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Figure 1. Overview of attention-aware learning technology

We designed and tested an attention-aware learning technology (AALT) that detects and responds to mind wandering (MW), a shift in
attention from task-related to task-unrelated thoughts, that is negatively associated with learning. We leveraged an existing gaze-based
mind wandering detector that uses commercial off the shelf eye tracking to inform real-time interventions during learning with an
Intelligent Tutoring System in real-world classrooms. The intervention strategies, co-designed with students and teachers, consisted of
using student names, reiterating content, and asking questions, with the aim to reengage wandering minds and improve learning. After
several rounds of iterative refinement, we tested our AALT in two classroom studies with 287 high-school students. We found that
interventions successfully reoriented attention, and compared to two control conditions, reduced mind wandering, and improved
retention (measured via a delayed assessment) for students with low prior-knowledge who occasionally (but not excessively) mind

wandered. We discuss implications for developing gaze-based AALTSs for real-world contexts.
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1 INTRODUCTION

Captivating and maintaining students’ attention is challenging—but critical—in any learning environment [1]. Attention
facilitates cognitive processes crucial for learning, such as prior knowledge activation and inference generation [41, 68],
but it frequently lapses throughout a learning session [61, 77]. In traditional classrooms, teachers can dynamically adapt
their instruction to refocus students’ attention when it seems to have wandered, for example, by telling a joke, change
activities, or suggest a break. However, this real-time adaptivity is currently beyond the scope of most computer-based
learning environments, suggesting an opportunity for improving the adaptivity and effectiveness of such technologies.
Although researchers have previously suggested the need and utility for attention-aware technologies [63] and, more
specifically, attention-aware learning technologies [14], this is particularly relevant today due to increases in computer-
based instruction in response to the COVID-19 pandemic.

In the current work, we developed and tested an attention-aware learning technology (AALT) to improve student
engagement and learning. We considered one specific kind of attentional lapse called mind wandering (MW) (or zoning
out) — defined as an attentional shift from task-related to unrelated thoughts [71]. Research estimates that students
spend at least 20-30% of their time mind wandering, either in traditional classrooms [60, 61] or while interacting with
learning technologies [17]. Although the trait-level tendency to MW has been linked to creative problem solving and
prospective planning [48], a meta-analysis of 88 independent samples indicated a negative correlation between state (i.e.,
in the moment) MW and performance across a variety of tasks [58]. In the case of learning with technology, a recent
meta-analysis [17] of 25 studies indicated that MW was negatively correlated with learning outcomes (r = -.24). This is
unsurprising because when learners mind wandering, they miss out on key concepts [62, 70], have increased difficulty
encoding information into memory [67], and fail to comprehend learning content [25, 66]. Thus, there may be benefits
to AALTs that address mind wandering in real-time, which is the focus of this work.

Responding to MW entails detection of MW, a challenging task given its covert, internal nature [72]. In the current
work, we leverage eye movements, which reveal how the brain processes visual information in real-time [37], for MW
detection. Eye-gaze correlates of MW have been identified across a variety of task contexts, including reading [23, 59],
lecture viewing [24, 60], suggesting a promising approach for monitoring MW in AALTSs [14]. Accordingly, we designed
and tested a gaze-based AALT (a biology Intelligent Tutoring System [ITS]) to detect and address MW in real-world
classrooms. The ITS tracks student eye movements and uses a pre-trained machine learning model to detect MW in real-
time (prior work by Hutt et al. [34]). It then dynamically adapts its instruction to capture and refocus attention to the
learning material and to address deficits ostensibly due to mind wandering (current work, Figure 1). In this paper, we
describe the design and iterative refinement of our AALT. Further, across two user studies conducted in high school
classrooms, we investigate whether the system successfully reengages students’ attention, reduces mind wandering, and,

consequently, improves learning.

1.1 Related Work

User interfaces that track and respond to attentional states have been explored in a number of domains such as the auto-
industry (e.g., monitoring driver fatigue and susceptibility to external distractions - see review [20]), education (e.g., to
select adaptive hints in educational games [49]) and adaptive information visualization [8, 74]. In educational
environments, Pham and Wang [55, 56] used computer vision techniques to monitor heart rate, which was then used to
detect attentional lapses. A widget appeared on the user interface when MW was detected and then disappeared if the
student was not MW for over three minutes. These studies show the successful integration of attention-aware adaptation

into learning technology but did not examine if the interventions improved student learning. Similarly, AttentiveReview



[54] is a closed-loop system for online learning on mobile phones. It uses video-based photoplethysmography (PPG) to
detect a learner’s heart rate from a smartphone’s camera while viewing MOOC-like lectures on the phone.
AttentiveReview ranks the lectures based on its estimates of learners’ “perceived difficulty,” selecting the most
challenging lecture for subsequent review (called adaptive review). In a 32-participant evaluation study, the authors
found that the adaptive review condition’s learning gains were statistically on par with a full review condition but were
achieved in 66.7% less review time. Although this result suggests that AttentiveReview increased learning efficiency, it
focused on difficulty rather than attention per se.

Of particular relevance are studies focused on eye gaze in learning technologies, which can be broadly grouped into
three categories [9]: (1) offline-analyses of eye gaze to understand attentional processes, (2) modeling of attentional
states in real-time, and (3) closed-loop systems that respond to attention in real-time. There has been a wealth of work
considering offline analysis of eye movements in educational contexts (see above and [30, 36, 49, 57]). Similarly, real-
time modeling of learner attention has become increasingly prevalent [4, 5, 10, 13]. However, closed-loop attentional-
aware technologies are still few and far between [13, 28, 69]. In one relevant study, D’Mello and colleagues [13] presented
GazeTutor, a multimedia learning environment that used eye gaze to monitor attention and intervene accordingly. If a
student appeared to be inattentive (defined below), the tutor would deliver a short phrase (e.g., “Please pay attention,” or
“I'm over here, you know.”) designed to redirect the student’s attention. An evaluation study indicated that GazeTutor
was successful in dynamically reorienting learners’ attention and improved learning gains (compared to a control group)
in certain contexts. However, GazeTutor characterized inattention as no valid gaze detected for five seconds, which
would mischaracterize students who close their eyes to concentrate on the materials (delivered auditorily) or when gaze
lapses are due to eye tracking errors. Thus, more objective measures of attentional states are essential.

In this vein, D’Mello et al. [11] showed that eye movement-based real-time MW detection could be leveraged for
adaptive intervention during computerized reading. In this study, students read a computerized page-by-page text while
their eye movements were recorded and analyzed via a pre-trained and validated MW detector [3]. Here, MW detection
was based on more detailed gaze behaviors than in GazeTutor, leveraging general features such as the average length of
a fixation and fixation dispersion. If the detector predicted (in real-time) that readers were mind wandering on a page,
prior to advancing to the next page, the interface would pose readers with a multiple-choice question on that page’s
content. If the readers answered incorrectly, they were given the opportunity to re-read the page and then were either
presented with the same question again or a different question on the same page. The authors found that this approach
corrected deficiencies associated with MW when compared to a control condition.

Mills et al. [46] improved upon several usability and pedagogical limitations with the D’Mello et al. [11] approach. In
their study, the trained and validated MW detector [3] predicted mind wandering on larger sections of text spanning
multiple pages rather than individual pages. If MW was detected, the readers were asked to generate open-ended self-
explanations on the core concept in the section just read. The self-explanations were automatically scored, and readers
who received low scores were asked to re-read parts of the text to improve their self-explanation. This approach did not
yield improvements to immediate comprehension (compared to a control), but it improved retention as measured by a
one-week delayed posttest, suggesting considerable potential.

Both D’Mello et al. [11] and Mills et al. [46] demonstrate the potential for using eye gaze to develop a gaze-based
AALT for reading, however both studies occurred in the laboratory using research-grade eye trackers that retail for
thousands of dollars, thereby limiting widespread scalability. Recent work has demonstrated the potential for using

commercial off-the-shelf (COTS) eye trackers (retailing for approximately 100-200 dollars) to study MW in the laboratory



[36] and, crucially, in authentic real-world environments [35]. We build upon this work to develop and test COTS eye

tracking in a closed-loop AALT that addresses MW during interactions with an ITS for use in high school classrooms.

1.2 Current Study and Novelty

The current work presents a prototype for the first fully automated gaze-based attention-aware adaptive ITS for use in
classrooms. Building upon previous work from Hutt et al. [34], the ITS tracks students’ eye movements to predict the
likelihood of MW (prior work) for dynamic real-time interventions (current work).

To our knowledge, this is the first study to detect and combat MW via a closed-loop system in real-world contexts.
Eye tracking is theoretically-grounded method for measuring attention, and indeed initial work has utilized eye tracking
for attention-aware reading interfaces [11, 46]. However, these endeavors rely on expensive research-grade eye tracking
in lab contexts, limiting widespread scalability and ecological validity. We use validated, portable COTS eye trackers
that have been used to successfully model attentional states with accuracy comparable to research-grade equipment [27,
36]. Using an eye tracker that retails for approximately 100 USD, our technology can support multiple students and
classrooms for the cost of one research-grade eye tracker.

To our knowledge, this work also presents the first gaze-based AALT for use in authentic contexts. Prior work has
been conducted in the lab, whether the environment can be strictly controlled (e.g., controlling the lighting or how a
user can move), and is free from distractions (e.g., users’ phones taken away). Classrooms present a nosier environment
where students may turn and whisper to a neighbor or become distracted by others in the room, impacting both attention
and eye tracking accuracy. This work designs for both user and use case and, in doing so, shows that a gaze-based AALT
can be effective in the real world.

Moreover, prior work on AALTs has focused on computerized reading [18, 46], whereas we consider a rich and varied
learning environment, with multiple activities (e.g., lecturing, scaffolded dialogue, concept mapping) and
representations (text, audio, media), which increases the complexity of MW detection and the bandwidth of adaptive
interventions. Through an extensive design process, we developed interventions to reorient attention and correct any
learning deficit attributable to MW. The interventions integrate pedagogically supported approaches from past empirical
investigations with structured interviews conducted with students and teachers. Our user-centered approach accounts
for imperfect MW detection and delivers “fail-soft” interventions (i.e., those that are not harmful if delivered incorrectly),
both of which are novel contributions.

Finally, we evaluated our technology in two large scale experiments with a total of 287 students. We examined the
impact of these interventions on mitigating MW in a study with 103 high school students during their regular biology
class (Study 1). Following further refinement of the ITS and interventions, we conducted a second study with 184 high
school students to investigate learning and retention improvement compared to two control conditions (Study 2). These
studies demonstrate the success of both our physical and software implementations

To summarize, our main contribution is the design of the closed-loop AALT that detects and responds to mind
wandering and two classroom studies to investigate its effectiveness at reengaging attention and improving student
learning. Whereas we leverage an existing ITS [52] with an embedded mind-wandering detector [34], the intervention

design, refinement, and real-world usability and efficacy testing are new contributions.



2 MIND WANDERING DETECTION IN THE GURU INTELLIGENT TUTORING SYSTEM (PREVIOUS
WORK)

2.1 The Guru ITS

Guru, the ITS used in the current work, is designed to teach biology topics through collaborative conversations in natural
language. It was modeled after interactions with expert human tutors [7, 15, 16, 53] and has been shown to be as effective
at promoting learning compared to small group tutoring with novice human tutors [51].

Guru’s primary interface (see Figure 2) consists of a multimedia panel, a 3D animated agent, and a text response box.
The agent speaks (using speech synthesis), gestures, and points using animations. Throughout the dialogue, the tutor
gestures to parts of the multimedia panel most relevant to the discussion, and images are slowly revealed as the dialogue
advances. For a more detailed description of Guru see [34, 51].

Guru tutorials provided tutoring on introductory biology topics (e.g., osmosis) aligned with state curriculum
standards over short sessions (15-40 minutes). Guru begins each tutorial session with a brief introduction to motivate
the topic, followed by five phases: Common Ground Building, Intermittent summaries, Concept Maps, Scaffolded
Dialogue, and a Cloze task. The two most relevant phases to the current work are described below.

Common-Ground-Building (CGB) Instruction. Biology topics often involve specialized terminology that must
be understood before it is advisable to move on to deeper knowledge-building activities. Therefore, Guru begins with a
collaborative lecture phase [12], which covers basic information and terminology relevant to the topic with a 3:1
(Tutor:Student) turn ratio.

Scaffolded Dialogue. Students complete a scaffolded dialogue in which Guru uses a Prompt — Feedback —
Verification Question — Feedback — Elaboration cycle to cover target concepts in detail. The student model is
continually updated throughout this process, prompting additional dialogue where necessary. For example, a student

who has not demonstrated knowledge of a certain concept would get additional dialogue on that concept.

2.2 MW Detection in Guru

MW detection has previously been integrated and validated in Guru [34]. As students interact with Guru, their eye gaze
is monitored by a COTS eye tracker (the EyeTribe, which retailed for $99'), which is affixed just below the screen (see
Figure 2). Setup and calibration of the eye tracker are done entirely by the students using previously validated [34]
instructions and wizards.

To generate a MW prediction, gaze features are calculated from the previous 30-seconds of eye movements. This
window size was motivated by previous work showing that an 18-30 s time window optimized MW detection [34, 36,
39]. The detector first calculates fixations (i.e., points in which gaze is maintained on the same location) and saccades
(i.e., the movement of the eyes between fixations) from the raw eye gaze using Open Gaze and Mouse Analyzer
(OGAMA) [76]. Next, 57 global eye movement features are calculated from the time series of fixations and saccades to
characterize general gaze patterns independent of the displayed content. Pertinent features include the number of
fixations, fixation durations, and saccade amplitudes, which are all independent of the content displayed on the screen
and thereby more robust to eye tracking errors.

These features are inputted to a previously trained machine-learned model (a Bayesian network implemented with

the WEKA data mining package [32]) that outputs a probability of MW. This model was trained using a dataset of eye

1 The EyeTribe is no longer commercially available, but other COTS eye trackers retail for a similar price and have been shown to have equitable
performance [27, 34]



gaze (collected using the same tracker used here) and self-reports of MW collected from 135 high school students as they
interacted with Guru in their high school classroom [34]. The model was validated with a further set of 39 high school
students in the classroom. In this validation, self-reports were triggered either by the detector or pseudo randomly to
evaluate the detector’s accuracy [34]. We considered the detector’s accuracy (weighted F1 of 0.51 vs. chance baseline
value of.33), to be moderate given the complexity of the problem and designed our interventions to be robust to detection

errors (as illustrated below).

Figure 2. Left: Screenshot of Guru in the CGB phase with overlaying gaze heatmap
Right: Example Eye Tribe setup

3 INTERVENTION DESIGN

Incorporating input from both teachers and students is critical in designing interventions that are effective at reducing
MW. Our first task was to obtain input from students and teachers about re-engagement techniques used in classrooms.
We did this with structured interviews with 25 high school students, followed by a half-day focus group with three high
school biology teachers.

3.1 Structured Interview with Students

We first conducted structured interviews with 25 high school students who had not previously used Guru. Students
volunteered to complete one Guru session on a randomly selected topic either during study hall or after class. An
experimenter (a high-school research intern) observed students throughout the session. Between each phase (section) of
Guru, the session was paused, and students were interviewed with questions related to their experiences in that phase
with an emphasis on their levels of attention and engagement (e.g., What would have helped you stay engaged in that
last section?). In general, students reported more MW in the CGB phase and the scaffolded dialogue phases, when there
was considerable tutor speech compared to the other phases.

At the end of the session, students were asked open-ended questions regarding self- and teacher-related strategies
for regaining attention. Approximately a third of students (36%) commented that a teacher simply saying their name
helped them pay attention. A further 20% commented that being reminded of an upcoming assessment helped them
remain engaged. A representative sample of student responses includes: “A teacher might tell you to stay focused, or ask
you a question when they know you weren’t paying attention”; "When someone says my name, or a teacher talks to me after
class [about staying engaged]"; "Being reminded that there is a test coming up"; "Being moved away from friends."



In summary, the students indicated there were multiple techniques to capture lapsed attention, with teachers using
a variety of these throughout a class session. This implied that our approach to responding to the MW within Guru
should be also be varied in its approach and potentially include using the student's name or asking a question. It should
be noted that some of the suggestions made by students involved physical changes (such as being moved away from a
friend) that our software would not be able to do. Such suggestions were not carried forward to future design activities

due to being unfeasible in this context.

3.2 Teacher Focus Group

We next held a half-day focus group with three high school biology teachers. All three teachers taught our target
population and were from the same large public midwestern high school; one of the teachers had previously worked
with the research team. Teachers were shown a demonstration of Guru by a member of the research team and were
shown how Guru tracks student progress. Teachers could ask questions or ask for clarifications, which led to an initial
discussion of Guru.

We then conducted a series of brainwriting exercises [42] to identify successful remediation tactics that could be
computerized to combat MW. Prompts pertained to teachers' everyday classroom experience with engaging students in
learning material. Teacher suggestions included: "Perhaps Guru could call out students by name"; "I think if Guru could
ask a question about the immediate content, that would be helpful”; "A complete switch of context might be useful, something
like: 'let's come back to this’”; “Adding an incremental summary, everything covered so far in brief, might help counter the
effect of mind wandering.”

All three teachers confirmed that calling on a student by name is often effective, as is prompting a student to realize
they had zoned out by asking a question. Therefore, the focus group discussions helped validate the structured interviews
conducted with students.

3.3 Intervention Design

The overarching goal was to deliver interventions that strike the delicate balance of reengaging students without being
abrupt or disruptive, thus interrupting the learning experience [29, 33]. Intervention design must acknowledge that MW
detection is imperfect (see [3, 19, 34, 43]). Thus, the design must “fail-soft” in that if delivered incorrectly (due to
imperfect MW detection), potentially harmful effects on learning are minimized. Students should not feel like they are
being watched or having their privacy violated in any way. Accordingly, interventions were only designed for the
Common Ground Building and Scaffolded Dialogue phases of Guru, where the most MW is reported [34, 47]. They were
also designed to be “light-touch,” as elaborated below.

3.3.1 Intervention Content

Based on our findings documented above, we developed two types of interventions: reiteration and question.

Reiteration. This intervention style consisted of two phrases: an attention redirection phrase and a repeat phrase.
The attention redirection phrase aimed to draw the student’s attention back to the tutor and emphasize the importance
of the learning material. The repeat phrase then restated specific content that was being discussed when MW was
detected. The idea was first to reorient attention and second correct any comprehension deficiencies attributed to mind
wandering. For example:

Diffusion involves particles moving from places in the cell where there are a lot
of particles, to places where there are fewer of those particles. That’s pretty neat! Let’s



go back over that [ATTENTION REDIRECTION]; this will be on the quiz later
[EMPHASIZE IMPORTANCE]. Diffusion involves particles ... [REPEAT CONTENT]

Question: Rather than repeating content following the attention redirection phrase, the tutor asks a question about
the current content being discussed. The tutor then waits for a response and provides feedback as appropriate. To
illustrate:

In fact, the particles spread out naturally and randomly, just by floating around
and bouncing off of other molecules! Let’s work on this together [ATTENTION

REDIRECTION], I have a question for you! Does Facilitated Diffusion require energy?
[QUESTION]

Using Students Names. Based upon student feedback, we also included the option to incorporate the student’s first
name (as entered by the student at the beginning of the session) in the attention redirection phrase for either intervention
type. For example, “Charlie [FIRST NAME], let’s work on this some more [ATTENTION REDIRECTION].” There was a 50%
pseudorandom chance of using the student's name in each intervention type described above. This would ensure that
the interventions remained varied and did not become stale or boring for students. It should be noted that student names

were only temporarily stored while the software was running and were deleted at the end of each Guru session.

3.3.2 Intervention Delivery

As students interact with Guru, MW likelihoods (between 0 and 1) are generated from the MW detector every second.
To account for detector inaccuracies, we adopted a nonlinear probabilistic approach in deciding when to intervene.
Specifically, a prediction of less than 0.05 resulted in no intervention, and a prediction greater than 0.7 always yielded
an intervention (other things considered; see below). In between these bounds, interventions were probabilistic (e.g., a
likelihood of 0.45 resulted in a 45% chance of yielding an intervention). After reviewing MW predictions from previous
studies [33], these thresholds were selected to align MW predictions with prior empirical research on the incidence of
MW with Guru [34, 47].

The final intervention workflow is shown in Figure 3. To maintain the ITS interaction flow and reduce disruptions,
except when intended to reengage attention, we placed several restrictions on the intervention mechanism. In particular,
an intervention would not be triggered if the student received an intervention within the last 90 seconds, or the ITS was
awaiting a response (e.g., if the student was typing). Each intervention was randomly selected without replacement from
a set of pre-determined phrases such that the same phrasing was not used twice in one session. Once the intervention
phrase was selected, it was then inserted into the tutor’s dialogue at the earliest possible moment without interrupting

the tutor's speech.

4 TESTING AND REFINEMENT OF FIRST INTERVENTION PROTOTYPE

We conducted several testing and refinement cycles of the first intervention prototype in the lab and the classroom.
Laboratory participants were compensated with research credit, while classroom participants were compensated with a
$10 gift card. To test whether users noticed the interventions, they were not informed that Guru was responding to MW

until they had completed the session. No participant was involved in the testing and refinement process more than once.



4.1 Laboratory Testing — 14 Participants

The prototype was initially tested in the lab with 14 undergraduate students (who had previously not used Guru) for
one session each. Sessions were screen recorded and reviewed by an experimenter to evaluate the intervention
mechanism. Students were also interviewed regarding their experiences after the session. We found that when asking
students if they noticed an intervention, they commented that the interventions could be at times “abrupt” or
“interrupting.” In contrast, there were some instances in which students commented that they did not notice the
interventions at all, an equally concerning issue. As a result, we adjusted attention redirection phrases to improve the
learning session's general flow and make the intervention suitably engaging. We also added a longer pause between the

session content and the intervention phrase, so that it would appear as a new conversational turn.
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4.2 Individual Testing in School - 5 Participants

Further testing of the updated intervention was done either after school or in study hall with five high school student
volunteers. Students completed one Guru session, which was observed by a researcher who noted critical incidents and
student questions. After the session, students were interviewed about their experience, including if they noticed any
attempts to reorient their attention (e.g. “.Did you ever notice whether [the tutor] called on you to pay closer attention?”).
Students in this round of piloting reported fewer complaints about interruptions, suggesting that intervention delivery
had improved; this was then anecdotally confirmed by reviewing the screen recordings. However, students reported
that occasionally they found the phrasing of interventions strange, so we further adjusted these to be better suited to
high school students.

4.3 Classroom Pilot - 13 Participants

Next, we conducted a pilot study in the same classroom environment intended for the user studies with 13 students who
had not previously interacted with Guru. On average, we found students received 1.3 interventions (SD=1.48), with six
students never receiving an intervention. We were initially concerned by the low number of interventions triggered;
however, these students were honors biology students (i.e., more advanced than our target sample), so we expected
lower MW rates. With this in mind, we made only minor modifications to the triggering algorithm by lowering the
threshold for a guaranteed intervention from 0.7 to 0.6. Students reported noticing interventions but did not feel that

they disrupted the software's overall flow or the learning experience.



5 USERSTUDY 1

Study 1 was the first test of the affect-aware Guru with mind wandering detection and intervention in an authentic
classroom environment (the previous pilot had a very small number of students). The primary goal was to examine

whether the intervention mechanism functioned as intended and if there were notable reductions in mind wandering.
5.1 Methods

5.1.1  Participants (Students)

Students were 103 high school seniors at a large, midwestern, public high school who were enrolled in their second high
school biology class. The school reports a student population that is 73% White, 9% Black, 6% Asian, and 7% Hispanic.
Around 20% were enrolled in the free and reduced lunch program. None of the students had previously used Guru or
been involved in the intervention development or testing. Before participating in the study, students provided written
assent while their parents provided written consent. Students were compensated with a $10 gift card for their

participation in the study.

5.1.2  Procedure

Testing occurred over two days, with each day consisting of a different sample of students. Testing was conducted in
students' regular high school classroom. Students each completed two Guru sessions (one on facilitated diffusion and
the other on protein function). Each testing session consisted of an introduction to the software, the first Guru session
(30 minutes), a short break, and the second Guru session (30 minutes) with topic counterbalanced across the first and
second Guru sessions. In either the first or second session (counterbalanced across students) students received
interventions based on real-time MW detection as described in Section 2.2; we only analyze these sessions here (the
other condition did not yield usable data and is not analyzed further).

Students were each provided with a laptop and eye tracker at their desks (see Figure 2). On-screen instructions with
live feedback guided students to establish a seated position that was compatible with eye tracker recommended positions.
Calibration was then achieved using a randomized nine-point calibration process. Following calibration, students
completed a six-item, multiple-choice pretest to gauge prior knowledge on the assigned biology topic. Pretest questions
were randomly selected from a twelve-item, topic-specific question bank, meaning questions varied across students (see
Figure 4 for an example). Students then received tutoring from Guru, upon which they completed a posttest to assess
learning gains with questions with items randomly selected from the topic-specific question bank but different from the
pretest. Students were also asked to self-report their MW on a six-point Likert scale. All procedures were approved by

the Institutional Review Board and the principal of the school.

What are two factors that can cause a protein to become deformed?
a) exposure to chemicals AND heat (correct answer)
b) exposure to carbohydrates AND other proteins
c) exposure to hormones AND antibodies
d) exposure to water AND oxygen
Figure 4. Example multiple choice question from protein function, the correct answer is shown in bold.
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5.2 Results

5.2.1  Frequency of Intervention Delivery

A total of 120 interventions were delivered across the 103 sessions (M = 1.16, SD = 1.61), of which there were 46 sessions
with no interventions. This rate of delivered interventions was lower than anticipated based upon previous predicted
rates of MW that were validated with the current detector [30]. We hypothesized these differences might, at least in
part, be due to differences in the academic level of the student populations. That is, the detector was trained using data
from students enrolled in their first high school biology class [34], whereas students in the current study, were fourth-
year high school students enrolled in the second biology class. Also, students in the current study took less time (4.6
minutes less on average) to complete the Guru session compared to the students used to train the detector, resulting in
less potential for mind wandering and consequently interventions.

Given the observed difference in samples from training to deployment, we next examined whether the detector was
still accurate with this new sample. Accordingly, we correlated the mean MW likelihood for every participant from the
detector across the entire Guru session with students’ self-reported MW following the session. We observed a modest
correlation (Spearman rho = .28, p=.13), lower, but within the range of what has been previously reported values (rho

= .4) from a laboratory study with research-grade tracking [22].

5.2.2  Impact of Interventions on reducing MW

To examine whether our interventions reduced MW, we compared the average predicted likelihood of MW in the ten
seconds prior to and following an intervention using data from the 57 participants who received at least one intervention
(Figure 5). A paired-samples t-test indicated that the predicted likelihood of MW was much greater before (M=.60, SD =
.34) than after (M=.10, SD=.24) the intervention, #56) = 5.63, p<0.01. These results indicate a reduction in predicted MW
following the interventions.

Next, we examined if one type of intervention was more effective at reducing MW than another. Using a linear
mixed-effects model (implemented in R with the Ime4 package [2]), we regressed change in MW (post intervention — pre
intervention) on the intervention type: (reiteration or question) x use of the student's name (yes or no) interaction, with
biology topic as a covariate and participant as an intercept-only random effect. The interaction was not significant (p
=.15), nor were any of the main effects (ps >.26). Thus, the different intervention strategies were statistically equivalent
in their effectiveness at reducing MW (see Figure 5).

11



1.0 4 + 0.0 1 "
LY
0.8 g‘ 0.2 4
5 e
‘d (]
k] g
& 0.6 £ 044
) g
g + &
© g
5 0.4 T 0.6
= -
2 ' §
£ 4
=
0.2 1 + 2 0.8+
+ =
00 ] ———— 1ol .

T - T - . T T T
Pre-Intervention Post-Intervention Reiteration Reiteration + Name Question Question + Name
Intervention Type

Figure 5. Left: Boxplot of MW predictions before and after interventions for students in the intervention condition
Right: Change in MW prediction (post — pre intervention) for each type of Intervention (negative differences suggest decreased MW)

5.3 Discussion

We conducted an initial user study of the attention-aware Guru ITS in a real-world classroom. We found that the
interventions reduced student MW (as measured by our MW detector). However, there was a large proportion of sessions
(44%) that received no interventions. Although some of these students may never have been MW, it is unlikely that this
was the case for all such students. Instead, it is more likely that the MW detector which triggered the interventions did
not gracefully generalize from then training data where novice biology students were used to the current study with
advanced students. Learning gains resulting from interventions could not be examined in this study as there was not a
suitable comparison group. Instead, we demonstrate the feasibility of AALT in the classroom and show that our
interventions reduced student MW, at least in the moments following an intervention. We found no significant
differences in the reduction of MW between the types of interventions suggesting both repetition and questions were
effective in this context. The use of students name also did not present a significant difference, potentially due to differing

social impacts of being called upon in a one on one tutoring environment as opposed to in a classroom setting.

6 FURTHER REFINEMENT TO PRODUCE THE SECOND INTERVENTION PROTOTYPE

We made changes to the prototype based on findings from Study 1. To increase the opportunities to test interventions,
we chose to exclusively focus on the Common Ground Building (CGB) instruction phase, as this is where the most MW
occurs [34, 47]. To further increase the opportunity for interventions, we updated the learning material to extend the
CGB instruction length and match current state standard curricula. Based on the speech rate of the speech synthesis
system used by the Guru animated agent and the typical Guru response time data from high school students, we
anticipated that the additional material would extend the learning session by approximately four minutes. We also
included an additional biology topic (i.e., carbohydrate structure and function), resulting in three Guru CGB tutorials.
To evaluate the impact of these changes on the number of interventions delivered, we conducted a series of
simulations using previously observed MW rates from a dataset of high school students interacting with Guru [34]. In
each simulation, the Guru session time was generated based on previous high school student data and the additional
learning material. For each second of the session, MW probabilities were drawn from a distribution based on data used
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to train the MW detector. Simulated probabilities were then inputted to our intervention trigger mechanism (described
above) to calculate the total number of interventions, accounting for interactions that might block an intervention (e.g.,
allowing enough time between interventions.) Simulations indicated that an average of 3.3 (SD = 3.0) interventions would
be delivered during the modified session.

The refined prototype was then piloted with 24 undergraduate students, who spent an average of 3.2 minutes longer
in the CGB session than in previously collected data [36], suggesting that the content length had been appropriately
expanded. The number of interventions also correlated positively (rtho =.48, p<.01) with a MW survey item completed
after the session (i.e., “This activity did not hold my attention at all.”), thus reinforcing the validity of our intervention

mechanism.

7 USER STUDY 2

Study 1 served as an initial feasibility study for gaze-based engagement interventions in the classroom and demonstrated
that interventions could reduce student MW. Having further refined the interventions and tutorial content, we

conducted a second user study to examine the impact of interventions on student learning.
7.1 Method

7.1.1  Participants (Students)

Students were 184 freshman and sophomore high school students at the same large public midwestern high school
discussed in user Study 1 (see section 5.1.1 for school demographics). Students were all enrolled in their first Biology
course. None of the students had used Guru before or been previously involved in this research. Students participated
in their regular classroom and were compensated with a $10 gift card. Students provided written assent, and parents
provided written consent. Students completed three learning sessions (Protein Function, Carbohydrate Function, and
Facilitated Diffusion) in a counterbalanced order. Students were randomly assigned to one of three conditions (described
below) for all three Guru sessions in a between-subjects design.

Experimental Condition (n = 107). The experimental condition remained unchanged from Study 1 where students
received learning interventions based upon real-time MW detection based on their eye movements.

Active Control (n = 41). Students in the active control condition received interventions that were initiated based on
a predefined probability distribution based on data used to train the MW detector [34] rather than on real-time MW
detection. To illustrate, if 5% of predictions in the previous dataset were between 0.95 and 1, then there is a 5% chance
of generating a MW prediction between 0.95 and 1. The intervention delivery mechanism was the same as in the
experimental condition, expect based on simulated MW probabilities. Eye movements were tracked in the same manner
as the experimental condition, so the user experience was identical. This allows us to disambiguate the effects of
interventions that are sensitive to mind wandering (experimental condition) compared to the interventions itself
irrespective of mind wandering (active control).

Do Nothing Control (n = 36). Students in the no-intervention condition did not receive any learning interventions.
This was included to test for any potentially harmful effects of the intervention. We also tracked eye movements in this

condition, similar to the above two conditions.
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7.1.2  Procedure

Each student was tested over two days. On Day 1, students were provided the same equipment as in Study 1 in their
regular biology classrooms. During their lesson, students completed three sessions, each on a different biology topic in
Guru (i.e., Protein Function, Facilitated diffusion, and Carbohydrate Function) with a mean completion time of 15.54
minutes (SD= 3.16 minutes) per topic. As in Study 1, students completed a pre and posttest for each learning session
(example shown in Figure 4). At the end of each learning session, students completed items from five subscales of the
Intrinsic Motivation Inventory (IMI; Table 2) [44, 64] using a six-point Likert scale (coded as 1-6) As in Study 1, students
also answered a question designed to self-report MW. In the interest of time and to avoid fatigue, students answered one
randomly selected item per subscale (6 items total) after each session. Due to interruptions (one class was randomly
selected for a drug search with sniffer dogs during the experiment) and students being late or having to leave, 44 out of
552 sessions were incomplete. These sessions were not included in later analysis.

The second day of testing consisted of a follow-up assessment to assess students’ retention of learned materials. It
occurred three weeks after the initial learning session in the same classroom during regular class hours. Students
completed a Cloze task [45, 75], where they generated an ideal summary of each topic by filling in missing information
(from memory) related to the core concepts (see Figure 6). Retention was measured as the proportion of correctly
completed items. Due to student absences, we obtained delay scores for 502 sessions (out of 508 complete sessions).

When a substance is dissolved in water, it is called a . When the salute is dissolved in water, the mizture
is called a solution. Different solutions can change the water level of a cell. Solutions can have different
levels of concentration, this difference is called the concentration gradient. Water molecules move from areas of

water concentration to areas of water concentration. In other words, water moves the concentration

Figure 6. Example cloze task (partial view), student responses are shown in blue
7.2 Results

7.2.1  Number of interventions

We first examined the number of interventions delivered. Students in the experimental condition received an average of
1.45 (SD = 2.69) interventions, which was on par with students in the active control condition (M = 1.33, SD = 0.49), a
Kruskal-Wallis test [40] showed no significant difference between the two distributions (p = .35). Of the 327 tutorial
sessions in the intervention condition, 155 of these received 0 interventions. A further examination of these sessions
indicated that 90/107 (84%) students in the experimental condition received at least one intervention across their three
Guru sessions.

We determined sessions in the experimental condition with no interventions as a separate intend-to-treat condition.
This adjustment resulted in a mean of 2.77 (SD = 2.87) interventions for the 172 remaining sessions in the intervention
condition. For subsequent analyses, we focus on the Do-Nothing control, Active Control, and experimental condition
sessions where students received at least one intervention. We also divided the intervention condition sessions into two
groups — a low group who received exactly one intervention and a high group who received more than one intervention.

Table 1 lists the assignment of students to Guru topics for the various conditions.
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Table 1. Alignment of conditions, topics, and Guru sessions

Module
Condition Carbohydrate Facilitated Protein Total
Function Diffusion Function
Active Control 36 39 40 115
Do Nothing Control 34 33 33 100
Experimental High (>1 Intervention) 27 35 27 89
Experimental Low (1 intervention) 25 26 32 83
Experimental None (0 Interventions) 56 50 49 155
Total 178 183 181 552

7.2.2  Analysis of Learning

We used the posttest and the delayed retention test after controlling for pretest scores in a regression framework. Figure
7 depicts histograms of these variables. We removed incomplete sessions and sessions where the posttest was the posttest
in under 30 seconds as we deemed this insufficient time for the six-item assessment. This resulted in 336 of the 387

sessions retained.

Pre Test Post Test Delay Test

100
60

75
40

50

Number of Sessions

20
25

l 0 0

0.00 025 050 075 1.00 0.00 025 050 0.75 1.00 0.00 025 050 0.75 1.00
Student Score

Figure 7. Histograms of learning variables (delay = delayed retention test and value = proportional scores on each assessment

We first examined any differences in pretest scores. Using a linear mixed-effects, we regressed pretest scores on
condition and topic with participant as an intercept-only random effect. There were no significant condition differences
(p = .87) though prior knowledge significantly varied as a function of the topic (p < .001), so we retained it as a covariate.

Next, we regressed (in two separate models) posttest score and retention (delayed) scores on condition x prior
knowledge (as measured by the pretest) interaction with topic and time on task (time spent in Guru) as covariates. There
was no significant main effect of condition nor interaction (ps > .45) for posttest scores. However, the condition x prior

knowledge interaction was significant (p =.009) for the delayed retention test. Simple slopes analyses
IMI

Finally, we examined items from the IMI questionnaire (See Table 2 for descriptives per condition). We tested for
condition differences among the self-report items students completed at the end of the session. For this, we regressed
each self-report measure on condition after controlling for pretest, posttest (since the self-reports were completed after

the posttest), topic, time spent in Guru, and survey version (there were three different versions — see above). We found
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no main effect of condition on self-reported competence (p=.32), perceived value (p=.34), effort/importance (p=.61),
interest (p=.95), and felt pressure/tension (p=.18). However, there was a significant effect (p = .002) of condition on self-
reported mind wandering. Pairwise comparisons (see Figure 9) indicated lower self-reported mind wandering for both
the intervention (low and high) groups compared to the Do-Nothing control groups (ps < .04). However, only the group
that received exactly one intervention (i.e., low group) had lower self-reported mind wandering (p = .04) than the Active

control group.

Interaction

0.2

0.0

-0.24

Pre: 0.23

ps <.02

A

AC DN Exp_High Exp_Low

Pre: 0.46
M TN Tmmr T
AC DN Exp_High Exp_Low

Experimental Condition

Pre: 0.69

AC DN Exp_High Exp_Low

Figure 8. Simple slopes analysis illustrating the interaction between condition and pretest scores (one standard deviation below the
mean (0.23), at the mean (0.46), and one standard deviation above the mean (0.69)) for predicting retention. AC = Active-control. DN
= Do-nothing control, Exp_High = Intervention group with one or more interventions, Exp_Low = Intervention group with exactly

one intervention.
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Figure 9. Pairwise comparisons for self-reported mind wandering by condition. AC = Active-control. DoNothing = Do-nothing

control, Exp_High = Intervention group with more than one intervention, Exp_Low = Intervention group with exactly one

intervention;
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Table 2. Example questions given to students following each session and descriptive statistics

Active Do-Nothing  Exp_High Exp_Low
Scale Sample Item Control Control (>1 intervention) (1 intervention)
M (SD) M (SD) M (SD) M (SD)
Interest I thought this was a boring ~ 3.41 (1.36)  3.36 (1.39) 3.24 (1.35) 2.28 (1.43)
activity [reverse coded]
Value I believe this activity could 3.82(1.35) 3.94(1.44) 3.48 (1.26) 3.50 (1.27)
be of some value to me
Effort Iput a lot of effort into this  4.03 (1.05)  4.15 (1.29) 3.74 (1.26) 3.76 (1.31)
/Importance
Perceived I am satisfied with my 3.43(1.24) 3.21(1.44) 3.42 (1.34) 3.38 (1.43)
Competence  performance at this task
Pressure 1did not feel nervous atall ~ 4.37 (1.43)  4.30 (1.62) 4.25 (1.57) 4.86 (1.48)
/Anxiety while doing this
Mind My attention drifted 3.96 (1.42) 4.11(1.51) 3.71 (1.55) 3.44 (1.61)

Wandering towards thoughts unrelated

7.3 Discussion

We found that our real-time gaze-based interventions successfully reduced (self-reported) MW and promoted retention
compared to both control groups. However, the positive effect was only observed for low prior knowledge learners that
received only one intervention. It might be the case that the interventions were unnecessary for those with average prior
knowledge and higher. Further, requiring more than one intervention might signal a different issue with maintaining
attention (e.g., lack of interest), likely not addressed with the light-touch intervention approach considered here. Finally,
a substantial number of sessions (48%) in the intervention condition still contained no interventions (14% of students
never received a single intervention across all three sessions), suggesting that our detector might still be missing

instances of MW. Thus, there might be limits to what can be achieved with imperfect MW detection.

8 GENERAL DISCUSSION

Attention is critical for effective learning [50], but attention-based adaptive instruction is currently beyond the scope of
most learning technologies. Here, we developed and tested adaptive interventions to address mind wandering, a form of
attentional lapse that negatively correlates with learning [25, 66, 70]. Specifically, we leveraged existing MW detection
models and COTS eye trackers to develop an attention-aware ITS with adaptive interventions inspired by teacher
remediation strategies for re-orienting attention. After a series of design, testing, and refinement cycles, we evaluated
the impact of real-time, attention-aware interventions in two studies (Ns of 103 and 184). Both studies took place in high

school classrooms, moving AALT out of the laboratory [18, 46] and into the real world.

8.1 Main Findings

We demonstrated the feasibility of an attention-aware ITS in classrooms as well as its efficacy at reducing MW and
supporting learning. First, through student feedback, a teacher focus group, and brainwriting exercises [42], we identified
remediation tactics that could mimic traditional classroom interactions and successfully reengage learners. We

incorporated two types of intervention: reiterating the learning material and asking a content question. User testing
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indicated that the interventions had to be carefully embedded to effectively regain lapsed attention while avoiding abrupt
interruptions that could disrupt the learning experience. We also noted the necessity of a ‘fail soft’ approach to avoid
negatively impacting the learning experience if the detector incorrectly deemed that the student was mind wandering.
Future improvements to MW detection may negate the need for “fail-soft” interventions. However, current MW
detection (both the method used here and in the literature) still leaves a considerable margin for error [34, 46].

We showed that these interventions reduced the predicted likelihood of MW (based on the validated MW detector)
and that the number of interventions delivered was positively correlated with self-reported MW (Study 1). We further
showed (through comparison to an active control and a no-intervention condition) that the attention aware ITS improved
long term retention for students with low prior knowledge (as measured by a pretest), but only for those who only
occasional mind wandered. (Study 2). Moreover, our studies showed the high usability of our learning technology in the
classroom. That is, students calibrated the eye trackers and launched the Guru software with minimal oversight from
experimenters. Altogether, our work presents the design and implementation of a closed-loop system for responding to
student MW in an ITS.

This work's main application is to support student learning by responding to attentional lapses such as MW. By
testing COTS eye trackers in ecologically valid environments, we have taken research on AALTs from the lab and into
the real world. Thus, the AALT presented is suitable for both user and (crucially) use case, which has previously been
unexplored. Future iterations of attention-aware technologies could be deployed into multiple computer-enabled
classrooms simultaneously or in students' homes.

Increased scalability, in turn, affords a wider variety of applications including supporting students involved in at-
home or asynchronous learning. For example, beyond responding to MW, other attention-aware technology could
encourage students to manage their time effectively by monitoring their attentional states. It could also be used to
provide feedback both to developers of learning technology and content developers so that instructional activities and
materials could be revised based on what captures students’ attention and keeps them engaged.

Finally, this work serves as a proof of concept for monitoring other attentional states beyond MW (e.g., focused
attention, alternating attention) in classroom environments to ensure that limited attentional resources are being

optimally deployed [14].

8.2 Limitations & Future Work

Like all studies, ours has limitations. For one, there were still fewer attention-aware interventions delivered than
expected [34]. Several factors may account for a low intervention count. Although the detector was previously validated,
it is known to have inaccuracies. Further, we trained and evaluated our detector on self-reported MW, which, although
being a validated measure of such an internal and introspective state [26, 58], requires students to be mindful of their
mind wandering and respond honestly. Thus, we are, in some ways, limited by mind wandering detection accuracies.
That said, even though Study 2 showed that 47% of sessions did not contain an intervention, only 14% of students never
received an intervention across the three sessions. This is consistent with 15% of students who never reported a single
instance of mind wandering in a prior study of equivalent length with Guru [34].

Further, both our prior knowledge and post test assessments relied on multiple-choice testing, a method with known
limitations [31]. However, well-designed multiple-choice questions are a robust method to assess student learning [6]
and are familiar to high school students as they encounter them in standardized tests such as the SAT or ACT. Though
multiple-choice tests can potentially lead to guessing, this is easy to detect and correct for. Multiple choice quizzes also

offer a time-efficient method to measure knowledge across a topic [21], which was our intended use. Further, although
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we considered multiple choice questions suitable for our context, we did include an alternate assessment technique for
the delayed test (cloze task).

Another limitation is that only students with low prior knowledge showed improved retention scores. It is unclear
whether students with higher prior knowledge require alternate intervention strategies or if there are limited
possibilities to improve learning, as they already know the material. Interventions were most successful when only one
had to be delivered, implying that the interventions do not support more prolonged MW (ostensibly due to low interest
or similar). Future research is needed to design alternative intervention strategies for these students. In general, it is
likely that differences in student aptitude, topic interest, difficulties with comprehending the material, and other student-
specific variables influence MW [25, 73] and correspondingly require different intervention strategies.

Finally, although COTS eye trackers offer a cheaper, scalable alternative to research-grade equipment, this hardware
still comes at a cost, both financial and in terms of setup. In contrast, webcams have become ubiquitous in modern
computers, especially laptops and mobile devices. Recent studies have shown increased success using a webcam and
corresponding computer vision techniques to monitor eye movements [38]. Though this approach still has a high degree
of error [78], the global gaze features used here are somewhat robust to such tracking errors [36, 46], suggesting that
future work should consider how webcam technology can increase the accessibility of AALTs.

8.3 Concluding Remarks

The recent introduction of COTS eye trackers has ushered in an exciting time for gaze-based technologies to move
beyond the lab and into the real world. We developed and tested a gaze-based attention-aware learning technology to
mitigate MW and its effects for use in noisy real-world classroom environments. Our user studies indicated that our
intervention approach successfully reoriented attention, reduced MW, and improved learning in certain contexts. They
also highlighted several areas of improvement and opportunities for future research aimed at making learning from

technology engaging and effective for all.
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