow of
learning. In this way, from the perspective of user experience in computer-based
learning environments (CBLEs), M-FEI not only provides automatic MMP estima-
tion, but also enables learners to focus on the flow of learning by removing the need
to articulate their feelings (Kautzmann et al. 2016, Kautzmann & Jaques 2019, Guo
2020). Consequently, the automatic nature method is crucial as it avoids distractions
and enables learners to concentrate on learning.

4.3.3 Relationship between Facial Cues and Metacognitive Mon-
itoring

This thesis reviewed prior works that investigate links between learners’ feelings and
facial expressions, and their MMP, in Chapter 2. Thus, in this review section, the
details of those works will not be reviewed.

4.3.4 Potential of Deep-learning in MMP Estimation

Recent work in interpreting facial expressions to assess learners’ self-reflection is based
on the assumption that a learning environment that is sensitive to learners’ affec-
tive states enriches learning (D’Mello et al. 2007, 2009, Lepper & Henderlong 2000,
Graesser et al. 2007). Research indicates that novice human tutors are unable to
accurately assess a student’s understanding based on their facial expressions (Person
et al. 1994, Chi et al. 2004, D’Mello & Graesser 2012). Instead, they tend to make
approximations rather than precise and detailed assessments. In contrast, experienced
teachers are better able to discern students’ understanding through facial expressions,
effectively using this information to assess individual needs, identifying those requir-
ing additional support, and adjusting the pace or content of the learning material
accordingly (Behera et al. 2020). However, computers could potentially outperform,
particularly novice human tutors, where artificial intelligence algorithms can accu-
rately monitor learners’ behaviors (D’Mello & Graesser 2013). Recent research has
assessed approaches to interpreting facial expressions during learning. For example,
Kort et al. (Kort et al. 2001) proposed a comprehensive four-quadrant model that was
used in their affective learning companion. This model recognizes facial expressions
by monitoring facial features. D’Mello et al. (D’Mello & Graesser 2012) trained a
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dynamic decision network to interpret facial data to infer students’ cognitive states
during learning.

Deep learning has significantly advanced facial expression recognition, particu-
larly for emotions like confusion, frustration, and boredom, which are common during
learning processes. Such technologies are increasingly crucial in educational settings,
and Singh et al. (Singh et al. 2023) used deep-learning networks (Arnab et al. 2021),
achieving a 66.5% accuracy rate, which is a 4.66% improvement over previous models.
Harley et al. (Harley et al. 2015) found a 60.1% correlation between facial expres-
sions detected by FaceReader (FaceReader (5.0) 2025) and physiological responses
measured by electrodermal activity. Meanwhile, Aly (Aly 2024) demonstrated the
effectiveness of pre-trained deep-learning networks when identifying learning-related
emotional states, providing reliable affect monitoring in educational environments.
These findings highlight deep learning’s potential to enhance educational technolo-
gies by accurately interpreting learner emotions.

In summary, the relationship between affective states and metacognitive mon-
itoring, combined with the feasibility of interpreting facial expressions using deep
neural network-based AI, highlights the value of further investigating deep learning
approaches for identifying MMP and tailoring metacognitive monitoring supports in
CBLEs.

4.4 Additional Data Collection User Study in Scot-
land

As described in Chapter 3, the initial phase of the data collection was conducted
at two primary schools in the eastern (Region A) and middle (Region B) parts of
China. To assess M-FEI’s generalizability for future researchers, another phase of this
research was conducted in Scotland (Region C), UK, to collect data distinct from
that in China. These regions were deliberately selected to capture notable contrasts,
particularly between the UK and China, in terms of culture, traditions, economic
status, degree of urbanization, and even common facial expressions (Samizadeh 2022,
Yonglan et al. 2023).

Ethical approval for the additional user study in Scotland was granted under
the same application as the user study described in Chapter 3, approved by the
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Figure 4.2: Location map of the first user study highlighting the second phase.

Ethics Approval Department of the University of Edinburgh, Department of Informat-
ics (RT#6963) in November 2023. Participation in the extra user study was strictly
voluntary, where Scottish pupils, together with their guardians, signed both pupils’
and parents’ participant information sheets and the informed consent forms2. Before
enrollment, a comprehensive introduction to the user study was provided, and relevant
documents were distributed. Participants were assured that their involvement would
not affect their grades or activities at school. Additionally, the data management
policy and participants’ rights within the user study were clearly explained, with par-
ticular emphasis on their right to discontinue participation or withdraw their data at
any time without any consequences. All collected data, including videos and gener-
ated logs, are securely stored on a password-protected, encrypted server and removed
within one week (outlined in the data management policy). Access to the data was
restricted to the principal researcher (PR), the author of this dissertation. To sup-
port future research, statistical measurements of facial cues and generated logs have
been shared on GitHub (github/affect2mmp 2025), enabling researchers to verify the
results or build upon the analyses.

A summary of the participants in the first user study is presented in Table 4.1.
The first phase of the user study in China involved data collection from 168 pupils,
as described in Chapter 3. For the second phase in Scotland, 16 pupils (7 males, 9
females; mean age = 9.6, SD = 1.8) participated in the user study3. Therefore, the

2A copy version of these documents is available on the GitHub site, (github/affect2mmp 2025).
3The number of pupils from Scotland is relatively small compared to the China dataset because

the primary purpose of the user study in Scotland was to validate the M-FEI model rather than to
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Table 4.1: Participant distribution across data collection phases and regions

Phase Region Total Pupils Gender (Male / Female)

First Phase (China) Region A 114 53 / 61
First Phase (China) Region B 54 27 / 27
Second Phase (Scotland) Region C 16 7 / 9

combined dataset for the first user study consisted of data from 184 pupils (87 males,
97 females; mean age = 9.81, SD = 1.37) from China and Scotland, see Table 4.1.
The location map of those three regions is marked in Figure 4.2.

4.5 Affect2Metacognition Dataset

This section describes the development of the A2M dataset. It starts with the data
annotation for the five classes of the MMP. Then it describes the pre-processing
procedure for increasing the quality of the data. Given the potential for data bias on
a deep-learning neural network, the last part of this section reports the demographic
compositions and demographic bias in A2M.

4.5.1 Data Annotation

Overall, two types of data were extracted: (i) videos of facial expressions; and (ii) log
files of the Meta-Brainhood software application that was described in the previous
chapter. Timestamps from log files were used to index the corresponding video clips
during which pupils completed their JOC questions. After this process, video clips of
pupils’ MMP were derived.

The attempt score (AS) and the attempt confidence rating (ACR) of attempt p
in task t have been described, see Section 3.6.1.

For clarity, this chapter lists all cases of MMP. The MMP for attempt p in task t
was calculated using ACRt,p and ASt,p. The MMP has five classes, as illustrated in
Figure 4.3. Specifically, the ‘+ +’ class indicates that the pupil judged the answer as
correct (ACRt,p =1), and the answer was indeed correct (ASt,p =1). The ‘+ -’ class

collect training data. Additionally, due to time constraints in participant recruitment, the user study
ultimately involved 16 pupils — the same number as in the Chinese test dataset for fair comparison.
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Figure 4.3: There are five classes of MMP: c1 and c4 represent precise MMP
(green), c5 represents uncertain (grey), c2 and c3 represent imprecise MMP
(red).

applies when the pupil judged the answer as correct (ACRt,p =1), but the answer was
incorrect (ASt,p = 0). Conversely, the ‘- +’ class refers to situations where the pupil
judged the answer as wrong (ACRt,p = 0), yet the answer was correct (ASt,p = 1).
The ‘- -’ class is used when the pupil judged the answer as wrong (ACRt,p = 0), and
the attempt was also solved incorrectly (ASt,p = 0). Finally, the ‘uncertain’ class is
used when the pupil selected ‘I do not know’ (ASt,p = 0.5). Following this, a video
clip was categorized as a precise MMP if the pupil’s confidence aligned with the
attempted score (either c1 or c4); it was categorized as an imprecise MMP (either
c2 or c3), as in (Kautzmann et al. 2016, Kautzmann & Jaques 2019); additionally,
a video clip was categorized as an uncertain MMP if the pupil could not articulate
their confidence (c5).

4.5.2 Dataset Filtering and Dataset Preparation

In the data collection with Meta-Brainhood, some pupils appeared to become bored
and disengaged, repeatedly and rapidly selecting the same JOC option. To improve
the quality of the data for training purposes, a time filter was implemented to exclude
such short video clips (2,732 clips). This refinement reduced the A2M dataset to
8,308 video clips, with clip durations ranging from 1.50 to 9.95 seconds.

The A2M dataset was labeled based on existing strategies to enhance metacog-
nitive monitoring (Kautzmann et al. 2016, Kautzmann & Jaques 2019), classifying
MMP into imprecise (c2 or c3), precise (c1 or c4), and uncertain (c5). For the
training and validation phases, clips from 152 pupils in China were randomly selected.
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Table 4.2: The number of clips in the A2M dataset. For a demographic comparison
of these datasets, see Figure 4.4. Note, % means the percentage of clips in the
corresponding dataset.

Training (China) Validation (China)

Precise Imprecise Uncertain Precise Imprecise Uncertain

3543 (57%) 2084 (33%) 617 (10%) 386 (56%) 244 (35%) 64 (9%)

Test (China) Test (Scotland)

Precise Imprecise Uncertain Precise Imprecise Uncertain
440 (64%) 207 (30%) 40 (6%) 491 (72%) 124 (18%) 68 (10%)

Their video clips were assigned to the training dataset (90%) and the validation
dataset (10%). The remaining 16 pupils from China and 16 pupils from Scotland
formed two distinct test datasets4. This structured partitioning ensures effective
model training, validation, and testing by providing distinct datasets that minimize
similarities, a practice that is well-supported in the literature on training neural net-
works (Li & Deng 2020). This data split is crucial for assessing the model’s real-world
applicability, reflecting the proposed approach’s generalization of MMP estimation in
practical scenarios. The distribution of clips across MMP categories is visualized in
Table 4.2.

4.5.3 Demographic Bias of A2M and Data Curation

Deep learning is a data-driven approach; the composition of its training dataset often
determines its outcomes. Recently, there has been an increased focus on data bias
issues, particularly concerning the social dynamics of power embedded in data (Leavy
et al. 2021). In this section, the evaluation examined the A2M’s fairness conditions
based on the recent research on ethical data curation for AI (Leavy et al. 2021,
Kleinberg et al. 2016).

The demographic distribution in terms of age, gender, and geographical region
within the A2M dataset was examined, as shown in Figure 4.4. The dataset includes

4In compliance with the Scottish ethical approval and as stated in the participant information
sheet, pupil data from Scotland is restricted solely for validation purposes and was not used for
training deep learning models.
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(a) The demographic distributions in the training dataset (China).

(b) The demographic distributions in the validation dataset (China).

(c) The demographic distributions in the test dataset (China).

(d) The demographic distributions in the test dataset (Scotland).

Figure 4.4: Demographic distributions in the A2M dataset.
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boys and girls aged 7 to 11 years from two regions in China and one region in Scotland.
Due to its greater relationship to the research team, Region A contributed a larger
number of data samples.

Additionally, the A2M dataset was analyzed for data bias by investigating both
representational and stereotypical biases, which are popular used in data bias studies
(Dominguez-Catena et al. 2022). The representational bias is measured by the Nor-
malized Standard Deviation (NSD) metric in Equation 4.2 (Dominguez-Catena et al.
2022), which evaluates the unequal representation of different demographic groups
within the overall A2M dataset5. In the following equations, N denotes the number
of demographic groups (e.g., male, female), x (c)i is the count of instances of MMP c
for group i , and µ(c) is the mean count of MMP c across all groups. wc represents
the weight assigned to class c when calculating the overall NSD.

NSDc =

√
1
N ∑Ni=1

(
x
(c)
i −µ(c)

)2
µ(c) ·

√
N−1

,µ(c) =
1

N

N

∑
i=1

x
(c)
i (4.1)

NSD=∑
c

wc ·NSDc (4.2)

The stereotypical bias is measured by the Normalized Mutual Information (NMI)
metric (Bouma 2009), assessing the variation in the demographic profile of each target
class within the A2M6. The NMI is computed in Equation 4.3, where N denotes the
set of demographic groups (e.g., male, female), and C represents the set of MMP
classes (e.g., precise, imprecise, uncertain). P (n,c) is the joint probability of
observing demographic group n and MMP class c, while n and P (c) are the marginal
probabilities of the demographic groups and MMP classes, respectively.

NMI(N,C) =−
∑c∈C∑n∈N P (n,c) ln

P (n,c)
P (n)P (c)

∑c∈C∑n∈N P (n,c) lnP (n,c)
(4.3)

The results of NSD and NMI are shown in Table 4.3. It is important to note
that the NSD and NMI metrics do not share the same scales and are not directly
comparable. The number in parentheses indicates the number of demographic groups
considered: 5 ages, 2 genders, and 3 regions.

5The NSD value ranges from 0 to 1, where 0 indicates no bias and 1 indicates severe bias.
6The NMI value also ranges from 0 to 1, where 0 indicates no bias and 1 indicates severe bias.
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Table 4.3: Representational and stereotypical bias metrics for the A2M

Dataset Representational bias (NSD) Stereotypical bias (NMI)

Age (5) Gender (2) Region (3) Age (5) Gender (2) Region (3)
A2M 0.336 0.017 0.388 0.004 0.001 0.008

The results in Table 4.3 show that A2M exhibits minimal representational and
stereotypical biases concerning gender. However, biases related to age and region
were observed, and model bias is revisited during fine-tuning in Section 4.8.1.

Regarding data curation, the original raw data is restricted from sharing due to
the General Data Protection Regulation (GDPR) as required by UK law (Great Britain
2018). However, the transparency guidelines outlined by Jo et al. (Jo & Gebru 2020)
have been followed to make statistical data available to other researchers. Specifi-
cally, the user study prototype and statistical measurements of facial cues have been
made publicly available on the GitHub site (github/affect2mmp 2025)7. This dataset,
comprising 7,672 samples and 224 diverse features, provides a valuable resource for
researchers to investigate facial cues during pupils’ metacognitive monitoring and
develop data-driven models.

4.6 Methods

The previous empirical studies used a conventional approach using the KMA to esti-
mate MMP of pupils during gameplay (Kautzmann et al. 2016, Kautzmann & Jaques
2019). This section will introduce both the conventional and the proposed deep-
learning approach based on facial expression interpretation.

4.6.1 Conventional Approach using the KMA

This section describes the conventional approach using KMA, which classifies MMP
as either imprecise or precise (Kautzmann et al. 2016, Kautzmann & Jaques
2019).

7All statistical measurements of facial cues are stored in a table. In the table, each row represents
one MMP clip, and columns are metadata (nation, gender, grade, age, task, attempt) and statistical
measurements.
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To estimate the MMP for the attempt p of task t, the conventional approach
computes KMA. The KMA comprises four numbers (Nc1 , Nc2 , Nc3 and Nc4), which
correspond to the categories C1 to C4 illustrated in Figure 4.1. Each number Nci rep-
resents the number of times category ci occurred in the previous k attempts. Using
these four numbers, this approach calculates a coefficient (Equation 4.4) (Romes-
burg 2004), producing a KMA index that reflects the difference between pupils’ JOC
and their actual scores. The MMP is then estimated: if the KMA index exceeds a
predefined empirical threshold θ, the MMP is deemed imprecise; otherwise, it is
considered precise, see Section 4.7.5 for details of how to set θ.

The conventional approach uses k attempts, which are denoted as CA-k in the
rest of the contents.

KMA index= 1− (Nc1+Nc4)− (Nc2+Nc3)
Nc1+Nc2+Nc3+Nc4

(4.4)

4.6.2 Deep-learning Approach: Meta-Facial Expression Inter-
preter

Deep learning has proven particularly effective for interpreting human facial expres-
sions within video data. This research leverages this in Meta-Facial Expression Inter-
preter (M-FEI), which estimates pupils’ MMP using video.

4.6.2.1 Inputs for M-FEI

Pupils’ facial expressions were analyzed using two sets of features: the cropped facial
region and facial cues. The cropped facial region captures the spatial aspects of
facial expressions, providing pixel data from each frame that is suitable for image-
processing neural networks. It preserves rich meta-information implicitly contained in
facial images, such as gender8, age, and emotional expressions, which can be inferred
by deep learning models. Given that prior research has demonstrated the ability of
deep learning networks to reliably recognize gender from facial images, this capacity
has been widely adopted in facial analysis tasks (Li & Deng 2020). Consequently, the
influence of gender on MMP estimation is implicitly encoded in the facial region.

The facial cues, consisting of action units (AUs), head pose, and gaze direction,
see Figure 3.6 and Table 4.4, represent human-selected features related to cognitive

8This is an important factor for the correlation between facial cues and MMP, as illustrated in
Chapter 3.
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Table 4.4: Facial features extracted by OpenFace Baltrusaitis et al. (2018)

AUs Head pose Gaze direction

17 AUs in Figure 3.6 Location & rotation Horizontal & vertical directions

Figure 4.5: The M-FEI system follows a structured approach to process input clips.
Grey region: data pre-processing and data input. Green region: M-FEI’s network
architecture. Purple: the workflow when deploying M-FEI.

processes (D’Mello et al. 2009, Eckstein et al. 2017, Pourmirzaei et al. 2023) and
have been empirically validated to correlate with MMP in Chapter 3. The extraction
of these facial cues was completed in Chapter 3.

By combining these two modalities, the deep learning model can effectively learn
the complex relationships between implicit facial characteristics and explicit cogni-
tive indicators, thereby improving the accuracy of MMP estimation. The following
subsection explains how M-FEI processes these features.

4.6.2.2 M-FEI Initialization

The M-FEI was developed to process combined input features, as illustrated in the
green section of Figure 4.5. Initially, using the OpenFace toolkit (Baltrusaitis et al.
2018), two key features were extracted from the primary input clips: cropped facial
regions and facial cues, capturing temporal dynamics within each clip. These cropped
facial areas are then analyzed through a pre-trained neural network9 to interpret fa-

9Those pre-trained neural networks are available in (Hugging Face 2025).
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Table 4.5: Pre-trained networks used by M-FEI. TimeSformer (K400/K600) (Berta-
sius et al. 2021) indicates that the model was trained and evaluated on Kinetics-400
(Kay et al. 2017)/Kinetics-600 (Long et al. 2020).

Network Pre-train
dataset

Evaluation
dataset

Acc.

LTC (Donahue et al. 2015) VGGFACE2 UCF101 91.7
TimeSformer (K400) Kinetics-400 Kinetics-400 80.7
TimeSformer (K600) Kinetics-600 Kinetics-600 82.2
X-CLIP (Ni et al. 2022) Kinetics-400 Kinetics-400 81.1
SlowFast (Feichtenhofer et al. 2019) Kinetics-600 Kinetics-600 81.8

cial expressions. Simultaneously, the facial cues are processed by a Long Short-Term
Memory (LSTM) network10 (Singh et al. 2023), which is widely used in prior research
for handling temporal data due to its effectiveness in capturing sequential depen-
dencies across time steps. The system then computes the estimated probabilities,
pc1 to pc5 . Calibration of M-FEI’s output is based on the pupil’s AS, adjusting the
probabilities accordingly: if the pupil’s attempt is correct, pc2 and pc4 are set to zero
(since they are not relevant); conversely, if the attempt is incorrect, pc1 and pc3 are
zeroed11.

For facial analysis within video frames, pre-trained networks listed in Table 4.5
were integrated to process cropped facial regions, as discussed in Section 4.3.4. These
networks were selected based on their demonstrated accuracy in interpreting human
behaviors in datasets such as VGGFACE2 (Massoli et al. 2020), UCF101 (Peng et al.
2018), Kinetics-400 (Kay et al. 2017), and Kinetics-600 (Carreira et al. 2018).

These all provide a comprehensive evaluation of MMP estimation. Additionally,
for processing facial biometric markers, the long short-term memory (LSTM) model
was adopted, due to its performance in analyzing learning-related facial expressions
(Singh et al. 2023).

The total number of parameters in M-FEI is 120 million. The average fine-tuning

10An example of the LSTM network architecture is in Section 2.6.1.
11A masking operation was used to maintain the gradient flow during the network’s propagation.
AS was encoded into a mask code and used to perform element-wise multiplication with the vector
(pc1 ,pc2 ,pc3 ,pc4 ,pc5). Specifically, the mask code for AS = 1 is (1,0,1,0,1), and for AS = 0, it is
(0,1,0,1,1).
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time per network (30 epochs) is 2,592 GPU hours (V100 GPU) on the Cirrus high-
performance computing platform (EPCC 2025).

4.7 Experiments and Results

This section addresses two questions relevant to estimating pupils’ MMP, as intro-
duced in Section 4.2.

To address the RQ1.3, the performance of the conventional approach using KMA
was evaluated on the A2M dataset.

To address the RQ1.4, the performance of M-FEI was first evaluated using the
A2M dataset. It was then compared with the conventional approach in identifying
precise and imprecise MMP. Inter-regional validation was subsequently conducted
to assess the generalizability of M-FEI, and the risk of data bias, as discussed in Section
4.5.3, was also addressed.

In addition, the contribution of facial regions and facial cues to imprecise MMP
was investigated. The findings were compared with prior research to highlight the
relevance of specific facial cues as indicators of MMP.

4.7.1 Metrics

To quantitatively evaluate the performance of each approach, the Receiver Operating
Characteristic Curve (ROC) was used as the evaluation metric (Kelleher & Hnin
2019). The Area Under the ROC (AUC) provides a measure of the model’s ability
to distinguish one category of MMP from another (Kelleher & Hnin 2019). A higher
AUC value indicates better performance, with a value of 1.0 representing perfect
discrimination.

When comparing M-FEI with conventional approaches across various binary clas-
sification scenarios, the confusion matrix and its derived metrics, True Positive Rate
(TPR, also known as recall), False Positive Rate (FPR), and precision, were used
(Stehman 1997). For each binary classification case, TPR (recall) measures the pro-
portion of correctly identified instances among those defined as positive. FPR
presents the proportion of incorrect positive identifications among the instances
defined as negative. Precision indicates the accuracy of positive identifications,
reflecting the proportion of true positives out of all positive identifications made.
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Table 4.6: AUC values for the conventional approach when identifying imprecise

MMP

CA A2M (exclude uncertain)

Validation (China) Test (China) Test (Scotland) Ave. (weighted)
CA-1 0.62 0.62 0.58 0.61
CA-2 0.65 0.63 0.62 0.63
CA-3 0.67 0.66 0.63 0.65
CA-4 0.68 0.68 0.65 0.67
CA-5 0.69 0.68 0.66 0.68
CA-6 0.69 0.68 0.66 0.68
CA-7 0.69 0.68 0.67 0.68
CA-8 0.69 0.69 0.67 0.68
CA-9 0.69 0.68 0.67 0.68

4.7.2 Overall Efficacy of Conventional Approach using KMA

In this section, the first question was addressed by estimating MMP using the conven-
tional approach as explained in Section 4.6.1. The Meta-Brainhood game includes
six different cognitive tasks. The performance of the conventional approach was
assessed using up to nine previous attempts, with ten being the maximum number
of attempts per task. If the number of completed attempts was fewer than k , the
conventional approach relied on the available completed attempts for that task. It is
important to note that the conventional approach is designed to identify only precise

and imprecise MMP. Therefore, to ensure accurate evaluation, uncertain MMP
instances were excluded from the validation and test datasets in this analysis.

Table 4.6 shows that as the number of attempts k increases, so does the averaged
AUC of the conventional approach’s estimation. The averaged AUC value rises to 0.68
when using four previous attempts and then plateaus at 0.69, showing no significant
improvement thereafter. The conventional approach eventually yielded the highest
average AUC value of 0.68 under stable conditions.
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Table 4.7: AUC values for M-FEI when identifying imprecise MMP on validation
dataset. Note: A for AUs, H for Head pose, and G for Gaze direction, see Table 4.4
for facial cues’ details; Abbreviation w/ for ‘with’ and ‘w/o’ for without; The aver-
aged AUC is weighted calculated by the ratio of size of validation dataset (excluding
uncertain and including uncertain).

M-FEI A2M Validation

Pre-trained network Features excl. uncertain incl. uncertain Ave.

LTC w/o AHG 0.83 0.76 0.80
w/ AHG 0.81 0.77 0.79

TimeSformer (K400) w/o AHG 0.84 0.78 0.81
w/ AHG 0.84 0.76 0.80

TimeSformer (K600) w/o AHG 0.80 0.77 0.79
w/ AHG 0.84 0.78 0.81

X-CLIP w/o AHG 0.78 0.73 0.76
w/ AHG 0.81 0.74 0.78

SlowFast w/o AHG 0.79 0.72 0.76
w/ AHG 0.74 0.70 0.72

CA excl. uncertain - Ave.

CA-8 0.69 - 0.69

4.7.3 Overall Efficacy of M-FEI

Deep learning neural networks were fine-tuned by combining features, as detailed in
Section 4.6.2, using the A2M training dataset.

4.7.3.1 Overall Efficacy on Validation Dataset

The results of excluding uncertain MMP in Table 4.7 reveal that all M-FEI’s AUC
values surpass the random guess baseline of 0.5 and exceed the highest AUC value
for the conventional approach. Notably, the TimeSformer models show superior per-
formance, with the highest recorded AUC value of 0.84 in the validation, excluding
uncertain results.

When the validation includes uncertain MMP, the results still indicate that all M-
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FEI models surpass the random-guess baseline. However, the presence of uncertain
MMP slightly reduces the AUC values across all model configurations. Despite this
reduction, the TimeSformer-based M-FEI with the K400 again distinguishes itself,
achieving the highest AUC value of 0.78. This consistent performance under both
validation conditions underscores the better performance of TimeSformer-based mod-
els in understanding information in the video data in this research. This improvement
can be attributed to their effective modeling of spatiotemporal dependencies and the
ability to capture long-range interactions within facial expression sequences, which
are critical for accurately estimating dynamic cognitive states.

4.7.3.2 Overall Efficacy on Test Dataset

To assess the generalizability and effectiveness of the fine-tuned M-FEI in real-world
scenarios, its performance was evaluated on two test datasets comprising 16 Chinese
pupils and 16 Scottish pupils whose facial expressions were not included in the training
data.

The results of M-FEI on test datasets are presented in Table 4.8, and it shows
varied performances across the pre-trained networks. In scenarios excluding uncertain
MMP, the TimeSformer with AHG12 notably had the highest performance in China’s
test dataset, achieving the highest recorded AUC of 0.74, which substantially surpasses
the performance benchmarks set by other models. The TimeSformer (K600) with
AHG also shows an outstanding 0.78 in Scotland. These results significantly surpass
the baseline AUC of 0.5, suggesting a high level of predictive accuracy when identifying
MMP.

Upon including uncertain MMP categories, which introduce the complexity and
fuzzy cases, the TimeSformer (K400) with AHG continues to lead in performance, al-
though with slight decreases. It records AUC values of 0.67 in China and 0.72 in Scot-
land. These results, while lower compared to the scenario of excluding uncertain,
still outperform other tested models and configurations.

Compared to other models, such as LTC, X-CLIP, and SlowFast, whether with or
without AHG, the TimeSformer (K400) consistently shows better performance across
two test datasets.

12The TimeSformer pairing with AUs, head gestures, and gaze direction.
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Table 4.8: AUC values for M-FEI when identifying imprecise MMP on test datasets.
Note: A for AUs, H for Head pose, and G for Gaze direction, see Table 4.4 for facial
cues’ details; Abbreviation w/ for ‘with’ and ‘w/o’ for without; The averaged AUC
is weighted calculated by the ratio of size of test datasets with excluding uncertain

and including uncertain)

M-FEI A2M Test Datasets

Backbone Features excl. uncertain incl. uncertain

China Scotland China Scotland Ave. (weighted)

LTC w/o AHG 0.61 0.65 0.55 0.57 0.63
w/ AHG 0.62 0.68 0.59 0.67 0.65

TimeSformer (K400) w/o AHG 0.73 0.73 0.65 0.70 0.73
w/ AHG 0.74 0.77 0.67 0.72 0.76

TimeSformer (K600) w/o AHG 0.60 0.76 0.57 0.71 0.68
w/ AHG 0.74 0.78 0.60 0.69 0.76

X-CLIP w/o AHG 0.72 0.63 0.64 0.55 0.68
w/ AHG 0.71 0.65 0.60 0.61 0.68

SlowFast w/o AHG 0.71 0.70 0.61 0.59 0.71
w/ AHG 0.70 0.62 0.61 0.53 0.66

CA excl. uncertain -

China Scotland Ave. (weighted)

CA-8 0.69 0.68 - - 0.69
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4.7.4 Threshold Calculations to Classify MMP

The overall performance of M-FEI was assessed using the AUC metric. As the AUC
value reflects classifier performance across all possible thresholds, the optimal thresh-
old for classifying MMP was determined using the Geometric Mean (GM) criterion
(Espinosa et al. 2017).

M-FEI was evaluated in combination with TimeSformer (K400) and AHG, which
yielded the best average AUC on the test datasets, for identifying precise, imprecise,
and uncertain MMP. This configuration is denoted as M-FEI∗ for the remainder of
this chapter.

In practical applications, determining the final MMP classification involves setting
a specific threshold, θ. For instance, Kautzmann et al. (Kautzmann et al. 2016,
Kautzmann & Jaques 2019) established a threshold of θ = 0.5 for the KMA index,
based on the results of a pre-test session conducted during their empirical evaluation
study. The MMP is classified as imprecise if the KMA exceeds this threshold. For
achieving the MMP classification by M-FEI∗, three thresholds were established for M-
FEI∗’s three outputs P (precise), P (imprecise), and P (uncertain) based on the
computation on three one-versus-rest (OVR) binary classifications (Psaltakis et al.
2024). The ROCs of the three OVR binary classifications are illustrated in Figure
4.6. The thresholds are computed using the GM criterion (Espinosa et al. 2017) as
detailed in Equation 4.5, where X represents all clips in the validation dataset. The
final selected category is the one with the highest score among those that exceed
thresholds13.

θGM = argmax
θ
(
√
TPR(X,θ)∗ (1−FPR(X,θ))) (4.5)

Based on Equation 4.5, thresholds of 0.51, 0.27, and 0.22 were computed for the
classification of precise, imprecise, and uncertain MMP, respectively. Addition-
ally, M-FEI∗’s performance at the computed thresholds is highlighted by A, and the
CA-8’s performance at the empirical threshold is indicated by B in Figure 4.6.

13In the results of this calculation, if no scores exceed their respective thresholds, the estimated
MMP is classified as uncertain.
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Figure 4.6: The Receiver Operating Characteristic Curves (ROC) for three one-versus-
rest (OVR) binary classifications on the validation dataset, including uncertain
MMP. The figure compares the performance of the M-FEI∗ in blue against the CA-8 in
orange. This visualization is intended to illustrate the relative effectiveness of M-FEI∗

by juxtaposing it with the results from CA-8. Note: points A and B represent the
network’s performance at the computed thresholds; the left of the confusion matrices
under each figure represents A on the blue line; the right one represents B on the
orange line.
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4.7.5 M-FEI∗ versus the Conventional Approach

To address the second research question, the performance of M-FEI∗ was first eval-
uated in identifying precise, imprecise, and uncertain MMP. Subsequently, M-
FEI∗ was compared with CA-8, the CA-k configuration with the highest average
AUC value of 0.68, under the condition of excluding uncertain MMP from the
comparison. The comparison used the validation and two test datasets. The valida-
tion dataset contains 386 precise, 244 imprecise, and 64 uncertain MMP clips;
the test dataset (China) contains 440 precise, 207 imprecise and 40 uncertain

MMP clips; the test dataset (Scotland) contains 491 precise, 124 imprecise and
68 uncertain MMP clips.

Table 4.9: M-FEI∗ performance when identifying Precise, Imprecise, and
Uncertain MMP

MMP A2M (including uncertain)

Validation (China) Test (China) Test (Scotland)

Acc. TPR FPR Pre. Acc. TPR FPR Pre. Acc. TPR FPR Pre.

Precise 0.77 0.74 0.21 0.82 0.64 0.62 0.31 0.78 0.72 0.73 0.31 0.86
Imprecise 0.76 0.77 0.25 0.62 0.70 0.59 0.26 0.50 0.75 0.66 0.24 0.38
Uncertain 0.71 0.66 0.28 0.19 0.55 0.40 0.44 0.05 0.70 0.35 0.27 0.13

The Table 4.9 presents the metrics of M-FEI∗ on A2M (including uncertain). As
the test data from China and Scotland are unseen by M-FEI∗, a commonly expected
performance degradation on unseen populations is observed.

For the precise MMP category, M-FEI∗ achieves accuracies of 0.77 in China’s
validation and 0.64 and 0.72 in China’s and Scotland’s test datasets, respectively. The
TPR (recall) is 0.74 in validation and 0.62 and 0.73 in the respective test datasets.
The increase in FPR from 0.21 in validation to 0.31 and 0.31 in testing suggests an
increasing difficulty in correctly identifying precise instances under varied test condi-
tions. However, precision remains relatively stable, with figures of 0.82, 0.78, and
0.86 across the datasets.

For the imprecise MMP category, there is a slight decline in accuracy from 0.76
in validation to 0.70 and 0.75 in China’s and Scotland’s test datasets, respectively.
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TPR (recall) also slightly decreases from 0.77 in validation to 0.59 and 0.66 in test
datasets, and precision drops from 0.62 to 0.50 and 0.38. The FPR shows a stable
level between 0.25 in validation and 0.26 and 0.24 in the test datasets. These shifts
indicate a diminished effectiveness when identifying imprecise instances during testing,
but a stable false positive rate in predictions.

In the uncertain MMP category, M-FEI∗ shows an accuracy of 0.71 in China’s
validation, which changes to 0.55 and 0.70 in China’s and Scotland’s test datasets,
respectively. The TPR (recall) decreases significantly from 0.66 in validation to 0.40
and 0.35 in testing, while the FPR increases from 0.28 in validation to 0.44 and
0.27. Precision in uncertain estimations shows variability, with 0.19 in validation
and dropping to 0.05 and 0.13 in testing. These results suggest that while M-FEI∗ is
capable of identifying uncertain MMP, accurately distinguishing them remains chal-
lenging, particularly under varying test conditions. These findings indicate the need for
a dedicated model specifically designed to handle uncertain MMP cases, enabling
more accurate identification and interpretation of this challenging category.

It is observed that the M-FEI∗ model achieved higher accuracy and TPR on the
Scotland test dataset compared to the China test dataset. This could be attributed
to M-FEI∗ performing better in identifying precise MMP instances, which are more
prevalent in the Scotland dataset (see Table 4.2). However, since the test sample
size in each country includes only 16 pupils, it would be imprudent to draw strong
conclusions from these results.

Table 4.10: Comparison of the performance of M-FEI∗ and CA-8 when identifying
imprecise MMP

Method A2M (exclude uncertain)

Validation (China) Test (China) Test (Scotland)

Acc. TPR FPR Pre. Acc. TPR FPR Pre. Acc. TPR FPR Pre.

M-FEI∗ 0.78 0.77 0.21 0.70 0.70 0.59 0.24 0.54 0.83 0.64 0.12 0.56
CA-8 0.62 0.77 0.47 0.51 0.60 0.70 0.44 0.43 0.66 0.67 0.34 0.35

Table 4.10 reveals the comparison between two methods on A2M (excl. uncertain),
on the validation, and two test datasets. For the imprecise category in the valida-
tion dataset, M-FEI∗ shows an accuracy of 0.78, showing a notable 26% improvement
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over CA-8’s 0.62. Especially, with a similar TPR (recall) of 77% compared to CA-8’s
77%, M-FEI∗ significantly outperforms CA-8 in FPR at a lower level of 0.21, a 26%
decrease. Also, M-FEI∗ achieves considerably higher precision at 0.70 versus 0.51 for
CA-8. These results indicate that M-FEI∗ is more efficient at minimizing false alarms
and more accurately identifying imprecise MMP instances than CA-8, while CA-8’s
overestimating pupils’ lack of MMP could lead to detrimental responses, for example,
over-frequent interventions.

In the test dataset for China, M-FEI∗ achieves an accuracy of 0.70, outperforming
CA-8’s 0.60. However, M-FEI∗ achieves a lower FPR at 0.24, significantly better than
CA-8’s 0.44, and maintains a higher precision of 0.54, compared to 0.43 for CA-8.
The TPR (recall) for M-FEI∗ is 0.59, which is a bit lower than CA-8’s 0.70, further
confirming its efficiency in more accurately identifying imprecise MMP instances with
fewer false positives.

As for the Scotland test dataset, M-FEI∗ continues to perform well with an ac-
curacy of 0.83 versus 0.66 for CA-8. M-FEI∗ records a TPR (recall) of 0.64, similar
to CA-8’s 0.67. Furthermore, M-FEI∗ achieves a lower FPR of 0.12 compared to
CA-8’s 0.34, and a higher precision of 0.56 compared to 0.35. This performance
indicates M-FEI∗’s superior ability to reliably identify imprecise MMP instances while
minimizing incorrect classifications.

A similar performance pattern is observed, with the M-FEI∗ model yielding higher
accuracy and TPR on the Scotland dataset. While this trend may again relate to
the prevalence of precise MMP instances in that dataset (see Table 4.2), the small
sample size per country (16 pupils) cautions against over-interpretation.

Taken together, M-FEI∗ is capable of handling uncertain MMP, such as when
pupils fluctuate between high and low confidence levels, although this remains a
challenge, as reflected in the lower precision in experiments. Nonetheless, M-FEI∗

shows clear advantages in estimating the precise and imprecise MMP, offering
greater accuracy and fewer false alarms compared to the conventional approach.

4.8 Additional Validations for M-FEI

Since metacognitive monitoring interventions in prior research have primarily been
tailored to instances of imprecise MMP, where learners misjudge their own perfor-
mance during self-reflection (Kautzmann et al. 2016, Kautzmann & Jaques 2019),
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this part of the validations specifically focuses on evaluating the performance of M-
FEI∗ in identifying imprecise MMP. Accurate detection of such cases is critical for
delivering timely and adaptive support that helps learners recalibrate their confidence
and improve MMP. This focus is particularly important in the second user study of
this research, where metacognitive monitoring interventions are tailored based on the
occurrence of imprecise MMP.

First, an evaluation examined model bias stemming from data bias in A2M. Next,
an inter-regional test assessed M-FEI∗’s generalizability across cultural contexts. Fi-
nally, an experiment explored which facial areas provide the most informative cues for
MMP.

4.8.1 M-FEI∗ Model Bias

In Section 4.5.3, potential biases in the A2M dataset were identified. To investigate
the impact of these biases on M-FEI∗’s estimation, an experiment was conducted
across age, gender, and region. Model bias was quantified using the Overall Disparity
(OD) metric on the validation, test (China), and test (UK) datasets, the OD metric
is measured by sample size-based weighted sum of intraclass disparity (see Equation
9 in (Dominguez-Catena et al. 2022)), where a value of 0 indicates no bias and a
value of 1 indicates severe bias.

The OD was calculated by progressively training M-FEI∗ on random samples of
the A2M dataset (ranging from 1% to 100%) and comparing the results with those
from balanced A2M datasets14. As shown in Table 4.11, M-FEI∗ exhibits low bias
across the analyzed categories. For age, the OD value decreased from 0.6± 0.1
to 0.2±0.0 as larger samples were considered. For gender, the OD value declined
from 0.7±0.0 to 0.1±0.1, and for region, it decreased from 0.7±0.1 to 0.3±0.0.
These results indicate that the demographic biases identified in A2M influence M-
FEI∗’s estimations, and that increasing the sample size helps mitigate these model
biases. Specifically, the model shows moderate biases related to age and regional
attributes, and mild biases related to gender.

In addition, the model biases were validated by creating balanced datasets for age,
region (A and B), and gender. However, compared with training on the imbalanced
dataset (with the same size), balanced datasets for age and region do not effectively

14A balanced A2M dataset contains an equal number of samples for each MMP class across
different demographic groups.
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Table 4.11: The bias metric (Model Bias, OD) summary for M-FEI∗ is based on
estimations using different sample sizes of the A2M dataset, with each sample size
evaluated over 10 repetitions. Note: the balanced region configuration includes only
data from Regions A and B.

A2M Training Size Acc. OD on Val. & Test (China & UK)

Age (5) Gender (2) Region (3)

Original 1% 62 0.5±0.3 0.6±0.1 0.7±0.0 0.7±0.1
2% 124 0.6±0.1 0.5±0.0 0.7±0.1 0.6±0.1
4% 249 0.6±0.1 0.5±0.0 0.7±0.1 0.6±0.1
8% 499 0.6±0.0 0.3±0.1 0.2±0.1 0.3±0.0
16% 999 0.6±0.0 0.3±0.0 0.1±0.0 0.3±0.1
43% 2705 0.7±0.0 0.3±0.0 0.1±0.1 0.3±0.1
61% 3820 0.7±0.0 0.3±0.0 0.2±0.1 0.3±0.0
98% 6140 0.7±0.0 0.3±0.0 0.2±0.1 0.3±0.0
100% 6244 0.7±0.0 0.3±0.0 0.1±0.1 0.3±0.0

Balanced age 43% 2705 0.6±0.0 0.3±0.1 0.1±0.0 0.3±0.1
Balanced region 61% 3820 0.7±0.0 0.3±0.1 0.1±0.1 0.3±0.1
Balanced gender 98% 6140 0.7±0.0 0.2±0.0 0.1±0.0 0.3±0.0
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mitigate model biases in these attributes. Only the balanced dataset for gender
reduces OD from 0.2±0.1 to 0.1±0.0. Future research should investigate further
strategies to mitigate model bias issues.

4.8.2 Inter-regional Validation: MMP Identification

The user study was conducted in two regions of China and one in Scotland. These
diverse settings were selected to assess the generalization potential of the proposed
method, considering regional variations as explained in Section 4.9.5. The demo-
graphics of pupils were shown in Figure 4.4.

An inter-regional validation methodology was employed to evaluate M-FEI∗ in
identifying imprecise MMP. Initially, M-FEI∗ was fine-tuned using data exclusively
from either Region A or Region B and then tested on the alternate region. Subse-
quently, data from Regions A, B, and Scotland were combined for further evaluation.

The outcomes of this evaluation are presented in the flow chart of Figure 4.7,
representing the MMP identification from clips of Regions A, B, and Scotland. It re-
veals that M-FEI∗ outperformed CA-8 in identifying imprecise MMP across all three
regions while achieving far fewer false alarms. Despite identifying fewer imprecise

instances in Region A, this is attributed to the limited training samples of Region B
to fine-tune the model, as detailed in Figure 4.4. Based on the test results in Re-
gions B and Scotland, M-FEI∗ achieved higher accuracy than CA-8 while significantly
reducing the incidence of false alarms.

Thus, user study results indicate that M-FEI∗ consistently achieved higher preci-
sion, lower false alarms than CA-8 in inter-regional validation and attained higher TPR
when sufficient sample data were available. However, further studies are necessary to
verify whether these findings generalize to other contexts.

4.8.3 Informative Facial Features to the Best M-FEI

Given that M-FEI∗ outperforms conventional approaches in accuracy, including in the
inter-region validation, a further analysis employed the Integrated Gradients approach
(Sundararajan et al. 2017) to determine the sensitivity of M-FEI∗ to features made
available by facial interpretation, enabling the selection of the most useful features.
This quantified the attribute values of facial frame pixels and AUs values during
inference over both validation and test datasets. This reveals the relative importance
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(c) Test M-FEI∗ in Scot-
land
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(f) Test CA-8 in Scotland

Figure 4.7: Inter-regional validation across China’s Region A, B, and Scotland. The
green and red indicators represent precise and imprecise MMP, respectively. In
each sub-figure, the cubes on the left display the observed counts of MMP, while
those on the right show the predicted outcomes. The blue numbers along the gray
flows indicate the percentage of the clips classified into the target or error group.
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(a) Facial template from OpenFace (left) and Heat map of standardized attribute
values of facial movements in A2M (excl. uncertain) (right)

(b) Standardized attribute values of facial cues in A2M (excl. uncertain)

Figure 4.8: Facial features’ attribute values derived by M-FEI∗. Heat-map and bar
chart height showing the sensitivity of M-FEI∗ output to each action in a facial image.
The AUs’ animations are from iMotions (2018).
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of facial features for imprecise MMP identification.
Considering privacy, the results used a generic template face aligned with the

facial region detected by OpenFace, as illustrated in Figure 4.8 (upper left). The
standardized attribute values of facial features are visually represented as a heatmap
spatially matching the abstract face (Figure 4.8, upper right), highlighting key areas
such as the brow, eye, nose, cheek, and jaw, which are critical for estimating MMP.
These regions are displayed with bright values denoting significance. Furthermore, the
standardized attribute values of the AUs are depicted in a bar graph (Figure 4.8 (be-
low)). Compared to the average attribute values, brow lowerer (AU04), cheek raiser
(AU06), lid tightened (AU07), chin raiser (AU17), lips part (AU25), and jaw drop
(AU26) emerged as particularly significant as impact when estimating imprecise
MMP15.

Using the Facial Action Coding System (FACS) (Ekman & Friesen 1978), signif-
icant AUs were mapped to specific facial areas, as shown in Figure 4.8 (upper left),
where AU04 corresponds to area A, AU07 to area B, and so forth.

4.9 Discussion

This chapter aimed to investigate the feasibility of estimating pupils’ MMP based on
facial expressions. To achieve this objective, a large-scale user study was conducted
to collect data, and M-FEI was fine-tuned to estimate MMP. The conventional ap-
proach using KMA for estimating pupils’ MMP was assessed and used as the baseline
for comparison. By comparing the performance of M-FEI∗ with that of the conven-
tional approach, the feasibility of using M-FEI∗ to estimate pupils’ MMP through the
interpretation of facial expressions was demonstrated.

Findings of this chapter have the capability to enhance the mathematical learning
context in any CBLE platform to tailor interventions adapted to MMP (shown in
Chapter 5). Moreover, since our facial data reveals MMP in cognitive skills used in
STEM16, the M-FEI approach could be extended to broader similar learning contexts,
such as physics, chemistry, and other subject areas (Brookman-Byrne et al. 2018, Träff

15In comparison with the analyses presented in Section 3.10, both sets of results indicate that
brow lowering, cheek raising, lip parting, and vertical gaze direction are key facial cues associated
with MMP.

16Science, technology, engineering, and mathematics (STEM) is an umbrella term used to group
together the distinct but related technical disciplines of science, technology, engineering, and math-
ematics.
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et al. 2019). This has the potential to influence the future development of CBLEs
that adapt their metacognitive responses based on automatic analyses of learners’
MMP. Findings in the results provide a foundation for future research on estimating
MMP through the analysis of facial expressions.

4.9.1 Evaluations of the Conventional Approach

Recent studies of Kautzmann et al. have leveraged adaptive support to enhance
pupils’ MMP, particularly using the conventional approach that employs KMA (Kautz-
mann et al. 2016). There remains a notable gap in the literature concerning the ac-
curacy of the conventional approach for estimating pupils’ MMP within the context
of CBLEs.

Validation in this chapter addresses this gap and confirms that the conventional
approach achieves a stable accuracy for a diverse group of pupils, establishing its
reliability. The research reported in this chapter also uncovered limitations of this
approach, prompting the development of an automatic approach, M-FEI.

The conventional approach relies on aggregating a number of past JOC responses.
This is problematic when insufficient historical data is available, e.g., a new task is
presented or immediate repetition is not being used. The experiments undertaken in
this chapter also shows that the conventional method plateaus when incorporating
more than five previous attempts. Such a plateau may indicate a disconnect between
past tasks (beyond the fifth prior attempt) and the current task, which may be
exacerbated by variations in pupils’ evolving knowledge and skills (Pintrich et al.
2000, Mihalca & Mengelkamp 2020). Such findings reinforce the need for improved
MMP estimation strategies to better tailor metacognitive monitoring interventions.

Secondly, the results reported in this thesis support HCI research, showing that
pupils face difficulties articulating their confidence (Harter 2012, Harris & Brown 2013,
Amershi et al. 2014, Komatani & Nakano 2020, Lehnert 2024). In the A2M dataset,
9.5% of the responses were ‘I do not know’, highlighting a significant limitation on
insisting that they evaluate themselves at one of the two extremes: ‘Yes, I got that
right’ or ‘No, I got that wrong’.

Lastly, the conventional approach can overestimate the frequency of imprecise,
which can trigger excessive help, which may irritate pupils who do not require it (Flores
& Lewis 2023). The CA-8’s performance in both validation and test scenarios, in Table
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4.10 and Figure 4.7, shows a consistent pattern of failures to accurately distinguish
between precise and imprecise MMP. The FPR in the imprecise MMP, which
reflects instances wrongly classified as imprecise, is alarmingly high (0.52 and 0.46
in validation and test, respectively). This indicates a systematic issue where nearly
half of precise instances are misclassified as imprecise. This implies a significant
likelihood of pupils receiving unnecessary interventions, thereby detracting from their
learning experience and wasting resources.

4.9.2 Feasibility of Estimating MMP using Facial Expressions

Research exploring the relationship between facial expressions and metacognitive mon-
itoring is still in its infancy, especially for pupils. Statistical evidence indicates that
facial expressions are indicative of variations in MMP in undergraduate students (Taub
et al. 2018, Taub & Azevedo 2018, Taub et al. 2021, Cloude et al. 2020). To our
knowledge, the analysis undertaken in this chapter provides the first user study evi-
dence supporting the use of predictive models to estimate pupils’ MMP based on their
facial expressions, extending prior work that primarily focused on correlation analy-
ses. In this research, experimental results reveal that M-FEI is capable of identifying
precise, imprecise, and uncertain MMP, although accurately identifying these
uncertain MMP remains challenging. This capability is consistent across distinct
regions. This shows the feasibility of using M-FEI to estimate MMP from facial ex-
pressions in a variety of contexts, at least for mathematical education, from the user
study age group, using the given smart game.

The analysis undertaken here also assessed the impact of combining various facial
biometric markers, such as AUs, head pose, and gaze direction, with a pre-trained
model to recognize MMP more accurately. This showed that those combinations
produce similar performance outcomes, suggesting that the cropped facial region
used in M-FEI probably captured sufficient information.

Moreover, this research identified specific facial areas crucial for estimating pupils’
MMP. Facial expressions, particularly those involving the movement of brows, lids,
mouth, and chin, effectively indicate MMP.

M-FEI∗’s capability suggests new avenues for investigating how metacognitive
processes are reflected in facial expressions. Even though the current user study is
mathematics-related, future studies should explore its applicability in other educa-
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tional and training environments, or even in smart game contexts. This broadens the
practical applications and deepens the understanding of metacognitive monitoring.

4.9.3 What are the Benefits of Adopting M-FEI in MMP Es-
timation?

The data leveraged in the research reported here was collected during mathematics-
related cognitive tasks, indicating broad applicability in math and STEM learning.
This suggests that M-FEI could prove valuable in several fields, including HCI, edu-
cational technology, and serious gaming.

When considering HCI, M-FEI estimates MMP using real-time spontaneous signals
produced by learners to tailor metacognitive monitoring interventions. This eliminates
the dependence on historical MMP data (Pintrich et al. 2000, Mihalca & Mengelkamp
2020). By using facial expressions, M-FEI enables personalized responses, which could
adapt interactions to individual users’ needs, significantly enhancing users’ engage-
ment and making interactions feel more intuitive and human-like (Behera et al. 2020,
Baltaci & Gokcay 2016). M-FEI eliminates the need for learners to verbally ex-
press their confidence levels by automatically interpreting their facial expressions to
identify metacognitive monitoring performance (MMP) as precise, imprecise, or
uncertain. This aspect is particularly beneficial for young individuals with learning
disabilities, who often find it challenging to articulate their feelings (Harter 2012, Har-
ris & Brown 2013, Amershi et al. 2014, Komatani & Nakano 2020, Lehnert 2024).
By providing an alternative method for assessing and supporting their cognitive state,
M-FEI reduces reliance on verbal feedback and opens new avenues for adaptive edu-
cational technologies.

For educational technologies, M-FEI potentially enables educational platforms to
tailor learning content to each learner’s metacognitive state. Researchers can dis-
cover what the best response that an MMP estimate should trigger when a particular
state is recognized for a particular age group learner tackling a particular task. Ad-
ditionally, automatic MMP feedback could serve as a valuable tool for educators,
particularly in MOOCs, where the educator-to-learner ratio is typically low. By pro-
viding real-time insights into learners’ metacognitive states, such as when they are
underconfident, overconfident, or struggling, M-FEI allows educators to monitor indi-
vidual MMP trajectories without having to track each learner’s performance manually
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(Fauvel et al. 2018). This is especially important because different learners require
different types and levels of support. For instance, a learner who consistently strug-
gles with imprecise MMP may benefit from foundational guidance, while another
who generally performs well but occasionally encounters setbacks might only require
minimal or situational intervention. Addressing the diversity of learners’ metacog-
nitive needs, especially in large-scale educational settings, can be overwhelming for
educators without technological support. By automating the detection of imprecise
MMP, M-FEI helps reduce this burden, enabling teachers to provide targeted support
at scale more efficiently.

For CBLEs, M-FEI’s estimation of children’s MMP could adjust content in the
learning environment. For example, when a child displays underconfidence or over-
confidence, the system could dynamically adjust its content or provide prompts to
encourage reflection (Kautzmann et al. 2016). By responding to children’s emotional
and cognitive states in real-time, CBLEs can create more engaging and motivating
experiences. Such responsiveness encourages sustained participation and enhances
learning outcomes (Hamrouni & Bendella 2024). Particularly for children with anx-
iety or learning difficulties, a CBLE that automatically estimates MMP can provide
targeted interventions. These interventions help build confidence and self-regulation
skills in a low-pressure environment, making learning more accessible and effective
(Ortegano & Ramírez 2019).

M-FEI stands to gain from advances in large vision models such as Llama (Touvron
et al. 2023) and Qwen (Yang et al. 2024). Refinements in large vision models could
significantly boost M-FEI’s performance, enhancing its effectiveness and applicability
in educational settings.

4.9.4 Threshold Selection and Performance Trade-offs when
Identifying Imprecise MMP

Recognizing imprecise MMP is crucial in tailoring interventions. Kautzmann et
al. set a low threshold for the estimated imprecise score, which allows most in-
stances of imprecise MMP to be captured (Kautzmann et al. 2016, Kautzmann &
Jaques 2019). However, this causes a high number of false alarms, with a large num-
ber of precise instances being misclassified as imprecise. M-FEI∗, it is equipped
with thresholds from Section 4.7.4 balancing discrimination among the precise,
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imprecise, and uncertain categories, which, as a result, generate fewer false
alarms.

It should be noted that in the context of educational settings, the trade-off be-
tween precision and recall in the M-FEI system designed to identify learners’ imprecise
is an affected state influencing both teaching strategies and student trust (Lindsley
1991). M-FEI interface provides customizable thresholds to education providers, so
that they can adjust the balance between precision and recall.

In environments with sufficient educational resources, educators can choose to
lower the threshold, prioritizing a higher recall to capture more instances of imprecise.
Such a way leads to a decrease in precision, i.e., more false alarms. These can be mit-
igated through direct teacher-student communications (Kim 2024). Such mitigation
allows for customization based on accurate assessments from educators and M-FEI.

In resource-constrained settings, high precision is crucial because the cost of mis-
allocated interventions could significantly impact limited resources (Lindsley 1991).
Educators may require a higher imprecise threshold. Such settings help in prioritiz-
ing students who are most likely to benefit, thereby optimizing the use of resources.

From the students’ perspective, their tolerance for false alarms influences their
acceptance and trust in the educational system (Oviatt et al. 2000). Teachers may
seek to adjust the threshold according to their students’ tolerance of false alarms
(McAlenney & Coyne 2015). Adjustment is essential in maintaining student trust
and ensuring that interventions are perceived as relevant and supportive rather than
intrusive or misplaced.

Consequently, the balance between precision and recall should be strategically
tailored to align with both resource availability and the psychological climate of the
student body. Such a nuanced approach ensures that educational technologies en-
hance rather than detract from the learning experience.

4.9.5 Generalization Across Regional Variation

The user study reported in this chapter was conducted in China and Scotland. Pop-
ulations in these regions differ in culture, traditions, economic status, and degree of
urbanization. Additionally, distinct historical influences have shaped physical char-
acteristics, including facial features, among these populations (Qiao et al. 2024).
Leveraging these differences, additional experiments were then conducted to evalu-
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ate how regional variations in facial expressions might affect M-FEI’s performance in
estimating MMP.

The inter-regional validation results in Section 4.8.2 reveal that the M-FEI∗ out-
performs conventional approaches in MMP classification and performs with consis-
tent accuracy. Such superior accuracy indicates that the model effectively generalizes
across facial expression variations, which promises the potential for extending the
application of M-FEI∗.

A data curation plan was detailed in Section 4.5.3, which facilitates further col-
laborations to improve M-FEI’s effectiveness in coping with diversity. The initial data
repository has been settled in (github/affect2mmp 2025).

4.9.6 Selection of Facial Areas for Estimating MMP

As reported in Section 4.8.3, experiments were conducted to identify the specific
facial areas most informative for MMP estimation. To the best of our knowledge,
this is the first evidence to confirm that facial expressions, particularly those involving
movements of the brows, lids, mouth, and chin, are effective in estimating pupils’
MMP and better than the conventional approach. Prior research only shows that
various facial expressions were indicative of precise and imprecise MMP (Taub et al.
2018, Taub & Azevedo 2018, Taub et al. 2021, Cloude et al. 2020).

Results reveal that spontaneous facial expressions can be effective in estimat-
ing MMP, opening new avenues for investigating how metacognitive processes are
reflected through facial expressions in pupils.

4.10 Limitation and Future Work

The work and results detailed in this chapter have laid the foundations for several
follow-up activities and studies, which are considered as further work.

Firstly, to improve data quality, a time-based filtering process was applied during
pre-processing. Only video segments longer than 1.5 seconds were retained, as user
study observations indicated that pupils who spent less time on the judgment of
confidence task often responded without meaningful reflection, frequently engaging in
blind clicking. While this filtering step helped reduce noise and enhance the reliability
of the data, it also introduces a limitation to the research by potentially excluding
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rapid but genuine responses, thereby affecting the generalizability of the findings.
Second, to our knowledge, the proposed approach is the first to estimate MMP

automatically. While M-FEI alleviates learners from the challenge of articulating their
confidence during metacognitive monitoring, there is currently no evidence to suggest
that this convenience translates directly into improved learning outcomes. This lack
of direct correlation to educational benefits leaves the broader impact of the approach
somewhat uncertain. A second user evaluation study was conducted to specifically
investigate the impact of M-FEI on learning outcomes in a mathematics context. The
results of that user study will be reported in Chapter 5.

4.11 Chapter Summary

This chapter focused on evaluating the estimation of pupils’ MMP using two distinct
approaches. The primary contribution of this chapter is the development of a method
for automatically estimating MMP by interpreting facial expressions, an ability tra-
ditionally demonstrated by effective teachers. This advancement opens important
opportunities for supporting learners by integrating real-time MMP estimation into
computer-based learning environments (CBLEs). This work makes four key contribu-
tions:

1. Developed the first dataset specifically designed for training deep learning neural
networks to estimate MMP through facial expressions.

2. Revealed the performance and limitations of the conventional approach to es-
timating MMP.

3. Demonstrated the feasibility and benefits of using M-FEI to estimate MMP by
interpreting facial expressions.

4. Developed a prototype system, M-FEI, that could be adopted and further en-
hanced by future research.



Chapter 5

User Study 2: Tailoring Metacogni-
tive Interventions for Math-Solving
by Responding to Facial Expressions

Only those who will risk going too far can possibly find out how far one can go.

— T. S. Eliot

One of the central goals of this research is to explore the RQ2.

In the previous chapter, a method was introduced to identify metacognitive moni-
toring performance (MMP) through facial expressions. However, a concern was raised
that this automatic estimation might bypass learners’ own confidence judgment pro-
cesses, potentially affecting their engagement in self-regulation. This concern further
strengthens the motivation to empirically validate whether such an approach can
deliver educational benefits. To this end, the second user study was conducted to
evaluate whether interventions tailored to MMP can positively impact pupils’ perfor-
mance in mathematics.

Building on the Meta-Facial Expression Interpreter (M-FEI) introduced in Chapter
4, which estimates learners’ MMP using facial cues, this chapter develops an intelli-
gent tutoring system (ITS) called Meta-Face Agent to provide tailored metacognitive
interventions for learners. The Meta-Face Agent leverages a validated metacognitive
intervention for MMP (Wood & Wood 1999, Kautzmann et al. 2016, Kautzmann &
Jaques 2019), and it tailors the intervention to support a learner based on the esti-

109



110 Chapter 5. User Study 2

mated MMP from M-FEI or a conventional approach, which is based on the knowledge
monitoring assessment (KMA).

In this user evaluation study, 215 pupils participated. They were divided into
two groups: (1) the ‘M-FEI’ group, which received the intervention tailored using
the M-FEI method, (2) the ‘KMA’ group, which received the intervention using the
conventional KMA approach. Findings indicated that pupils in the ‘M-FEI’ group not
only showed greater improvements in learning outcomes following the intervention but
also outperformed those in the ‘KMA’ group overall. This second user study, therefore,
contributes to the advancement of tailoring learning systems by incorporating the
interpretation of learners’ facial responses, thereby enabling the development of more
adaptive and effective computer-supported learning technologies.

5.1 Introduction for the Second User Study

As previously stated, self-regulated learning (SRL) is a multifaceted educational con-
struct that encapsulates how learners orchestrate their cognitive, metacognitive, be-
havioral, motivational, and emotional processes to attain specific learning goals (Winne
2011). Central to the SRL framework is metacognitive monitoring, which enables
learners to evaluate their progress, performance, and understanding of the content.
This critical process includes activities such as verifying the accuracy of their solutions
(Winne 2011). Empirical research, including studies by Isaacson et al. and Higgins
et al. (Isaacson & Fujita 2006, Higgins et al. 2016), consistently illustrates a strong
positive relationship between proficient metacognitive monitoring and enhanced exam
scores. These insights emphasize the necessity of incorporating effective metacogni-
tive support in the development of ITSs to improve learning outcomes.

Although metacognitive monitoring can significantly enhance learning outcomes,
many learners do not engage in it naturally without targeted instructional prompts,
such as guided questioning and detailed content explanations (Chi et al. 1989, Berardi-
Coletta et al. 1995). Recognizing this limitation, much research has focused on
developing support systems within ITSs to boost effective metacognitive monitoring
(Grawemeyer et al. 2015, Kautzmann & Jaques 2019, Maras et al. 2019, Tisza et al.
2022, Cosentino et al. 2023). A common strategy is the implementation of text-
based interventions to learners, which adapt to the learners’ MMPs. ITSs such as
Animated Pedagogical Agents (APA) (Kautzmann & Jaques 2019), Island Maths
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Tutors (Grawemeyer et al. 2015), and Math Challenge (Maras et al. 2019) offer
validated interventions that respond dynamically to a learner’s performance. These
systems provide more guidance when performance falls short and less when it meets
or exceeds expectations (Wood & Wood 1999, Azevedo & Hadwin 2005).

Despite the potential benefits of these adaptive systems, delivering appropriate
support relies on estimating the learner’s MMP, which typically depends on self-
reported confidence ratings. Based on the discussions in Chapter 4, such a self-
articulation process can interrupt the flow of learning and may lack reliability (Ruan
et al. 2025). Furthermore, accurately estimating MMP remains a challenge, especially
for younger learners who find it difficult to articulate their confidence levels (Pintrich
et al. 2000, Mihalca & Mengelkamp 2020). In response to these challenges, facial
expression analysis has been investigated as an alternative method for assessing MMP.
A novel technique, M-FEI, introduced in Chapter 4, uses spontaneous facial cues to
more effectively identify MMP (Ruan et al. 2025).

The M-FEI technique changes the MMP estimation approach within CBLEs by
eliminating the need for learners to articulate and report their confidence to the
learning system (Ruan et al. 2025). This technique estimates MMP from learners’
facial cues in response to self-reflective prompts such as, ‘How well do you think you
performed?’ This method parallels traditional classroom interactions, where teachers
evaluate students by direct questioning and assessing students’ behaviors (Graesser
2020).

However, the effectiveness of M-FEI in delivering tangible learning outcomes
within ITSs is still unclear. While M-FEI simplifies the MMP estimation process by
removing the need for learners to articulate their confidence explicitly, this alteration
could potentially reduce the depth of metacognitive engagement. Confidence judg-
ments play a crucial role in self-assessment and are vital for developing an individual’s
awareness of their knowledge and skills (Pescetelli & Yeung 2021). These judgments
of confidence (JOC) are instrumental in promoting reflective thinking, which is a core
aspect of effective learning. A primary concern is whether M-FEI, by foregoing explicit
self-articulation, might compromise the educational value of enhancing self-awareness.
The work in this chapter aims to address these concerns by examining whether the
advanced capabilities of M-FEI inadvertently undermine the learning benefits that
come from fostering a deeper metacognitive awareness.

This chapter introduces the Meta-Face Agent, an ITS designed to enhance learn-
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ers’ MMP while solving math exercises. The Meta-Face Agent tailors a validated
metacognitive intervention by integrating two approaches of estimating MMP (Wood
& Wood 1999, Kautzmann et al. 2016, Kautzmann & Jaques 2019): the KMA-based
method and the newly developed M-FEI. This dual approach enables investigation
into the effects of tailoring interventions based on different MMP estimation meth-
ods on learners’ performance. It also offers flexibility for future educators using the
Meta-Face Agent to select the most appropriate method according to specific teach-
ing contexts. The conventional MMP estimation approach requires the learners to
explicitly state their confidence in their answers, typically choosing between binary
options like ‘My answer is right’ or ‘My answer is wrong.’ Conversely, the M-FEI-
based approach estimates MMP by prompting learners with the question, ’How well
do you think you performed?’. This prompt appears after each response, and the
M-FEI system analyzes the learners’ facial expressions to infer their metacognitive
monitoring performance.

The Meta-Face Agent delivers the validated metacognitive interventions (Wood &
Wood 1999, Kautzmann et al. 2016, Kautzmann & Jaques 2019) through a series of
text-based prompts, designed to enhance learners’ MMP and improve overall learning
outcomes. These prompts are structured into three progressive levels, as established
by previous research (Kautzmann et al. 2016, Kautzmann & Jaques 2019): The first
level encourages reflection on prior knowledge relevant to the current task. The
second level prompts learners to recall pertinent knowledge taught in the classroom.
The third level guides them through the necessary problem-solving steps for similar
tasks (Wood & Wood 1999). This prompt-based intervention is activated only when
the estimated MMP from the learner indicates an imprecise MMP.

The design and deployment of the Meta-Face Agent in the user evaluation study
aimed to address RQ2 from Chapter 1.

A user evaluation study was conducted with 215 pupils from grades 1 through 6,
aged 7 to 121, to assess math-solving outcomes supported by the Meta-Face Agent.

Pupils in the study were divided into two groups, each getting interventions based
on a different MMP estimation approach in the Meta-Face Agent: the M-FEI-based
or the KMA-based. Participants answered a series of math questions, enabling us to
address RQ2.1 and RQ2.2 by comparing mathematical learning outcomes between
the two groups.

1For clarity, 66 pupils were in user study 1.
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To be precise, the observed improvements in mathematical learning outcomes
may be partly attributed to a practice effect, as learners were allowed to revise their
answers during the text-based intervention. An additional test was conducted to
analyze pupils’ learning outcomes when they meet similar math questions for the
second time. This test is used to evaluate the extent to which the practice effect
influenced these outcomes.

The findings indicate that both interventions, tailored based on M-FEI and the
KMA-based MMP estimation approach, contributed to improved math-solving out-
comes in the initial test stage. Notably, the improvement observed in the ‘M-FEI’
group was more substantial.

5.2 Related Work for Intelligent Tutor Systems with
Adaptive Metacognitive Support

This related work section begins by reviewing the critical role of metacognitive skills in
learning. It then examines prior ITSs designed to support metacognitive monitoring.
Following that, it discusses the benefits of incorporating AI techniques into ITSs to
enable adaptive support, as well as the limitations of metacognitive support provided
in existing systems.

5.2.1 Relationship between Metacognitive Skills and Learning
Outcomes

Research in the past decade strongly indicates that students’ metacognitive abili-
ties are positively associated with their learning outcomes. A meta-analysis done
by Ohtani & Hisasaka (2018) reveals that metacognitive skills, while only moder-
ately correlated with grades on average, remain a significant independent predictor
of academic achievement. Domain-specific studies likewise report that learners with
better metacognitive skills tend to attain deeper understanding. For example, a re-
cent experimental study in science education observed a positive correlation between
high school students’ metacognitive skill level and their conceptual understanding of
science topics, especially when a self-organized learning environment pedagogy was
used (Tsamago & Bayaga 2024). In higher education, Halmo et al. similarly report
that first-year students who excel in metacognitive skills, including planning, monitor-



114 Chapter 5. User Study 2

ing, and evaluating their problem-solving, achieve better academic outcomes (Halmo
et al. 2024). These empirical studies, spanning correlational analyses, classroom in-
terventions, and even think-aloud protocols, converge on the idea that students who
actively reflect on and control their learning process perform better. The evidence has
encouraged educators to incorporate metacognitive strategy training into curricula,
as improving students’ metacognitive skills can translate into improved test perfor-
mance, deeper conceptual mastery, and more efficient learning (Halmo et al. 2024).
In summary, a robust body of recent work underscores that enhancing metacognition
is not just an abstract goal; it has measurable impacts on learning outcomes across
age groups and disciplines.

5.2.2 Intelligent Tutoring Systems Supporting Metacognition

Traditional ITSs focused on step-by-step guidelines for problem-solving (e.g., in math
or physics), but new systems integrate metacognitive interventions like prompts to
self-explain, hints to encourage reflection, and tools for students to plan and assess
their understanding. For instance, MetaTutor is an ITS that has been at the fore-
front of metacognitive support research (Azevedo et al. 2009, D’Mello & Graesser
2013). It is a hypermedia learning system for human biology where students learn by
exploring content with the guidance of animated pedagogical agents. These agents
act as external metacognitive regulators, prompting the learner to set goals, moni-
tor progress, and adjust strategies, which are essential to metacognitive monitoring
in SRL (Azevedo et al. 2022). Over a decade of studies with MetaTutor compared
conditions with adaptive metacognitive scaffolding versus no scaffolding, consistently
finding that students who received the tailored prompts to plan, monitor, and self-
evaluate showed higher learning gains and better regulation behaviors (Azevedo et al.
2022). Another example is an experimental logic tutoring system studied by Ab-
delshiheed, Hostetter, Shabrina, Barnes & Chi (2023), which taught students when
to switch problem-solving strategies. In that study, students initially defaulted to a
single strategy; the ITS then provided different types of interventions (e.g., worked ex-
amples, nudging prompts) to encourage more strategic metacognitive behavior. The
results showed that a gentle nudge strategy, where the tutor prompted the student at
opportune moments to consider an alternative approach, led to significant improve-
ment. This demonstrates how ITSs can embed targeted metacognitive interventions
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within problem-solving practice.
In text-based learning environments, conversational ITSs like AutoTutor (D’Mello

& Graesser 2013) have incorporated metacognitive dialogue moves. For example,
it asks the learner, ‘Why do you think that answer is correct?’ or ‘How confident
are you?’ to prompt reflection. These interventions are analogous to a human tu-
tor’s probing questions and have been shown to deepen comprehension and improve
students’ calibration of their understanding.

5.2.3 AI-driven Adaptive Support to Metacognitive Monitor-
ing

One of the biggest advantages of incorporating AI into the learning system is the abil-
ity to adapt support to individual needs in real-time. Learning support, like generic
worksheets or static prompts, is the same for everyone and cannot respond if a stu-
dent misunderstands a concept or skips an important reflection step. AI-driven sys-
tems can monitor learners’ actions and performance, and then tailor metacognitive
interventions. It can decide when to prompt, what hint or question to offer, and
how to personalize it, thereby closely mirroring the kind of guidance a skilled human
tutor might provide (D’Mello & Graesser 2013, Graesser 2020). Recent research pro-
vides concrete examples of the benefits of adaptation to interventions. Wang et al.
(2023) studied medical students using an ITS called BioWorld, which adapts targeted
prompts based on students’ behaviors. The results found that students who engaged
more with the metacognitive hints became better calibrated. Their confidence judg-
ments more accurately reflected their actual performance, and they solved problems
more efficiently. Another compelling example comes from the use of machine learn-
ing to optimize metacognitive interventions. Abdelshiheed, Hostetter, Barnes & Chi
(2023) deployed a deep reinforcement learning (DRL) agent to decide when and how
to coach students on strategy use across two different tutors. In their classroom ex-
periments, one group of students received fixed, rule-based strategy prompts (based
on a simplistic classifier of their metacognitive skill level), while another group re-
ceived AI-adaptive prompts tuned by the DRL agent. The adaptive system decides
to intervene by observing student behavior and outcome patterns. The results were
striking: the DRL-based adaptive interventions closed the metacognitive skills gap
between students of different initial abilities, whereas the static group-based prompts
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only helped students who already had some strategic knowledge. Moreover, stu-
dents taught with the adaptive AI support showed better transfer of learning. In
weeks later, when all students moved to a new tutor in a related domain without any
prompts, those who had experienced the adaptive metacognitive coaching performed
significantly better than their peers.

5.2.4 Challenges of Metacognitive Support in ITSs

Despite the promising results of metacognitive support, significant challenges persist
in how these systems compare to the nuanced guidance offered by human teach-
ers. Historically, traditional computer-based support had limited insight into learners’
thought processes. For example, prior works adopted a KMA-based approach, which is
outlined in Chapter 4. Those works typically provided hints or feedback based solely
on the correctness of answers, without considering how students arrived at those
answers or their emotional responses to the material (Kautzmann et al. 2016, Guo
2020). Modern AI-based ITSs have improved on this by tracking learners’ response
times, hint usage patterns, confidence ratings, and other metrics. For example, the
BioWorld study required students to explicitly report their confidence in their diagnos-
tic decisions, enabling the system to assess their MMP (Wang et al. 2023). However,
unlike a human teacher who can intuitively sense confusion or disengagement in the
classroom and pose spontaneous metacognitive questions, ITSs struggle to derive
MMP from indirect proxies like spontaneous responses (such as facial cues) or errors
in work (Azevedo et al. 2022). This situation underscores the need for new technolo-
gies that can gather and interpret multimodal data more akin to the way a human
might naturally infer learners’ metacognitive states.

Although accurately gauging a learner’s metacognitive state remains a significant
challenge, the approach presented in Chapter 4 offers a promising direction. By an-
alyzing learners’ emotional expressions, this method enables the automatic tailoring
of support based on their momentary cognitive states. Importantly, it helps main-
tain the learning flow and demonstrates greater accuracy than the KMA-based MMP
estimation approach. In this way, M-FEI equips ITSs to provide support in a man-
ner more akin to a human teacher, responding intuitively to signs of confusion or
disengagement as they naturally emerge in the learning process.
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(a) Login page in Mate-Face Agent. 1 (from
up to down): Name, age, grade, group;
2 (from up to down): Gender, nationality,
participant ID, consent form; 3: Start.

(b) Learning introduction in Meta-Face
Agent. 1: Introduction of this study; 2:
The Meta-Face Agent’s avatar in the ITS.
3: Next.

Figure 5.1: Meta-Face Agent interface overview: Login and learning goal

5.3 Meta-Face Agent

This section introduces the setup of the Meta-Face Agent, including its user interface,
agent design, and overall workflow. It then describes how the agent estimates MMP,
including the KMA-based approach and the M-FEI-based approach. Finally, it details
the tailored metacognitive monitoring intervention and the manner in which they are
delivered.

5.3.1 General Setting

The Meta-Face Agent is an innovative learning system featuring a half-body character
(i.e., an Avatar) that remains visible on the graphical interface throughout the pupils’
interaction, as illustrated in Figure 5.1. The UI features are based on the APA,
a validated, well-established, CBLE (Kautzmann et al. 2016, Kautzmann & Jaques
2019). At the beginning of the study, the agent will introduce two practice sessions to
learners about how to check metacognitive prompts from the agent and how to adjust
their position, ensuring the face area is captured in the webcam scope, see Figure
5.2. This character is designed with a friendly, smiling facial expression to create a
welcoming and engaging learning environment. Textual messages from the character
are presented in speech bubbles, enhancing readability and keeping the interface clean
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(a) Check agent’s prompts. 1: A practice
to check the agent’s instructions. 2: Icon
for instruction.

(b) Adjust position. 1: A practice to adjust
the user’s sitting position.

Figure 5.2: Meta-Face Agent interface overview: Practice interaction with agent

and well-organized. Additionally, these messages are audibly delivered using OpenAI’s
synthesized human voice technology (OpenAI 2025), which provides a natural and
accessible user experience.

The Meta-Face Agent leverages the metacognitive intervention validated by APA
(Kautzmann et al. 2016, Kautzmann & Jaques 2019), which is used to enhance
learners’ MMP. The designed intervention is delivered by providing prompts and text-
based messages to learners to actively encourage them to reflect on their knowledge
and understanding within a subject area. Tailored specifically for mathematics, the
prompts within the Meta-Face Agent were structured into three distinct levels to
progressively guide and enhance learners’ MMP, following the framework proposed by
Wood & Wood (1999):

Lv1. Encourage learners to identify what the problem is asking for. For example,
‘Wait, can you reflect a bit on what the question is asking? Take a moment to
think, and then go forward if you are ready.’

Lv2. Encourage learners to think about their previous knowledge. For example,
‘Take a moment to think—do you remember the properties of a square that we
discussed in class? And what about the knowledge of a circle’s diameter and
radius?’

Lv3. Encourage learners to think about the steps of solving similar questions that
were solved before. For example, ‘Let’s recall if we have done similar exercises
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using a compass before. Think about how to use a compass to draw a circle.
Remember the steps to solve similar problems. There’s a similar problem on
page 2 of the workbook we prepared for you. Review the steps to solve this
type of problem.’

In the intervention session, the frequency and level of the prompts delivered by
the Meta-Face Agent are carefully adapted to meet individual student needs. The
specific workflow of the intervention, along with how the intervention is tailored based
on the MMP estimation approaches, is detailed in Section 5.3.3.

5.3.2 Estimation of MMP

5.3.2.1 KMA-based Kernel

Metacognitive monitoring involves assessing one’s own knowledge, learning, and cog-
nitive states either during or after task performance. This cognitive process includes
making judgments about confidence in one’s understanding, accuracy of recall, or
awareness of comprehension (Flavell 1979). To estimate MMP, researchers often
rely on a JOC scale post-task. For instance, subjects might rate their confidence in
the correctness of their answers on a scale from 0 (completely unsure) to 1 (com-
pletely sure) (Koriat 1981). The agreement between these JOC ratings and actual
performance provides a quantifiable measure of learners’ MMP.

As a reminder of the more detailed discussion in Section 4.6.1, the MMP estimated
by the KMA-based kernel is considered by the KMA index in Equation 5.1. The
definition of c1 to c4 is depicted in Figure 5.3. c1 to c4 represent different cases of
the learner’s judgment:

‘+ +’ indicates that the learner judged the answer as ‘correct’, and indeed, the answer
was correct.

‘+ -’ applies when the learner judged the answer as ‘correct’ but the answer was
incorrect.

‘- +’ refers to situations where the learner judged the answer as ‘wrong’, yet the
answer was correct.

‘- -’ is used when the pupil judged the answer as ‘wrong’ and the attempt was also
solved incorrectly.
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Figure 5.3: Four classes of metacognitive monitoring performance: The matrix of
task performance and JOC response

Using the occurrences of these four cases, the KMA-based kernel calculates the
KMA index as an estimation of MMP.

KMA index= 1− (Nc1+Nc4)− (Nc2+Nc3)
Nc1+Nc2+Nc3+Nc4

(5.1)

5.3.2.2 M-FEI-based Kernel

The novel deep learning-based neural network, M-FEI (described in Chapter 4), was
introduced to estimate learners’ MMP from spontaneous facial expressions. The
operational framework of M-FEI within the Meta-Face Agent is illustrated in Figure
5.4. This system processes video clips of facial expressions and outputs the probability
that the learner’s MMP is precise, imprecise, or uncertain. The neural network’s
ability to analyze subtle facial expressions allows for a nuanced understanding of
learners’ metacognitive states, potentially used to tailor the intervention, enhancing
the accuracy of MMP in educational settings.

Here, we provide a resource consumption overview of running the M-FEI kernel.
On a typical laptop equipped with an Apple M1 CPU and 16 GB of system memory, the
mean inference time was approximately 3.17 seconds per MMP estimation. The peak
CPU memory usage during estimation was 231 MB, indicating that the model can
be run efficiently without exhausting system resources. The total number of floating-
point operations required for an estimation was estimated at 3.9 trillion (FLOPs).
These results suggest that M-FEI can perform real-time or near–real-time inference
on widely available consumer-grade hardware without the need for dedicated GPUs
or remote servers.
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Figure 5.4: M-FEI kernel’s workflow for MMP estimation: Following a prompt to
the learner, facial expression frames are sampled and transformed. These processed
frames are then analyzed using the deep-learning model, M-FEI, to estimate the
learner’s MMP.

Figure 5.5: Outer and Inner loop in Meta-Face Agent.

5.3.3 Adaptation of the Metacognitive Intervention in Meta-
Face Agent

Previous research has demonstrated the efficacy of support systems within ITSs to
enhance learners’ learning (Azevedo & Hadwin 2005), particularly through metacog-
nitive interventions aimed at improving learners’ MMP (Kautzmann et al. 2016).
Inspired by the successes of APA (Kautzmann et al. 2016), the Meta-Face Agent
incorporates a dual-loop system, comprising both an outer loop and an inner loop,
to tailor the metacognitive intervention effectively, see Figure 5.5. The subsequent
paragraphs detail the specific adaptation mechanisms employed by the Meta-Face
Agent.
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5.3.3.1 Outer Loop

This mechanism is pivotal in activating the metacognitive intervention managed by
the inner loop of the Meta-Face Agent and operates continuously as learners reflect
on their answers. Before learners transition to the next question, the outer loop poses
the question, ‘How well do you think you answered?’, see Figure 5.6a. Based on the
response, one of the MMP estimation kernels, either KMA-based or M-FEI-based, is
selected. The likelihood of triggering the metacognitive intervention increases with
the probability of an imprecise MMP assessment. By aligning the frequency of
giving intervention with each learner’s MMP, this mechanism ensures that support is
tailored and timely.

5.3.3.2 Inner Loop

This mechanism is responsible for delivering the validated prompt-based metacog-
nitive intervention within the Meta-Face Agent. It uses metacognitive monitoring
prompts previously validated in studies by Kautzmann et al. (Kautzmann et al. 2016,
Kautzmann & Jaques 2019). These prompts are crafted to encourage learners to
reflect on the current questions and to recall their knowledge from similar previously
solved questions. Examples of such metacognitive prompts are showcased in Figure
5.7.

Depending on the result from the outer loop, the Meta-Face Agent either activates
the appropriate metacognitive intervention through the inner loop or skips this step
(if the estimated MMP is precise, i.e., no intervention is deemed necessary).

The selected prompts are displayed in a bubble box adjacent to the Agent’s charac-
ter and are voiced using OpenAI’s synthesized human voice, enhancing the interactive
experience. After engaging with the prompts, learners are prompted to reflect on their
answers and proceed to the next question, see Figure 5.6b.

The Meta-Face Agent, equipped with the KMA-based kernel, analyzes learners’ re-
cent history of MMP to compute a KMA index ranging from 0 to 22. A threshold was
established in the study, classifying any KMA index greater than 0.5 as imprecise

2The KMA index is defined as:

KMA index= 1− (Nc1+Nc4)− (Nc2+Nc3)
Nc1+Nc2+Nc3+Nc4

=
2(Nc2+Nc3)

Nc1+Nc2+Nc3+Nc4
.

Since all Nci ≥ 0, the index is bounded within the range [0,2], where it reaches 0 when Nc2+Nc3=0
and 2 when Nc1+Nc4 = 0.
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(a) Metacognitive stimuli. 1: ‘How well do
you think you performed?’; 2: GIF while M-
FEI is running.

(b) Submit answer and move to next ques-
tion. 1: Instruction to select the next ques-
tion; 2: Completed questions.

Figure 5.6: Start and end of each metacognitive prompt in Meta-Face Agent

MMP. The inner loop of the Meta-Face Agent further categorizes the range from 0.5
to 2 into three distinct segments, each corresponding to a different level of metacog-
nitive prompt: Level 1 prompt is triggered for KMA index values from 0.5 to 1, Level
2 for values from 1 to 1.5, and Level 3 for values from 1.5 to 2, see Equation 5.2.

Intervention’s prompt=



No intervention, if 0≤ KMA index< 0.5

Level 1, if 0.5≤ KMA index< 1

Level 2, if 1≤ KMA index< 1.5

Level 3, if 1.5≤ KMA index≤ 2

(5.2)

The Meta-Face Agent, using the M-FEI-based kernel, uses learners’ facial cues
to estimate MMP. This kernel sets thresholds for M-FEI’s three outputs (see Section
4.7.4), P (precise), P (imprecise), and P (uncertain). Using the thresholds cal-
culated in Section 4.7.4, the Agent delivers different levels of prompts. It is important
to note that the prompts validated by Kautzmann & Jaques (2019) do not account
for scenarios where learners are unable to articulate their confidence, i.e., uncertain
MMP. Consequently, the M-FEI approach is employed to estimate the likelihood of
imprecise MMP (i.e., the likelihood of being imprecise and the likelihood of not
being imprecise). The Meta-Face Agent delivers metacognitive prompts across
three levels based on the estimated P (imprecise): Level 1 prompt are triggered for
scores ranging from 0.27 to 0.51, Level 2 for scores from 0.51 to 0.75, and Level 3
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for scores from 0.75 to 1, see Equation 5.3.

Intervention’s prompt=



No intervention, if 0≤ P (imprecise)< 0.27

Level 1, if 0.27≤ P (imprecise)< 0.51

Level 2, if 0.51≤ P (imprecise)< 0.75

Level 3, if 0.75≤ P (imprecise)≤ 1
(5.3)

5.3.4 Prompts in Metacognitive Intervention

In the Meta-Face Agent, the metacognitive intervention is strategically employed to
encourage learners to reflect correctly on their performance. The tailored interven-
tion is tiered into three distinct levels, designed to progressively deepen learners’
metacognitive skills, as supported by past research (Kautzmann et al. 2016, Kautz-
mann & Jaques 2019, Wood & Wood 1999). Before the user study, the content of
the prompts of the metacognitive intervention was developed in collaboration with
a primary school mathematics teacher to ensure they are pedagogically sound and
contextually appropriate for the target learners.

The first level of metacognitive prompts encourages learners to reflect abstractly
on the question being asked, encouraging them to identify and consider the funda-
mental aspects of the query. This level aims to initiate the cognitive process that
aligns with the onset of problem-solving, as shown in Figure 5.7b.

At the second level, the prompts are designed to help learners recall specific
knowledge relevant to the question that has been previously taught in the classroom.
This prompt facilitates the application of theoretical knowledge to practical problems,
reinforcing the connection between classroom learning and real-world application, as
illustrated in Figure 5.7c.

The third level of metacognitive prompts encourages learners to draw parallels
between the current task and similar problems they have previously encountered or
practiced in the classroom. This strategy, developed in collaboration with the primary
school mathematics teacher, aims to consolidate knowledge and strengthen problem-
solving skills by activating relevant prior experiences. An example of this prompt is
shown in Figure 5.7d.

In scenarios where the Meta-Face Agent determines that metacognitive prompts
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are not necessary, the system simplifies its interaction by reminding learners to pro-
ceed. In this case, the prompt is straightforward: ‘Please submit your answer if you
are ready.’ This minimal intervention ensures that learners maintain control over their
learning pace and decision-making process, providing autonomy in their educational
journey.

5.4 Evaluation study: Support Metacognitive Mon-
itoring during Mathematical Exercises

This section outlines the recruitment procedure, provides an overview of the partici-
pants, and explains how groups were assigned in the user study. Ethical approval for
this study was granted by the ethics committees of two universities (UK and China).
This study recruited 215 pupils aged 7 to 12, an age range identified by Piaget’s
theory of cognitive development as the stage when children begin to perform logical
operations mentally Piaget (1952). The study was conducted in collaboration with
our research colleague, Dr. Kangcheng Wang, a psychologist specializing in child
education in China.

5.4.1 Selection and Participation of Children

The user study was conducted in December 2024 in China. We advertised this study
in target schools. Prior to enrollment, a comprehensive overview of the study was
provided, accompanied by tailored participant information sheets. It was clearly com-
municated that participation would have no impact on pupils’ grades or school activi-
ties. The data management policy and participants’ rights were thoroughly explained,
with particular emphasis on the right to discontinue participation or withdraw data
at any time without consequence.

Participation in the user study was strictly voluntary. Pupils, along with their
guardians, signed both the participant information sheet and the informed consent
form. In the end, 235 pupils were initially invited to participate. Due to technical
issues and pupil absences, data from 20 participants were deemed unusable. As a
result, the final dataset comprised 215 pupils from Region A (109 females, 106 males;
mean age = 9.51 years, SD = 1.48).
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(a) No metacognitive intervention. Red cir-
cle: ‘If you are sure about your answer, go
ahead and click ‘Submit’.’

(b) Metacognitive prompt Level 1. Red cir-
cle: ‘Can you think a little more about what
this question is asking? Once you are sure
about your answer, submit it.’

(c) Metacognitive prompt Level 2. Red cir-
cle: ‘Take a moment to think—do you re-
member the properties of a square that we
discussed in class? And what about the
knowledge of a circle’s diameter and radius?
Once you are sure of your answer, click ‘Sub-
mit’.’

(d) Metacognitive prompt Level 3. Red cir-
cle: ‘Let’s recall if we have done similar ex-
ercises using a compass before. Think about
how to use a compass to draw a circle. Re-
member the steps to solve similar problems.
There’s a similar problem on page 2 of the
workbook we prepared for you. Review the
steps to solve this type of problem. Once
you have checked your answer and are sure,
click ‘Submit’.’

Figure 5.7: The metacognitive intervention in Meta-Face Agent
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5.4.2 Materials

The Meta-Face Agent was configured (using the M-FEI or the KMA-based MMP
estimation approach) for participants according to their assigned group (randomly
allocated). All content was translated from English into Chinese to ensure accessi-
bility in the pupils’native language. Sessions were conducted in classrooms at each
participating primary school to provide a familiar and comfortable environment. Each
classroom was equipped with desks, chairs, power chargers, laptops, and a whiteboard.

5.4.3 Procedure

In the user study, pupils engaged in a math-solving session within the Meta-Face
Agent. We divided the participants into two groups. A total of 87 pupils were assigned
to the ‘M-FEI’ group, where they completed the exercise with the metacognitive
intervention using the ‘M-FEI’. Conversely, 91 pupils were placed in the ‘Conventional’
group, completing the exercise with the intervention using the KMA-based approach.
The math-solving session comprised five mathematical questions that pupils were
required to solve in the order presented. When they input an answer to a question,
the Meta-Face Agent prompted a message, ‘How well do you think you answered?’
Kautzmann et al. (2016), Kautzmann & Jaques (2019). Following this message,
pupils had the autonomy to submit their answer directly or after revision.

As pupils were given two opportunities to answer each question, before and after
the intervention, we conducted an additional test to investigate the learning effect
associated with this repeated exposure factor (also called practice effect in research
(Crawford et al. 1989, Song & Ward 2015)).

An additional test was conducted with participants from both the ‘M-FEI’ and
‘Conventional’ groups, of whom 72 pupils agreed to participate, 38 from the ‘M-FEI’
group and 34 from the ‘Conventional’ group. In addition, 37 new pupils were recruited
to form a ‘Control’ group. During this phase, all participants were asked to solve five
new, but similar, mathematical questions without receiving any intervention.

For clarity, the terms intervention factor and practice factor are used in the
following content to distinguish the conditions being examined.



128 Chapter 5. User Study 2

Male Female
0

10

20

30

40

Co
un

t
Intervention Trigger

M-FEI Conventional

(a) Gender distribution

M-FEI Conventional
7

8

9

10

11

12

Ag
e

(b) Age distribution

Figure 5.8: The demographic distributions in the ‘M-FEI’ group and the ‘Conven-
tional’ group. These groups’ experience and interactions were shaped by the M-FEI
and the KMA-based MMP estimation approach.

5.4.4 Data Collection

Both video recordings and system logs generated by the Meta-Face Agent were col-
lected for analysis. All collected data are securely stored on a password-protected,
encrypted server for a maximum duration of two years. Access to the data is restricted
to the authors of this study.

5.5 Data Preparation

This section presents the demographic information of the user study participants by
group and describes the measurements used for key variables in the study.

5.5.1 Demographic Information in Groups

In the user evaluation study, participants were randomly assigned to either the ‘M-
FEI’ group or the ‘Conventional’ group. The demographic distributions of these two
groups are presented in Figure 5.8. Both groups contain nearly equal numbers of
male and female participants. Regarding the age distribution, both groups have more
participants aged around 11, with fewer at the youngest and median ages.

An additional test was conducted to analyze pupils’ learning outcomes when they
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Figure 5.9: The demographic distributions in the additional test. Note: No inter-
vention is given in the three groups of the additional test. The ‘M-FEI’ and the
‘Conventional’ groups have pupils who completed exercises with the intervention tai-
lored by M-FEI-kernel and KMA-kernel, respectively. The ‘Control’ group has pupils
who complete exercises for the first time.

encountered similar maths questions for a second time. The demographic distribution
of the groups involved in this post-test is shown in Figure 5.9.

5.5.2 Variable Notations and Measurements

Exercise score ES: Five maths questions were designed for the math-solving exercise
in the user evaluation study. All math questions were selected from the math-question
bank, which matched with the teaching materials learned by our participants in the
‘Shandong Education Edition Mathematical Textbook’ curriculum Shandong Educa-
tion Press (2025). The selections consist of two easy (1 mark), one medium-level
(2 marks), and two hard-level (3 marks) questions. Prior to the user study, all (i.e.,
four) mathematics teachers (grades 1 to 6) of the participating pupils were invited to
rate the difficulty of the selected questions (1=easy, 5=hard) and to give their assess-
ment of how well these aligned with the teaching curriculum (1=unrelated, 5=highly
related). The questions received an average difficulty rating of 3.25 and an average
curriculum relevance rating of 4.5.

The exercise scores were calculated using the formula presented in Equation 5.4.
Pupils’ scores before and after the intervention are denoted as ESstand and ESrev ,
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Figure 5.10: The distribution of pupils’ exercise scores in Meta-Face Agent.

respectively.

Ii =

0, if question i ’s answer is wrong,

1, if question i ’s answer is correct.
(5.4)

PS = 1× I1+1× I2+2× I3+3× I4+3× I5 (5.5)

5.6 Results

Pupils’ learning outcomes (ESstand and ESrev ) were examined in relation to the tai-
lored intervention using M-FEI† and CA-43. The distributions of dependent variables,
ESstand and ESrev , are illustrated in Figure 5.10.

Given the limitations of the validated intervention by Kautzmann et al. for
imprecise MMP estimation, the M-FEI† was configured to identify imprecise
MMPs. The intervention strategies from Section 5.3.3 are illustrated in Figure 5.11.

Prior to analyzing learning outcomes, demographic variables were examined across
groups. No significant difference in gender distribution was observed between the ‘M-
FEI’ and ‘Conventional’ groups, as indicated by a chi-square test (χ2 =0.0, df = 1, p

3M-FEI without AHG, as proposed in Ruan et al. (2025) and denoted M-FEI†, was selected for
the user evaluation study due to its lower system workload (eliminating the need to process facial
cues via OpenFace). It has comparable performance to M-FEI∗ among Region A pupils. Given
that the math-solving exercise consisted of five questions, CA-4 was adopted as the conventional
approach, following Kautzmann et al. (2016), Kautzmann & Jaques (2019).
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Figure 5.11: The strategy of launching the metacognitive prompt

Figure 5.12: Two-way ANOVA: Effects of the practice factor and the
intervention factor on exercise score (ES).

= 0.99) and a t-test (t(176) = –0.14, p = 0.89). Similarly, age distributions did not
differ significantly between the groups, as shown by the Kolmogorov–Smirnov test (D
= 0.08, p = 0.88) and a t-test (t(176) = –0.86, p = 0.39).

A comparison of ESstand between the ‘M-FEI’ and ‘Conventional’ groups using a
t-test revealed no significant difference (t(176) = 1.45, p = 0.15). To further examine
the effects of the intervention and practice factors, illustrated in Section 5.4.3,
on math-solving outcomes, a two-way ANOVA was conducted (see Figure 5.12)(Field
2013). The results indicated a significant main effect of the intervention factor
(F(1, 176) = 5.00, p = 0.03). In contrast, the practice factor did not show a
significant effect (F(1, 176) = 1.31, p = 0.25), nor was there a significant interaction
between the two factors (F(1, 176) = 0.04, p = 0.85).

To address RQ2.1, a paired t-test was conducted to compare exercise scores
between ESstand and ESrev for both the ‘M-FEI’ and ‘Conventional’ groups. The
results indicated that ESrev was significantly higher than ESstand in both groups. In
the ‘M-FEI’ group, a significant increase in the average exercise score was observed
(t(86) = 3.45, p < .01). Similarly, the ‘Conventional’ group also showed a significant
improvement (t(90) = 2.13, p = .02). The reports for both paired t-test is illustrated
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Table 5.1: Comparison of ESrev and ESstand in M-FEI and Conventional Groups.
In both groups, ESrev was significantly higher than ESstand , indicating improved
performance when learners received tailored interventions using both approaches.

Group Measure Mean t-value p-value Result

M-FEI
ESstand 4.95 3.45 (df = 86) < .01 ESrev > ESstand

ESrev 5.26

Conventional
ESstand 4.48 2.13 (df = 90) .02 ESrev > ESstand

ESrev 4.70

in Table 5.1.
Furthermore, to address RQ2.2, an independent t-test comparing ESrev across

groups revealed that the ‘M-FEI’ group outperformed the ‘Conventional’ group, with
a statistically significant difference (t(176) = 1.71, p = .04), see Table 5.2.

Table 5.2: Comparison of ESrev between M-FEI and Conventional Groups. A signif-
icant difference was observed, with the M-FEI group showing higher average perfor-
mance.

Group Measure Mean t-value p-value Result

M-FEI ESrev 5.26 1.71 (df = 176) .04 ‘M-FEI’ sig. higher
Conventional ESrev 4.70

In the additional test, 38 pupils from the ‘M-FEI’ group and 34 from the ‘Conven-
tional’ group, along with 37 pupils from a control group, participated. Their exercise
scores are presented in Figure 5.13. An ANOVA test revealed no significant differ-
ences in exercise scores among these three groups (F(2, 106) = 0.13, p = 0.88), see
Table 5.3.

5.7 Discussion

Building on the results presented in Section 5.6, this section discusses the educational
benefits of tailoring interventions using the M-FEI-based MMP estimation approach.
It then extends the discussion to consider key intervention factors that may support
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Figure 5.13: The distribution of pupils’ exercise scores in Meta-Face Agent (additional
test).

Table 5.3: ANOVA test comparing mathematical outcomes across M-FEI, Conven-
tional, and Control groups. No significant effect of the practice factor was found.

Group Measure F-value p-value Result

M-FEI ESstand 0.13 (df = 2, 106) .88 Practice factor has no effect
Conventional ESstand
Control ESstand

the development of metacognitive skills over the long-term study.

5.7.1 Educational Benefits of Launching the Metacognitive In-
tervention using M-FEI

Unlike KMA-based approaches that rely on learners explicitly articulating their con-
fidence (e.g., rating their answers as correct or incorrect), the proposed approach,
M-FEI, eliminates the need for learners to complete the JOC questionnaire during the
metacognitive intervention. Instead, it encourages learners to engage in self-reflection
on their performance by answering an open-ended prompt (‘How well do you think you
answered?’), which supports metacognitive engagement and maintains learning flow
without requiring forced-choice confidence ratings (Riku 2021). This addresses a key
challenge faced by young learners, who often struggle to articulate their confidence
levels (Harter 2012, Harris & Brown 2013, Amershi et al. 2014, Lehnert 2024).

The results for RQ2.1 underscore the educational benefits of tailoring the targeted
intervention based on both the M-FEI and KMA-based approaches. Notably, tailoring
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the intervention using the M-FEI method led to more substantial improvements in
learning outcomes, i.e., smaller p value in the t-test. This effect is particularly evident
in the analysis for RQ2.2, the comparison of standard and revised exercise scores
(ESstand and ESrev ). Results showed that the M-FEI group achieved a significantly
higher ESrev , indicating enhanced learner performance following the intervention.

Furthermore, the analyses from our study indicate that the positive influence on
mathematical learning outcomes can predominantly be attributed to the effects of the
intervention rather than to practice effects. This finding is significant as it aligns well
with existing literature that distinguishes genuine learning gains from mere practice
effects (Duff et al. 2010). These insights substantiate the efficacy of the M-FEI
approach in facilitating learners’ MMP and then boosting their mathematical learning
outcomes.

In light of these results, broader implementation of the M-FEI method is recom-
mended in educational settings where MMP is critical. Although the present study
was conducted within the context of mathematical learning, MMP is recognized as a
fundamental component across a range of educational domains. Accordingly, future
research should investigate the applicability and effectiveness of the M-FEI method
in other learning contexts, such as science education, language learning, and social
studies, to assess its generalizability and its impact on learning outcomes in disciplines
where metacognitive strategies play a central role.

The math-solving exercise in this study consisted of five questions, limiting each
pupil to a maximum of five rounds of intervention interactions. This relatively brief
exposure constrains the ability to fully assess the potential educational benefits of
the interventions. Prior research has emphasized the need for sustained and frequent
interventions to produce meaningful improvements in metacognitive skills (Dignath &
Büttner 2008). Therefore, future studies should consider implementing longer-term
interventions using M-FEI to more effectively evaluate its impact on the development
of metacognitive skills. Such investigations may offer deeper insights into the optimal
frequency and duration of interventions required to achieve measurable and long-
lasting educational outcomes.
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5.7.2 Impact of Intervention Duration and Frequency on Learn-
ing Skills

How long and how often the intervention should be delivered to learners (its duration
and frequency) so that influences its effectiveness in developing learning skills. A
long-term goal of our research is to enhance learners’ metacognitive monitoring skills,
i.e., improve their MMP even without metacognitive interventions.

In pedagogical theory, providing students more practice opportunities (for example,
encouraging them to do metacognitive monitoring based on the given prompts in
Section 5.3.1) should reinforce skills. Some prior research concluded that interventions
with more sessions in total tend to achieve larger learning effects (Dignath & Büttner
2018). This is aligned with cognitive principles, the spaced repetition (Ebbinghaus
2013), distributing more intervention practices over time yields better learning gains.
However, recent studies also claimed that more practices are not beneficial indefinitely.
The review research done by Wang & Sperling (2020) reports that there is no clear
relationship between total intervention practices and learners’ outcomes. It suggests
that the relationship between the duration of engagement with intervention practices
and learning outcomes is mixed. It is clear that extremely prolonged interventions
can suffer from waning student interest or plateauing benefits. Thus, future work to
enhance metacognitive skills should be aware of the duration of the total intervention.

Regarding the frequency of intervention sets, the evidence is also mixed. Sessions
with very high frequency (for example, daily sessions) can accelerate initial learning,
but if too intensive, they risk cognitive overload or boredom. Conversely, very low
sessions (monthly) may not provide enough opportunities to develop skills. In the
meta-analysis of Eberhart et al. (2025), there is no significant correlation between
the frequency of sessions (how many sessions per week) and interventions’ outcomes.
This implies that, within a typical duration, how many of sessions per week deliv-
ered did not systematically change the effectiveness. Thus, the extremely low or
high frequencies are generally avoided. Consider metacognitive skill development,
which involves reflection and gradual habit-building, allowing time between sessions
for students to assimilate and apply strategies in class, might actually bolster effec-
tiveness (Benjamin & Tullis 2010). The frequency of giving practices for enhancing
metacognitive monitoring should be carefully considered.
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5.8 Limitations and Future Works

A notable limitation of this study lies in the reliance on the existing validated metacog-
nitive intervention, which was specifically designed for addressing imprecise MMP.
This constraint limited the potential of the M-FEI approach, which is capable of dis-
tinguishing between precise, imprecise, and uncertain MMP categories. As a
result, the current user evaluation did not explore or implement advanced intervention
strategies that fully leverage M-FEI’s broader capabilities.

Future work should expand the scope of intervention design by developing a
broader set of metacognitive strategies that can be selected or tailored more precisely
using the feedback adapted by M-FEI. While M-FEI does not author interventions,
it can support expert educators or ITS designers in selecting and deploying appropri-
ate interventions by providing detailed, real-time indicators of learners’ metacognitive
states. Additionally, these insights can be used to trigger large language model (LLM)-
based solutions to automatically generate contextually relevant, text-based prompts
or guidance, further enriching the learning experience with personalized metacogni-
tive support. Such efforts would enhance intervention effectiveness across diverse
learning contexts and further validate the utility of M-FEI in dynamically responding
to learners’ varying metacognitive needs. Additionally, systematic evaluation of these
new interventions in varied educational settings is essential to establish their broader
potential impact on learning outcomes.

In addition, this PhD study included an inter-regional evaluation in Chapter 4
to validate the performance of M-FEI among Scottish pupils. Promising results were
observed within this population. Therefore, future work should focus on implementing
the Meta-Face Agent in the context of mathematics learning aligned with the Scottish
curriculum. In this implementation, metacognitive interventions should be tailored to
support Scottish pupils during math problem solving, informed by M-FEI’s real-time
analysis of metacognitive states. Based on the demonstrated effectiveness of M-FEI
in this study, it is anticipated that similar improvements in mathematical learning
outcomes could be achieved in broader applications within the Scottish educational
setting.
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5.9 Chapter Summary

This reported user evaluation study reveals the feasibility of interpreting facial expres-
sions to estimate MMP in children. The Meta-Face Agent was implemented to tailor
the metacognitive intervention based on both the M-FEI and KMA approaches.

Findings indicate that the intervention tailored by the M-FEI approach results in
more significant improvements in math-solving outcomes. In addition, the potential
influence of the practice effect was examined, and the results confirmed that the ob-
served gains were attributable to the metacognitive interventions rather than repeated
exposure alone.

The study also highlights the importance of considering the duration and frequency
of metacognitive interventions in the development of metacognitive skills. To this end,
a long-term training approach is recommended to more effectively foster these skills,
with careful attention to the scheduling and intensity of practice sessions.

To be clear, this work makes the following three unique contributions:

1. Implements and evaluates the Meta-Face Agent within a young learner pop-
ulation, showcasing the effectiveness of tailoring metacognitive interventions
based on both the M-FEI and KMA approaches.

2. Establishes that metacognitive interventions guided by the M-FEI approach lead
to greater improvements in mathematics problem-solving performance among
children aged 7 to 11, compared to interventions based on self-reported mea-
sures.

3. Confirms that the observed performance gains in young pupils are primarily at-
tributable to metacognitive interventions rather than practice effects, strength-
ening the causal link between intervention and learning outcomes.





Chapter 6

Conclusion

Hope is like the sun, which, as we journey toward it, casts the shadow of our burden
behind us.

— Samuel Smiles

This chapter is the conclusion of this thesis. It begins by revisiting the two main
research questions and summarizing the key findings related to each sub-question. It
then outlines the primary contributions of this PhD research, followed by a discussion
of the identified limitations. Following that, the chapter presents directions for future
work and opens questions for further investigation. In the end, it concludes with
a Looking Ahead section, which reflects on the broader educational implications of
this research and envisions how AI-driven metacognitive support systems may shape
future learning environments.

6.1 Key Findings of Research Questions

This thesis investigates two main questions, RQ1 and RQ2, and their corresponding
sub-questions are summarized below, followed by a discussion of the findings for each
question in the subsequent subsections.

139
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6.1.1 RQ1: To what extent does the metacognitive monitor-
ing performance (MMP) impact learning outcomes, and
can pupils’ MMPs be inferred from their facial cues?

6.1.1.1 RQ1.1: How does MMP influence pupils’ task scores?

This question is directly addressed in Chapter 3. The correlation analysis conducted
in Section 3.8.1 shows that pupils’ MMP positively influences their performance on
maths-related cognitive tasks. These findings extend prior research by revealing this
effect specifically in young learners aged 7 to 11 within computer-based learning
environments (CBLEs). Pupils who more accurately monitored their confidence levels
on their problem-solving processes achieved higher task scores.

6.1.1.2 RQ1.2: What facial cues have a significant correlation with MMP?

This question was addressed in Section 3.8.2. The results identify a range of facial
cues that significantly correlate with MMP, as presented in Table 3.5 and Table
3.6. Key correlated cues include inner brow raiser, brow lowering, lips parting, cheek
raising, lip corner pulling, gaze directions (up-down, left-right), head nodding, and
head movements (up-down, left-right).

Moreover, gender acts as a factor influencing these correlations. For male pupils,
significant indicators include brow lowering, eyelid tightening, lip tightening, lips part-
ing, lip corner depressor, upward gaze, and horizontal head movements. In contrast,
for female pupils, horizontal and vertical gaze shifts, as well as vertical head move-
ments, show significant correlations with MMP.

These findings are the first contribution to the growing understanding of facial
cues associated with MMP in pupils aged 7 to 11 during math-related tasks in CBLEs.
They provide valuable insights for estimating MMP through non-verbal expressions.

6.1.1.3 RQ1.3: What is the performance of the conventional approach in
estimating pupils’ MMP?

To answer this question, Section 4.7.2 presents an evaluation of a conventional
method for estimating MMP using the Knowledge Monitoring Assessment (KMA)
matrix (see Section 4.6.1). The results are the first empirical evidence revealing the
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performance of the conventional approach. It shows that the approach’s accuracy im-
proves as the number of samples in the KMA matrix increases, but eventually reaches
a plateau, indicating a saturation point in predictive performance. Additionally, the
method’s results reveal consistent accuracy across different populations, specifically
pupils from two Chinese provinces and those from Scotland, highlighting its general-
izability across diverse cultural contexts.

6.1.1.4 RQ1.4: Is it possible to estimate pupils’ MMP using deep learning
to interpret their facial expressions? If yes, does this improve MMP
estimation?

Section 4.7.5 reports ‘Yes’ to this question. It provides the first empirical support for
the feasibility of using deep learning to estimate MMP from facial expressions. The
developed Meta-Facial Expression Interpreter (M-FEI) showed superior performance
compared to random guessing, validating its capability to identify MMP states. In
comparison to the conventional KMA-based method, M-FEI achieved improved es-
timation accuracy and significantly reduced false alarms, particularly in detecting
imprecise MMP. Although its effectiveness decreased somewhat in inter-regional
validation, the model still outperformed the conventional approach in identifying
MMP and maintained a consistently low false alarm rate. These findings confirm
both the viability of the deep learning approach and its advantages over the conven-
tional approach in enhancing MMP estimation.

6.1.1.5 Summary for RQ1

The findings confirm a significant positive correlation between young pupils’ MMP and
their maths-related learning outcomes in CBLEs. However, the relationship between
facial cues and MMP is highly complex, making linear predictive models inadequate.
To address this, the deep learning-based M-FEI model was developed and shown to
effectively estimate pupils’ MMP by interpreting their facial expressions. Moreover, M-
FEI achieves higher estimation accuracy and produces fewer false alarms compared to
conventional approaches, maintaining its effectiveness even across different cultures,
as confirmed by validations in Chapter 4.
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6.1.2 RQ2: Given the established benefits of metacognitive
interventions in educational research, can interventions
tailored to MMP, as identified through facial cues, en-
hance pupils’ mathematical learning outcomes in CBLEs?

6.1.2.1 RQ2.1: Does the intervention using the M-FEI approach improve
pupils’ mathematical learning outcomes?

This question is investigated in Section 5.6, which presents the outcomes of a mathe-
matical exercise administered before and after intervention. The results show a statis-
tically significant improvement in pupils’ average scores following the metacognitive
monitoring interventions tailored by M-FEI. This finding suggests that the M-FEI
not only assists in accurately identifying MMP but also facilitates the adaptation of
timely and individualized metacognitive support, thereby enhancing their mathemat-
ical learning outcomes.

6.1.2.2 RQ2.2: How do the mathematical learning outcomes of pupils who
receive the tailored intervention using the M-FEI approach compare
with those of pupils who undergo the KMA-based approach?

This comparison is examined in Section 5.6, where two pupil groups matched for
gender, age, and mathematical performance were evaluated. The results reveal that
pupils who received tailored metacognitive monitoring interventions via the M-FEI
approach achieved significantly higher average scores than those supported by the
conventional KMA-based method. This suggests that the M-FEI approach not only
enhances young pupils’ MMP but also leads to more effective instructional support,
resulting in superior learning outcomes.

6.1.2.3 Summary for RQ2

The results support that metacognitive interventions tailored to pupils’ MMP, as
identified through facial cues using the M-FEI approach, can enhance mathematical
learning outcomes. Chapter 5 shows that pupils receiving M-FEI-guided interventions
experienced significant improvements in post-intervention mathematical performance,
illustrating the effectiveness of timely, individualized metacognitive support.
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Additionally, when compared to the conventional KMA-based approach, the M-
FEI method resulted in higher learning gains among pupils, confirming its advantage in
both accurately identifying MMP and delivering more targeted instructional support.

6.2 Key Contributions

This research involved two user studies followed by analyses of data from those studies.
This section will highlight key contributions of this project, including understanding
MMP, M-FEI, and practical implementations, with limitations discussed in the fol-
lowing section.

6.2.1 Understanding MMP through Facial Cues

Metacognitive monitoring, often described as ‘thinking about thinking,’ refers to the
internal process of evaluating one’s own understanding and performance. It often op-
erates behind the scenes, subtle and difficult to detect directly. While prior research
has attempted to link emotional experiences to metacognitive processes, identifying
correlations between certain emotions and MMP, this thesis advances that under-
standing by focusing on facial cues.

This thesis shows that learners’ facial expressions, gaze direction, and head move-
ments are not only correlated with MMP but can also serve as predictive signals.
These diverse facial cues collectively indicate that MMP is reflected by multimodal
responses. Furthermore, the relationship between facial expressions and MMP is influ-
enced by two key factors: gender and task-specific cognitive capacity. Experimental
results presented in Section 3.10.3 illustrate the complexity of this relationship and
highlight the potential advantage of employing deep learning techniques to effectively
estimate MMP from facial cues.

6.2.2 M-FEI

M-FEI represents the core contribution of this thesis. It is the first deep neural net-
work model to identify MMP through facial expressions. It was developed to estimate
precise, uncertain, and imprecise MMP and is optimized for local deployment
on low-performance devices, such as CPU-based laptops, enhancing its practical ap-
plicability while preserving learners’ privacy. By enabling all computations to run
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locally on the learner’s own equipment, the approach releases the need to transmit
sensitive facial data to external computational servers, ensuring privacy protection
without compromising performance.

Extensive numerical experiments were conducted to evaluate the effectiveness of
M-FEI. The results show that M-FEI significantly improves the identification of MMP,
achieving higher accuracy and a lower false alarm rate compared to the conventional
approach. In inter-regional validation experiments, M-FEI was first trained on data
collected from one Chinese province and then tested on data from a different Chinese
province and from Scotland. Even under these challenging conditions, M-FEI con-
sistently outperformed the conventional approach, maintaining higher accuracy and
lower false alarm rates.

This contribution also offers insight for future research: facial cues indicative of
MMP may exhibit shared patterns across different cultural contexts, suggesting a level
of cross-cultural generalizability.

Furthermore, the second user study in this research revealed the educational ben-
efits of M-FEI. Pupils achieved higher mathematical learning outcomes when guided
by interventions tailored through M-FEI, highlighting its potential to inform adaptive
learning strategies.

Given its illustrated advantages, M-FEI was exported to the ONNX format (ONNX
Community 2025), enabling platform-independent deployment. A C-sharp script was
developed to execute the model, and the implementation has been made publicly avail-
able on GitHub (github/affect2mmp 2025). Researchers can utilize M-FEI to identify
MMP via standard input/output interfaces. Importantly, M-FEI was trained on data
collected from pupils performing cognitive skill tasks, making it a flexible framework
suitable for deployment across various CBLEs, such as smart games, intelligent tutor-
ing systems (ITSs), and other interactive learning platforms. Its generalizable design
supports use in a wide range of subject areas, including mathematics, science, and
language learning, reflecting the domain-independent nature of metacognitive moni-
toring skills.
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6.2.3 Practical Implementations

6.2.3.1 Meta-Brainhood

Meta-Brainhood was developed to encourage pupils to engage in metacognitive mon-
itoring while simultaneously collecting facial recordings and log data related to their
MMP. To support broader research efforts, Meta-Brainhood is available in both Chi-
nese and English versions. This prototype can be used by future researchers to gather
facial data for further exploration of MMP.

6.2.3.2 Meta-Face Agent

The Meta-Face Agent developed in this research is an ITS designed to deliver real-
time, low-disruption metacognitive monitoring interventions to learners1. It integrates
M-FEI to dynamically tailor support based on learners’ ongoing MMP, allowing in-
terventions to be timely and contextually relevant without interrupting their learning
flow.

This prototype contributes a valuable advancement to HCI, particularly in the
domain of Child-Computer Interaction (CCI). Children often struggle to articulate
their internal cognitive states or emotions, making it difficult for traditional systems
that rely on verbal self-reports to adapt effectively. By leveraging facial cues, the
Meta-Face Agent bypasses this limitation, allowing the system to infer metacognitive
states non-verbally and respond with personalized support.

The Meta-Face Agent suggests new possibilities for both educators and researchers,
moving beyond self-reported responses toward systems that can interpret learners’
cognitive states implicitly and adjust support accordingly.

6.3 Limitations

This section outlines five key limitations of the research: the general limitation of
error in estimation, challenges in data labeling, the narrow focus on specific aspects
of MMP, and limitations related to both generalizability and subject-specific scope.

1Work related to the Meta-Face Agent is currently under peer review. The system and its
associated findings will be made publicly available upon acceptance of the corresponding publication.
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6.3.1 Limitation of Data Labeling and Measurement Validity

A primary limitation of this PhD research, as discussed in Chapter 3, lies in the reliance
on self-reported confidence ratings for data labeling. Although commonly used, self-
reported measures can be unreliable due to factors such as social desirability bias. In
such cases, participants may provide responses they believe are more acceptable or
favorable rather than accurately reflecting their internal states. This limitation may
introduce inaccuracies in the data labels, which can affect the performance of the
M-FEI method in estimating pupils’ MMP. To address this concern, future studies are
encouraged to refine data collection procedures, invite expert teachers, and consider
the inclusion of more objective indicators of learner confidence, such as physiological
signals (e.g., heart rate variability) (Liu et al. 2008).

6.3.2 Limitation of Accuracy of Proposed M-FEI

The limitation of accuracy is a broader concern common to many detection systems,
including the one proposed in this PhD research. While the M-FEI technique out-
performs the conventional KMA-based approach in terms of accuracy and reduced
false alarm rates, its estimations remain subject to occasional misclassifications. Even
small inaccuracies can lead to meaningful consequences in educational contexts. For
instance, in the estimation of MMP, there is a risk of falsely identifying learners with
precise MMP as requiring support, or failing to detect learners with imprecise MMP
who would benefit from intervention. To mitigate such risks, careful consideration is
needed in how M-FEI is applied in future systems. Rather than relying on fully au-
tomated decisions, the system could be designed to supplement teacher judgment or
trigger low-stakes scaffolds, such as providing optional reflective prompts or offering
gentle strategy reminders that do not directly affect learners’ performance evaluations.
As discussed in Chapter 4, strategies such as setting appropriate decision thresholds,
incorporating confidence scores, or implementing human-in-the-loop mechanisms may
help reduce the impact of occasional misclassifications and promote more responsible
deployment.
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6.3.3 Limitation of Narrow Temporal Focus in Metacognitive
Monitoring

The study focused on examining pupils’ MMP during reflections on completed tasks.
However, metacognitive monitoring also occurs prior to task engagement, when learn-
ers forecast their expected performance. This limitation indicates that the anticipa-
tory dimension of metacognitive evaluation was not captured, despite its potential
influence on learners’ strategic planning and academic outcomes. To achieve a more
comprehensive understanding of MMP, future research should incorporate both ret-
rospective and prospective aspects of metacognitive monitoring.

6.3.4 Limitation of Cultural Diversity

Although results from inter-regional validation suggest that the M-FEI method may
be applicable to both China and Scotland regions, the generalizability of these find-
ings remains limited. Variations in facial expressions associated with metacognitive
monitoring across different ethnic and cultural backgrounds may affect the accuracy
of MMP estimation, thereby restricting the applicability of the results to broader
demographic groups. To address this limitation, future research should incorporate
more diverse datasets, including participants from varying age groups, ethnicities, and
other demographic, economic, and social factors, to ensure that the M-FEI method
can effectively estimate MMP across a wider population.

6.3.5 Limitation of Context Constraints in User Evaluation

The user study presented in Chapter 5 was conducted within the context of math-
ematics education, where tailored metacognitive monitoring interventions were im-
plemented using both the M-FEI method and the conventional approach. Due to
resource constraints, the study was not extended to other subject areas. However,
given that metacognitive monitoring plays a vital role across various domains of learn-
ing, this represents a limitation in terms of the study’s broader applicability. Future
research should address this limitation by extending the implementation and evalu-
ation of MMP-based interventions to other subject areas, such as science, language
learning, and the subjects related to the humanities, to examine the generalizability
and effectiveness of these approaches in diverse educational contexts.



148 Chapter 6. Conclusion

6.3.6 Limitation of Intervention Duration and Frequency in
User Evaluation

Another limitation of the user evaluation study lies in the short duration and single
session of learners’ interactions with the Meta-Face Agent. In typical educational
settings, learners engage with ITS platforms over extended periods and return re-
peatedly to the learning environment, often revisiting topics and tasks at varying
frequencies to reinforce understanding through repetition. This iterative process of
spanning days, months, or even years is critical for supporting long-term learning gains
and skill development. The limited intervention in this study does not fully capture
these longer-term usage patterns, which likely influence both learners’ learning gains
and the instructional adaptations made by educators. Such long-term, repeated in-
teractions also introduce development requests to human-computer interaction (HCI)
research, necessitating more adaptive and sustained support mechanisms than the
current study.

6.3.7 Ethical Limitation

The use of systems implemented with M-FEI in schools raises important ethical ques-
tions. When applied responsibly, metacognitive monitoring can provide teachers with
insights that help them offer timely, individualized support, particularly in large class-
rooms where personal attention is limited. Used in this way, the technology empowers
pupils by fostering self-awareness and strengthening their ability to reflect on their own
learning.

Even though M-FEI is a fully local deployment model that processes data on the
device without transferring it to remote servers, ethical risks remain. Continuous
monitoring of facial expressions, gaze, and gestures could still create a sense of ex-
cessive surveillance or pressure pupils to conform to expected patterns of behavior.
To remain ethical, such systems must be used with transparency, clear educational
purposes, and safeguards that ensure they support rather than control learners.

6.4 Future Work

This section brings together some future work and questions to further investigate.



6.4. Future Work 149

6.4.1 Establish Platform for Exchanging MMP Data

Previous research, including the work of Jack et al. (2012), has demonstrated that
facial cues associated with affective states can differ markedly across cultural contexts.
These cultural variations highlight the risk of misinterpreting affective states when
facial interpretation techniques are applied without appropriate cultural calibration.
This opens a new question based on this work: How do cultural norms in emotional
expression affect the interpretation of metacognitive facial cues?

To enhance the accuracy and applicability of MMP estimation across diverse
cultural contexts, future research should focus on the creation of a collaborative
platform. This platform would serve as a repository and exchange hub for researchers
to share, compare, and standardize statistical metrics and measurements of facial
cues and other physiological signals (such as average and variance of action units,
gaze directions, and head gestures) that relate to metacognitive monitoring. Such
a resource would not only facilitate cross-cultural validation of FER techniques but
also encourage replication studies and help identify culturally specific patterns in
physiological data.

Whilst maintaining the critical design constraint of safeguarding learners’ personal
data, it remains feasible to capture and share non-identifiable behavioral indicators
through commonly available local devices. In this context, audio signals represent
a valuable yet underexplored modality that should eventually be investigated and
incorporated into the data-sharing framework. These audio data could either be
stored alongside video recordings within the same repository or shared independently
in cases where video data is subject to stricter privacy restrictions. This extension
would facilitate more comprehensive multi-modal analyses while respecting privacy
considerations.

Ultimately, these efforts would significantly enhance the generalizability and ro-
bustness of MMP estimation based on human behavior data, strengthening its rel-
evance in both educational and psychological research. Ensuring cultural sensitivity
in these methodologies is essential for improving their reliability and effectiveness in
real-world applications.
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6.4.2 Human’s Preference on Judgments of Confidence

Since self-labeled data can be susceptible to label noise, future research should priori-
tize enhancing the quality and reliability of the Affect2Metacognition dataset through
improved labeling procedures.

To address this issue, future efforts should consider involving expert tutors or
teachers in the evaluation of pupils’ JOC responses and their observed behaviors.
Expert involvement could substantially reduce the risk of label noise by offering more
objective assessments of pupils’ metacognitive states. In cases where experts disagree,
consensus discussions or averaging their assessments could help improve labeling re-
liability. Additionally, the implementation of a standardized rating framework would
further enhance the robustness of the dataset, increasing its value as a resource for
advancing the understanding and improvement of metacognitive processes in educa-
tional contexts.

Furthermore, exploring automated or semi-automated systems that assist in la-
beling while incorporating teacher insights could offer a scalable solution to balance
objectivity with resource efficiency. Such systems could potentially leverage advanced
analytics to pre-filter or suggest labels, which could then be refined or confirmed by
human experts.

6.4.3 New Metacognitive Interventions for M-FEI

Current metacognitive interventions do not take account of learners’ metacognitive
states completely, particularly instances of uncertainty (learners do not know their
confidence) regarding performance. Given the significance of addressing such uncer-
tainty, future research should prioritize the development of targeted interventions that
respond to this specific learner condition, as identified through the M-FEI method.

Additionally, findings from the second user evaluation study indicated that pupils
who had the tailored intervention using M-FEI achieved significantly higher mathe-
matical learning outcomes. This underscores the benefits of having intervention and
potential in fostering metacognitive skills for sustained learning outcomes. Future
research should investigate optimal intervention schedules and develop strategies for
providing long-term metacognitive support. This line of inquiry could benefit from
longitudinal studies that evaluate the effectiveness of such interventions over extended
periods, offering deeper insights into their potential to foster continuous learning and
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adaptive skill development.

6.4.4 New ITS for Dynamics of Learner’s Metacognition

In typical classroom environments, metacognitive monitoring often occurs sponta-
neously, without explicit prompting from educational tools. This raises a critical ques-
tion: Can expert teachers recognize instances of unstructured self-reflection through
observable changes in a student’s demeanor or facial expressions, particularly when
students persist despite limited understanding?

For example, when students advance to new content without fully grasping preced-
ing material, this behavior may reflect a form of imprecise metacognitive monitoring.
In such cases, expert teachers are often able to detect these gaps and provide timely
interventions to help students become aware of their misunderstandings, even in the
absence of formal reflective cues.

Future research should focus on capturing data that replicates this intuitive ex-
pertise demonstrated by teachers. Such data would enable ITSs to emulate expert
observations and deliver dynamic, context-sensitive support for learners’ metacognitive
monitoring. Analyzing spontaneous instances of metacognitive activity in naturalistic
learning environments may yield critical insights into learner self-reflection processes
and inform the design of more adaptive and responsive educational technologies.

6.5 Looking Ahead

Metacognitive skills develop rapidly in children between the ages of 7 and 11, a critical
period when they begin to reflect on their own thinking, assess their knowledge, set
learning goals, and make informed decisions about what to do next. Supporting the
development of these skills is essential across all educational contexts, whether in
traditional classrooms or CBLEs.

Fostering children’s metacognitive skills should be recognized as a core respon-
sibility of both educators and educational system designers. This PhD research has
illustrated that AI-based techniques can effectively support this goal by interpreting
non-verbal behaviors to adaptively provide metacognitive guidance, much like ex-
pert teachers do when evaluating their students’ self-reflections. Importantly, these
AI-driven interventions can be integrated into learning environments without com-
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promising learners’ privacy, offering timely and individualized support that enhances
both learning outcomes and the development of critical thinking skills. Moreover,
this innovation offers particular benefits for learners who face additional challenges
in learning or participation, as the AI-driven system provides unlimited patience and
consistent support, which helps to deliver significant and sustained improvements in
their educational experiences.

The contributions of this research not only alleviate some of the pressures faced
by teachers in cultivating metacognitive skills but also offer them a complementary
tool to better support children’s learning journeys.

Looking forward, as CBLEs become increasingly prevalent and accessible, the
integration of AI-driven metacognitive support systems holds significant promise for
transforming educational practices on a broader scale. Future work will expand this
research by exploring multi-modal data sources, including audio signals and contextual
behavioral cues, to provide even more nuanced and effective support for learners.
Additionally, these technologies will be extended to support a wider range of learning
contexts beyond mathematics, including language acquisition, science education, and
other subject areas where metacognitive skills play a vital role. Ultimately, this line
of inquiry aspires to make personalized, metacognitively aware learning experiences
available to all children, empowering them to become more independent, reflective,
and capable learners in an increasingly complex world.
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