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Learner behaviours often provide critical clues about
learners' cognitive processes. However, the capacity
of human intelligence to comprehend and intervene in
learners' cognitive processes is often constrained by the
subjective nature of human evaluation and the challenges
of maintaining consistency and scalability. The recent
widespread Al technology has been applied to learn-
ing analytics (LA), aiming at a more accurate, consistent
and scalable understanding of learning to compensate
for challenges that human intelligence faces. However,
machine intelligence has been criticized for lacking con-
textual understanding and difficulties dealing with com-
plex human emotions and social cues. In this work, we
aim to understand learners' internal cognitive processes
based on the external behavioural cues of learners in a
digital reading context, using a hybrid intelligence (HI) ap-
proach, bridging human and machine intelligence. Based
on the behavioural frameworks and the insights from
human experts, we scope specific behavioural cues that
are known to be relevant to learners' attention regulation,
which is highly relevant for learners' cognitive processes.
We utilize the public WEDAR dataset with 30 subjects'
video data, behaviour annotation and pre—post tests on
multiple choice and summarization tasks. We apply the
explainable Al (XAl) approach to train the machine learn-
ing model so that human evaluators can also understand
which behavioural features were essential for predicting
the usage of the cognitive processes (ie, higher-order
thinking skills [HOTS] and lower-order thinking skills
[LOTS]) of learners, providing insights for the next-round
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feature engineering and intervention design. The result
indicates that the dominant use of attention regulation
behaviours is a reliable indicator of low use of LOTS
with 79.33% prediction accuracy, while reading speed
is a valuable indicator for predicting the overall usage of
HOTS and LOTS, ranging from 60.66% to 78.66% ac-
curacy, highly surpassing random guess of 33.33%. Our
study demonstrates how various combinations of behav-
ioural features supported by HI can inform learners' cog-
nitive processes accurately and interpretably, integrating
human and machine intelligence.

KEYWORDS

hybrid intelligence (HI), explainable Al (XAl), behaviour analysis,
cognitive processes, digital reading, attention regulation
behaviours

Practitioner notes

What is already known about this topic

* Human attention is a cognitive process that allows us to choose and concentrate
on relevant information, which leads to successful learning.

* In affective computing, certain behavioural cues (eg, attention regulation behav-
iours) are used to indicate learners' attentional states during learning.

What this paper adds

+ Attention regulation behaviours during digital reading can work as predictors of dif-
ferent levels of cognitive processes (ie, the utilization of higher-order thinking skills
[HOTS] and lower-order thinking skills [LOTS]), leveraged by computer vision and
machine learning.

» By developing an explainable Al model, we can predict learners' cognitive pro-
cesses, which often cannot be achieved by human observations, while under-
standing behavioural components that lead to such machine decisions is critical.
It can provide valuable machine-driven insights into the relationship between hu-
mans' external and internal states in learning.

» Based on the frameworks spanning cognitive Al, psychology and education, ex-
pert knowledge can contribute to initial feature selection and engineering for the
hybrid intelligence (HI) model development and next-round intervention design.

Implications for practice and/or policy

» Human and machine intelligence form an iterative cycle to build a HI to understand and in-
tervene inlearners' cognitive processes in digital reading, balancing each other's strengths
and weaknesses in decision-making. It can eventually inform automated feedback loops
in widespread e-learning, a new education norm since the COVID-19 pandemic.

» Our framework also has the potential to be extended to other scenarios with digital
reading, providing concrete examples of where human intelligence and machine
intelligence can contribute to building a HI. It represents more systematic supports
that apply to real-life practices.
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INTRODUCTION

Digital technologies have transformed how we engage with educational materials (Jarvela
etal., 2021). With the increasing use of digital texts in formal and informal education (Hussain
etal., 2015), understanding learners’ cognitive processes in digital reading has become more
critical (Shaughnessy, 2020). It is a foundation for learning analytics (LA) and designing
timely and effective interventions for learners who engage in digital reading (Wang, 2018).
However, sensor-based laboratory experiments often used in LA challenge evaluating learn-
ers' natural cognitive processes by changing the nature of real-life digital reading and the
ecosystems with intrusive sensor implementations (Li et al., 2016) and experimental design.
In this sense, our work aims to bridge learner behaviours and their cognitive states in real
life, leveraged by Al technologies, with a multimodal WEDAR dataset (Lee & Specht, 2023b)
that premises a real-life digital reading with a webcam-based framework.

The existing approaches to digital reading assessment on cognitive dimension have
predominantly relied on eye trackers (Bixler & D'Mello, 2016; Hutt et al., 2019). It is be-
cause indicators, such as pupil dilation (Wang, 2011), fixation and saccades (Salvucci &
Goldberg, 2000), work as objective and solid cues for understanding learners' cognitive
states, supported by previous work. At the same time, reading is a straightforward task with
regular eye movement patterns (eg, character-level fixations (Yan et al., 2022), scanning and
skimming (Liu, 2012), area of interest (AOI, Popa et al., 2015), number of blinks (Roschke
& Radach, 2016), re-reading (ChanLin, 2013)), making it a solid indicator of evaluating the
cognitive demands in digital reading. Various multimodal indicators, such as video data
(eg, valence, arousal (Wang, 2018)) and multiple layers of log data (eg, mouse dynamics
(Li et al., 2016)), have been combined with other features for the more multidimensional
understanding of learner states and learning. However, feature-based analysis has suffered
from lacking standards for defining ideal learner features, which is often the case for digital
reading analytics, too (Wang, 2018).

Based on multimodal LA, learners' cognitive states, such as mind-wandering (Bixler &
D'Mello, 2016; Hutt et al., 2019), switches of internal thoughts (Huang et al., 2019), working
memory (Li et al., 2016) and affects (eg, valence, arousal (Wang, 2018)) have been the
target of previous analyses. In the process, self-reported data showing learners' subjective
perceptions about their learning and experts' observations have often been used as ground
truths for machine reasoning (Lee, Limbu, et al., 2023). In this context, different physiological
patterns found in learners with and without successful learning outcomes have been targets
of the machine learning model training in previous work (Liu et al., 2023).

Models from the previous framework aimed at finding critical features that are automat-
ically learned in the model training processes in optimal ways, focusing on the accuracy of
models. However, due to the non-explainable nature of black-box Al applied in the previous
frameworks (Gohel et al., 2021), there is a growing need for explainable Al (XAl) in educa-
tion to understand the reasoning behind the model's decision (Alonso & Casalino, 2019),
which is often fundamental objectives of LA; thus, practitioners can act upon the analysis
and further design and implement relevant interventions.

To address the limitations of previous research, our work aims to bridge the gap by uti-
lizing a non-intrusive computer vision approach and developing an XAl model for cognitive
process assessment based on learners' behaviours in digital reading. This approach identi-
fies and analyses critical features to predict learners' cognitive processes. Our model offers
significant support to learners by providing insights into their cognitive processes, a capabil-
ity beyond the reach of human educators alone. By linking these LA results to interventions
supported by human educators' insights, digital reading can benefit from a human-Al col-
laborative intervention loop at scale, where both human and machine intelligence contribute
their unique strengths to enhance learning outcomes.

sdiy) SUORIPUOD pue WS | 8L 39S *[S202/20/.T] U0 ArIqiTauliuo A|Im ‘Hiea ANSBAIUN [eoluyoe ] Aq TSSET BIG/TTTT'0T/I0pAW0d Ao 1M AReiqipuljuo'S fpuIno e seq)/:sdny Woiy papeojumoq ‘0 ‘SES8L9YT

PUR-SWLIB)W0Y A3 | I,

35UB017 SUOLLLLIOD dA1IeaID) 3|qedt|dde au Ag pausenob ae sapiie YO ‘8sn Jo Sajni 1oy Akeiqi auljuQ As|IAn Uo (suonipt



British Journal of
4 | Educational Technology LEE ETAL.

We focus on digital reading since, especially in higher education, the significance of dig-
ital reading is substantial, as learners are required to independently process, comprehend,
retain and apply knowledge gained through reading as part of their regular coursework.
Digital reading directly influences learning outcomes, self-efficacy and overall academic
success (Lee, Migut, & Specht, 2023b). Traditionally, post hoc analysis using log data has
been employed to assess digital learning interventions (Jivet et al., 2018). However, with the
rise of technology-enhanced learning (TEL) approaches—supported by sensing and ma-
chine learning technologies—there have been advancements in real-time LA and person-
alized learning support. Despite these technological developments and the critical role of
digital reading in higher education, the design and implementation of interventions for digital
reading remain limited (Lee, 2024).

Also, digital reading involves distinct cognitive demands compared to traditional reading,
such as multitasking, visual scanning and interactive features. These differences can af-
fect comprehension and retention, increasing the cognitive load (Briiggemann et al., 2023).
Moreover, digital environments with various platforms and peripheral devices allow for
personalized feedback and behavioural tracking, enabling TEL-based interventions (Lee,
Limbu, et al., 2023). In this context, our study explores how these unique aspects of digital
reading impact learners' cognitive processes, specifically in utilizing higher-order thinking
skills [HOTS] and lower-order thinking skills (HOTS) and lower-order thinking skills (LOTS).

Below, we articulated three research questions that we focused on in our study.

* RQ1. How can learners be clustered based on their use of cognitive processes during
digital reading to inform intervention design?

By addressing the first research question, we aimed to identify how learners can be
clustered based on their cognitive processes (ie, HOTS and LOTS) to guide the design of
personalized, data-driven interventions tailored to their specific learning needs. We imple-
mented and compared two clustering methods—statistical and unsupervised—that were
linked to different behavioural cues and thus can inform different targeted intervention strat-
egies for each learner segment.

* RQ2. How can an automated system evaluate learners' use of cognitive processes during
digital reading while incorporating human insights for more effective interventions?

The second research question focused on exploring how machine learning models can
assess learners' cognitive skills at scale, while also integrating human expertise to enhance
the effectiveness and personalization of interventions. To answer this, we developed XAl
models that accurately predict learner clusters with an explainable decision-making pro-
cess, making it possible to scale more personalized interventions.

* RQ3. What key behavioural indicators can machines use to predict learners' cognitive
processes and form an iterative cycle between human-machine intelligence?

The final research question sought to identify the key behavioural indicators that predict
different cognitive processes, enabling a continuous cycle of machine-driven insights and
human interventions. This approach facilitates the development of expert-informed inter-
ventions alongside automatic cognitive process predictions, enhancing the digital reading
experience.

All in all, this work suggests a hybrid intelligence (HI) framework for human attention
analysis in digital reading (see Figure 1). As suggested as an essential challenge for future
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FIGURE 1 Our approach aimed at building a hybrid intelligence (HI) in digital reading by introducing a
behaviour-based cognitive Al framework. Human intelligence provides the first insights for machine model
training, while machines can achieve behaviour-based cognitive process prediction, which human evaluators
cannot achieve. Humans investigate and interpret the explainable model to gain insights for the next-round LA
and intervention design.

Al applications in education (Molenaar, 2022), we strived to balance the human insights
from the experts and understand critical components for machine reasoning via the XAl
approach. Our framework is (1) based on the behaviour-based frameworks. (2) Using human
experts' insights, we select behavioural features that we hypothesize to correlate with human
attention for the machine learning model training. (3) We take the XAl so that we can trace
behavioural features for predicting learners' cognitive processes. (4) Using the model, we
evaluate the internal states of learners via external behavioural cues and make the predic-
tion automatically at scale, which has been a common challenge that human educators face
in providing real-life e-learning support. Also, the results of the analysis could be linked to
the next-round intervention design, where human intelligence can occur in iteration next to
the machine's decisions.

THEORETICAL BACKGROUND

In this section, we investigate various behavioural indicators known to be directly and in-
directly correlated to learners' attention that construct our behaviour-based framework. As
illustrated in Figure 2, we mainly utilize the dataset and framework of learners' attention
regulation investigated in a real-life digital reading scenario (Lee et al., 2022). We leveraged
the XAl approach to understand learners' cognitive processes, especially the utilization of
HOTS and LOTS on various levels during digital reading, representing distinct levels of cog-
nitive engagement, from basic information recall to complex analysis and synthesis, reflect-
ing how learners process and apply knowledge.
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FIGURE 2 Ourframework is based on the revised Bloom's taxonomy (Krathwohl, 2002), which has

HOTS and LOTS as components of learners' cognitive processing. Using decision trees, we strived to predict
learners' HOTS and LOTS based on attention regulation behaviours (Lee et al., 2022). We tried to understand
the reasoning behind the model's decision to find the critical behavioural components for predicting different
levels and combinations of learners' cognitive processing. HOTS, higher-order thinking skills; LOTS: lower-order
thinking skills.

Current XAl approaches in Al in education (AIED)

XAl is an emerging topic, especially in areas where the reasoning behind decision-making
is especially critical (eg, healthcare, law, autonomous driving (Alonso & Casalino, 2019;
Richmond et al., 2024)). In education, LA and educational data mining (EDM) are two areas
where Al-driven approaches commonly take place for various stakeholders (eg, teachers,
tutors, students and managers (Khosravi et al., 2022)) for collecting, processing, exploit-
ing and reporting the learning data (Alonso & Casalino, 2019). However, while machine
learning models can successfully assist and complement humans in tasks with classifica-
tion, regression, clustering, transferring and optimization capabilities, black-box Al has a
limitation in that researchers do not directly understand the reasoning behind the models'
decisions (Cukurova et al., 2020). Therefore, understanding the specific task in feature engi-
neering and result interpretation from human experts has been considered critical (Khosravi
et al., 2022) while the limited explainability of models still raises ethical and trustworthiness
issues for educational applications, lacking transparency, trust and fairness in machine-
based decision-making (Gohel et al., 2021). Therefore, various XAl frameworks have been
introduced in educational research, focusing on revealing the feature dominance, correlation
among features used for the training, the reasoning behind predictions (Gohel et al., 2021)
and sources of noise in the decision-making (Khosravi et al., 2022).

Khosravi et al. (2022) have suggested a framework of XAl in Education (XAI-ED) that
aligns the needs of stakeholders, interfaces and Al models. Various XAl approaches in
education, such as the generalized additive model (GAM) with a linear relationship between
independent and dependent variables (Dikaya et al., 2021), the decision tree model with a hi-
erarchical structure, a rule-based model with conditional statements, the clustering method
with specific data patterns and natural language processing with data cross-validations
among learning data have been introduced. Gohel et al. (2021) introduced various XAl ap-
proaches and made baseline comparisons of different state-of-the-art methods with multiple
modalities and features through a survey. In the work, XAl applications have been explained
as transparent methods (eg, Bayesian model, decision trees, linear regression, fuzzy infer-
ence systems), explaining superficial relationships among features, while post hoc methods
(eg, LIME, perturbation, LRP, SHAP) for the task with higher data complexity. Alonso and
Casalino (2019) have suggested the GUI web-based ExpliClas, which provides text descrip-
tions and a dashboard with data visualizations regarding the feature use and recommen-
dations. Cukurova et al. (2020) implemented a decision tree to find critical features among
learners' listening, watching, making, and speaking behaviours to predict and understand
collaborative problem-solving competencies.
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All in all, the general focus has been finding XAl implementation opportunities in edu-
cation with model comparisons and platform suggestions. However, according to our best
knowledge, neither XAl in behaviour analysis (ie, learners' external states) for understand-
ing learners' cognitive processes (ie, learners' internal states) nor XAl for digital reading ap-
plications has yet to be attempted. It is essential for the rapidly growing necessity of LA and
feedback loop design for real-life digital reading, supported by widespread computer vision,
which we fundamentally aim to foster in line with hybrid human and machine intelligence.

Our contributions to the Hl in education

HI in education is an emerging area that aims to integrate human capabilities—such as
adaptability, collective productivity, socio-emotional skills and self-regulation throughout
learning—with Al (Jarvela et al., 2023). Cukurova (2024) highlighted several limitations in
the current AIED field, including (1) an excessive focus on the effectiveness of specific Al
models, which fails to capture the complexity of educational processes; (2) the potential for
dehumanizing education through automation and prioritizing data collection; (3) reduced
student motivation when interacting with Al tools, which limits their benefits; and (4) a lack of
attention to social and cultural dimensions, as Al introduces a new educational ecosystem.
In response, the HI approach has been proposed to address Al shortcomings in educational
contexts (Cukurova, 2024).

While existing Al models have limitations in fully explaining learning processes, HI holds
promise for bridging the gap between LA and key educational areas like feedback, moti-
vation, awareness and learner contributions (Cukurova, 2024). Also, Molenaar (2022) em-
phasized developing collaborative, adaptive, responsible and explainable HI, which bridges
human cognition and AIED. To strengthen the theoretical framework, we build on existing
HI frameworks, behavioural LA and learners' cognitive dimensions, aiming to address gaps
in the current literature. Building on the work of Jarvela et al. (2023), who developed an Hl
model to understand cognitive self-regulation in collaborative learning through a hybrid hu-
man-Al shared regulation in learning (HASRL) model, our study extends this understanding
to the mental processes and self-regulation of learners in independent digital reading sce-
narios, understood via behavioural cues. All in all, by utilizing the HI approach, our potential
contributions to the AIED in digital reading are listed below.

1. Simple understanding of learners' cognitive processes through behavioural cues: Our
study represents the first attempt to apply XAl to understand learners' cognitive
processes in digital reading. We can grasp complicated cognitive processes via
combinations of observable learner behaviours and simple webcam implementation.
By using our behaviour-based cognitive process predictions with the XAl approach,
we can identify critical behavioural indicators for the machine predictions. Traditionally,
LA on learners' cognition has been done via dedicated biosensors, such as an eye
tracker (Liu et al., 2023). It has challenged educational researchers with complicated
hardware implementations, hindering learning processes in real life with intrusiveness.
Moreover, combinations of multimodal data streams with different granularity and
black-box models often challenged the alignment of the LA and intervention design
due to complex and uninterpretable machine decisions. However, our webcam-based
behaviour analysis with XAl directly reveals the relationship between semantically
understandable behavioural cues and learners' hidden cognitive processes in learning
without destructiveness.

2. Future extension of the framework to intervention strategies and interaction design: Using
the XAl approach, we strived for a semantic understanding of the influential features of
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machine reasoning with objectivity and scalability. Understanding prediction mechanisms
related to different cognitive processes of individuals provides valuable insights to instruc-
tional designers for more concrete and adaptive intervention plans (Khosravi et al., 2022).
For instance, the framework can extend to diverse learning strategies and interventions
for digital reading. Our framework can connect diverse interfaces with various feedback
strategies (eg, conversational agents), successfully closing the feedback loop with learn-
ing's behavioural, cognitive and affective enhancements.

Understanding learners' cognitive processes: Use of HOTS and LOTS
in digital reading

Understanding how learners utilize different thinking skills is crucial for gaining insight
into their cognitive processes (Krathwohl, 2002). These skills shape the pace (Tanujaya
et al., 2017) and effectiveness (Heong et al., 2011) of learning. Krathwohl's (2002) revised
Bloom's taxonomy identifies HOTS and LOTS as essential cognitive objectives. LOTS in-
clude remembering, understanding and applying knowledge, while HOTS involve analysing,
evaluating and creating (Qasrawi & BeniAbdelrahman, 2020). Despite their critical role in
understanding cognitive processes, there remains a gap in research that links these cogni-
tive dimensions to HI using behavioural frameworks, especially within digital reading con-
texts. Addressing this gap serves as the main motivation for our study, which has never been
attempted, according to our best knowledge.

We hypothesize that the distinct nature of HOTS and LOTS can be observed through
behavioural cues, such as attention regulation, which correlate with distraction and attention
management (Lee et al., 2022; Lee & Specht, 2023a). Through an Explainable Al (XAl) ap-
proach that emphasizes behaviour-based prediction, we aim to identify critical behavioural
markers—such as the prominence of attention regulation behaviours, reaction time, and
reading speed—that could serve as observable indicators of HOTS and LOTS during digi-
tal reading. This understanding can guide practitioners in designing targeted interventions
based on learners' cognitive processes and their external behaviours.

Our study uses Krathwohl's framework to categorize thinking skills into LOTS (ie, re-
membering, understanding, applying) and HOTS (ie, analysing, evaluating, creating). LOTS
support foundational cognitive processes, often relying on short-term memory, and are as-
sessed through simple question formats (Abosalem, 2016; Narayanan & Adithan, 2015).
HOTS, in contrast, involves deeper analysis and synthesis, enabling long-term retention
and knowledge transfer (Mainali, 2012; Qasrawi & BeniAbdelrahman, 2020). Understanding
learners' cognitive processes is complex, as some students may excel in LOTS but strug-
gle with HOTS, while others may exhibit the opposite pattern (Abosalem, 2016; Qasrawi &
BeniAbdelrahman, 2020). Therefore, recognizing the varied use and interplay of HOTS and
LOTS is crucial for researchers and educators, as it enables the design of tailored interven-
tions that address different cognitive needs, fostering personalized learning experiences
that better support each learner's development.

Behaviour-based framework for evaluating learners' HOTS and LOTS
in digital reading

This study identifies critical features from existing behavioural frameworks that we hypoth-
esize are correlated with learners' HOTS and LOTS, using human expertise and domain
knowledge. Our primary focus is on learners' behavioural traits that can inform the design of
subsequent interventions, specifically: (1) the dominance of attention regulation behaviours,
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(2) the expressiveness of attention regulation behaviours, (3) reaction time to secondary blur
stimuli and (4) reading speed. These indicators have previously been explored as direct and
indirect cues for understanding learners' cognition in digital reading contexts.

Attention regulation behaviours

Lee et al. (2022) focused on behaviours that have been defined as voluntary and spontaneous
actions of learners to regain attention, especially during digital reading context: behaviours in
eyebrows (eg, raising, bringing together), blinks (eg, blink flurries, voluntary prolonged blink),
mumble (eg, mumble reading), hand (eg, touching body and or face) and body (eg, adjusting
position and or angle of torso, arm). Those behaviours were correlated with self-aware dis-
tractions in digital reading, which provides essential context for the automatic attention regu-
lation behaviour recognition leveraged by video-based distraction recognition (Lee, Migut, &
Specht, 2023a). Also, attention regulation behaviours were understood as help-seeking be-
haviour of self-regulated learning (SRL) that involves phases of goal-setting, self-monitoring,
help-seeking and self-evaluating, where intervention can greatly assist learners with strate-
gic approaches (Jarvela et al., 2023; Zimmerman & Moylan, 2009). Based on the framework
of Lee et al. (2022) as a foundational framework and the public WEDAR dataset, we develop
an XAl model to find which specific attention regulation behaviours inform learners' usage of
HOTS and LOTS in digital reading. Our primary aim was to fill the knowledge gap in LA and
intervention design. We implemented a behaviour-based XAl approach because traditional
black-box models do not clearly explain the reasoning behind their decisions, which is essen-
tial for informing intervention strategies. By identifying specific behavioural patterns linked
to cognitive processes, we enable human educators to design more effective instructional
strategies and integrate them with automatic feedback systems.

Please note that in the feature engineering process, we focused on behavioural patterns
identified in the literature, hypothesizing that these patterns correlate with cognitive pro-
cesses during digital reading. While it is still unclear whether attention regulation behaviours
cause or result from attention loss, they are consistently linked to self-reported attention
lapses, making them valuable cues for post hoc intervention timing. We consider these
behaviours as indicators of ‘perceived’ cognitive states that signal the need for intervention
based on previous work (Lee et al., 2022). By assuming that attention regulation affects
cognitive engagement differently, we aim to refine our interventions through iterative post
hoc analysis to address these cognitive states better.

Dominance and expressiveness of attention regulation behaviours

Contextualfeatures, such as individual and cultural factors (Greenaway et al., 2018), are known
to highly influence human behaviours' frequency and expressiveness (Zuckerman, 1994).
Such individual differences in behaviours often challenge generalized behaviour-based LA
(Zunino et al., 2017). In this study, we aimed to investigate such differences in line with the
usage of attention regulation behaviours and learners' cognitive processes.

Reaction time to the screen blur at randomized timing during digital
reading

Reaction time has long been a reliable indicator of learners' arousal and attention during
task performances (Huang et al., 2019). Fast reaction time is commonly associated with
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efficient attentional control and vigilance (van Kempen et al., 2019), indicating the ability
to maintain focus and allocate cognitive resources effectively. Conversely, slow reaction
time has been suggested as disengagement from the task and challenges sustaining an
optimal attentional state amidst distractions (Huang et al., 2019). The influence of affective
states, including arousal and engagement, is known to shape individuals' reaction time dif-
ferently (Bless & Fiedler, 1995), representing its potential correlations to cognitive processes
in learning. Given the suggested insights, we hypothesized that reaction time to the screen
blur could work as a feature that robustly predicts the utilization of learners' HOTS and LOTS
during their digital reading.

Reading speed

Reading speed provides valuable insights into learners' cognitive load and information-
processing capabilities (Brysbaert, 2019). Reading speed is often influenced by the
complexity of the material (ie, intrinsic cognitive load) and the way the information is
presented (ie, extraneous cognitive load). Faster reading speeds might indicate lower
cognitive load when the material is simple or familiar. In contrast, slower speeds could
signal an increase in cognitive effort, either due to challenging content (eg, intrinsic load)
or poor presentation design (eg, extraneous load; Orru & Longo, 2019). Though faster
reading does not guarantee better learning, it is often associated with more rapid infor-
mation gain and reduced cognitive load compared to slower readers (Wirth et al., 2020).
Moreover, fast readers of screen-based reading are known to experience fewer dis-
tractions (Dyson & Haselgrove, 2001), which supports our attempt to predict cognitive
processes based on learners' reading speed in digital reading. In this regard, we hypoth-
esized that higher attention and faster reading speed would enhance HOTS and LOTS
during digital reading.

METHODS

This chapter introduces how we preprocessed the multimodal WEDAR dataset to train an
XAl model to predict various cognitive learner clusters based on behaviours. We specifi-
cally applied the Bidirectional Encoder Representations from Transformers (BERT) method
to the WEDAR dataset for the HOTS evaluation. Also, in this chapter, we derived various
combinations of LOTS and HOTS, using an unsupervised k-means clustering method and
statistical quartile analysis to define the target features (ie, various cognitive processes) of
our behaviour-based prediction model.

Multimodal WEDAR dataset

This study used the WEDAR dataset (see Figure 3) collected from 30 higher education
learners during computer screen-based digital reading. The dataset includes learning re-
sults assessed via multiple-choice questions and text summarization, moment-to-moment
self-reported distractions, learners' reaction time to the randomized screen blur and atten-
tion regulation behaviours annotated every second from video samples from 30 subjects,
approximately 8.7 hours long.

Please note that this study only utilized post hoc features because HOTS and LOTS were
not collected in real time. Predicting post hoc targets (ie, HOTS and LOTS) based on real-
time behavioural features could be misleading. This is because cognitive processes like
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FIGURE 3 Ourwork utilized the knowledge gained for assessing HOTS and LOTS, distraction self-reports,
reaction time to screen blur stimuli, and attention regulation behaviours of learners from a multimodal WEDAR
dataset.

HOTS and LOTS were evaluated post hoc as part of a summative assessment. The utiliza-
tion of these cognitive processes requires a sufficient amount of input, which makes them
unsuitable for formative, real-time assessment.

Furthermore, collecting data for learner assessment in real-time could alter the nature of
the e-reading activity itself, which was not the intention of our study. Our goal was to capture
the natural use of cognitive processes without influencing learners' behaviour during the
task.

Understanding different learners based on their cognitive processes

This section answers ‘RQ1. How can learners be clustered based on their use of cogni-
tive processes during digital reading to inform intervention design?’ First, we introduce how
LOTS and HOTS of different learners were assessed using the difference between the
pre—post scores of the multiple-choice questionnaire and summarization tasks. Second,
we introduce learner segmentation methods (1) with an unsupervised learning model with
k-means clustering and (2) with statistical quartile analysis. Please refer to the WEDAR
dataset (Lee & Specht, 2023b) for details on the reading materials used in the digital reading
tasks. See Appendix A for the pre—post questionnaire design.

Evaluating LOTS: Pre—post multiple-choice questionnaire

In the WEDAR, 10 multiple-choice questions related to the reading materials were given
before and after the reading (pretest, posttest) to evaluate LOTS. We calculated the LOTS
by subtracting the pretest score from the posttest score, making the final LOTS ranging from
a scale of 0 to 10;

Npost Npre
post pre
Scorejgrs = ). S — Y 7", (1)
i=1 i=1

where SfOSt is the posttest score (0 or 1) while S is the pretest score (0 or 1) for question i.
Note that the pretest and posttest multiple-choice questionnaire content were the same.
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Evaluating HOTS: BERT applied to the text summarization

A summarization questionnaire has been given only in the posttest to evaluate learners'
HOTS. We found that evaluating summarized text by human evaluators can be subjective;
thus, we utilized the automatic evaluation technique, the BERT, a type of natural language
processing model (NLP, Devlin et al., 2018). BERT is a widely used language model that can
handle various language tasks while considering contexts. It is especially relevant to under-
standing the similarity of learners' summarization (ie, inputs for evaluation) and the original
text (ie, ground truth) that represents learners' ability to reconstruct the contents they read.

maxx; X;,
RgerT = X X;( a4 )
1
Pgerr = Tgx. Xj, @3)
X Xjex

5 PgerT - RBERT
PgerT + RBERT

4)

FBERT =

Based on BERT, we evaluated participants' summaries using precision (Pgegrt), recall (Rgert)
and F1 scores (Fger), ranging from 0 to 1. The ground truth summaries (x) were compared
with participant summaries (X). Above, X represents token vectors from the ground truth, while
X represents token vectors from participant summaries. x; and X X; are vectors within X and X
respectively, with the dot products (xITx and xlT l) used to calculate the average maximum
similarity between tokens. We used the Fggrt score to measure each learner's HOTS, as it
balances precision and recall for a more comprehensive assessment.

Initially, we considered using ChatGPT to evaluate the quality of summaries due to its
powerful text generation capabilities supported by Generative Al. However, we ultimately
adopted the BERT model because it allows us to calculate the similarity between the em-
beddings of the original text and the student's summary, providing a fine-grained analysis of
how closely the summary reflects the original meaning. In contrast, ChatGPT may generate
plausible but not necessarily factually accurate text when used for tasks it was not explicitly
trained for, such as detailed text comparison and summarization evaluation. Additionally,
our BERT-based model was fine-tuned for key phrase extraction, enabling it to determine
whether the student's summary captures the essential information from the original text
without introducing irrelevant details (Zhong et al., 2023).

Note that we acknowledge that the choice of language, specific wording and potential
typos (Zhong et al., 2023) could influence the similarity score when evaluating HOTS. To
mitigate these concerns, the original dataset used in this study already included corrections
for typos and minor grammatical errors. This was done to compensate for disadvantages
faced by second-language learners, ensuring a fairer assessment for all participants since
most learners in this experiment were non-native English speakers and the educational en-
vironment used English as the primary language.

Learner segmentation based on combinations of HOTS and LOTS

As suggested in the previous work (Abosalem, 2016; Qasrawi & BeniAbdelrahman, 2020),
we implemented a machine learning method and statistical analysis method, respectively.
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It was to explore different levels and combinations of learners' HOTS and LOTS: (1) with k-
means clustering for machine-based clustering and (2) quartile analysis to define thresholds
for high (first quartile: Q1), mid (second quartile: Q2) and low (third quartile: Q3) ranges of
HOTS and LOTS. These categorizations provide insight into how learners can be divided
using HOTS and LOTS and their diverse combinations, which can further be combined with
various feedback strategies for different feedback objectives.

Learner segmentation based on unsupervised method: k-means clustering

As can be seen from Figure 4, we performed k-means clustering (Trivedi & Patel, 2020)
using HOTS and LOTS as feature vectors to segment the learners in an unsupervised
way. We determined k as 3 based on the elbow method and made three clusters. The
clustering results helped to define one group of learners (C2) with a relatively low LOTS
range and two groups (C1 and CO0) with a comparatively higher LOTS range. One of the
groups with high LOTS (C1) demonstrated a higher HOTS, while the other (C0) exhibited
a lower HOTS. The sample consisted of 12 learners in CO, 11 learners in C1 and 7 learn-
ers in C2, respectively. Note that we standardized HOTS and LOTS by mean-max scaling
(Shanker et al., 1996) for both segmentations, subtracting and scaling the mean to unit
variance for a fair comparison of HOTS and LOTS with different data ranges of 0—1 and
0-10, respectively.

Learner segmentation based on quartile analysis: Defining the high, mid and low
ranges of HOTS and LOTS

As can be seen from Figure 5, we also conducted a quartiles analysis (Goffin et al., 2009)
to define thresholds for high, mid and low ranges of HOTS and LOTS. By doing so, we can
understand who achieved how in HOTS and LOTS in each of the three levels, which could
be fundamental for developing different feedback. Based on quartile analysis, learners were
grouped into three performance categories: the top 25% (Q1) were classified as high achiev-
ers, the middle 25-75% (Q2) as mid-range and the bottom 25% (Q3) as low achievers. This
categorization applied to both HOTS and LOTS. By clustering learners according to their
quartile rankings, we identified nine distinct segments (3 HOTS * 3 LOTS) based on their
cognitive processes. Additionally, each quartile label was one-hot encoded to determine if
the model could predict whether a learner belonged to a specific quartile (eg, high HOTS
was coded as 1, while learners without high HOTS were coded as 0).
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FIGURE 4 Learner segmentation based on unsupervised method: k-means clustering.
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FIGURE 5 Learner segmentation based on quartile analysis: Defining the high, mid and low ranges of
HOTS and LOTS.

Feature engineering for the behaviour-related features for the XAl
model training

To answer ‘RQ2. How can an automated system evaluate learners' use of cognitive pro-
cesses during digital reading while incorporating human insights for more effective interven-
tions?’, we list various features that are used independently and in combinations to build XAl
models in effectively predicting the usage of learners' cognitive processes (see Table 1). We
extracted 19 features across five categories from the multimodal WEDAR dataset. These
categories included dominance-related, expressiveness-related, reaction time-related and
reading speed-related features, which served as predictors of HOTS and LOTS, the predic-
tion targets, since we hypothesize that the first four categories make semantic correlations
with HOTS and LOTS.

Model training protocols

For the XAl model development, we implemented the decision tree model for its simple
implementation and straightforward result interpretation. Also, the decision tree has ad-
vantages in that it can automatically exclude irrelevant features and include only influential
features by calculating the Gini impurity in its training process while achieving robust predic-
tion as a classical machine learning model (Cukurova et al., 2020). The prediction target has
been: (1) multi-class prediction of clusters derived from k-means and (2) binary prediction
of high, mid and low usage of HOTS and LOTS, based on the thresholds derived from the
quartile analysis.

It is important to highlight that we used different target levels in prediction (ie, multi-class
and binary) because each approach is better suited to the specific characteristics of its tar-
get. The clusters derived from the k-means method can change dynamically as new data
points are added (Shafeeq & Hareesha, 2012). Therefore, it is more meaningful to focus
on understanding the features that distinguish these clusters rather than the clusters them-
selves, making multi-level classification a more appropriate approach.

On the other hand, quartiles represent fixed, interpretable and distinctive data segments—
low, mid and high (Brown et al., 2008). This stable structure makes binary classification more
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effective, allowing for a clear and straightforward analysis of whether specific traits con-
tribute to predictions based on defined thresholds. Therefore, our methodological choices
are carefully tailored to the unique properties of each data type, ensuring we leverage the
strengths of each classification approach.

Due to the limited sample size for predicting the post hoc results, we employed the
Synthetic Minority Oversam-pling TEchnique (SMOTE) to generate extra samples and
match the number of samples to the largest class (Chawla et al., 2002). We applied a 2:1
ratio to make the sample size twice bigger than the original dataset to compensate for the
shortage of the number of samples. Following the standard sampling method, we divided
the training and testing sets into 80% and 20%, respectively. To further enhance model per-
formance, we applied a pruning method to remove branches that provided little information
during the decision model training process. We used fivefold cross-validation to train and
evaluate the model, averaging the results across folds to account for the limited sample
size. This approach helped reduce the variance caused by different data splits in each
fold and mitigated the risk of overfitting potentially introduced by the oversampling process.
We used one-hot-encoded LOTS (F17) and HOTS (F18) as the training targets to achieve
the quartile prediction. For cluster prediction, we set k-means-driven clusters (F19) as the
training target. We used dominance-related (F1-F8), expressiveness-related (F9 and F10),
reaction time-related (F11 and F12) and reading speed-related (F13 and F14) features as
predictors of HOTS and LOTS, in combinations and independently. Please refer to Table 2
for the accuracy of predictions. We further conducted the feature importance analysis in the
later section to understand critical behavioural components that are used for predicting the
coghnitive processes by machines.

RESULTS
Accuracy of the model prediction with different feature categories

As shown in Table 2, using all feature categories led to the best prediction performances
for predicting the three cognitive process clusters derived from k-means, achieving an ac-
curacy of 72.00%, highly surpassing the random guess made by 33.33%. When examin-
ing the prediction results from individual feature categories, accuracy ranged from 27.99%
for reaction-time-related features to 62.00% for dominance-related features. This suggests
that dominance-related features heavily influence the overall prediction performance. Also,
dominance-related features achieved the highest accuracy for the quartile prediction of
HOTS and LOTS. Dominance-related features achieved the highest accuracy, at 79.33%
for predicting the low LOTS and 72.66% for predicting the low HOTS. The result indicates
that understanding the usage of attention regulation behaviours works as robust cues of
learners' low utilization of HOTS and LOTS. This is particularly significant given that it is
nearly impossible to accurately determine the type of thinking skills used through human
observation alone, where random guessing would only yield a prediction accuracy between
33.33% and 50.00%, depending on the specific type of prediction being made. Reading
speed-related features also worked as robust predictors for predicting overall quartiles
of HOTS and LOTS, with accuracy ranging from 60.66% to 78.66%. On the other hand,
expressiveness-related features from attention regulation behaviours were only valuable
for predicting low and high LOTS levels, with an accuracy of 71.33% each, while showing
limitations in predicting HOTS. Similarly, reaction time-related features have shown sound
prediction results for high (67.99%) and low (75.33%) LOTS. However, comparatively poor
prediction results of 44.00% were shown for HOTS and mid-range LOTS. We assume that
learners with low and high ranges of HOTS and LOTS exhibit distinctions that can inform
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machine reasoning. In contrast, learners with mid-range HOTS and LOTS did not show
consistent behaviour patterns, particularly in terms of attention regulation behaviours and
reaction time to the screen blur events. Note that we set the decision tree model's maximum
depth to 10 to ensure simpler interpretability and prevent possible overfitting.

Identifying significant behavioural predictors for understanding
learners' cognitive processes

In this section, we examine plot trees (see Appendix B) and feature the importance of models
in identifying the essential behavioural features for predicting learners' cognitive processes.
By doing so, we aimed to answer ‘RQ3. What key behavioral indicators can machines use to
predict learners' cognitive processes and form an iterative cycle between human-machine
intelligence?’

Feature importance analysis for predicting thinking skill clusters derived from
k-means clustering (F19)

In Figure 6, we listed features used for the model training and ranked their feature impor-
tance from the tree model. The result shows that hand behaviours (F4) are usually the domi-
nant feature for predicting the thinking skill clusters derived by k-means clustering (F19). Not
only the dominance of the hand behaviour (F4, 28.32%) but also hand behaviours as the first
dominant (F4, 7.15%) and the second dominant (F7, 17.93%) behavioural features contrib-
uted to making decisions for differentiating thinking skill clusters (F19). The expressiveness
of the learner's behaviour (F9, 25.32%) was the second most significant feature used to pre-
dict the thinking skill clusters (F19). Additionally, individual reading speed (F13, 8.94%), the
dominance of eyebrow movements (F1, 6.97%), and body movements (F5, 5.36%) among
attention regulation behaviours were also used as indicators for the thinking skill clusters
(F19) prediction.

Feature importance analysis for predicting high, mid and low HOTS and
LOTS derived from quartile analysis (F17 and F18)

Figure 7 shows that different behavioural features are essential in predicting LOTS and
HOTS. The dominance of hand behaviours (F4, 40.08%), mumble reading (F3, 39.77%)
and behavioural expressiveness (F9, 20.15%) have been identified as the most critical
features for predicting high LOTS. For predicting mid LOTS, the dominance of move-
ments in hand (F4, 25.52%), eyebrow (F1, 14.91%) and body (F5, 11.67%) have been used
as significant indicators. Low LOTS have been predicted through features such as the
dominance of blink behaviours (F2, 40.17%) and movements in eyebrows (F1, 14.91%).
The dominance of body movements (F5, 12.15%) as the first dominant behaviour and
hand movements (F4, 22.18%) as the second dominant behaviour (F7, 17.50%) have also
been considered meaningful in understanding mid LOTS. Behavioural expressiveness
of attention regulation behaviour (F9, 5.82%) has been identified as a critical predictor
of low LOTS. In general, the dominance of diverse attention regulation behaviours (F1—
F5) and behavioural expressiveness (F9) have been utilized to predict LOTS. For high
HOTS, individual reaction time average (F11, 26.94%) towards the screen blur stimuli has
been identified as the most critical feature. The dominance of mumbling (F3, 23.33%),
movements from the body (F5, 10.61%) and hand (F4, 13.92%) have been considered
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FIGURE 6 The feature importance for predicting three clusters of c0, c1 and c2 derived from k-means
clustering.
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FIGURE 7 The feature importance for predicting high, mid and low range of HOTS and LOTS, derived from
quartile analysis.

essential for predicting high HOTS. For learners with mid HOTS, behavioural dominance
of eyebrow movements (F1, 63.27%), hand movements (F4, 19.23%) as well as individual
reaction time average (F11, 17.50%) have been identified as critical features. For predict-
ing low HOTS, the dominance of the eyebrow (F1, 38.11%), hand (F4, 26.89%) and blink
(F2, 11.67%) have been used, along with individual reaction time average (F11, 23.33%)
towards the secondary blur stimuli. All in all, the dominant movements from the eyes (ie,
eyebrows (F1), blinks (F2)) were commonly used for predicting both low LOTS and HOTS.
Behavioural expressiveness of attention regulation behaviours (F9) has been used for
predicting LOTS. At the same time, learners' reaction time (F11, ie, arousal) has been
identified as a critical feature for predicting HOTS. Contrary to our hypothesis, reading
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speed (F13) was not considered more important than other behavioural feature catego-
ries for predicting the overall LOTS and HOTS.

DISCUSSION

Reaction time as a predictor of HOTS and expressiveness as a
predictor of thinking skill clusters, low and high LOTS

The result indicates that reaction time (F11) has only been used for predicting HOTS, while
it has not been considered for making judgements for LOTS and thinking skill clusters (F19).
It might indicate that more arousal, observed from fast reaction time, is related to learners'
HOTS. On the other hand, expressiveness (F9) is used for predicting high and low LOTS
(F17) and thinking skill clusters (F19). As higher expressiveness indicates more attention
regulation behaviour during learners' reading, more distractions likely led to low LOTS (F17).
Also, fewer attention regulation behaviours have been interpreted as cues to predict high
LOTS (F17). All in all, we assume that learners' arousal has been targeted for predicting
HOTS (F18) in machine-driven decision-making, while more self-aware distractions (ie, at-
tention regulation behaviours) have been used for predicting LOTS (F17).

Behaviour-based human-machine Hl for future intervention loops

The findings emphasize the critical role of attention regulation as a consistent predictor of
cognitive performance, guiding the development of more targeted interventions and feed-
back mechanisms in digital learning environments (Cukurova, 2024). This focus on be-
havioural indicators provides a more nuanced understanding that goes beyond traditional
self-reports and knowledge-gain metrics. Integrating these behavioural measures with cog-
nitive assessments strengthens the model's theoretical foundation, making it a robust tool
for educational research. The iterative combination of human insights and machine intel-
ligence demonstrates how HI can be applied in both theory and practice.

Potential intervention strategies for learners with different
HOTS and LOTS

HOTS has been known to be encouraged by: asking open-ended questions (Sofyan
et al., 2024), implementing problem-based (Jailani et al., 2017) and inquiry-based learning
(Mubarok et al., 2019), facilitating collaborative learning (Poudel, 2020) and peer teaching
(Zaid et al., 2018), and fostering reflection (Jarvis & Baloyi, 2020). Conversely, LOTS can be
strengthened through activities such as repetition and drills (Larsen-Freeman, 2012), dem-
onstrations, practice with worksheets (Hayikaleng et al., 2016), tasks involving classification
and categorization, and regular review of key concepts and facts (Wegerif, 2002). Such
different learning strategies can inform future instructional design and feedback strategies,
in line with our unsupervised (ie, k-means clustering) and statistical (ie, quartile analysis)
cluster prediction, leveraged by machine intelligence.

When applying k-means clustering and generating groups of three, the relatively high-
performing group (C1) represented high HOTS and LOTS simultaneously, while group CO
showed similar patterns of LOTS with C1 but a lower range of HOTS. Therefore, in our dig-
ital reading scenario, suggesting more learning practices for HOTS after the session would
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benefit learners classified in C1. Likewise, feedback strategies for learners assigned to C2
with relatively low LOTS and HOTS could focus more on activities for fostering LOTS and
HOTS.

Iterative HI for adaptive learning with Al

Incorporating an iterative intervention loop appears to be effective as LA and interventions
can be applied post hoc to observe shifts in the relative use of HOTS and LOTS among peer
learners. With multiple rounds of intervention, learning thresholds are expected to progres-
sively increase over time. However, the current analysis primarily reflects learners' relative
performance compared to their peers and forms clusters based on this data. After several
rounds of iteration, it would be advantageous to incorporate data samples from previous
sessions and discontinue the interventions once an upward levelling of learning outcomes is
observed. This approach helps avoid providing interventions beyond the point of diminishing
returns.

The need for understanding the system's impact in real-world settings

While the model has shown promising results in a simple webcam-based setup, its applica-
tion in real-world educational environments remains underexplored. Assessing Al-based
systems in real-world contexts is particularly important for AIED implementations, where
learners' perceived effectiveness and willingness to engage with Al-driven interactions play
a significant role (Cukurova, 2024). Additionally, educational environments are dynamic, with
diverse learners and unpredictable challenges that may affect the system's effectiveness.
Therefore, comprehensive real-world testing is essential to evaluate the model's adaptability
and long-term impact on actual learning outcomes.

Limitations due to small sample size

Although compensatory methods such as SMOTE, pruning and fivefold cross-validation
were employed to address the challenges coming from the limited sample size, this remains
a notable limitation. While the results offer valuable insights into the relationship between
cognitive processes and observable behavioural cues, supporting an empirical HI approach
in education, the small number of data points may not fully represent the broader population
or context, potentially affecting the dynamics of the analysis. Future studies with larger sam-
ples could enhance the robustness of these findings or open up new directions for further
research.

Varied focuses and expertise in human insights

A key limitation of this work is the variability in human expertise within the HI approach.
Experts from diverse fields may interpret learners' cognitive processes differently, leading to
inconsistencies in selecting behavioural indicators or designing interventions. These differ-
ences can affect the model's outcomes and limit its scalability across different educational
contexts. To address this, future work could leverage advanced collaboration tools, such as
consensus algorithms or machine-learning models that can integrate and harmonize multi-
ple expert inputs. Additionally, continuous feedback loops between experts and Al systems
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could help refine the decision-making process, aligning varied human perspectives while
maintaining flexibility for different educational contexts and supporting the advancement of
HI.

CONCLUSION

This study focused on developing behaviour-based XAl models in digital reading to predict
learners' cognitive processes, especially learners' utilization of HOTS and LOTS. Using the
public multimodal WEDAR dataset, we extracted behavioural features related to learners'
attention, including dominance and expressiveness of attention regulation behaviours, re-
action time to secondary blur stimuli and reading speed. We hypothesized that these fea-
tures could serve as predictors of HOTS and LOTS. We adopted an unsupervised clustering
method and statistical quartile analysis to define targeted learners' cognitive processes in
various levels and combinations for predictions. To achieve better explainability, we em-
ployed decision tree models with maximum depths of 10, suitable for small datasets with
fewer feature categories.

The prediction results for thinking skill clusters and each high, mid and low level of HOTS
and LOTS demonstrate robust accuracies ranging from 65.33% to 78.66% across different
behavioural features and their combinations. The feature importance analysis reveals that
attention regulation behaviour is consistently a strong predictor for all types of HOTS and
LOTS. According to the following critical component analysis of training features, individual
reading speed was found to be relevant only in predicting thinking skill clusters. At the same
time, behavioural expressiveness played an essential role in predicting thinking skill clusters
and LOTS. Individual reaction time to secondary stimuli was utilized only to predict HOTS.

In conclusion, our study successfully developed XAl models for behaviour-based pre-
diction of learners' cognitive processes with HOTS and LOTS in digital reading, leveraged
by the HI approach of combining human and machine intelligence. The findings highlight
the significance of attention regulation behaviour as a consistent predictor across different
cognitive processes with various levels of HOTS and LOTS. At the same time, we found that
behavioural expressiveness worked as a critical component for predicting the thinking skill
clusters, high and low LOTS, which seems to be related to learners' self-aware distractions
(ie, attention regulation behaviours). On the other hand, reaction time was used for predict-
ing HOTS, which we found to be related to learners' arousal, which needs further valida-
tion. The results contribute to understanding various behavioural factors to predict learners'
HOTS and LOTS in digital reading, providing valuable insights for educators. Expanding the
framework in line with specific feedback strategies can assist instructional designers with
real-life digital reading practices.

All'in all, our study provides actionable insights into designing personalized interventions
for learners with different cognitive needs regarding HOTS and LOTS through machine in-
telligence. By leveraging clustering techniques, such as k-means clustering and quartile
analysis, we segmented learners based on their performance, allowing educators to tailor
interventions more effectively. For example, learners in higher-performing groups can re-
ceive strategies to improve HOTS, while lower-performing learners can focus on strength-
ening both HOTS and LOTS. Additionally, we propose an iterative intervention loop informed
by LA to continuously monitor learners' progress and optimize interventions over time, help-
ing to avoid intervention fatigue once the upward levelling of learning outcomes is observed
in practice.

Our study also theoretically advances the field of HI by demonstrating how human insights
and machine intelligence can be integrated to refine educational strategies. Specifically, we
show how behavioural indicators such as attention regulation play a critical role in cognitive
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performance. This approach goes beyond traditional self-report methods and knowledge-
gain metrics, offering a robust framework for using cognitive assessments to inform targeted
interventions and feedback mechanisms.
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APPENDIX A

A1 | Multiple-choice and summarization questionnaires from the WEDAR
dataset

The questionnaire from the WEDAR dataset used for both the pretest and posttest is de-
scribed below. The pretest consisted of 10 multiple-choice questions, while the posttest
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used the same questionnaire with an additional summarization question (see Figures A1
and A2).

A11. | Pretest questionnaire: multiple-choice

A1.2. | Posttest questionnaire: multiple-choice and summarization
APPENDIX B

B.1 | Predicting three thinking skill clusters derived from k-means clustering
(F19)

Decision tree models provide great interpretability with the plot tree. Figure B1 illustrates the
model's depth-by-depth decision-making process for predicting the three-level thinking skill
clusters. The tree uses Gini impurity to understand the quality of the split of groups based
on the condition, having 0 as the best purity with the best distinctions in the decision. At
the same time, 1 indicates the impurity, which requires another round of decision-making.
Values in the bracket indicate the possibility that each condition is classified as C0, C1 and
C2, respectively.

B.1.1. | Plottree analysis for predicting thinking skill clusters derived from k-
means (F19)

As can be seen from Figure B1, the first depth of the model considers the dominance of
hand behaviour (F4) as the most influential feature in the decision-making: It informs that if
the feature marks less than 0.082, samples are classified as C1, making decisions for 21.4%
of the samples. For the remaining 78.6% of samples, the condition in the second depth,
expressiveness of the attention regulation behaviour (F9) of 0.342, has been used. On the
right branch, 17.9% of the samples were classified as CO, having less than or the same as
1.5 as individual reading speed (F13) as the condition.

The following condition of an individual reaction time average (F11) of less than or equal
to 0.793 classified 3.6% of the samples as CO0. Other 7.1% of the samples were classified as
C1, with an individual reaction time average (F11) of more than 0.793. From the left branch,
3.6% of the samples were classified as C1, with a dominant hand behaviour (F4) of more
than 0.211. In the left branch, a second dominant hand behaviour (F7) of 0.5 was the follow-
ing condition, and 32.1% of the samples were classified as C2. The following condition of
having dominance of body behaviour (F5) of less than 0.398 classified 7.1% of the samples
as CO. Finally, the last condition classified 3.6% of the samples as CO, having less than or
equal to 0.017 as eye behaviour dominance (F1). In contrast, 3.6% were classified as C2,
with more than 0.017 as eye behaviour dominance.

All'in all, by conducting the feature analysis, we aimed to grasp how the model made the
decision. Having those procedures aligned is especially insightful for education researchers
and instructional designers, who work with the same sets of indicators and parameters. By
having such standards, they can take a more systematic approach to learning analytics and
subsequent intervention design, especially with learning behaviours.

B.2 | PREDICTING HIGH, MID AND LOW HOTS AND LOTS (F17 AND F18)

B.21. | Plot tree analysis for high, mid and low HOTS and LOTS (F17 and F18)

In our comparative analysis, three decision tree models were developed to predict the high,
mid and low levels of LOTS and HOTS, respectively. The three trees for predicting LOTS
share a consistent set of predictors, utilizing a variety of dominant hand (F4), mumble (F3)
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PRETEST | "DO NOT ANSWER A QUESTION IF YOU DON'T KNOW THE ANSWER

1. Which one is the wrong statement about ticket purchases for Disneyland
Paris?

() If you're visiting for less than three days, booking online in advance s better, while an
annual pass at the gate is better for three or more days of staying

(B) Printing your own tickets is almost always cheaper than buying them at the park

(©) Offcial Disney online guarantees the lowest ticket prices and reselers only sel
tickets in a higher price range.

(D) Itis important to ensure that resellers and travel agents are legtimate and reputable
before you book the ticke! from them

(E) Disneyland Pars offers a Sponsorship scheme, where current Passport Holders can
sponsor people buying passports with a 10% discount

2. Which one is the wrong. hotels near
Disneyland Paris offer?

(4) Many Non-Disney branded and non-partner hotels have special offers on Disneyland
park fickets.

(8)If you havent booked any tickets in advance, you can sill book tickets online the
same day and bypass the queues

(C) Evenif you are not 2 hotel guest, you can sill speak to the concierge and ask for
access to the business centre from Disneyland Hotel,

(D) Internet access and printing from the business centre are free of charge.

(E) The business centre of Disneyland Hotel has great quality coffee and a nice place to
sit

3. Which one is the wrong statement about saving queuing time in Disneyland
Paris?

(A) If your ticket includes Extra Magic Hours, you can enter the park two hours before the
park opens to the public

(B) Eating early or late, and queing during mealtime can save some time in the queue.

(C)1f you experience any kind of disappoiniment, Guest Services can issue single-use
‘queue jump tickets, which vl allow you to enter through the exi gates.

(D) Baby Swap will allow you 1o queue, while the other waifs with the child, and can enter
through the exit or Fastpass queue as 500 as the firs rder leaves

(E) Single rider queues are available on many rides, often resulting in a more than 50%
reduction in wait times, while stil allowing companies to st together.

Page 1. DOUBLESIDED

PRETEST | *DO NOT ANSWER A QUESTION IF YOU DON'T KNOW THE ANSWER.

7. Which one is the wrong statement about eating and drinking in Disneyland
Paris?

(2) Disney restaurants, in and out of the park, are usually expensive regardiess of the
type and the quality of the food.

(8) Preparing for multipack drinks from a nearby supermarket or train station near the
park s much cheaper than bottied drinks in the park

(C)tis allowed o take outside food o drink into the park f itis not alcohol and drinks in
glass boties.

only allowed on the the park

(E) Fountains may be switched off on cooler days, 5o it s better to bring plenty of

drinking water throughout the winter season

8. Which one is the wrong statement about parades in Disneyland Paris?

(A) The main parade happens only once throughout the day

(B) "Frozen" show happens in both English and French.

(C) Several rows of the best seats of the ‘Frozen” show are reserved for children who

have purchased a special "Frozen” costume in the park.

(D) Itis not necessary to arrive before the showtime of ‘Frozen” since the stage has
been designed to have an unobstructed view from all angles.

(E) “Disney Dreams” uses a projection for the show, 5o is best viewed as straight on as
possible

9. Which one is the wrong statement about boutiques and casts in Disneyland
Paris?

() Disney does not have much promotion on their wares and souvenirs to maximize the
feeling of the fantasy world

(B) Everyone, from the street cleaners to the top brass, is considered actors, playing
their partin creating the wonderful ilusion that s Disneyland

(C) Al cast members are, at least, bilingual, with aimost allof them speaking French and
Engiish.

(D) Disney has an active Pin trading community among guests and cast members.

(E) Multipack sets are a quick and affordable way to grow your Pin collection

Page 3. DOUBLESIDED

PRETEST | *DO NOT ANSWER A QUESTION IF YOU DON'T KNOW THE ANSWER

4. Which one is the wrong statement about the impact of holidays on the
Disneyland Paris visit?

(A) Some French national public holidays can be very busy since over 0% of visitors
are French

(B) I you are visiting on a French public holiday and you can still apply for
promotions/discounts, you're in for a very busy day.

(C) On certain religious public holidays, most French businesses will shut down or run at
greatly reduced capacity.

(D) Disney keeps the same number of parades even on religious pubiic holidays.
because of ts strong belief in customer satisfaction

(E) Psychologically, choosing walk-on rides and walk-in shows with very short queues
will make you feel ike you've done much more with your time.

5. Which one is the wrong statement about seeing Disney princesses in
Disneyland Paris?

(&) The Princess Paviion is now only accessible by a special "FastPass" ticket

(B) The number of ickets is limited every day.

(C)In general, cast members will ask one family member to queue with entry tickets to
keep queues short

(D) Like other fast-pass tickets, the ticket for the Princess Pavilion access will be printed
and stamped by machines.

(E) Meals with characters are quite expensive but possible, guaranteeing your family
significant facetime with characters, in a much more relaxed atmosphere.

6. Which one is. g Disney
Disneyland Paris?

(A) Children under 10 are encouraged to wear costumes in Disneyland Paris.

(B) Older children, teenagers, and adults will not be allowed entry into the par
costumes.

(C) Disney has a global policy to prohibit dressing up in costumes which could be

confused with a cast member.

(D) Wearing graphic t.shirs, mickey ears. and other Disney goods are aliowed in the
park

(E) Once you arrive at the park in costumes, you will be required to prove you are under
10.

Page 2. DOUBLESIDED

PRETEST | *DO NOT ANSWER A QUESTION IF YOU DON'T KNOW THE ANSWER.

0. Which one is the wrong statement about waking in Disneyland Paris?

() Uniike a city or town, everything at Disneyland has been placed there with a singular
purpose: Disney Imagineers decided it needed o be that way

(B) Hidden Mickeys are placed throughout the park by the Imagineers

(C) The illustration style of hidden mickeys in the park is famous for its vivid 3D actions
with holograms.

(D) Numerous online and printed guides to find hidden Mickey's are available.

(E) Disney Village is Disneyland's free shopping and entertainment complesx that can be
accessed even without a ticket

Page 4. DOUBLESIDED

FIGURE A1

The pretest questionnaire consists of 10 multiple-choice questions.

behaviours, and behavioural expressiveness (F9) play a significant role in the prediction
across all LOTS levels. Figure B2 initiates the split with dominant hand behaviours (F4),
suggesting its strong influence for predicting the high level of LOTS. Subsequent splits on
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POSITEST | DO NOT ANSWER A QUESTION IF YOU DONT KNOW THE ANSWER

1. Whicn one Is the wrong statement about ticket purchases for Disneyiand
Paris?
whie 20

el pess ol e gate s el o U o e deys of sying
(®) Printng ng them at th park.

ket in o ighor price range.

before you book the ficket from them.

‘Sponsor peopie buying passports wih a 10% aiscount.

Disneyland Paris offer?

() Many Non-Disney branded and non-pariner hotels have special offers on Disnesiand
park ickota

(B) 1 you haven't booked any fckes n advance, you can sBll bk fckels oniine the
same day and bypass the ausues.

access o e business centre flom Disneyiand Hote.

@) vou can enter
the publc.

e,

issue singieuse
e jump ket which vl o you o ener heough he exi ges.

(D) Bay Swp il alow you to queve, whi the oher viatswith the chid, and can erier
hrough the extor Fasipass queue 35 so0n as he fist icer Ieaves.

® rides, ofen resung n
reduction inwat Smos, whil o8l allowing companics o ot ogothor.
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POSITEST | “DO NOT ANSWER A QUESTION IF YOU DONT KNOW THE ANSWER

.
Paris?

@)

9o and the qualty of the food.

() Prepanng for multpac Grnks om 2 nearby supermarke! or tran siaton near e
parkis much cheaper than botted drnks n he park

(© i slowedto
gass bultes

(D) Peniking s ony alowed on the rounds oulside the park.

(F) Fountins may b ustched of on conlardays S0t s htte 0 bing planty of

riking water troughout the vinter season

5
(A) 1ne man parace happens only ance Mroughou he day.
(B) Frozen” show happens in both Engish and French

nave purchasea 2 special Frozen costume in e park

Frozen
heen designert 10 haue an unahstniced visw from 3l angis
© .
possivle
.
Paris?

r—

feeing ot me antasy wora
(B) Everyone fom the streetcleanersfothe top brass, s considered acors, paying
et in 72360 the iondertul flision it Disneyian

aticast, wiingual, witn French and
Engish.

(D) Disney has an active Pin tasing community among quests and cast members

(E) Maltpack sste e 3 quick 3nd sfordbls way fo grow your Pin calisction
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POSHESI | D0 NOT ANSIER A GUESTION IF YOU DON | KNOW 1HE ANSWER
Summarization
What was the arice abaut? (n one shart senfence)

This artcle delivers 10 tips about ..
Houta 1

Can yourecan

Howtnd

Howtod

Houto s

Howtos

w6

Howtn?

Houtod

Houtoo.

Howto 10.

Howto 11
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POSTTEST | “DO NOT ANSWER A QUESTION IF YOU DONT KNOW THE ANSWER

s ys onme
Disneyland Paris visit?
0% ofvstrs
e Frents
@i
promotonsidiscourts, you'e n for  very busy day.
greaty reduced capacty
bscauss of s strong belie in customer saiefaction

il make you feel ke you've done much more vith your e

Disneyland Paris?
{8)Tho Princess Paviion ia now ony acocadiblc by a apocal Faotass” ket
(B) The number of ickets isfimited every day.

(©)in general
kesp qususs short
©)ue 5 e teret for

and stamped by machines.

Disneyland Paris?
Paris.

costumes.

confuser with 3 cast member
(D) Wearing graphic shids, mickey ears, and ifr Disny goods re alowed m he.
park

.
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POSTTEST | “DO NOT ANSWER A QUESTION IF YOU DONT KNOW THE ANSWER

everyiing at Disneyiana
purpose: Disney Imagineers decided it needed 0 be thal way.
(R) Hiddn Mickeys ara placad throvghout he park by the Imagineers

©
with holograms

(®) Disnoy

accessed even ihout a fckel.
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FIGURE A2 The posttest questionnaire consists of 10 multiple-choice questions and a summarization task
covering one main topic and 10 subtopics.
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behavior_hand (F4) <= 0.082
gini = 0.666
samples = 100.0%
value = [0.321, 0.321, 0.357]

expressiveness (F9) <= 0.342
gini = 0.607
samples = 78.6%

value = [0.409, 0.136, 0.455] \
individ_reading_speed (F13) <= 1.5
gini = 0.375

samples = 28.6%
value =[0.75, 0.25, 0.0]
=

individ_reading_speed (F13) <= 1.5 behavior_eyebrow (F1) <= 0.027
gini = 0.56 gini = 0.444
samples = 17.9% samples = 10.7% -
value = [0.6, 0.2, 0.2] value = [0.333, 0.667, 0.0]

~

=

behavior_body (F5) <= 0.398 “
gini = 0.375
samples = 14.3%
value = [0.75, 0.0, 0.25]

=

behavior_hand (F4) <= 0.18
gini = 0.5
samples = 7.1%
value = [0.5, 0.0, 0.5]

--

FIGURE B1 A plottree to explain the model built upon the decision tree for predicting the unsupervised
k-means clusters.

behavior mumble (F3) <= 0.008
gini = 0.469
samples = 28.6%
value = [0.375, 0.625]

7 ~

expressiveness (F9) <= 0.469
gini = 0.375
samples = 14.3%
value = [0.75, 0.25]

FIGURE B2 A plottree to explain the model built upon the decision tree for predicting the high LOTS.

dominant mumble behaviours and behavioural expressiveness (F9) illustrate a focus on nu-
anced behaviours to refine the prediction. The tree presents a balanced path with splits oc-
curring at both the left and right nodes, indicating diverse sample distributions. In Figure B3,
aiming at the mid-level LOTS prediction, individual reading speed (F13) extends to greater
depths, signalling a more complex decision-making process with multiple behavioural and
reaction time-related features such as dominant blink behaviours (F2) and reaction time
quartiles (F12), reflecting the intricate nature of predicting mid-range outcomes. Figure B4
predicts the low LOTS level, revealing a notable difference by starting with behavioural ex-
pressiveness (F9) as the primary split. It indicates that expressive behaviours determine
lower learning outcomes in LOTS evaluation. Unlike the previous models, Figure B4 simpli-
fies the decision process with fewer splits, potentially revealing more apparent distinctions
among lower LOTS levels based on expressiveness alone.

On the other hand, all models for predicting HOTS have commonly used the dominance of
hand (F4), body (F5) and mumble (5) as critical features for prediction, indicating the univer-
sal applicability of such features to different HOTS levels. To predict high levels of HOTS 12,
body behaviours as the most common attention regulation behaviours (F6) have been used
as the root node, suggesting that initial body language plays a significant role in predicting
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individ_reading_speed (F13) <= 1.5
gini = 0.4¢

samples = 100.0%
value = [0.571, 0.429]

<

behavior_eyebrow (F1) <= 0.013
gini = 0.434

samples = 78.6%
value = [0.682, 0.318]
P

second_behavior_hand (F7) <= 0.5
gini = 0.
samples = 28.6%
value = [0.5, 0.5]

behavior_hand (F4) <= 0.559
gini = 0.5

sample: 1%
value = [0.5, 0.5]

FIGURE B3 A plottree to explain the model built upon the decision tree for predicting the mid LOTS.

behavior_blink (F2) <= 0.02
gini = 0.496
samples = 39.3%
value = [0.545, 0.455]

first_behavior_body (F6) <= 0.5 /
s 215 - -
samples = 10.7%
value = [0.667, 0.333]

FIGURE B4 A plottree to explain the model built upon the decision tree for predicting the low LOTS.

indiv_reaction_average (F11) <= 1.177
gini = 0.459
samples = 100.0%
value = [0.643, 0.357]

s e

behavior_hand (F4) <= 0.184
gini = 0.473

samples = 46.4%

value = [0.615, 0.385]

79 .

3]

behavior_mumble (F3) <= 0.008
gini = 0.5

samples = 21.4%

value = [0.5, 0.5]

FIGURE B5 Aplottree to explain the model built upon the decision tree for predicting the high HOTS.

higher cognitive skills. Figure B5 is less complex, with fewer splits, showing a more straight-
forward relationship between observable behaviours and high HOTS. Figure B6 focuses on
describing the mid-level HOTS, starting with the individual reaction average (F11), indicating
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behavior_hand (F4) <= 0.027
gini = 0.408
samples = 100.0%
value = [0.714, 0.286]

<« behavior_eyebrow (F1) <= 0.074
gini = 0.355
- samples = 92.9%
value = [0.769, 0.231]
behavior_eyebrow (F1) <= 0.059 ~
gini = 0.469
samp'es 25, 0.0 -
value = [0.625, 0.375]

< behavior_eyebrow (F1) <= 0.037
gini = 0.444
samples = 10.7%
value = [0.333, 0.667]

FIGURE B6 A plottree to explain the model built upon the decision tree for predicting the mid HOTS.

behavior_hand (F4) <= 0.271
gini = 0.459
samples = 100.0%
value = [0.643, 0.357]

behavior_eyebrow (F1) <= 0.099 — indiv_reaction_average (F11) <= 0.746
gini = 0.32 : gini = 0.375
samples = 71.4% samples = 28.6%
value = [0.8, 0.2] value = [0.25, 0.75]
< behavior_eyebrow (F1) <= 0.12 < B

gini = 0.49
samples = 25.0%
value = [0.429, 0.571]
= behavior_blink (F2) <= 0.087
gini = 0.375
samples = 14.3%
value = [0.75, 0.25]

- -
FIGURE B7 Aplottree to explain the model built upon the decision tree for predicting the low HOTS.

that mid-level HOTS may be more closely linked to the arousal levels of each individual. This
model branches out into more levels of depth, requiring a deeper analysis to achieve ac-
curate predictions. To describe low HOTS levels (Figure B7), dominant eyebrow behaviours
(F1) was used as the root node, having an intermediate complexity between the high- and
mid-level models, showing a balance between behaviours and individual traits in determin-
ing lower HOTS.

Both LOTS and HOTS models utilized features related to the dominance of hand (F4),
body (F5), and mumble (F3) behaviours. It represents the dominance of attention regulation
behaviours as predictors of thinking skill levels (F19). The LOTS models often use dominant
hand behaviours (F4) as the root node. In contrast, the HOTS models vary, with the root
node being body behaviours as the most dominant attention regulation behaviours (F6) for
predicting high HOTS, individual reaction time average (F11) for mid HOTS, and dominant
eyebrow behaviours (F1) for low HOTS. It suggests that different aspects of behaviour and
individual traits are considered for predicting different thinking skill levels (F19). The HOTS
models exhibited varying complexities, indicating that the prediction of HOTS levels may be
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more complex and require a deeper understanding of the interplay between different predic-
tors. In contrast, the LOTS models appear more balanced, suggesting a more uniform dis-
tribution of features across varying levels of LOTS. The mid HOTS model stands out, using
an individual cognitive metric as the root, whereas the LOTS and other HOTS models tend
to prioritize behavioural indicators. It implies that individual cognitive metrics are more pre-
dictive of mid-level HOTS, while observable behaviours are more indicative of the extreme
levels of both LOTS and HOTS.
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