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Abstract

This paper is a work in progress, supported by NSF funds, applied to first-year engineering
mathematics courses. An approach to performing a quantitative, objective, and real-time
measurement of student engagement in the STEM classroom is proposed to initiate a dis-
cussion of the concept and use expert opinions of other faculty to guide progress of the
work. This will be realized by an engagement measurement system (EMS). The approach
observes biometric data from the students and is multi-dimensional in that it incorporates
facial expressions, eye gaze, and hand/head /body movement captured by camera, in addi-
tion to pulse captured by a wristband device. From these data, a machine-learning model
is trained to classify student engagement. Engagement is classified from behavioral, emo-
tional, and cognitive aspects. The ability to measure student engagement can be used by
the instructor to tailor the presentation of material in class, identify course material that
engages and disengages with students, and identify students that are engaged or disengaged
and at risk of failure. Further, this approach allows quantitative comparison of teaching
methods, such as lecture, flipped classrooms, classroom response systems, etc. such that
an objective metric can be used to close the loop on teaching evaluation.

1 Introduction

Student engagement in the classroom is a paramount concern in the successful learning
outcomes of students.[1] Whether a traditional lecture course with passive and didactic



delivery, or a constructivist course where students construct their learning with active
methods, engagement is a key requirement for the student to learn.[2]

Questions that often arise include:

Are the students engaged? Is engagement increasing or decreasing?
Which students are dis/engaged?

Is the course material dis/engaging students?

Is the teaching method dis/engaging?

The first problem is the inability to measure a student’s engagement with the course ma-
terial. Engagement cannot be improved if it cannot be measured and associated with
course concepts, teaching methods, etc. The second problem is subjective evaluation of
teaching methods, i.e., feedback based on opinion and observation as opposed to feedback
quantitatively determined by analysis. This is demonstrated in Fig. #1.
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Figure 1: Subjective evaluation of teaching methods.

What is needed is an objective measure of student engagement in the classroom that can be
collected in real time, i.e., in situ. This will allow disengaged students to be identified and
assisted, letting both instructor and student know immediately when there is an engagement
issue. This will also allow a direct comparison between different teaching methods and
control groups such that the best methods, and characteristics of methods, can be selected
for a given course and student population.

1.1 Student Engagement in the Classroom

Student engagement occurs when “students make a psychological investment in learning.” [3]
This goes beyond motivation [4, p. 85], in which students simply want to learn or have rea-
son to learn, to include the student activities of mental effort and attentiveness for bringing
about that learning.

In this paper, engagement is investigated in three components: behavioral, emotional, and
cognitive.[5] Behavioral engagement consists of the actions that students take to gain access
to the curriculum. These actions include self-directive behaviors outside of class, such as
doing homework and studying, as well as other actions, such as shifting in the seat, hand,
body, or other sub/conscious movements while observing lectures, and also participating
cooperatively in class activities.[6][7] Emotional engagement is broadly defined as how stu-
dents feel about their learning [8], learning environment [9] and instructors and classmates



[10]. Emotions include happiness or excitement about learning, boredom or disinterest in
the material, or frustration and struggling to understand. Cognitive engagement is the
psychological investment in academic achievement such as when students conceptualize,
organize, and contemplate in the act of deep learning to understand the course material,
e.g.,[11]. These three engagements combine into a student engagement model, further
discussed in Section 3.

Teaching is somewhat of a misnomer, in that an instructor cannot place knowledge into a
student’s mind. It is up to students to learn with instructors having the role to facilitate
and guide this learning.[12] For a student to learn, the student must take an active role
and responsibility, i.e., psychological investment, in learning.[13] When students are not
engaged, e.g., passively listening to instruction, they do not integrate the new information
into their long-term memory — learning is shallow and disorganized.[14]

Students may also engage outside of the classroom, such as with homework and study
groups, and this should contribute to learning. This is traditionally measured by perfor-
mance on homework and exams. The focus of this research is engagement in the classroom,
which can be observed more directly and in real time, allowing the instructor to tailor deliv-
ery of the course content as well as evaluate different teaching methods. This is important,
as early detection of students that are at risk or otherwise disengaged can help save these
students from failure in the course and withdrawal from school. Students that are not at
risk of failure may also become disengaged in the subject or associated major should class-
room delivery not adequately capture their engagement. Finally, the high rate of attrition,
as much as 50%, for students in STEM fields [15] is detrimental to students pursuing costly
STEM degrees, as well as to society in the reduction of qualified STEM professionals.[16]

1.2 How Measuring Engagement Facilitates Better Learning

If engagement is a key metric for student learning and success, then the first step in improv-
ing engagement is to be able to measure it. As discussed in Section 1.1, learning depends on
the student to taking an active and responsible role in their own learning. If engagement can
be measured in situ, e.g., in the classroom, both the instructor and student can objectively
observe this metric. Instructors can use the metric to tailor delivery of the course material,
spending more or less time on concepts, and move away from ineffective teaching methods
and towards effective methods. Students, given this knowledge of their own engagement,
can reflect on why they may be disengaged, potentially become motivated to improve their
engagement, and communicate effectively with the instructor to seek assistance. Once the
problem of disengagement is identified and associated with specific classroom activities and
concepts, both the student and instructor can work together towards a successful learning
outcome.

1.3 How Measuring Engagement Facilitates Better Evaluation of
Teaching Methods

In the past several years, much work has been done to change the dynamics of the classroom
environment, such as with revised seating arrangements and multimedia; and of the delivery
of course material, such as with flipped classrooms, team-based and peer-assisted learning,



etc., in an effort to increase academic success, presumably by increasing engagement. In
all of these scenarios, evaluation as to the success of the new method largely rests on the
evaluation of instructor observation, student surveys, and academic performance. Instruc-
tor observation can be subjective, especially when self-evaluating. Further, the instructor
is occupied with delivering the course material or facilitating the class, thus not available
to focus on observing all of the students nor recording these observations. Student surveys
can be biased as students tend to reward entertaining instruction and the conferral of high
scores. Students are also not the best assessors of their learning, e.g., students tend to rate
their learning lower in constructivist classrooms even when their academic performance is
higher, and vice versa for didactic classrooms.[17] Finally, academic performance is not
a direct or timely measure of engagement and can be ambiguous.[18] Some students are
engaged but struggling, while other students are disengaged, both of whom perform poorly
academically. Once assignment scores are determined, it is often too late to engage the
student in that material and the student begins to fall behind, resulting in another barrier
to engagement.

A quantitative measure closes the loop on the comparison and evaluation of teaching meth-
ods, such that classroom sessions can now be engineered to improved engagement. Cogni-
tive engagement is difficult to measure directly [18], and so it is inferred from behavioral
and emotional engagements. This is demonstrated in Fig. #2.
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Figure 2: Closing the loop on teaching method evaluation.

2 Other Efforts in Measuring Student Engagement

Application of an in situ measurement of student engagement applied to the health pro-
fessions is given in [19] as STROBE. The application is a methodology of using multiple
human expert observers to classify student engagement during classroom sessions. The
study notes significant correlation among expert human classroom observers, thus validat-
ing conclusions by consensus. As STROBE relies exclusively on human observation, it is
not automated and is labor intensive. A similar application to large university classrooms
[20] also uses multiple human observers to observe students at regular intervals within a
classroom session, defining a protocol to objectify the observer results. Also, [21] applies



a human observer methodology to courses that are technology mediated, or significantly
delivered by technology versus traditional lecture. The Engagement Measurement System
(EMS) proposed in this paper seeks to automate such observation using camera capture,
computer classification, and validation by experts to train an artificial intelligence (AT)
model, replacing human observers to allow real-time measurement of many to all students
simultaneously.

An automated system was developed by [22] utilizing eye-gaze tracking collected on each
student from which attention and engagement are inferred, which relied on expert human
observers for validation. The EMS proposed in this paper collects and integrates many more
pieces of information to infer emotional, behavioral, and cognitive engagements and reports
these in both a summarized instructor dashboard and more detailed analysis archived for
offline use.

2.1 Previous Work on Classifying Emotion from Facial Expres-
sion

Previous work supports the ability to select facial features from an image of the student’s
face [23] and classify these [24] by the Facial Action Coding System (FACS) [25] even
under pose variations. Using FACS, the expressed emotion of the student can be classified
[26], enhanced by the additional data of student behaviors and academic performance
integrated into the proposed EMS.[24] Different facial expressions with features selected by

Figure 3: Examples of classification of emotion by expression.

3 Overall Design of an Engagement Measurement Sys-
tem in the Classroom

The cognitive component of engagement is supported by the behavioral and emotional
components as previously discussed 1.1. Student behaviors, such as the actions the stu-



dent takes to access the curriculum, and the student’s emotional state, such as how the
student feels about the curriculum, contribute to how well the student learns. Therefore,
behavioral and emotional engagement will be directly measured such that these may be
used as predictors of cognitive engagement. While the mathematical relationship of how
behavioral and emotional engagement maps to cognitive engagement is currently unknown,
continuation of this work hopes to uncover those relations as more data are collected. The
path of research will proceed as demonstrated in Fig. #4 as a plan for EMS development.
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« Attendance emotions / emotional engagements engagement
« Subjective * Measure * Correlate with instructor * Provide effective
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instructor * Archive —’—/—/) « Correlate with academic
performance

Figure 4: Plan for EMS development.

In Fig. #4, academic performance (grades), attendance, and occasional subjective observa-
tion by the instructor are the resources currently in use for inferring student engagement.
By deploying the sensory portion of the EMS, facial expressions, body language and move-
ments, and other biometric data are also collected in real time. The EMS is then trained to
determine behavioral and emotional engagement and to further infer cognitive engagement
from these. The goal is to use cognitive engagement as a direct metric for student learning
and indicate effective instruction.

Part of the data collected will be from assignments, such as homework and exam scores,
to represent academic performance, i.e., assignment data. Academic performance is the
summative assessment of learning, and can be used as an indicator of cognitive engagement.
A student who consistently attends class and completes their homework assignments on
time is exhibiting behavioral engagement by choosing this behavior in the course, and this
behavior supports cognitive engagement. While the collected assignment data is not used
in the live measurement of engagement, it is used in training and validation of the EMS,
discussed further in Section 3.2.

Other behaviors include eye gaze/blinking, hand/body motions, postures, etc. Facial ex-
pressions can be predictors of emotional engagement, discussed in Section 2.1. By measur-
ing these biometric data, a model can be built to infer cognitive engagement and use this
as a predictor of effective instruction, given that cognitive engagement is a requirement of
learning as discussed in Section 1.1.

3.1 Hardware Layout and Software Components

The EMS hardware layout is demonstrated in Fig. #5. Each student will make use of either
their own laptop camera or a small desk camera dedicated to them. Wristband biometric



data including heart rate will also be collected and integrated into the classification if
determined to be an effective data point. Overview cameras, typically one to a few per
classroom, will capture overall student movement and gestures. These biometric data are
summarized and sent to a data collection server for analysis. Finally, this analysis is
archived in detail, as well as being sent to the instructor in a highly summarized state.
This is illustrated in Fig. #7.
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Figure 5: Layout of engagement measurement system in the classroom.

Individual student cameras and wristband data will be collected by a wireless network in
the classroom. By using a software client on the student’s laptop, the student maintains
control over their personally identifying biometric data, such as actual camera images and
heart rate, such that only summarized biometric data are sent to the server. This also
reduces network load.

The classification engine performs pattern recognition by feature extraction using convolu-
tional layers. These features are then sent to an artificial neural network for classification
of emotional and behavioral engagement. Cognitive engagement is further classified by a
following artificial neural network layer integrating assignment and attendance data. It
may also be the case that some expert observation data as well as student survey data of
their perceptions of engagement are also used to guide learning in these artificial neural
networks. This is demonstrated in Fig. #6.



Student image data showing
features to extract

Integration of Assignments
wristband data Attendance
:Ll_‘ Behaworal »
Cognitive
Emotional —» engagement
engagements
o 0
1 S~—
L Artificial neural networks

classification Convolutional layers for pattern recognition

engine

Figure 6: Classification engine using collected data.

As this paper represents a work in progress and the design of the EMS is data driven, the
final configuration of the classification engine is reserved for a future paper after live data
has influenced the design.

3.2 Validation

Validation of the EMS consists of the system’s ability to perform the following functions.

1. Accurately capture facial expressions and classify by emotion

2. Accurately capture and classify behaviors

3. Incorporate disparate biometric data (e.g., eye gaze/movement, head/hand/body
movements)

4. Incorporate academic performance as assignment data

1

Infer cognitive engagement from these biometric and assignment data

6. Provide effective advisory data to the instructor in situ based on the three types of
engagement

7. Archive the data for future analysis

Previous results as described in Section 2.1 with expert analysis can validate items #1 and
#2. Items #3 and #4 are also a function of Al expertise in the incorporation of disparate
data types into a classification engine.

Item #b5 is the primary goal and innovation of the EMS. To infer cognitive engagement,
multiple human experts in educational instruction, student emotional and behavioral psy-
chology, and course subject matter will all validate the results of the EMS classification
from their point of view. These diverse points of view are likely the best approach to
validate the EMS as the EMS will itself become an expert observer of the students and
classroom. Further, the performance on academic assignments will also be used as a direct
correlation with cognitive engagement as these scores (grades) are the current assessment
standard. Student surveys will also be planned to get students’ conscious awareness of their



own engagement during the EMS validation. These will provide feedback for the learning
algorithms in the EMS.

Item #6 will be validated by a survey of several instructors in undergraduate STEM courses
to determine both the effectiveness and practicality of viewing and utilizing summarized
EMS results in the classroom. The ability to successfully use the instructor dashboard
will also be validated by the improvement in engagements scores, i.e., self validating by
feedback. Item #7 will be a straightforward manner of proving that the captured data can
be archived.

3.3 How to Use the EMS

The EMS is to be used in situ as an advisor to the instructor during classroom sessions. A
very quick glance can guide the instructor on one of a few paths during material delivery.
Additionally, the EMS can be utilized in much more detail after class, i.e., offline, with the
ability to examine responses on the individual student level and analyzing with respect to
assignment scores.

3.3.1 Imnside the Classroom with the Instructor Dashboard

The instructor dashboard will be an instrument to display student engagement data as well
as EMS functionality in real time during classroom sessions. Because the instructor will
be primarily occupied with managing the classroom and facilitating the delivery of course
material, the instructor dashboard needs to be very simple and direct in communicating
student engagement. Ideally, the instructor should be able to obtain meaningful data at
a glance that is sufficient to guide delivery. For example, a quick glance that indicates
cognitive engagement is falling could signal the instructor to either move on to the next
topic as students are getting bored or that the students are not understanding the current
material. Secondary information on behavioral and emotional states could help determine
which of these is most prevalent and the best action to take. Other indications might be
increasing engagement, which would signal positive feedback to the instructor regarding
the current method of delivery in the classroom. Fig. #7.
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Figure 7: Example of instructor dashboard.



3.3.2 Outside of the Classroom with Offline Review

The collected biometric data will be archived during the semester. This will allow the
instructor to go back and replay the classroom sessions, correlate material delivered with
academic performance on corresponding assignments, and analyze with the benefit of live
engagement scores. Assignment data will also be retained for training and validation of the
EMS predictions to facilitate future design iterations of the course and further observation
by educational researchers, e.g., to examine what forms of instruction or active learning
best engage students.

In later iterations of the EMS, the students will also be given their personal live engagement
data versus time during the classroom session. This will allow students to reflect on their
personal engagement and give them insight into where they are becoming disengaged.

4 Final Discussion

The goal of this paper is to initiate discussion of the approach proposed in the abstract to
develop a system to measure engagement in the classroom. Feedback of peer instructors
in the STEM fields will be solicited to guide initial exploration. Initial deployments of the
system will provide live classroom data from which to observe conclusions in the future.

The fundamental goal of using the engagement measurement system (EMS) is to improve
student learning. Understanding engagement versus different classroom scenarios will help
in selecting successful classroom scenarios, e.g., flipped classroom, multimedia, interactive
learning exercises, etc. Academic performance on assignments and student feedback will
serve to validate these new measurements against existing metrics in use. Once developed, a
hardware solution can be feasibly deployed by other learning institutions in terms of readily
available camera and computer hardware, coupled with software classification developed by
this work. It is expected that application would extend to vocational /workforce training
as well as subjects outside of STEM.

The previous success in emotional and behavioral classifications serve as a foundation
on which to explore the relation of these types of engagement in supporting cognitive
engagement. At the very least, both students and instructor will have much more detailed
information about how the course proceeded and how the classroom sessions were perceived
and presented. The goal will be to ensure that this detailed information improves cognitive
engagement and that this supports student success in achieving learning outcomes.

4.1 Supporting Funding

Current funding is provided by an exploratory grant from NSF Improving Undergraduate
STEM Education (IUSE). The goal of this three-year exploration is to determine if such
a system as the EMS can be built to collect this data in real time within the classroom
and accurately capture behavioral and emotional engagements. Also to be explored is the
integration of disparate data types such as image data, heart rate, academic performance,
etc., within an AT classification system. Final efforts on the project will include prelimi-
nary evaluation of the ability to infer cognitive engagement from behavioral and emotional
engagements. As demonstrated in previous work, classifying emotions and behaviors is pos-



sible to some extent, and psychological work has established the link between emotional
and behavioral engagement with cognitive engagement.[27][28]
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