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ABSTRACT

We developed a real-time, multimodal Student Engagement
Analytics Technology so that teachers can provide just-in-time
personalized support to students who risk disengagement. To
investigate the impact of the technology, we ran an exploratory
semester-long study with a teacher in two classrooms. We used a
multi-method approach consisting of a quasi-experimental
design to evaluate the impact of the technology and a case study
design to understand the environmental and social factors
surrounding the classroom setting. The results show that the
technology had a significant impact on the teacher’s classroom
practices (i.e., increased scaffolding to the students) and student
engagement (i.e., less boredom). These results suggest that the
technology has the potential to support teachers’ role of being a
coach in technology-mediated learning environments.
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1 INTRODUCTION

Students’ increasing access to technology in classrooms
brings forth new challenges for teachers. How can a
teacher act as a coach, supporting student learning in
technology-mediated learning environments? How can a
teacher ensure that students are engaged while learning
from technology? And how can a teacher identify the
students in need of help and provide just-in-time
personalized support to each of them?

Related research shows that providing real-time learning
analytics to teachers facilitates their instrumental and
emotional support to students in classrooms [1, 2], which
in turn improves students’ engagement, experience, and
performance [3, 4]. Student engagement is an important
factor for teachers to consider when personalizing
learning experience [5, 6, 7, 8], as it is linked to major
educational outcomes such as persistence, satisfaction,
and academic achievement [6]. Towards this end, we
developed a multimodal system - Student Engagement
Analytics Technology (SEAT) - to detect students’
engagement-related states in real-time and provide this
information to teachers so they can implement just-in-
time personalized interventions. We discuss the
technology and an initial evaluation study in this paper.

2  BACKGROUND AND RELATED WORK
2.1 Modeling Engagement

Contemporary researchers adopt a multi-componential
perspective for engagement and have operationalized
person-oriented engagement in terms of affective,
cognitive, and behavioral states [9]. The majority of the
research investigating student engagement during
learning is based on unimodal systems relying on either

sensor-free data collected from student interactions and
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event logs or on unimodal physiological and behavioral
data (see the review by [9]).

Multimodal approaches are quite rare though ostensibly
quite beneficial since leveraging students’ appearance
(e.g., facial expressions) in addition to other contextual
cues such as learning progress can be used to make better
judgments about their engagement [10].

In contrast to the unimodal intelligent systems, there are
some promising research studies taking a multimodal
approach. One such example is the affect-sensitive
AutoTutor, which tracks students’ affective states using
information derived from log files, facial expressions, and
body posture to generate a variety of dialog moves
including motivational feedback to complement
pedagogical actions [11].

Using a similar multimodal approach, we developed
machine learning models that use student appearance and
interaction logs as two modalities to detect engagement in
real-time [12, 13, 14]. For model development, we
collected 500+ hours of multimodal student data from
authentic classrooms and rigorously labeled the data using
a Human-Expert Labeling Process (HELP) [15]. Our
sensing technology is able to support various usage
scenarios including providing engagement states to (1)
students for improving self-awareness; (2) integrating this
information in educational platforms (e.g., Intelligent
Tutoring Systems, Learning Management Systems, etc.)
for personalizing or evaluating their content; and (3)
providing input to teachers for implementing personalized
interventions. In this study, we focus on interventions
with a human-touch by providing engagement analytics
to a teacher to provide just-in-time support to students.

2.2 Empowering Teachers with Engagement
Analytics

Our approach is motivated by the assumption that
teachers, as the human experts in the feedback loop, can
utilize engagement analytics to identify students in need
of help and provide instrumental and emotional support
(i.e., a human touch ingredient), thereby expanding the
support that an intelligent system could provide to a
student. To this end, there is some exemplary research
using dashboards to provide either offline or real-time
analytics to teachers. These studies investigated how
much these dashboards were instrumental to instructors
of distance courses [16], whether these dashboards could
support teachers for facilitating collaborative learning in
physical spaces [17] as well as digital platforms [18], and
how such dashboards could influence teachers’ classroom
practice and student learning [19]. The results of these
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studies indicate that such dashboards could support
teachers to understand individual students or groups of
students who are in need of teacher support [16, 17].
Teachers can also better diagnose problems concerning
participation of students [18] and implement analytics-
driven classroom practices (e.g., lesson planning) [19].

Our work adds to the current literature in that we detect
comprehensive behavioral and emotional components of
student engagement using a multimodal approach, and
provide these in real-time to teachers for them to
implement just-in-time personalized interventions in
authentic classrooms. More importantly, we investigate the
impact of the technology on the teacher’s classroom
practices and students’ engagement, experience, and
performance in a semester-long study.

3 STUDENT ENGAGEMENT ANALYTICS
TECHNOLOGY (SEAT)

3.1 Student Engagement Detection Approach

We trained multimodal classifiers on two components of
overall engagement. One classifier addresses behavioral
engagement (i.e., whether a student is on-task or off-task
during learning) and the other assesses emotional
engagement (i.e., whether a student is satisfied, bored, or
confused during learning). These two classifiers provide
an assessment of observed engagement through
unobtrusive sensing - similar to a teacher observing
student engagement in a classroom. We did not train a
classifier for cognitive engagement because pertinent
information is available in activity logs (see below).

As illustrated in Figure 1, we utilized two modalities for
each engagement components. The Appearance modality
is based on a video of individual students captured by
their built-in device cameras, whereas the Context-
Performance modality uses contextual and student-
specific performance data provided by the educational
platform. Key features from both of these modalities are
extracted in 8-second windows to enable real-time
detection of both behavioral and emotional engagement:
Appearance features are based on facial landmarks
defining movements of facial features and head
movements, whereas for the Context-Performance,
extracted features are related to time spent, number of
trials, and hint counts. Classifiers were pre-trained
separately for each modality and for each engagement
dimension on a dataset from the 9" grade students
studying math on the educational platform used in this
study. For further details, refer to our previous work - see
[12, 13] for the behavioral classifier and [14] for the
emotional classifier.
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We leveraged these multimodal models, in the Student
Engagement Analytics Technology (SEAT) using a Design
Thinking Process for its user experience design and
implementation.

Multi-modal Sensing Feature Extraction Labels & Models

E . w Emotional States
Appearance @ Facial landmarks, satisfied

head pose, etc. Bored

Confused

Content duration,

g number of hints,
difficulty level, etc. OnTask
OffTask

Context&

\Qﬁ Behavioral States
Performance

Figure 1. Student engagement detection approach

3.2 Design Thinking Process

To identify the features and functions specific to a real-
time analytics dashboard, we utilized the Design Thinking
Process consisting of the following stages: (1) empathize,
(2) define, (3) ideate, (4) prototype, and (5) test [20].
Building on our preliminary literature reviews on features
of analytics dashboards, we conducted a half-day
workshop with six psychologists with educational
experience. In this workshop, we first implemented the
braindump method where each expert wrote their ideas
about potential problems with engagement measurement
in classes. We then had these experts brainstorm their
findings as a team and ideate a number of possible
technology solutions for providing engagement analytics
to a teacher. Finally, we implemented the sketchstorm
method to have each expert sketch what an engagement
analytics dashboard could look like.

Leveraging findings from the literature reviews and the
workshop, we created preliminary wireframes. Using
these wireframes, a Ul designer implemented the first
graphical prototypes of the SEAT Ul We then used these
prototypes to conduct a 2-hour workshop with four in-
service math teachers. In this workshop, we implemented
the brainstorming method with some guiding questions to
gather data about the current prototypes and potential
additional features and functions the teachers would like
included.

This process enabled us to finalize the major features and
functions of SEAT (e.g., engagement mapping, analytics
formulations and representations). We implemented these
in a working prototype to test in the field. Through
several iterations during testing phase (with formative
feedback from an educational researcher actively
observing SEAT in classes), we created a final design
prototype for evaluation on teachers and students.
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3.3 The SEAT Ul

As illustrated in Figure 2, there are two major views in
SEAT: (1) the overall class-view, and (2) the student-
specific view. In the overall class view (see Figure 2a), a
teacher can monitor real-time engagement of all the
students in a class via color codes along with a “bell”
notification icon on the top of each student’s avatar which
indicates their contextual state (i.e., being on-platform vs.
off-platform). The mapping used to display engagement
states and the corresponding color codes are provided in
Table 1, as adopted from [21]. However, in contrast to
[21], based on the feedback gathered from the teachers,
we changed the mapping of on-task + bored from not
engaged to maybe engaged as the teachers indicated that as
long as students are on-task, they should not be
represented as not engaged.

In the overall class view (see Figure 2a), the teacher can
also monitor the class’ overall engagement (e.g., 50% of
the class is currently engaged) as well as an engagement
history graph, displaying engagement changes of the class
on a timeline (since the beginning of the class session).
Based on the overall-class analytics, the teacher may click
the Class Intervention button to log an intervention to the
entire class. As shown in Figure 2 (b), when the teacher
clicks on a student’s avatar, the teacher can view student-
specific analytics with overall session affect (called mood
in the figure) of that specific student and the student’s
engagement history graph, demonstrating engagement
changes of the student since the beginning of the session.
Further, based on the student-specific analytics, the
teacher may click on Take Action button to log an
intervention to the student.

Table 1. Engagement Mapping and Color Codes

Contextual  Behavioral = Emotional Engagement Color
State State State Mapping Code
On-Platform On-Task Satisfied Engaged Green
On-Platform On-Task Bored Maybe Yellow
Engaged
On-Platform On-Task Confused Maybe Yellow
Engaged
Can’t Maybe
On-Platform On-Task Decide Engaged Yellow
On-Platform Off-Task Not Engaged Red
Off-Platform Not Engaged Red

(Bell)
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Figure 2. Uls of the SEAT: (a) Overall class-view and (b)
student-specific view

4 METHODS

4.1 Research Context and Questions

In technology-mediated learning environments, teachers
act as a coach to support students whenever needed while
students learn on their own in a self-paced approach
through digital content based on a preset curriculum. For
such learning environments, we hypothesized an impact
model (see Figure 3), inspired from the causal chain model
introduced in [19], that captures teacher interventions
based on real-time engagement analytics to understand
whether and how such interventions have an impact on
student experience, engagement, and performance.
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W hat teacher knew before

SEAT informs teacher about
student engagement in real-time.

Teacher’s awareness of student engagement

Teacher’s awareness affects
his/her intervention behaviors.

Teacher’s just-in-time personalized interventions

Teacher interventions Teacher interventions
affect student experience. affect student engagement.

Student experience

Student experience Student engagement
affects student learning. affects student learning.

Student engagement

Student learning

Figure 3. Impact model of the SEAT

To understand the impact of SEAT usage on teachers and
students based on this model, we conducted a study in a
high school in Turkey - the same country where the
models were previously trained. For this study, we chose
math as our target subject area. The administrators of the
school, suggested an experienced math teacher (ie.,
Melissa, pseudonym) to be involved in the study. At the
time of the study, Melissa had two oth grade classes and
we randomly assigned one as the control class (19
Students: 11 Female, 8 Male) and the other as the
treatment class (18 Students: 11 Female, 7 Male). Both
Melissa and the school administration reported diverse
academic achievement in math within each class (i.e., with
low, moderate, and high achievers) and similar academic
achievement in math across the two classes.

In this study, we aimed to address the following research
questions:

1.  What was the teacher’s experience with the SEAT?

2. Did SEAT usage influence the teacher’s classroom
practices?

3. Did SEAT usage influence students’ engagement,
experience, and performance?

4.2 Multi-Method Research Design

We used a multi-method approach consisting of a quasi-
experimental design with non-equivalent groups to
evaluate the impact of SEAT combined with a single case
study design to understand environmental and social
factors surrounding the classroom setting. We started
with three weeks of Readiness sessions for orientation of
the teacher and the students. Next, we implemented three
weeks of Baseline sessions in which the teacher did not
use SEAT in any of her classes. The aim of these Baseline
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sessions was to understand any difference between these
two classes before any treatment. After the Baseline
sessions, the students in both of the classes completed a
pre-test. In the next six weeks, we implemented
Comparison sessions where we had the teacher use SEAT
in the treatment class but not in the control class. At the
end of these six weeks, the students in both of the classes
completed a post-test. In the last four weeks, we
implemented Additional sessions where the teacher used
SEAT in both classes with the purpose of gathering
additional qualitative data (See Figure 4 for an overview).

Readiness Baseline Comparison Additional

CWeeks [ 4Wesks

Figure 4. Summary of quasi-experimental research design
phases

Pre-Test
Post-Test

Because the first three weeks were only used to assess
technological readiness, the data from these weeks was
not included in the analysis. Moreover, the Additional
sessions aimed to provide additional qualitative data and
hence not included in the statistical analysis. We observed
major end-of-semester effects on the students in both of
the classes (i.e., attendance issues, distractions due to end
of year exams, etc.) during these weeks.

4.3 Data Collection

Data collection for both classes took place on the same
day of the week. Each class was around 80 minutes long
with a 10-minute break in between two 40-minute
sessions. In these classes, the students used their laptop
computers to watch math-related instructional videos and
solve questions on a publicly available educational content
platform (see Figure 5 for the classroom setup). Our data
collection applications ran in the background and
collected the following information: (1)
appearance videos from built-in device cameras, (2)
student screen capture videos, (3) student context and
performance data from the educational content platform
API, (4) URL logs from browser, (5) a class video from a
fisheye camera, (6) class audio from a mic array, and (7)
teacher audio from a lapel mic.

student
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Figure 5. Sample classroom-setup views

An educational researcher and a technical support were
present during all classes. The educational researcher
collected the following additional data sources.

4.3.1. Semi-Structured Teacher Interviews. We conducted
three sets of interviews with the teacher to understand her
profile as a teacher, her perceived impact of SEAT, and
her evaluation of the usability of SEAT.

4.3.2. Semi-Structured Student Interviews. To gather in-
depth insights about perceived impact of SEAT from the
students, we interviewed six students who volunteered —
three from the control class and three from the treatment
class.

4.3.3.  Semi-Structured  In-Class  Observations.  The
educational researcher’s semi-structured observations of
the students and the teacher included pre-session notes
(i-e., noting down any important events in the school, such
as exam week) and in-session notes (i.e., observing the
students and teacher for any important incidences).

4.3.4. Student Questionnaires. We administered three
student questionnaires to identify any baseline differences
between the two classes (before any treatment): (1) the
Student Math Attitude Questionnaire [22, 23]; (2) the
Student Intrinsic Motivation Questionnaire [24, 25]; and
(3) the Student Flow Questionnaire [26, 27].

4.3.5. Achievement Tests for Pre-Post Assessment. The
teacher selected and customized (e.g., changing numbers
on problems) 10-multiple choice and open-ended
questions from the educational content platform based on
the topics planned to be covered in the weeks between the
pre-test and post-test. The difficulty level of the questions
were relatively high for the students as they were sampled
from the topics that were not yet covered in the school
curriculum.
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4.4 Data Analysis

We utilized both qualitative and quantitative methods to
analyze the collected data.

4.4.1. Observational and Interview Data. All observational
notes were consolidated and organized for an in-depth
analysis. The researchers transcribed all interviews
verbatim. Content analysis was conducted to analyze the
data in five major steps: (1) get familiarized with the data,
(2) organize the data, (3) conduct initial coding, (4)
validate codes (peer-review of the emerged codes and
categories), and (5) interpret and report findings (for more
details about the procedures implemented, see [28, 29, 30,

31]).

4.4.2. Questionnaire Data. For each questionnaire, we
computed a total mean score for each student (negating
the scores for reverse items). Additionally, we also
computed subscale means (ie., computing means for
related sets of items) when applicable.

4.4.3. Achievement Tests Data. For each student, the
difference post-score minus pre-score was computed and
compared across classes.

4.4.4. Audio and Video Data. We used the Human-Expert
Labeling Process (HELP) [15] to label (i.e., code) the video
and audio data for student engagement and teacher
interventions. Prior to labeling tasks, six human-experts
with psychology/educational psychology background
were recruited and trained based on the HELP methods.

The data used for labeling is provided on the study
timeline in Figure 6. Due to data collection failures, there
were missing weeks for the intervention labels. Moreover,
due to the limited labeling resources, we had to select a
subset of the data for engagement labeling and we mainly
focused on emotional labels.

Student engagement labeling: The experts labeled student
data for behavioral engagement (19 hours of data) and
emotional engagement (200 hours of data). The dataset
was divided into two parts and each part was labeled by

three experts to enable reliability checking (i.e., multiple-
expert labeling). The experts audio captured from student
devices, individual student videos, and their desktop
(screenshot) videos for labeling. Labels collected on the
same data from each expert were divided into
synchronous time segments for further comparison
among each other (8-seconds of resolution as used by the
engagement models). Majority voting was applied to
obtain final behavioral and emotional labels, which then
defined the overall engagement labels using the mapping
provided in Table 1. Using these final labels, we obtained
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the durations of being in each state for each student and
each week.

Teacher interventions labeling: We divided the 23 hours

of data (classroom video with teacher audio) from the two
classes into five parts and each expert labeled their
assigned part (ie. single-expert labeling). The experts
were provided with a commercially available tool to label
teacher interventions using classroom video from the fish-
eye camera along with teacher/student audio from the
teacher’s lapel microphone.

The operational definitions of teacher interventions are
provided in Table 2. We computed counts for each-
intervention type for each student and for each week.

Table 2. Operational Definitions of Teacher Interventions

Type Operational Definitions

Verbal The teacher intervenes with a verbal

Warning warning (e.g., “Stop talking with your
friends!”).

Positive The teacher provides verbal positive

Reinforcement  feedback (e.g., “Good job, this week you
are doing much better than the last
week!”).

Scaffolding The teacher intervenes as she thinks that a
student is confused or in need of help
during learning (e.g., the teacher explains
learning material/question to the student
or provides hints to the student to solve a
problem).

Close The teacher intervenes by standing by a

Monitoring student and observing him or her (e.g., the
teacher attempts to look at the student’s
screen to see if s/he is on-task. The teacher
stays physically close to the student for a
while).

Other If the teacher implements another
intervention that does not belong to any of
the categories above.

[ Baseline ] [ Comparison ]
Week ID 4 5 6 7 8 9 10 11 12 -
Intervention Labels " E A oo §
Behavioral Labels / g / g
Emotional Labels | ¢ ¢ v o0

Figure 6. Data availability for labeling tasks

5 RESULTS
5.1 Meet the Teacher and the Students

The initial interview with Melissa revealed the following
details about her as a teacher (See Figure 7).
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Melisa as a Teacher:

* 14 years of teaching experience (high
and secondary schools) but only two
months at this school.

Control, teacher authority, discipline,
fairness, and personal interactions as
main pillars of her classroom
management strategies.

Previously used Math-related digital
storytelling videos and digital games in
her classes.

—
Figure 7. Teacher profile summary

We first analyzed any differences among the two classes
with respect to students’ attitudes, motivation, and flow.
For this purpose, we utilized all three questionnaires and
performed statistical analysis using Mann-Whitney U test.
We used this test for all subsequent analyses since the
data was not normally distributed. We adopt two-tailed
tests with a significance criterion (alpha) of .05 for all
analyses.

The results of Mann-Whitney U test indicated that there
were no statistically significant differences between the
two classes, in terms of the students’ attitudes towards
math, intrinsic motivation, and flow (i.e., all p-values are
above 0.05). For motivation, we also checked subcategories
focusing on interest, perceived competence, pressure, and
perceived choice; and for flow, we checked subcategories
of positive flow and worry. None of these subgroups
provided any significant difference between the two
classes. These findings are well aligned with what was
previously reported by the school administrators and the
teacher.

As described previously, to gather in-depth insights, we
also interviewed six students who volunteered — three
from the control class (pseudonyms: Maria, Ellie, Amber)
and three from the treatment class (pseudonyms: Anne,
Becca, and Judy). Note that based on the results from the
Math Attitude Questionnaire, these six students had
relatively positive attitude towards math in comparison to
the class average (ranging 5%-23% above the average).

5.2 What was the teacher’s experience with SEAT?

The in-class observations demonstrated that the teacher,
Melissa, proactively used SEAT during her classes.
Aligned with these observations, in her interview, Melissa
stated that she commonly used all features and functions
of SEAT during her classes. Specifically, she mentioned
that she regularly checked the Class Engagement Analytics
display (see Figure 2(a)) to get a sense of overall class
engagement. If SEAT indicated a student was off-platform,
she immediately implemented a relevant intervention.
Similarly, she noted that she closely monitored color
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changes on the avatars for gauging the need for any other
required interventions. She pointed out that she regularly
checked the “Session Mood” analytics display of individual
students (see Figure 2(b)). Based on these analytics, if she
saw any concerning emotions, she implemented a relevant
intervention for that student.

In her interview, Melissa also elaborated on her
experience with SEAT. She stated that she found SEAT to
be very instrumental for her as a teacher, especially when
she compared her experience with and without it across
the two classes. She noted that SEAT was helpful for
actionable engagement analytics, easier real-time class-
wide monitoring, and better detection of off-task,
confused, or bored students. The detailed findings (based
on the categories that emerged from her interview) along
with sample quotes are outlined in Table 3.

Table 3. Findings and Sample Quotes from Melissa (Teacher
Interview, 2017)

Findings and Sample Quotes

Actionable engagement analytics

“[Engagement analytics provided by SEAT] were spot on
[with my in-class observations]... 1 greatly benefited [from
SEAT]. I was able to witness how [ could catch some
emotional challenges of the students that I could not have
anticipated [before] ”

Easier real-time class-wide monitoring

“[O]n the screen [of SEAT], one can monitor the entire class.
[With SEAT], I was able to much more accurately detect the
students who were confused, ... [the students] who acted as if
engaged but had a blank look or watching around, or the
students who had an intention to open up an irrelevant video
in the background ...”

Better detection of off-task, confused, and bored students

“One day, I was at the back of the classroom. I saw that a
student was [off-platform] on SEAT — [probably] watching or
listening something else. [When warned], he thought that |
saw this [on my own] and told me that I had eyes like a hawk.
But in fact, that never happened. I saw him [off-platform on
SEAT]”

“[With SEAT], I was able to much more accurately detect the
students who were confused... When the students were stuck in
understanding something ... I went and asked them if there
was something wrong. The students said ‘I did not understand
this’ — may be they were too shy to ask. But I saw the students’
emotional states on SEAT and had a chance to intervene
accordingly”.

“[With SEAT], I certainly better detected the students who
were bored..When 1 took a closer look at these bored
students, there were some students who had a higher tendency
to transition to having a bell [go off-platform] ”.
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Despite the fact that Melissa found SEAT very
instrumental, she also emphasized that computers would
not be aware of some important student context affecting
their engagement (e.g., family issues, health conditions,
disabilities, etc.). She indicated that she triangulated
engagement analytics with student context before taking
any actions. In her interview, she stated:

“We have to think of all variables [as teachers]. In other
words, we need to combine our observations [with
engagement analytics] ... The student may ... have a health
issue with her eyes, or have an allergy... or she is sleepy, or
having emotional challenges that day because of a family
issue. At the end of the day, the subject of the task at hand is
a human-being” (Melissa, Teacher Interview, 2017).

5.3 Did SEAT usage influence the teacher’s
classroom practices?

To understand whether SEAT had an impact on the
teacher’s classroom practices (i.e., interventions), we
compared weekly counts of each intervention type across
the classes. First, we compared two class averages over the
Baseline week, where SEAT was not used in either of the
classes. Mann-Whitney U test indicated that there was no
significant difference between the two classes (p-values:
Verbal Warning = 0.194, Scaffolding = 0.252, Close
Monitoring= 0.933; no data was available for Positive
Reinforcement due to insufficient occurrences).

Next, we compared two class averages over Comparison
weeks (five weeks of data), where SEAT was used in the
treatment class. To compute class averages, the number of
interventions given to each student each week is counted,
and then the mean over all students and weeks is
calculated for each class. The average intervention counts
per student per week are provided in Figure 8, separately
for each intervention type.

Mann-Whitney U test indicated significant differences for
scaffolding interventions (mediantggatment =  0.55,
mediancontroL = 0.25, U = 160.5, p < 0.05). This significant
difference is also indicated in Figure 8, where the average
scaffolding intervention count per student in a session is
2.9 times higher in the treatment class (mean of 0.83) than
in the control class (mean of 0.29). The effect size (r = 0.37)
calculated as a rank-biserial correlation coefficient
suggested a medium effect [32]. This result suggests that
SEAT could facilitate the teacher’s instrumental and
emotional support when the students needed help. These
quantitative results are well supported qualitatively by
both the teacher and the students in their interviews as
noted in the following sample quotes:
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TEACHER INTERVENTION TYPES

TREATMENT CONTROL

o x 0.08
Close Monitoring
0.39

Scaffolding®

. . 0.12
Positive Reinforcement 001

1.68

Verbal Warning I 0.95

000 020 040 060 0.80 100 120 140 160 1.80

Average Count (Per Student & Session)

Figure 8. Intervention distributions for Comparison
sessions (significant differences marked with *).

“[With SEAT], of course I was able to better detect students
who needed help... [W]hile I was unable to discover these in
the class where I did not use the SEAT, I detected the
students’ emotional challenges — confusion ... with the help
of the SEAT” (Melissa, Teacher Interview, 2017).

[Before SEAT], sometimes the teacher could not see me as
she was taking care of another student regardless of how
much I was raising my hand when I did not understand a
question since our class has 18 students. Thanks to this
technology, the teacher right now understands what I'm
doing, ... she can come to my desk immediately” (Anne,
Student Interviews, 2017).

The results also showed a significant difference for close
monitoring interventions with average counts being
smaller in the treatment class (median = 0) than in the
control class (median = 0.25) with U = 244, p < 0.05, r= -
0.43. This indicates that the teacher was more likely to go
around and get closer to the students to check their
screens and status in the control class. However, in the
treatment class, she seemed to rely more on SEAT’s
engagement analytics as suggested by the data and by the
following sample quote from her interview:

“[SEAT] took the load off my shoulders in the classes... It
significantly eased my burden. Obviously, [as teachers] we
cannot handle all 20 students in the classroom at the same
time...But on one screen [of SEAT], one can monitor the
entire class” (Melissa, Teacher Interview, 2017).

In addition, Mann-Whitney U test conducted for the other
intervention types showed that there were no significant
differences for Positive Reinforcement (p-value = 0.061) or
for Verbal Warning (p-value = 0.103) across classes.
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5.4 Did SEAT usage influence students’
engagement, experience, and performance?

5.4.1. Student Engagement. Since behavioral labels were
only available for one Baseline week (see Figure 6 for data
availability), we only focused on students’ emotional
states. For each student, we computed the average
duration of each emotional state for the Baseline and
Comparison weeks. Then, the change in emotional state
durations were computed by subtracting each individual’s
Baseline average from his/her Comparison average. The
class averages for emotional duration changes are shown
in Figure 9. These results indicate a drop in satisfaction
and confusion but an increase in boredom in both of the
classes. A Mann-Whitney U test results indicated that the
difference between the control and treatment classes was
significant  for  boredom (medianconTrOL= 6.9,
mediantrpatment= 1.7, U= 282, p < 0.01, r = -0.65), but not
confused or satisfied (see below for details on students’
experience).

EMOTIONAL DURATION CHANGES

TREATMENT CONTROL
-15
Confused 12 M
* 0.4
Bored T i L I 7.0
- -1.0
Satistied 2.1 WO
-4.0 -2.0 0.0 2.0 4.0 6.0 8.0

Average Duration Change (minutes)

Figure 9. Class averages for emotional duration changes
between Baseline and Comparison weeks (significant
differences are marked with ).

5.4.2. Student Experience. All of the six students stated that
SEAT’s usage increased the teacher awareness of student
engagement in the class. In other words, they all thought
that by using SEAT, the teacher better identified which
students were in need of help to provide support
accordingly. In her interview, Judy explained this as
follows:

“With this technology, our teacher is aware of our
[engagement states].... She can come and intervene to fix
any issues. Normally, [the teacher] could not fix [it] because
we are 18 students in the class. It was very difficult to pay
attention to each of us. With this technology, she can pay
attention to each of us individually” (Judy, Student
Interviews, 2017).

Additionally, four of the six students (Anne, Becca, Judy,
and Ellie) specifically pointed out the fact that SEAT

Paper 304

CHI 2019, May 4-9, 2019, Glasgow, Scotland, UK

helped the teacher to understand their emotions better in
the class and intervene accordingly. Becca stated the
following in her interview:

“[With SEAT], she can better understand when I get bored.
For example, I was getting bored in some classes, she was
coming to my desk immediately and asking me ‘is there
something wrong?, Is there a problem?” (Becca, Student
Interviews, 2017).

Similarly, three of the six students (Becca, Judy, and
Maria) highlighted that SEAT wusage increased the
teacher’s one on one interactions with the students. Becca
stated the following:

“After starting using this technology [SEAT], my teacher
started to come to my desk more often” (Becca, Student
Interviews, 2017).

In their interviews, the students also elaborated on the
impact of the teacher interventions as triggered by SEAT
usage. Five of the six students (Anne, Becca, Judy, Maria,
and Ellie) stated that teacher interventions resulted in
increased engagement (as supported by the quantitative
results in the previous section) where four of them (Anne,
Becca, Judy, and Maria) indicated that it also increased
their motivation. In her interview, Anne reported the
following:

“After understanding that I am bored [through SEAT],
getting the teacher to come to help me enabled me to pull
myself together [and become engaged]” (Anne, Student
Interviews, 2017).

Although the interview results showed positive student
experience with SEAT, two of the students (Maria and
Amber) expressed few concerns related to privacy. Maria
reported discomfort from being monitored. Similarly,
Amber indicated that she felt as if the teacher was always
monitoring her but she added that it got better after a
while. Contrary to these concerns, one student, Ellie,
reported that she did not feel any discomfort of being
monitored. She explained the reasons as follows:

“.. I was not feeling uncomfortable at all. In fact, I wanted
that. I was curious — wishing the teacher see this, do I have a
weakness? In which topic? I was curious too. I was curious
where I am good where I am not, therefore, I did not have
any concerns” (Ellie, Student Interviews, 2017).

5.4.3. Student Achievement Tests. We first conducted a
Mann-Whitney U test to compare pre-test scores of the
control class and the treatment class (N=37 students). The
results showed that there were no significant differences
between two classes in terms of prior knowledge
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(medianpre_contrROL= 32, medianpgg TreaTMENT= 34.5, P-
value = 0.564). Next a Mann-Whitney U test comparing
the differences between post- and pre-test scores across
the two showed no significant
(medianpyrr_conTroL= -8, medianprr TREATMENT= 2, p-value
= 0.09). That said, the difference was marginal in favor of
the treatment class

classes difference

(meanprr conTROL= -4.8,

stdprrr_conTROL= 13.6; meanprr TREATMENT= 3.4,
stdprrr TREATMENT= ~ 11.6) and the lack of a significant

difference might be attributable to our small sample size
where power was likely insufficient to detect an effect.
The histograms of score differences for the two classes are
shown in Figure 10.

9 T T T

[ICONTROL
[ TREATMENT]| |

st

-50 -40 -30 -20 -10 0 10 20 30 40 50
Score Differences (Post-Pre)

Figure 10. Distribution of achievement tests score
differences for two classes are given.

Interestingly, in their interviews, both the teacher and the
students reported positive impact of SEAT usage on
learning:

“For example, when teaching the line graph [topic] in the
class, from both of the classes, I got positive feedback such
as: ‘we learned this in class ... — we watched this [content]’. |
think among all of these students — even if only one told this
— it is a very positive feedback. In fact in the [treatment
class], there were more students who pointed this out while
in the [control class] some noticed this, too...” (Melissa,
Teacher Interview, 2017).

“Use of this platform [SEAT] enabled me to be focused and
increased my motivation. The teacher was able to see that I
was disengaged through the technology, and then she would
come up to me, and tell me what she saw and ask me to be
more focused. Her feedback helped me to get re-engaged. I
really believe that it also improved some aspects related to
my performance” (Becca, Student Interviews, 2017).
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However, as the teacher indicated further in her
interview, there was an important confounding variable,
instructional design of the educational content, which

seemed to have a significant impact on the current results:

“For performance, I cannot say too much because the topics
covered in the class were [very much] stand-alone and there
were topics ... taught before besides those that were not. For
performance, the things they learnt here would not be
enough [without being part of the academic curriculum]. For
instance, we selected “functions” as a topic that they have
not been taught yet [in the academic curriculum]. We will
better understand their comprehension of this topic next
year — in other words, [the students will say], ‘we covered
this topic last year’. I think we planted a seed here, and it
will grow next year (Melissa, Teacher Interview, 2017).

6 DISCUSSION

We utilized a multi-method approach consisting of
qualitative and quantitative methods to address our
research questions pertaining to SEAT. Our results
suggest that the teacher implemented significantly more
scaffolding in the treatment class than in the control class.
Her interviews indicate that she used SEAT to identify
key moments (e.g., being confused) to implement relevant
scaffolds enabling students to achieve their tasks.

In the traditional sense, one expects a teacher to circulate
through the classroom through close monitoring and ask
questions to detect moments when students need help and
provide scaffolds accordingly [33, 34]. In our case, the use
of SEAT required significantly less close monitoring
suggesting that the teacher seemed to trust and rely on
the analytics in the treatment class.

The results from the student interviews also supported
these changes in the teacher’s classroom practices. The
students indicated that the SEAT enabled the teacher to
better identify which students were in need of help to
facilitate timely support. The students also highlighted
that SEAT usage increased the teacher’s one on one
interactions with them, which aligned with the in-class
observations conducted by the educational researcher.
This is a very important result as one of the criticisms of
technology-mediated learning environments is that they
could diminish the relationship between the students and
the teacher. Our findings imply that SEAT could in fact
orchestrate teacher time based on the students who need
the most support, without compromising the overall
student experience.

Our results also showed that SEAT had a positive impact

on student engagement. Analyzing the student
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achievement tests, the improvement in the treatment class
was limited and the difference between the two classes
was only marginal (p = .09) albeit in the direction of the
treatment class. Whereas the small sample size might have
contributed to the marginal effect, there are also some
concerns with the assessment items.

Thus, to further investigate reliability and validity of the
achievement data used, we reviewed the instructional
design and the test design in depth. We also analyzed the
education platform logs to identify the amount of content
covered by each student. As the teacher indicated in her
interview, most of the topics covered in the learning
sessions were new to students. The education platform
logs showed that the students had to move to a different
topic in each session according to the pre-designed lesson
plan regardless of their progress. As a result, the students
had limited time and opportunities to practice and
reinforce their learning. Therefore, it is likely that student
learning was not very deep and presumably involved the
“remember” and “understand” levels according to Bloom’s
taxonomy of educational objectives [35]. In contrast, an
analysis of the test design revealed that the test questions
evaluated student learning on the “application” and higher
levels in Bloom’s taxonomy. This indicated a discrepancy
between the instruction and assessment [36], which might
explain the post-test results.

The results also suggest that instead of only relying on
engagement analytics, the teacher considered multiple
variables related to student context before taking any
actions despite the fact that her perception of SEAT’s
accuracy was positive. We provided the teacher with a
detailed description of how the technology worked. We
believe this eliminated the Al-black box effect and gave
the teacher enough transparency so that she felt
empowered to use the technology to provide the best
support to her students. We think it is very important
from an ethical standpoint that educators are well-
informed about the capabilities of underlying algorithms
for learning analytics to guide their effective use of the
technology.

Another important perspective about privacy came from
the student interviews. We implemented a system that
extracts features online and also runs inference online
with no reliance on saving raw video data during normal
operation. However, some of the students reported
discomfort about being monitored. We believe there is a
need for future research to study perceptions of privacy
and how it is affected by technological design decisions.
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The study was not without its limitations. First, we
selected an exemplary math teacher with strong skills in
pedagogical interventions. Therefore, the results reflect
experience and classroom practice of a single teacher with
certain characteristics. To increase the external validity of
the results, aligned with the guidelines by [37], we
obtained detailed descriptions of the teacher’s profile to
reflect how these results can translate to other teachers
with different profiles. However, the next step would be to
conduct a larger study with a diverse set of teachers
across multiple classes with ideally random assignment to
classes. Second, although learning sessions took place as a
part of the actual course, we, along with the teacher,
created a specific curriculum for this study based on the
educational content platform. Because students were
aware of the fact that they would not be officially graded,
motivation could have been reduced. Therefore, future
studies should be conducted in a way that content and
assessment is a part of the school curriculum.

7 CONCLUSION

The results of our study indicate that a real-time student
engagement technology can be instrumental to teachers to
facilitate actionable engagement analytics, real-time class-
wide monitoring, and better detection of off-task,
confused, and bored students in real-time. Thus, without
compromising student experience, SEAT could help
allocate teacher time based on students who need most
support and can influence teachers’ classroom practices to
support teachers’ role of being a coach in technology-
mediated learning environments.
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