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Chapter 10
Measuring Multidimensional Facets
of SRL Engagement with Multimodal Data

Megan Wiedbusch, Daryn Dever, Shan Li, Mary Jean Amon, Susanne Lajoie,
and Roger Azevedo

Abstract Essential to achieving adaptive intelligent Al-based education systems is
theoretically grounded data measurement and analysis, and the subsequent data-
supported individualized interventions that foster learner-system engagement.
However, engagement is a challenging psychological construct to define and mea-
sure given the variation of theoretical conceptualizations of engagement and the
various facets of engagements (e.g., behavioral, emotional, agentic, (meta)cogni-
tive, and self-regulated learning). In this chapter we (1) define and situate a multi-
faceted conceptualization of engagement (based on the interrelated aspects of
student engagement) within SRL, (2) introduce the integrative model of multidi-
mensional self-regulated learning engagement to include cognitive, emotional, and
behavioral facets of engagement; (3) briefly review the current conceptual, theoreti-
cal, and methodological approaches to measuring engagement and showcase how
the use of multimodal data for this work has contributed to our understanding of
learning in learning systems. Engagement-relevant data discussed within this chap-
ter includes self-reports, log or behavioral streams, oculometrics, physiological sen-
sors (e.g., skin conductance, heart-rate, etc.), facial expressions, body gestures, and
think- and emote-alouds. We can leverage these multimodal data to reflect the
dynamic and nonlinear nature of engagement that are frequently obfuscated by tra-
ditional unimodal methods (e.g., self-reports). However, it is crucial that when mul-
timodal data is converged for this purpose, we consider a unifying theoretical
grounding of engagement that is general enough to be applied across intelligent
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systems and the contexts in which they are used but specific enough to be useful in
the design and development of analytical methods.; and (4) provide a methodological
overview with contextualized examples to inform the research study design of
future testing and validation of our integrative model of multidimensional self-
regulated learning engagement using multimodal data. Our methodological over-
view identifies how different modalities of measurement and their temporal
granularity contribute to the measurement of engagement as it fluctuates within the
different phases of self-regulated learning. We conclude our chapter with an explo-
ration of the implications of this guide as well as future directions for researchers,
instructional designers, and software engineers capturing and analyzing engage-
ment in digital environments using multimodal data.

Keywords Engagement - Multimodal data - Al-based education (AIED) systems

1 Introduction

Engagement is not just how involved a learner is with their task, but rather is goal-
directed action that serves to help an individual progress academically, satisfy moti-
vations, and create motivationally supportive learning environments (Reeve et al.,
2019). Engagement has the potential to tackle persistent educational issues of low
achievement (Boekaerts, 2016; Sinatra et al., 2015), risk-behaviors (Reschly &
Christenson, 2012; Wang & Fredricks, 2014), and high rate of student boredom and
alienation (Chapman et al., 2017; Fredricks et al., 2016, 2019a, b). However, as
many researchers draw attention to, there is a notable inconsistency in both the con-
ceptual definition and measurement of engagement (Azevedo, 2015; Fredricks
etal., 2019a; Li & Lajoie, 2021). Sinatra et al. (2015) suggest that this lack of clarity
derives from the construct of engagement being developed out of the assessment
approach instead of grounding engagement research in a theoretical framework
explicitly.

In this chapter, we address this issue by extending the Integrative Model of Self-
Regulated Learning (SRL) Engagement (Li & Lajoie, 2021) to a multimodal
approach for measuring the multidimensional facets of engagement. We begin by
broadly defining engagement as a multifaceted construct and its relationship to self-
regulated learning (SRL). Next, we introduce the extension of Li and Lajoie’s
(2021) Integrative Model of SRL Engagement to include additional dimensions of
engagement (i.e., cognitive, behavioral, and emotional engagement). This is fol-
lowed by a brief description of new underlying assumptions, strengths, and chal-
lenges of this model. We then review various unimodal methods of measuring
engagement as a basis for data channel convergence and multimodal assessment.
Additionally, we provide a conceptual approach of our own by providing examples
of how various data channels can be used to interpret student engagement using the
newly proposed model. We conclude with a discussion of limitations, future
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directions, and implications for designing and developing AIEd systems that utilize
theoretically grounded multimodal measures of engagement.

2  What Is Engagement?

Engagement during learning is a multidimensional construct with four distinct but
intercorrelated aspects—behavioral, emotional, cognitive, and agentic—that refers
to the extent of a student’s active involvement in their learning (Fredricks et al.,
2004; Reeve, 2012 extension of Connell & Wellborn, 1991). It is a construct that is
inherently dynamic as it ebbs and flows during learning, whether that be for a single
task (at the granularity of minutes) or across entire courses (at the granularity of
months). When measuring and assessing a learner’s quality and quantity of engage-
ment, one must consider the level of attention and effort (behavioral engagement),
the depth and quality of the strategy use sophistication (cognitive engagement),
presence of facilitating and inhibiting emotions of interest and curiosity (emotional
engagement), and the agency with which the learner is able to manipulate and adapt
their own learning (agentic engagement). Below we briefly define these four facets.

Behavioral engagement refers to the learner’s effortful involvement in their learning
through strategy use and activities to stay on task via attention, effort, and persis-
tence (Skinner et al., 2009; Reeve et al., 2019).

Cognitive engagement refers to “the extent to which individuals think strategically
along a continuum across the learning or problem-solving process in a specific
task” (Li & Lajoie, 2021, p. 2).

Emotional engagement refers to the presence of task-related emotions that may sup-
port or inhibit other types of engagement such as interest, curiosity, and anxiety
(Reeve, 2013).

Agentic engagement refers to a learner’s constructive contribution to their learning
such as offering suggestions, asking questions, recommending objectives, and
seeking opportunities to steer their learning (Reeve, 2013). In this chapter we do
not directly address agentic engagement, however when considering the devel-
opment of adaptive and intelligent systems, agentic engagement may play a vital
role, especially when considering the independence of a learner who is
self-regulating.

3 Extension of the Integrative Model of Self-Regulated
Learning (SRL) Engagement

Just as engagement is a multidimensional construct, self-regulated learning (SRL)
is also a multidimensional construct that refers to the active modulation and regula-
tion of one’s learning (see Panadero, 2017 for a review of SRL models). Researchers
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Fig. 10.1 Integrative Model of Multidimensional SRL Engagement (ISSME)

have suggested that due to the large overlap between the two constructs, we should
consider integrating them (Wolters & Taylor, 2012), a call that recently Li and
Lajoie (2021) responded to with their introduction of the Integrative Model of Self-
Regulated Learning Engagement. This new model situates cognitive engagement
inside of SRL to improve how we understand how, why, what, and when learners are
more efficient and effective learners. Specifically, their model suggests that cogni-
tive engagement fluctuates in both quality and quantity continuously throughout
three sequential phases of SRL as described in Zimmerman (2000) — forethought
phase (task analysis, goal setting, and strategic planning), performance phase (self-
control of task strategy and self-observation), and self-reflection phase (self-
evaluation, causal attribution, and adaptive self-reaction). We propose the Integrative
Model of Multidimensional SRL Engagement (IMMSE) an extension of this model
to include the additional facets of engagement (i.e., behavioral and emotional
engagement; see Fig. 10.1).

As an expansion of the original model and its assumptions, the IMMSE places
the learner (darker outline) within the learning environment or context (outermost
box). Note that part of the learner is situated outside of the learning context (top
dotted line). This highlights that the learner brings certain individual differences
(e.g., personality, working memory capacity, prior knowledge) from the previous
learning experiences such as motivations, beliefs, and moods, which will impact
their current and future learning. Individual differences impact the learner both
inside and outside of the specific learning context. Additionally, learners take mani-
festations (e.g., new beliefs, feelings of efficacy, vigor) of their learning out of the
current context that will continue to impact their future learning experiences. The
IMMSE suggests that those facilitators and manifestations cycle through each phase
of SRL but not necessarily in a linear fashion.
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In the forethought phase, a learner analyzes their task to set goals. This analysis
will then initiate cognitive engagement as a learner plans how best to achieve those
goals and with how much effort they should use. We show that task affordances and
constraints from the environmental context such as available tools, scaffolding tech-
niques, or pedagogical support must be considered within the forethought phase for
goal setting and strategic planning. These are fed in from the learning environment
or context into the individual learner. When we consider what engagement-sensitive
AIEd systems will look like, we then have to consider the direct effect the learner’s
behavior, emotions, and cognition will have on the environment. This is depicted as
the dotted line running from the leaner back into the task affordances and con-
straints. We discuss this feedback loop in greater detail in Sect. VI. Limitations and
Future Directions.

Next, learners move into the performance phase where they cognitively regulate
and monitor their behavioral engagement with the learning environment. The
IMMSE argues that cognitive efficiency is a core feature of SRL engagement, such
that learners’ cognitive monitoring helps inform how best one should strategically
and efficiently manage their cognitive engagement (Li & Lajoie, 2021). During the
performance phase, cognitive engagement regulates the enactment of behavioral
engagement. Behavioral engagement, according to Reeve, Cheon, & Jang, (2019),
must be observable and therefore is enacted only within the performance phase.
This enactment then informs cognitive engagement maintenance and monitoring
mechanisms. As many of the studies that measure engagement demonstrate, cogni-
tive engagement is usually measured by learner use of strategies. The IMMSE fur-
ther extends from the original integrative model of SRL engagement (Li & Lajoie,
2021) by creating a distinction between engagement and strategy use, a commonly
used proxy of cognitive engagement. Our model posits that cognitive engagement
helps regulate behavioral engagement, which can help explain when behaviors indi-
cate one level of engagement, but effort and attention indicate another. For example,
behaviorally, one may appear to be reading — their eyes scanning over a page.
However, when asked about what was just read, the learner may not be able to recall
or even mention having their thoughts trail off. In this way, we can show there is
behavioral engagement in the use of a strategy, but that there is low cognitive
engagement and, in turn, low-quality engagement.

During the self-reflection phase, learners evaluate and adjust their behavioral,
emotional, and cognitive engagement based on their reaction and evaluation of
those strategies and the effort exerted. This is a slight expansion of the original inte-
grative model such that, not only are learners reflecting on their cognitive engage-
ment, but also on their emotional and behavioral engagement. For example, one
might reflect that their interest (emotion engagement) is waning in a particular topic
but that they recognize that topic as vital to achieving a particular learning subgoal
(cognitive engagement). They determine that their approach at notetaking (behav-
ioral engagement) has caused their declining interest. In the subsequent forethought
phase after this reflection, they then plan to update their approach based on this next
context and understanding of both themselves, their tasks, and current progress
toward their goals.
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Another expansion includes the addition of task-related engagement emotions
that both facilitate and inhibit the other types of engagement throughout all of the
SRL phases. Emotional engagement is unique comparatively to the other two types
of engagement as it can inhibit or facilitate the amount of engagement activity that
is available to the learner (Reeve et al., 2019). For example, when emotional engage-
ment facilitators, such as an interest, are high, a learner may exert more cognitive
effort than normally applied. In the IMMSE, task-related engagement emotions
have a bi-directional relationship between each phase. This assumes that these emo-
tions act as both catalysts for the internal cognitive and behavioral processes of SRL
and engagement as well as products of those same processes. The IMMSE does not
make any explicit assumptions about how those emotions are regulated and modi-
fied within each phase (see Harley et al., 2019).

Overall, the IMMSE suggests that engagement is an ever-changing process that
fluctuates within learning. However, it is important to note that even if engagement
is low quantitatively, this is not the same as disengagement. Many researchers have
begun to theorize that engagement and disengagement are two distinct processes that
lead to different learning consequences (Cheon et al., 2018; Jang et al., 2016; Haerens
et al., 2015; Reeve et al., 2019). As such, this model does not make any distinct
assumptions about disengagement but is rather focused on the temporal fluidity of
engagement. This fluidity has many interconnected components that are often only
ever given a cursory glance in many models of SRL such as emotions and motivations.

The IMMSE provides a theoretical grounding for future research to examine
how best to measure engagement, and subsequently use those measurements for
adaptive design. Additionally, it provides the groundwork for which researchers
specify what it is exactly they are measuring to help clarify some of the conceptual
confusion across studies. In the next sections, we review how previous work has
measured engagement before providing our own approach that is grounded within
this model.

4 Unimodal Methods for Studying Engagement

In this next section, we review how previous research has captured and analyzed
engagement while highlighting the strengths and limitations of each approach. We
follow by providing some of the new attempts at converging data channels for
studying engagement. It is important to note that this review is not exhaustive in
nature as some methods such as gesture recognition (e.g., Ashwin & Guddeti, 2019),
teacher ratings (e.g., Fredricks & McColskey, 2012), or administrative (or institu-
tional) data (e.g., Mandernach, 2015) have been previously used as measures of
engagement but are not discussed for the sake of brevity. This section should serve
as a general overview for some of the methods that have been used to measure
engagement, but we direct readers to additional conceptual and systematic reviews
for additional studies (Azevedo, 2015; Dewan et al., 2019; Fredricks et al., 2016,
2019a, b; Henrie et al., 2015; Li, 2021).
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4.1 Clickstream Data/Log Files

Log files are sequential events or data streams where the concurrent interactions of
an individual with a system (i.e., human-machine interaction) are captured (Oshima
& Hoppe, 2021). Specifically, log-file data typically records the initiator (e.g., stu-
dent, pedagogical agent) of an action on objects or elements within a system and
what time point this action was initiated or completed. Log-file data have been used
throughout literature to capture, measure, and analyze student engagement within
virtual learning environments throughout a variety of domains and contexts includ-
ing science (Gobert et al., 2015; Li et al., 2020), education (Henrie et al., 2015),
computer science (Shukor et al., 2014), etc.

The use of log-file data can assist researchers in revealing evidence of disen-
gaged behaviors, learner profiles of engagement, and how this relates to learners’
overall learning outcomes. For example, a study by Gobert et al. (2015) utilized log
files to calculate learners’ frequency of actions, the amount of time between actions,
and duration of the actions as they learned about ecology with a microworld. Results
from this study found that using log files to measure engagement can indicate gam-
ing the system (Baker et al., 2013) behaviors that are associated with poor learning
outcomes. Similarly, log-file data recorded from an online learning platform was
used to examine learner participation by utilizing the characteristics of each post to
predict learners’ level of engagement (Shukor et al., 2014). Results from this study
found that the most effective predictors of engagement were metrics about posts
where learners shared information or posted high-level messages (i.e., elabora-
tive text).

Other studies have used log-file data to identify learner profiles of cognitive
engagement during learning. Kew and Tasir (2021) analyzed log files to identify
behaviors of low and high cognitive engagement displayed by learners. This study
defined engagement by the quality of posts on an educational forum where each
learner’s cognitive engagement level was determined by comparing the ratio of low-
level cognitive contributions (e.g., providing an answer to a post without explana-
tion) to the ratio of high-level cognitive contributions to the e-learning forum (e.g.,
providing an explanation). Learners were identified as having either high, high-low,
or low cognitive engagement depending on the relationship between the proportion
of high to low cognitive engagement displayed in their posts. Findings from log-file
data found that most learners were categorized as having low cognitive engagement
on online forums, providing insight as to how to encourage cognitive engagement
through e-learning platforms. Similarly, Li et al. (2020) identified profiles of learn-
ers based on their log-file data as they learned with BioWorld, a simulation-based
training environment. Findings from latent profile analysis revealed several differ-
ent types of cognitive engagement including recipience, resource management, and
task-focusing (Corno & Mandinach, 1983). Additionally, results found that learners
who were categorized as either resource management or task-focus cognitive
engagement had greater diagnostic efficacy than learners with recipience cognitive
engagement.
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Log files, as demonstrated in the studies above, are revealed as important indica-
tors and measures of engagement. Using log files has several advantages for
researchers as log files: (1) are unobtrusive process-based data that can be collected
online within traditional (e.g., classroom) or nontraditional (e.g., virtual) learning
environments; (2) gather rich temporal data that can be contextualized, allowing for
sophisticated analytical techniques to be used for examining individual learners’
time-series data; and (3) should the task align with engagement theories, log files
can serve as accurate identifiers of engagement during learning. However, there still
exist limitations in using solely log-file data to capture, measure, analyze, and inter-
pret cognitive engagement. Log files require interaction or physically expressed
behaviors to capture engagement and as such is better suited to capture behavioral
engagement rather than cognitive or emotional engagement. Historically, log files
have been used to make inferences about cognitive engagement, but these infer-
ences must be theoretically justified (Azevedo, 2015). Additionally, it is currently
unknown in the literature at what time log files may be used to best capture engage-
ment or at what sampling rate engagement indicators are unreliable or unable to be
aligned with other data channels.

4.2 Eye Tracking and Gaze Patterns

Eye-tracking data refers to the experimental method of recording learners’ gaze
behaviors, including fixation points, saccades, regressions, and dwell times, as they
engage in a task (Carter & Luke, 2020). Using eye-tracking data, researchers can
identify where a learner looks, for how long a learner gazes at an area of interest
(AOI; i.e., a region of an object to contextualize where a learner is looking), how
often they move from one AOI to another, and the sequences a learner gazes at a
battery of AOIs. Eye tracking has been used across multiple studies to capture
learner engagement during reading tasks (Miller, 2015), learning with virtual envi-
ronments (Bixler & D’Mello, 2016; Wang et al., 2020), designing cueing anima-
tions (Boucheix et al., 2013), etc.

Miller (2015) equated eye-tracking data, more specifically dwell times (i.e.,
aggregation of fixation durations) to increased thinking and attention on specified
AOIs. For example, a learner who has a greater dwell time on one object would be
assumed to have been thinking about the object more than an object where dwell
time was lower. However, there is a large assumption being made — a learner is not
engaged with material if they are not looking at the material and they are engaged if
they are looking at the material. As such, studies have attempted to examine mind-
wandering patterns in relation to learning outcomes using eye-tracking data. Mind
wandering, also known as zoning out, is an unintentional attentional shift toward
non-task-related thoughts (Killingsworth & Gilbert, 2010). Bixler and D’Mello
(2016) used eye tracking to detect when a learner demonstrated mind-wandering
behaviors during a reading task. During this reading task, participants were asked
both during a passage and at the end of a page to report occurrences of mind
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wandering while calibrated to an eye tracker. Using machine learning techniques,
mind wandering was detected with 72% accuracy. This study highlights the impor-
tance of contextualizing psychophysiological data to ensure appropriate interpreta-
tions of the data are being made.

Engagement with instructional materials was similarly detected using eye track-
ing by D’Mello et al. (2012) and integrated with an intelligent tutoring system, Gaze
Tutor, to provide learners scaffolding during a task. Individual learners’ gaze bat-
tens were used to identify if the learner was disengaged to then prompt the learner
via dialog to reengage the learner. Findings of this study reported increased learner
attention through the use of gaze-sensitive dialogues. Similarly, Bidwell and Fuchs
(2011) identified individual learners as either engaged or disengaged using eye
tracking where learners were classified into one of three states: engaged, attentive,
or resistive. However, when compared to expert human coders’ classification of
student engagement, hidden Markov models were only 40% accurate in classifying
learners, perhaps highlighting the role and impacts of subjectivity of subjects and
observers in some research.

These studies highlight both the strengths and limitations of using eye tracking
to identify and measure engagement. The method of collecting eye-tracking data
can be expensive and intrusive to the learner due to the calibration and equipment
setup. Additionally, the collection can be complex as it may be affected by the indi-
viduals’ physical actions such as sweating or moving (Henrie et al., 2015). Although
collecting this data can be difficult, eye-tracking data can be collected at multiple
levels of granularity, from milliseconds to hours of aggregation and timespans. In
addition, eye tracking can measure temporal sequences of actions through saccades,
attention allocations via fixation durations and dwell times, and cognitive effort
through pupil dilation, providing researchers with richly quantified dataset contex-
tualized to the learning task (e.g., see Dever et al., 2020; Taub & Azevedo, 2019;
Wiedbusch & Azevedo, 2020).

4.3 Audio/Video (Think and Emote-Alouds, Observations,
and Interviews)

Audio and video serve as methods for collecting think-alouds (i.e., concurrent ver-
balizations) of learners’ thoughts as they complete a task (Ericsson & Simon, 1984),
emote-alouds where verbalizations consist of emotions, observations of learners’
actions during a task, and interview data for post-task qualitative analysis (D’Mello
et al., 2006). Data from audio and video can provide insight as to how learners dem-
onstrate engagement with material during a task and provide critical contextual cues
needed to make accurate inferences about engagement. For example, Tausczik and
Pennebaker (2010) argue that word count calculated through think-aloud audio data
can identify a learner who is dominating a conversation with a peer, teacher, or tutor
as well as the level of engagement that is demonstrated by a learner (e.g., high, low).
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Past studies have examined think-alouds across contexts and domains to identify
engagement. For example, one study used a combination of interviews and video as
learners completed math lessons to measure cognitive engagement (Helme &
Clarke, 2001). Findings revealed that cognitive engagement was accurately identi-
fied through both linguistic and behavioral data from audio and video data respec-
tively. Linguistic indicators of cognitive engagement included verbalization of
thinking, seeking information, justifying an argument, etc., where behavioral indi-
cators were primarily identified through gestures. Another study used audio data to
identify linguistic matching during a negotiation between multiple parties (Ireland
& Henderson, 2014). Within this study, lower task engagement levels were associ-
ated with an increase in language use and style matching (i.e., percentages of words
in various linguistic categories) but were indicators of higher social engagement.
More specifically, the mimicry of verbal and non-verbal communication showed an
increased attention to social cues but had a negative relationship with task engage-
ment as pairs were more likely to hit conflict spirals and impasses. A study by
Ramachandran et al. (2018) also examined social engagement via audio data where
the word count and the number of prompts were recorded as a conversation took
place between a learner and a robot tutor. Specifically in this study, learners were
required to think aloud and while doing so, a robot tutor would prompt the learner
to consistently think aloud Using a robot-mediated think-aloud showed improve-
ments in students’ engagement and compliance with the think-aloud protocol com-
pared to using just the robot without think-aloud prompting, tablet-driven think-aloud
prompting, or neither the robot or think-aloud prompting, indicating the potential
value of using social robots in education for (meta)cognitive engagement.

While audio and video data can serve as a non-intrusive method of rich data col-
lection to measure cognitive, behavioral, task, and social engagement, there exist
several limitations that are specific across different data collection methods
(Azevedo et al., 2017). Observational methods can be expensive and require trained
and paid professionals. For example, the BROMP coding technique (Baker et al., in
press) is a momentary time sampling method in which trained certified observers
record student’s behavior and affect in a pre-determined order using an app that can
then automatically apply various coding schemes. In addition, think- and emote-
alouds require learners to be able to accurately and consistently verbalize their
thoughts, emotions, and cognitive processes which may slow performance as they
try to complete a task sometimes complex in nature (e.g., problem solving, learning
about a difficult concept). Further, despite the density of utterances, these studies
using these methods tend to have smaller sample sizes, making it difficult to gener-
alize to other studies. However, audio and video data can focus on the activity level,
provide qualitative aspects of engagement (e.g., emotional engagement), and con-
textualize other data type measures of engagement such as eye-tracking data. They
also focus on the veracity of the data such that while the number of subjects may be
more limited, the depth of the data collected is rich and offers a valuable corpus that
can then be inspected from multiple vantages.
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4.4 Electrodermal Activity and Heart Rate Variability

Electrodermal activity (EDA) data manifests from changes in learners’ topical elec-
trical conductance, quantifying sweat gland activity to identify stimuli such as cog-
nitive engagement (Posada-Quintero & Chon, 2019; Terriault et al., 2021). Heart
rate variability (HRV) measures the fluctuation of the duration between heartbeats
to identify the temporal relationship and changes in sympathetic and parasympa-
thetic effects on heart rate (Appelhans & Luecken, 2006). Both physiological data
channels aim to mitigate the limitations of traditional techniques such as survey-
based measures that can be time-consuming and cognitively demanding for the
learner (Gao et al., 2020). Because of this, studies have attempted to understand
how non-invasive EDA and HRV data collection methods can be used to capture
and measure learner engagement.

A study by Gao et al. (2020) explored how learners’ cognitive, behavioral, and
emotional engagement could be captured by EDA metrics and which of those met-
rics are the most useful in predicting learner engagement as well as differentiating
between the three types of engagement. Results from this study found that cogni-
tive, behavioral, and emotional engagement level during class instruction can be
detected with 79% accuracy across 12 EDA metrics in addition to other physiologi-
cal metrics (i.e., photoplethysmography, accelerometer). In examining the relation-
ship between EDA peak frequency and the three types of engagement, Lee et al.
(2019) found that a greater number of peaks indicating increased arousal was related
to greater cognitive and behavioral engagement. However, in relating EDA peak
frequency to emotional engagement, the study did not find significant associations
possibly due to those activating emotions, either positive or negative, that can have
both positive and negative relationships with emotional engagement (Lee et al.,
2019). In contrast, Di Lascio et al. (2018) found that when measuring emotional
engagement during class, increased levels of arousals were related with greater lev-
els of emotional engagement.

As seen in the slight variation in findings across studies, collecting EDA and
HRYV data can be challenging due to the limitations presented for data collection,
analysis, and implications. Specifically, both data channels can be intrusive due to
the instrumentation of learners that must occur. While some instruments, like a
smart watch, can unobtrusively collect this information, more sophisticated and
expensive instruments allow for greater accuracy (e.g., greater sampling rate; Henrie
et al., 2015). Additionally, many precautions and considerations must be taken in
both the environmental conditions (e.g., temperature) and participants’ individual
physiological and lifestyle differences (e.g., weight, caffeine and medication con-
sumption, etc.; Terriault et al., 2021). Interpreting arousal via EDA and HRV data
can be difficult without the use of additional data channels such as within the study
by Di Lascio et al. (2018) who compared arousal data against self-report measures
to triangulate the validity of arousal measures and implications. While these data
channels can be used to accurately predict levels of cognitive and behavioral engage-
ment in learners during a task or lecture, emotional engagement has yet to be
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concretely identified through these techniques. However, EDA and HRV methods
collect rich, fine-grained data that allow researchers to create individualized models
of engagement.

4.5 Self-Reports and Experience Sampling

Self-reports and experience sampling have been long-standing measures of cogni-
tive, behavioral, and emotional engagement due to the ease of administration and
the ability to understand learners’ reflections on their engagement. To obtain these
data, learners are asked to report experiences and understanding of their own degree
of engagement during a learning task either prior to (e.g., “Before a quiz or exam, I
plan out how I will study the material”’; Miller et al., 1996) or after (e.g., “To what
extent did you engage with the reading material?”) their task. Several studies have
not only developed scales for engagement (e.g., Appleton et al., 2006; Vongkulluksn
et al., 2022) and examined these scales for reliability and accuracy (Fredricks &
McColskey, 2012), but have also examined and determined learners’ level of
engagement using self-reports and experience sampling. A study by Salmela-Aro
et al. (2016) used the experience sampling method of short questionnaires through-
out a science class across 443 high school students. From this sample and using
latent profile analysis, this study found four profiles of learners — engaged, engaged-
exhausted, moderately burned out, and burned out. Through this assessment and
methodology of data collection, this study was able to examine both positive and
negative aspects of engagement. Xie et al. (2019) also used experience sampling to
measure cognitive, behavioral, and emotional engagement across several self-report
measures of engagement. Findings from this study established event-based sam-
pling as a more accurate way that cognitive, behavioral, and emotional engagement
can be captured by self-reports. Finally, experience sampling type of self-reports
allowed researchers to have a deeper exploration of how engagement relates to
learner behaviors.

Using self-reports and experience sampling methodologies to capture, collect,
analyze, and interpret cognitive, behavioral, and emotional engagement demon-
strated by learners has several strengths The method is easy and cheap to administer
to learners and provides a representation of learner reflection and perception of
engagement during a task (Appleton et al., 2008). Additionally, these methods can
be used to compare across scales and, as Appleton et al. (2006) argue, can be the
most valid measure of both cognitive and emotional engagement as both constructs
rely on learners’ self-perception. However, a review of cognitive engagement self-
report measures by Greene (2015) showed that researchers have begun to over rely
on the information provided by these measures, without regard to the several limita-
tions these metrics pose. For example, self-report measures of engagement have not
fully developed the definition and multidimensional conceptualization of cognitive,
behavioral, and emotional engagement, leading to a divided field regarding the indi-
cators of engagement during learning (Fredricks & McColskey, 2012; Li et al.,
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2020). Additionally, the assumption is made due to self-reports that engagement is
stable across time, can be aggregated and misaligned with real-time behaviors dem-
onstrated by learners, and can be measured outside of the immediate learning task
(Greene, 2015; Greene & Azevedo, 2010; Schunk & Greene, 2017). One-way stud-
ies have attempted to rectify this limitation is through the prompting of self-reports
throughout the learning task. However, this prompting can be disruptive to the
learner as well as cognitively demanding during a learning task (Penttinen et al.,
2013). As such, several pieces of literature have indicated self-reports (generally) as
poor indicators of the construct that was intended to be measured (Perry, 2002;
Perry & Winne, 2006; Schunk & Greene, 2017; Veenman & van Cleef, 2019; Winne
et al., 2002).

4.6 Facial Expressions

Facial expressions have primarily been used to identify learners’ internalized and
temporal emotions as they complete learning tasks. To do so, video clips of learners
are captured and enumerated using several different algorithms which identify dif-
ferent states of emotions including happiness, anger, joy, frustration, boredom, etc.
One example is the Facial Action Coding System (FACS; Ekman & Friesen, 1978)
which maps action units, or specific landmarks, onto the learner’s face to monitor
and quantify which facial structures move, when they move, and in conjunction
with other action units. From this, emotion scores are derived which indicates the
probability of an emotion being present.

Several studies have used machine learning techniques on learners’ facial expres-
sions to identify at what point of time and the duration a learner demonstrates
engagement on a learning task (Grafsgaard et al., 2013; Taub et al., 2020). A study
by Whitehill et al. (2014) examined methods to automatically detect instances of
engagement using learners’ facial expressions in comparison to human observers
judging emotions displayed by learners in 10-second video clips. Findings of this
study established machine learning as a valid technique for reliably detecting when
a learner displays high or low engagement. Similarly, Li et al. (2021) employed
supervised machine learning algorithms to identify how learners demonstrated cog-
nitive engagement using facial behaviors as they deployed clinical reasoning in an
intelligent tutoring system. Results found that three categories of facial behaviors
(i.e., head pose, eye gaze, and facial action units) can accurately predict learners’
level of cognitive engagement. Moreover, there were no significant differences in
the overall level of cognitive engagement between high and low performers.
However, learners in this study who were classified as high-performance demon-
strated greater cognitive engagement as they completed deep learning behaviors.

Prior literature has shown that engagement can be detected and predicted using
learners’ facial expressions. However, using facial expressions to identify engage-
ment assumes that all emotions are depicted by facial expressions. More specifi-
cally, we ask the question: do all emotions need to be expressed facially to exist?
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From this, there is a limitation to determining the level and type of engagement as
emotions could potentially be completely internal without outward indicators of
their presence. Using facial expressions as a measurement of emotion assumes
facial expressions are universal while ignoring potentially important social con-
structs (e.g., culture, positions of power, dynamics of relationships, etc.) and con-
text. For example, a smile might not always indicate happiness if following bad
news. In this case, the smile may be interpreted as an emotion-regulatory strategy or
dismissive strategy to negative emotions. It may also indicate mind-wandering or
disengagement if the smile is not related to any event or trigger from the environ-
ment or learning task.

Despite these limitations, facial expressions have been shown to be accurate and
reliable indicators of engagement according to past studies (e.g., Grafsgaard et al.,
2013; Li et al., 2021; Taub et al., 2020; Whitehill et al., 2014). Facial expressions,
in addition to reliable detection, are non-invasive and able to be automatically coded
in real time without the utilization of human resources.

4.7 EEG

Electroencephalogram (EEG) is a physiological measure of summed postsynaptic
potentials as neurons fire that provide temporal information about dynamical
changes in voltage as measured via electrodes attached to the scalp and a reference
electrode (Gevins & Smith, 2008). From these electrode voltage signals, there are
several frequency bands that have been used to measure cognitive states and pro-
cesses such as vigilance decline (Haubert et al., 2018), information processing
(Klimesch, 2012), and mental effort (Lin & Kao, 2018).

Pope et al. (1995) developed an engagement index based on a ratio between the
amplitudes of beta, alpha, and theta frequency bands that was found more sensitive
to changes in cognitive workload demands than other indices. This index has since
been reconfirmed as a sensitive measure to cognitive engagement during various
cognitive lab-based tasks (Freeman et al., 1999; Nuamah & Seong, 2018), and has
been used to study engagement in children during reading (Huang et al., 2014),
employees in workplaces (Hassib et al., 2017a), and university students during lec-
tures (Hassib et al., 2017b; Kruger et al., 2014).

Studies using EEG are less intrusive than other brain-scanning methods and have
been conducted within lectures using headsets (e.g., Kruger et al., 2014). These
studies provide temporally rich and fine-grained data that are prime for measuring
cognitive engagement but are computationally and resource intensive. Additional
types of non-intrusive brain-scanning methods (e.g., fNIRS) have been used to
detect features of engagement (e.g., Verdiere et al., 2018) using similar operational-
izations of cognitive engagement which may prove to be a synergistic measurement
tool to EEG in future work examining other dimensions of engagement.
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4.8 Convergence Approaches

Above we reviewed several unimodal data channels that have been used to study
engagement, with many of those studies using a second data channel to validate
newer measures (e.g., Bixler & D’Mello, 2016; Gao et al., 2020; Taub et al., 2020).
As important, the use of multiple data sources also (1) provides complementary
information when used in conjunction with one another (Azevedo & Gasevi¢, 2019;
Azevedo et al., 2017; Sinatra et al., 2015), (2) provides contextual information for
interpretation (e.g., Jarveld et al., 2008), and (3) can be used to develop more holis-
tic models by identifying interrelations among related variables (Papamitsiou
et al., 2020).

For example, Dubovi (2022) measured the emotional and cognitive engagement
of learners using a VR simulation of a hospital room using facial expressions, self-
reports, eye-tracking, and EDA. It is important to note, however, that in this study
these channels were all analyzed independently. That is, these two metrics were not
combined into a single “emotional engagement” metric but rather the authors report
that facial expressions were used to examine dynamical fluctuations in fast-changing
emotions while the self-report measured the intensity of emotions at set times
throughout the task. This study shows one way to use multiple data channels to
complement one another during interpretation.

Attempts have also been made to evaluate engagement using multimodal data
that are used in conjunction with one another to help provide additional context. For
example, Sharma et al. (2019) used both head position and facial expression to clas-
sify learners’ engagement level. Their system begins by detecting the face and head
position to determine the learners’ attentional state (i.e., distracted or focused), and
if the learner is focused, the dominant facial emotion is measured, and an engage-
ment level is calculated based on the dominant emotion probability and a corre-
sponding emotion weight. This value corresponds to a classification of “very
engaged”, “nominally engaged”, and “not engaged”. This approach underscores
how one data channel can be used to provide contextual information for another
data channel measurements to occur.

Finally, other studies have attempted to fuse multimodal data to develop more
holistic measures of engagement. Papamitsiou et al. (2020) were able to use log
files, eye-tracking, EEG, EDA, and self-report data in a fuzzy set qualitative com-
parative analysis approach (using 80%, 50%, and 20% thresholds for degree of
membership) to create a multidimensional pattern of engagement. Their approach
identified 9 configurations of factors to help explain performance and engagement
on a learning activity. Their findings showcase how multimodal data fusion suggests
more than one pattern of engagement that facilitates higher learning outcomes. That
is, because engagement is a multidimensional construct, there are likely multiple
avenues by which engagement impacts learning and that models of the measure-
ments of engagement should reflect this.

The promising shift toward multimodal approaches for measuring engagement is
largely driven by new analytical techniques such as those described above. However,
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there are limitations around using a multimodal approach. We discuss these limita-
tions in further detail later in this chapter (see Sect. VI. Limitations and Future
Directions) but highlight that these studies are not easy to collect for a large number
of participants. As such, many of these studies have relatively smaller sample sizes
that should be considered when discussing generalizability across learning context.
As new multimodal analytical techniques emerge, we can expect to see a large
increase in these types of studies which will help address this concern. It is impera-
tive that this work, however, be theoretically driven to avoid data hacking or phish-
ing expeditions. Grounded within this model.

5 Theoretically Grounded Approach for Measuring
Engagement with Multimodal Data

As we have previously shown, there have been many approaches to studying
engagement. However, the data that currently has been used to measure engagement
have varying conceptualizations and degrees of utilizing the multifaceted definition
of engagement we outlined previously. This means that a direct comparison of these
methods’ effectiveness and efficacy is not only difficult but also ill-advised. Instead,
we suggest future research needs to be explicit in what components and facets of
engagement are of interest to help advise which channels would be deemed most
appropriate. That is, there is likely not a single channel that will provide a single
metric for best quantifying engagement. Rather, each channel has its strengths and
limitations for each component and facet of engagement that must be considered.
These considerations can include which phase of SRL is of interest (i.e., fore-
thought, performance, or self-reflection), the facet of engagement that is being mea-
sured or inferred (e.g., cognitive versus behavioral versus emotional), the temporal
granularity (e.g., changes in engagement moment to moment versus sub-goal to
sub-goal versus day to day), the context as constrained by the environment, and
combination of converging data channels (see Azevedo et al., 2017, 2019). Using
multimodal data to measure psychological constructs is not a novel approach, as we
have highlighted in several studies above. Often, multiple channels are used to vali-
date another (e.g., using self-report data to validate EDA fluctuations of arousal
indicating higher engagement). However, multimodal data can also be used in con-
junction to provide complementary information for measuring engagement as well
(D’Mello et al., 2017). Importantly though, how best to integrate and utilize multi-
ple channels is not yet fully understood and requires additional empirical work that
is grounded in a unifying model of engagement.

Below, we provide examples of how these methods could be used specifically to
interpret not only each facet of engagement, but also their individual components as
situated in our extended integrative model of SRL engagement (see Table 10.1).
This table highlights how no one channel can capture all components of all facets of
engagement. For example, facial expressions might provide fine-grained data on
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one’s expressed task-related engagement emotions as they fluctuate with their inter-
actions between all SRL phases, but they would provide little to no information
about behavioral engagement (albeit context may be inferred from the facial expres-
sions to provide some interpretation of behaviors such as why someone might be
engaging in a particular strategy).

This table highlights a couple of interesting challenges when working with mul-
timodal data that go beyond what has already been published (see Azevedo et al.,
2017, 2019, 2022; Jarveld & Bannert, 2021; Molenaar et al., 2022). First, many of
these data are starved of qualitative information that can be derived from another
channel. For example, this table describes an example of how log-file data could be
used to evaluate engagement during the self-reflection phase. We suggest that event
markers that are quick in succession to previously visited pages or work can be used
to indicate reflection. Additionally, this table highlights how events are still being
examined primarily independently of one another instead of thinking of actions or
events that are more communal. That is, much in the same way we can use collec-
tions of facial landmarks to detect faces and facial expressions, log-file event mark-
ers could be used to create constellations indicating various types of engagement.
However, unaccompanied by think-alouds or self-reports, what the learner was con-
sciously reflecting on may not be differentiated from unconscious reflection of what
was being reflected upon. That is, the learner could be consciously reviewing the
length of their notes or determining if they had seen all of the material by flipping
through the informational pages of an environment, but unconsciously evaluating
how much effort taking those notes or reading all of that material took and whether
or not they felt it was effective to their current judgment of their learning. Log files
would not be able to make this distinction alone, but rather must be inferred (per-
haps based on the type of content being reviewed or the order the content is
reviewed). The addition of think-aloud data might provide more context as to the
why of the reflection.

This table also highlights where the various channels benefit from the contextu-
alization of other channels. That is, the same metrics might be recorded and not be
able to provide interpretable delineation between the SRL phases without other data
channels. For example, our table suggests that heart rate variability can be used to
determine task-related emotions and the maintenance of cognitive engagement.
However, it is important to note that this requires a level of inference-making as the
metric is reporting on arousal. Additional context is needed to understand if fluctua-
tions in the heart rate variability are driven by changes in effort (indicating
performance-phase cognitive engagement maintenance) or changes in task-related
emotions (e.g., anxiety or distress). By introducing additional data, such as speech
or self-reports, important distinctions can be made. That is, the addition of self-
report data might provide more context on the when or what SRL phase of physio-
logical data.

As we consider multimodal data channels for inferring engagement levels of
learners, we must also consider not only their temporal granularity in relation to one
another (i.e., eye-tracking versus self-report measures) but also within each channel
(Azevedo & Gasevi¢, 2019), and potentially in the “fused” channels. For example,
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Fig. 10.2 Temporal banding of multimodal data channels for measuring engagement

within eye-tracking, we must consider the inferential implications of using more
fine-grained data (e.g., fixation durations) compared to more aggregated forms of
data (e.g., heatmaps). This granularity is further explored in Fig. 10.2, which is a
non-exhaustive set of metric examples that can be used to make inferences about
engagement. These data can be used to explore when, how long, how often, and the
shape or topography of occurrences transpire during the various fluctuations of
engagement within the SRL phases outlined in our model.

Within each data channel (horizontal axis), we provide examples of metrics (col-
ored bands) that can be collected (e.g., timestamps of button presses from log files)
or generated (e.g., Think/Emote-aloud codes). These have been situated along the
vertical-hand’s scale of more fine-grained and typically raw data up to more aggre-
gated data. For example, fixations and saccades are collected within the millisecond
range, but can be accumulated and aggregated across minutes or hours to determine
dwell times. This figure outlines the relative temporal banding of the exemplar met-
rics that can be used to make inferences about learners’ cognitive, behavioral, and
emotional engagement during SRL. These inferences are best captured with multi-
modal data using a variety of data channels (e.g., eye-tracking) with multiple met-
rics (e.g., fixations, dwell time), and variables (e.g., fixation frequency, dwell time
duration) that can be extracted to evaluate engagement while learning. As research
continues to develop novel and innovative approaches to measuring various psycho-
logical constructs using both online trace data and offline sources, the metrics avail-
able for use are a growing list (see Darvishi et al., 2021). Those outlined above just
scratch the surface at what has been previously examined, but we acknowledge that
many more metrics exist that could fit well into our model. Additionally, within
each of those metrics, there are many variables that can be extracted. Almost all
metrics can be analyzed using frequency (i.e., how often something occurs),
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duration (i.e., how long it took to occur), and their timing within the learning con-
text/timeline (i.e., when something occurs).

The dimension of time scale of grain size has further been split (horizontal
dashed lines on across the vertical axis) separating the cognitive, rational, and social
bands on the left vertical) according to Newell’s (1994) levels of explanation cor-
responding to the time scale of human actions, to highlight which data are most
appropriate when making inferences about cognitive (unit tasks, operations, and
deliberate acts), rational (task level activity), or social (e.g., course-length engage-
ment) activities. This work was in large part to help the development of cognitive
architectures, and as such these bands represent qualitative shifts about the type of
processing assumed to occur within them and the manner researchers talk about
their internal levels from a systems-level perspective (West & MacDougall, 2014).
Briefly, the cognitive band represents symbolic information processing, the rational
band represents the level knowledge becomes abstract to create a (imperfect) knowl-
edge level system, and the social band refers to distributed multi-agent processing.

However, it is important to note that the delineations between the bands are not
hard boundaries but rather gradual guidelines (as indicated by being dashed and not
solid). Furthermore, according to Anderson’s (2002) “Decomposition Thesis”, there
is much evidence that suggests human action occurring at grander time scales are
composed of smaller actions at shorter time scales. That is, most of what occurs in
the social band involves a great degree of rational and cognitive processing. This
figure highlights how it is important in the work around engagement that we must
be clear about the temporality of interest when discussing the quality and quantity
of engagement. For example, are we concerned with fine-grained attentional shifts
within a single task or the overall level of interest and emotional investment of a
semester-long course consisting of multiple lectures each with multiple tasks?

6 Limitations and Future Directions

This chapter provides groundwork for future engagement research by drawing new
connections between associated constructs and measures. Specifically, the narrative
offers a multifaceted theoretical conceptualization of engagement and associated
data channels. Considering broader implications and future directions for
engagement-sensitive AIEd systems, we see an additional strength of our model
(Azevedo & Wiedbusch, 2023), in that the interaction between the individual learner
and the environment is one that allows for feedback loops. These have the potential
to become externalized and therefore are amendable to IMMSE analysis. For exam-
ple, we can imagine a system that detects waning cognitive and behavioral engage-
ment during strategy use within the performance-phase based upon eye-tracking
and log file data. Upon this detection, the system may then choose only at that
moment to interrupt the learner to probe about their current emotional engagement
levels and offer suggestions how best to increase levels of interest or curiosity. In
this way, the system is directly adapting to the user. However, we must remember
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these systems should also be used to scaffold learners, so some intrusions need not
be only measurement-related in nature. These intrusions can be intervention-driven
and serve as additional data-rich sources for future measurement without this being
their main intent. Additionally, as the user continues to interact with the system, we
can imagine that it begins to track which interventions prove to be the most success-
ful in increasing engagement. These interventions are then made more readily avail-
able for the user within the system while also suppressing those interventions that
have been shown to decrease the individual’s level of engagement. In this way, the
learner is directly adapting the task and environment affordances and constraints to
improve their learning experience. Due to learner individual differences, these
changes could be made in such a way that no two learners’ environments are
the same.

Future work can also test and elaborate on specific connections forwarded in the
IMMSE, including how prior knowledge, task constraints, and goal setting influ-
ence engagement facets. For example, the present model (Fig. 10.1) highlights con-
nections between task analysis (esp. goal setting) and the initiation and maintenance
of cognitive engagement, which can be measured via gaze fixations and EDA,
among others. Connections such as these can be empirically examined, not only to
test the model, but to forward appropriate SRL interventions and measures of cogni-
tive engagement. Additional work can also more thoroughly address the role of
agentic engagement within the context of self-regulated learning, which should be
expanded upon in future model iterations.

This work also recognizes the general advantages and disadvantages of multi-
modal approaches to assessing engagement, as well as the need for ongoing research
in this broad area. A conclusion one can draw from the IMMSE model, which high-
lights a tension between collecting as much as possible, and knowing which chan-
nels are most helpful to a particular context and analysis, is that the model will
encourage more research that contrasts the relative utility of different measurement
channels and metrics — solo and combined — in studying particular constructs in
particular contexts (e.g., Amon et al., 2019, 2022). For example, it is increasingly
popular in the realm of multimodal measurement as a sensory-suite approach to
research, where all available measurement channels are utilized during research
studies within a given lab, even if a particular measurement channel is not central to
the motivating research questions. Research is conducted in this fashion for good
reason: Research is expensive and time-consuming, and — for those fortunate enough
to afford such setups — elaborate sensory suites provide more “bang for the buck.”
By capturing as much information during a study as possible, researchers can push
creative research questions to the forefront and harvest data for years to come.
Certainly, the sensory-suite approach is a good investment in many cases, but it has
some caveats. Researchers may put the cart before the horse in terms of research
outputs, feeling inherent pressure to forward all data channels as useful in a given
context (e.g., in terms of predictive value) or present a multimodal approach as bet-
ter than a unimodal approach without appropriate testing. For instance, a researcher
may hesitate to disseminate findings that EDA has negligible predictive value com-
pared to eye tracking, if the researcher has intentions to continue submitting papers
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centered on EDA results and may instead present only data that supports the multi-
modal approach. Additionally, there are still many methodological questions around
the generalizability of multimodal approaches and their data sampling to subject
rates. In what contexts is having 100,000 samples of one individual better or worse
than 1 sample from 100,000 subjects? Where should researchers attempt to strike
the balance between generalizability and data veracity? In the long term it is prag-
matic and prudent the field begins to hone in on specific best practices in multi-
modal (or unimodal) engagement measurement.

Lastly, the present work has several limitations, including depictions of the
IMMSE ongoing task dynamics. Whereas delineated boxes may suggest discrete
stages, they likely overlap. We have also not made any explicit assumptions about
the ontological order or hierarchy of the various types of engagement which may
influence their temporal relationships. For example, task analysis during the fore-
thought phase may continue during performance, and self-reflection may overlap
with performance. However, the dynamic, integrated, and contextual aspects of the
model aim to highlight those interactions between facets of engagement over time.
In general, research heuristics, including those regarding the aforementioned data
channels and temporal granularity, are always subject to exceptions. For example,
fixations are often of a social nature, and social interactions are often brief. However,
in the context of measuring facets of learning engagement, it is often the case that
fixations are used to examine engagement with learning content, even during col-
laborative tasks (Vrzakova et al., 2021). An additional limitation is that this chapter
reviewed many unimodal and multimodal approaches, however we make no remarks
about which of these approaches are best (due largely to conceptual and definitional
differences). Moreover, although this work forwards heuristics for measure selec-
tion, we recognize that more work is needed in terms of formal review and empirical
testing.

7 Concluding Thoughts

In this chapter, we introduced an expansion of the integrative model of SRL engage-
ment (Li & Lajoie, 2021) to include emotional, behavioral, and agentic facets of
engagement, based on the interrelated aspects of student engagement (Reeve, 2012).
We then briefly reviewed the current conceptual, theoretical, and methodological
approaches to measuring engagement, and showcased how the use of multimodal
data for this work has contributed to our understanding of engagement. We extended
previous literature by proposing a methodological overview to inform the research
study design of future testing and validation of the IMMSE using multimodal data.
Our methodological overview identifies how different modalities of measurement
contribute to the measurement of engagement as it fluctuates within the different
phases of SRL. We concluded our chapter with several recommendations for future
research and system design.
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For engagement-sensitive AIEd systems to be designed with underlying student
models and adaptive scaffolding approaches, it is first imperative that the environ-
ments be able to accurately detect and infer fluctuating levels of engagement. As
such, this work seeks to encourage the use of a theoretically driven model to indi-
cate what types of data are most appropriately suited for inferences at various phases
of SRL. For example, while most work has used behavioral markers as evidence of
cognitive engagement (e.g., environment interactions), we show that measures of
eye-tracking may be better suited for cognitive inferences (i.e., cognitive band level)
while log files are the behavioral manifestations of engagement at the task level
(i.e., rational band level). While both are examples of engagement, our model allows
for a distinction on the type of engagement.

Measuring multidimensional facets of SRL engagement with multimodal data
raise issues related to ethics, privacy, bias, transparency, and responsibility
(Giannakos et al., 2022). Our model emphasizes research and training on the ethical
implications of multimodal data proliferation into various facets of multimodal data
including detecting, measuring, tracking, modeling, and fostering human learning
with Al-based intelligent systems. As researchers we should be deeply committed to
addressing ethical value conflicts that are widely known to be related to Al-based
research and development including agency (consent and control), dignity (respect
for persons and information systems), equity (fairness and unbiased processes), pri-
vacy (confidentiality, freedom from intrusion and interference), responsibility (of
developers, users, and Al systems themselves), and trust (by users of systems and of
data returned by systems). Conflicts among these values are represented through a
range of practical, technical, and scientific problems including (1) who consents and
does not consent to participate in research where multimodal data is critical to
understand SRL engagement, (2) how much and which multimodal data is collected
and from whom and where, (3) training on how to collect, analyze, interpret multi-
modal data, and (4) access to methods, tools, and techniques to analyze multimodal
ethically and scientifically.

We argue future research testing our model fundamentally prioritizes the value
of equity and fairness as a guiding principle in all our research practices, following
national and international guidelines for ethical multimodal data collection, espe-
cially when considering the design of intelligent learning systems (Sharma &
Giannakos, 2020). We believe that interdisciplinary researchers must be required to
develop equity-focused habits of mind, which include noticing, decoding, and
deconstructing machine bias and algorithmic discrimination (Cukurova et al., 2020).
For example, researchers need to develop competency in strategies to mitigate AI’s
reification of systemic forms of social inequality (e.g., racial biases, prejudices). In
addition, there are fundamental questions that may cause additional challenges that
still need to be addressed by researchers. For example, what are the tradeoffs
between consenting to some but not all possible multimodal data and the impacts on
potential bias in data interpretation and inferences. How long should multimodal
data be retained and in what forms? How is access and data sharing negotiated and
coordinated between and across collaborators and academics and industry partners?
How are learners made aware of what data are being collected and given options and
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agency (not agentic engagement but just agency as people in the world) to have
voice in what is being inferred? How will explainable AI be unbiased if human
researchers are using algorithms, computational models, etc., that are inherently
biases because they have been developed by humans and in most cases still include
the human-in-the-loop? These are some of the major challenges that multimodal
data pose that will need to be addressed in order to avoid biases, prejudice, and
potential abuse and misuse of multimodal data as technological advances make it
easier for the ubiquitous detection, tracking, modeling of multimodal engagement
data. This work serves as the base for a guide to the future direction for both
researchers and instructional designers to improve the capturing and analyzing of
engagement in AIEd systems using multimodal data.
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