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ABSTRACT

This doctoral research investigates the interplay between
cognition, affect and metacognition (CAM) in students’ en-
gagement with machine learning (ML) tasks in computer-
based learning environments. While prior work has exam-
ined these CAM processes, limited research has explored
how they dynamically interact during complex, data-driven
problem-solving. To address this gap, this work proposes the
design and development of a tutoring system (ML-Tutor)
to teach Machine Learning. This system captures learn-
ers’ interactions and identifies the affective and metacogni-
tive processes while learning. The research conceptualizes
metacognition as embedded within the learning activity and
operationalizes it through planning, monitoring, and con-
trol processes. A preliminary paper-and-pencil study has
informed the design of tasks, prompts, and data collection
strategies, demonstrating the feasibility of eliciting multi-
modal traces of learner activity. This work is ongoing, with
current efforts focused on developing the CBLE, refining the
analytical framework, and identifying suitable units of anal-
ysis for studying temporally unfolding learning processes.
Feedback is sought on the conceptual framing, operational-
ization of metacognition, and methodological approach for
analyzing multimodal data.
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1. INTRODUCTION

Student engagement is widely recognized as a core compo-
nent of learning outcomes, particularly in complex, open-
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ended domains that require sustained effort and self reg-
ulation. Some perspectives conceptualize engagement as a
multidimensional construct encompassing behavioral, cogni-
tive, and affective components, each contributing uniquely
to learning processes ([12, 5, 13]). In recent years, this view
has been extended to emphasize the dynamic and situated
nature of engagement, where learners’ involvement fluctu-
ates over time in response to task demands, contextual fac-
tors, and internal states ([20]). This shift toward process-
oriented understandings of engagement has become espe-
cially relevant in computer-based learning environments, where
data enables the study of engagement as it unfolds in real
time [2].

Affective Engagement

Affective engagement [19] has emerged as a critical dimen-
sion of learning, particularly in computer-based learning en-
vironments where learners interact with complex, open-ended
tasks. Affective states are not merely byproducts of learning
but play a constitutive role in influencing attention, persis-
tence, and strategy use [7]. As such, understanding affective
engagement is essential for designing learning environments
that can support productive learning trajectories. With the
integration of machine learning techniques, [17] detecting
affect is possible in more authentic environments. Within
the context of educational data mining, affect detection has
relied on multimodal learning analytics, enabling richer rep-
resentations of learners’ experiences across cognitive and be-
havioral dimensions [16]. Current affective computing sys-
tems largely treat affect as an observable signal to be de-
tected and responded to, with limited consideration of its
interaction with cognitive processes during problem solving
[17].

Affect, Cognition and Metacognition

The relationship between affect and cognition is central to
understanding self-regulated learning [6]. Efklides’ Metacog-
nitive and Affective Model of Self-Regulated Learning [8]
(MASRL) conceptualizes this interaction by linking cogni-
tive processing, metacognitive monitoring, and affective ex-
periences such as effort, difficulty, and confidence. Within
this framework, affect actively shapes learners’ judgments,
strategy use, and regulation during task engagement. Re-
cent work has further emphasized the importance of captur-
ing these processes through fine-grained, multimodal data,
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demonstrating that understanding self-regulated learning re-
quires integrating trace data, self-reports, observable inter-
action data [11, 9, 10]. There also is a dynamic and tem-
poral nature of affect and metacognitive processes during
learning. Studies have shown that learners’ emotional states
evolve over time and are closely tied to regulation and task
performance [15]. However, there is limited research that
integrates cognition, metacognition, and affect to provide a
holistic understanding of learning processes. One key chal-
lenge lies in the multimodal nature of data collection. Affec-
tive states are often captured using modalities such as facial
expressions, while cognitive and metacognitive processes are
typically inferred from interaction data such as clickstreams.
Integrating these heterogeneous data sources remains com-
plex.

Addressing the challenge of integrating the multi-
modalities can enable a more comprehensive mod-
eling of learner behavior. Such integrated models
have the potential to better capture the dynamics
of learning and support the design of more effec-
tive, personalized scaffolding strategies in computer-
based learning environments.

2. OUR WORK

Our work is situated in the context of machine learning
(ML) education for school students. The focus is on de-
veloping a foundational understanding of core ML concepts
such as classification, features, and similarity-based reason-
ing through accessible, real-world analogies and interactive
activities. The learning tasks are designed to progressively
move from intuitive understanding to structured reasoning.
For instance, students engage with classification problems
using everyday categories (e.g., fruit, objects) before tran-
sitioning to simplified representations of algorithms such as
K-Nearest Neighbors (KNN). These tasks are intentionally
designed to surface cognitive challenges and uncertainty, cre-
ating opportunities to observe how learners respond to dif-
ficulty in emerging domains such as ML.

The following research goals (RG’s) were formulated:

1. To investigate how pedagogical approaches for teach-
ing classification, feature identification, and similarity-
based reasoning can be translated into a CBLE.

2. To design and develop a CBLE that embeds oppor-
tunities for eliciting and capturing learners’ cognitive,
metacognitive, and affective processes during task en-
gagement.

Paper-Pencil Based Intervention

A preliminary paper-and-pencil study was conducted to study
the feasibility of creating a CBLE aligning with RG 2. The
study involved school students in the age group of 11 - 14,
engaging with introductory machine learning (ML) concepts
through structured activities focused on classification and
similarity-based reasoning.

Pedagogical Design and Methodology

This is called K-Nearest Neighbors.

K means how many neighbors we check.

What s the K in above example, why?

Figure 1: Excerpts from Paper-and-Pencil Intervention

The instructional content was adapted from the CBSE Arti-
ficial Intelligence curriculum for grades 6-8, ensuring align-
ment with age-appropriate learning objectives and prior ex-
posure. Interactive tools such as Teachable Machine [4] were
incorporated to enable students to train and test simple
models, making abstract processes visible and manipulable.
Students then engaged in structured activities like solving
classification problems using tabular patient data, requiring
them to identify relevant features, compare instances, and
make decisions using nearest-neighbor logic. These activi-
ties were followed with reflective prompts (e.g., “How are you
feeling?”) and self-report checklists in the end to encourage
monitoring of effort, difficulty, and persistence.

The affective self-report items were adapted from established
instruments, the Self-Assessment Manikin (SAM Manikin)
and Semantic Differential Scales [3], which have been widely
used to capture affective responses in learners of comparable
age groups (11 to 14 years). The study was conducted with
eight (N = 8) participants aged 11 to 14. This design inten-
tionally integrates cognitive engagement with opportunities
for metacognitive reflection and affective expression, while
also serving as a preliminary exploration of how such task
structures and measures may be adapted for implementation
within a computer-based learning environment.

Data Collection Strategy

Prior to data collection, formal ethics approval was obtained
from the Institute’s Ethics and Review Board. Informed
consent was obtained from guardians, and assent was ob-
tained from participating students. A multi-source data
collection approach was adopted to capture learners’ cogni-
tive and affective experiences during task engagement. Data
sources included students’ responses to structured worksheets
(Ref. 1) and embedded self-report measures capturing af-
fective states such as effort, difficulty, and persistence. The
instructional material was organized into discrete activities,
with affective self-reports using the Self-Assessment Manikin
(SAM) [3] administered at the end of each activity to cap-
ture affect at multiple points during the learning process 3
In addition to self-reports, video recordings of participants
were collected to enable analysis of behavioral and physi-
ological signals. These recordings allow for the extraction
of heart rate using remote photoplethysmography (rPPG),
a non-contact method for estimating physiological signals
from facial videos [21, 18, 1]. To support temporal align-



Figure 2: Student Participant

ment, the teacher maintained timestamps corresponding to
each activity, enabling synchronization of video, self-report,
and task data. This multimodal and temporally structured
design provides a foundation for examining how affective
states, cognitive processes, and physiological indicators co-
occur during different phases of task engagement.

Preliminary Observations

While no formal analysis has been conducted, the collected
multimodal data provides an initial basis for exploring rela-
tionships between cognitive processes, affective experiences,
and physiological indicators such as heart rate (rPPG), in-
forming the design of a subsequent computer-based learning
environment.

3. CBLE AND EMBEDDED METACOGNI-
TION

The next phase of our research involves the design of an
adaptive computer-based learning environment (CBLE) that

embeds metacognitive processes within task interaction. Rather

than treating metacognition as an external construct mea-
sured through post-hoc reports or think-aloud protocols, this
work conceptualizes metacognition as an activity that is en-
acted during learning.

In this work, metacognition is operationalized through three
core processes: planning, monitoring, and control [14]. The

CBLE will incorporate explicit support for planning by prompt-

ing learners to articulate their approach before attempting
a task. For example, learners may be asked to identify which
features are relevant for a classification problem or to select
a strategy for solving it. These prompts are designed to pro-
vide observable indicators of how learners prepare to engage
with machine learning tasks. Such interactions allow plan-
ning to be captured as part of the learning process rather
than inferred retrospectively. Monitoring processes will be
embedded through periodic prompts and checkpoints during
task engagement. These include self-reports of perceived dif-
ficulty, effort, and confidence, as well as affective indicators
captured through instruments such as the Self-Assessment
Manikin. Artifacts for monitoring such as an interactive
clock and progress bar will also be available. By integrating
these prompts within task flow, the system captures learn-
ers’ moment-to-moment awareness of their cognitive and af-
fective states. Control processes will be inferred from learn-
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What o you think?
“The computer compares what it sees
with what it has already leamed.”

How is the AI Classifying?
‘What features are being used?
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Figure 3: Student Work

ers’ interactions with the system, including actions such as
revisiting problems, modifying responses, switching strate-
gies, and persisting after incorrect attempts. These behav-
iors provide observable evidence of how learners regulate
their learning in response to perceived difficulty or feed-
back. By capturing these actions alongside planning and
monitoring data, the system enables the examination of how
metacognitive regulation unfolds during task engagement.

These processes will be integrated within the CBLE consist-
ing of a domain module, a pedagogical module, and a learner
module. The domain module will structure machine learning
tasks such as classification and, in future iterations, cluster-
ing. The pedagogical module will orchestrate prompts and
scaffolds that elicit planning, monitoring, and control. Con-
tent will be in the form of text, videos, and interactive an-
imations. The assessment will include MCQ’s, MSQ’s and
descriptive questions. The learner module will capture mul-
timodal data, including task performance, self-reports, and
physiological signals, enabling the construction of tempo-
rally aligned traces of learner activity. Together, this de-
sign provides a foundation for studying how metacognitive
processes are enacted and how they relate to cognitive and
affective dynamics during learning.

4. FEEDBACK SOUGHT

a. Theoretical-Operational Alignment: The adequacy of the
proposed conceptualization of affect, cognition, and metacog-
nition, particularly the alignment between the MASRL in-
spired cognitive—affective loops and their operationalization
through multimodal indicators. Whether the mapping from
latent constructs (e.g., perceived difficulty, confidence, reg-
ulatory control) to observable features is sufficiently well-
specified and theoretically defensible.

b. Unit of Analysis and Temporal Segmentation: The valid-
ity and analytical utility of defining these affecto-metacognitive
episodes as the primary unit of analysis in computer-based
learning environments, including the proposed criteria for
segmenting continuous interaction data into episodes and
the implications of segmentation choices for modeling tem-
poral dynamics and cognitive—affective coupling.

5. CONCLUSION

This work outlines a research trajectory for studying the
dynamic interplay between affect, cognition, and metacog-



nition in ML learning environments through the design of
an adaptive tutoring system. The preliminary study in-
forms this direction, with future work focusing on refining
the analytical framework and leveraging multimodal data
from CBLEs to examine learning processes at a finer tem-
poral level.
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