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Abstract

This thesis explores how smart sensors can quantify the process of the knowledge transfer.
Knowledge transfer is the transmission of mastered knowledge from one individual to another
through communication. This intricate process depends on three critical facets of communi-
cation: the appearance and demeanor of the participants, verbal articulation, and nonverbal
cues. Several projects worked on will be to analyze the full potential of quantifying and
enhancing communication.

Estimating individual domain knowledge is paramount to determining their ability to
transfer knowledge. Web browsing analytics is a crucial in this endeavor, as it addresses the
needs of our target audience to capture both new and existing knowledge. TrackThinkTS,
an intuitive system, facilitates the seamless collection of web browsing logs by installing a
Chrome extension. Our application using Random Forest algorithms to the collected data
has resulted in an impressive average Fl-score of 0.950 to estimate a domain knowledge.
We extend this work to TrackThink Camera, allows collecting the webcam recordings syn-
chronously while web browsing for appearance based eye-tracking. To enhance the visu-
alization of respondent knowledge, we use force-directed diagrams, Sankey diagrams, and
flowcharts, which are seamlessly integrated into the TrackThink Dashboard.

In the DisCaaS project, we aim to quantify micro-behaviors that happen during meetings
using cameras as sensors. In collaboration with a research group in Japan, we meticulously
collected a dataset of 295 videos, totaling 21.7 hours, with 40 participants from online and
onsite meetings. Remarkably, we achieved F1 scores of 0.812, 0.949, and 0.973 for nodding,
talking, and smiling detection, respectively. The EnGauge project has been instrumental in
quantifying engagement levels, a critical dimension of internal and cognitive human behavior.
We collect data from 30 participants and achieved a result of engagement detection of 0.895
in the F1 score with leave-one-participant-out cross-validation.

The concept of accelerating the knowledge transfer is done in several approaches. In the
work DiscussionJockey, we apply dynamic background music and specific beats per minute
change according to the meeting participants’ utterance information to control amount of
speech. We also investigate a system Metacognition-EnGauge. The system allows to give
self-and-group engagement level feedbacks in gauge-interface realtime. Several challenges
exist in the accelerating knowledge transfer, which will be discussed.

Applications have been shared with several labs, including the Immersive Quantified
Learning Lab (iQL-Lab) at the German Research Center for Artificial Intelligence (DFKI),
DFKI Lab Japan in Osaka Metropolitan University, Ubiquitous Computing System Labo-
ratory (UBI-Lab) in Nara Institute of Science and Technology, and HumanoPhilic Systems
laboratory in Kyushu University.
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Chapter 1
Introduction

In the concept of learning-lifecycle, Perceive, Master, and Transfer are important factors [169].
Perceive is gaining knowledge from a textbook or lecture. Master is a process of perceiving
knowledge usability by conducting exercises and experiments. Transfer transfers mastered
knowledge to one another through a presentation or discussion. Figure 1.1 shows the visual
image of the Learning Cyclotron (LeCycl). Analysis and acceleration of Perceive and Mas-
ter have been done earlier [79]. However, analysis and acceleration of Transfer are yet to be
discovered.

Understanding and accelerating knowledge transfer is essential in all kinds of fields.
Allen et al. investigate that 11 million workplace meetings are held every day in the United
States [7]. Employees spend an average of six hours in scheduled weekly meetings, with
supervisors spending 23 hours [141]. Meetings are time-consuming for attendees and costly
to the organization, ranging from 30 million to over 100 million US dollars annually [142].
Due to the importance of the field of study on knowledge transfer, the number of related pub-
lications is increasing every year [61]. Research on knowledge transfer is gaining attention
and importance every year.

According to Shanon-Weaver Model [152], Knowledge Transfer is defined as communi-
cation between the sender (transmitter) and the receiver using encoding and decoding knowl-
edge. Previous studies work on the implementation of a sensor environment for estimation
of learning difficulty [162, 187], and estimation of wakefulness while taking a video lec-
ture [90]. Our study aims to quantify and accelerate the success of encoding and decoding

knowledge.

help learners to recognize
new knowledge

Perceive
Lecture, Textbook

motivate learners
to deliver
mastered knowledge

make
perceived knowledge
usable
228 Y
Transfer Master
Presentation, Discussion Exercises, Experiment

FIGURE 1.1: Overall concept of Learning Cyclotron (LeCycl) [169].



2 Chapter 1. Introduction

1.1 Basic Concepts

Knowledge transfer has been a cornerstone of human development throughout history. From
the oral traditions of ancient civilizations to the sophisticated educational systems of the
modern era, the ability to share and transmit knowledge has propelled humanity’s growth
and innovation. At its core, knowledge transfer represents more than the mere exchange of
information; it is a process of understanding, adapting, and applying knowledge to create
value across generations, disciplines, and societies.

In an era of rapid technological advancements, the importance of efficient and effective
knowledge transfer has never been greater. In fields such as education, healthcare, engi-
neering, and business, the ability to transfer knowledge determines individual success and
drives organizational performance and societal progress. There is a need to promote seam-
less knowledge transfer across cultural, linguistic, and disciplinary boundaries.

However, the process of knowledge transfer also presents challenges. Communication,
the basic medium of knowledge transfer, is strongly related to cognitive, social, and cultural
factors. Misunderstandings and technical barriers often impede the flow of knowledge, lead-
ing to inefficient conversations. Furthermore, bridging the gap between experts and novices
is a significant challenge as knowledge becomes more complex and specialized.

To address these issues, research in knowledge transfer must explore both the mech-
anisms of human communication and the tools that can facilitate this process. Emerging
technologies such as artificial intelligence, sensor-based systems, and advanced analytics of-
fer promising avenues to quantify and enhance knowledge transfer. These tools enable us
to capture and analyze communication behaviors and provide actionable insights to optimize
learning, collaboration, and innovation.

This paper explains the basic concepts of domain knowledge estimation, knowledge
transfer visualization, and acceleration. The study seeks to unlock its full potential by lever-
aging state-of-the-art sensing technologies and intervention strategies. It contributes to a
deeper understanding of how knowledge transfer can be systematically measured, improved,

and applied to address the complex challenges of the modern world.

1.1.1 Factor of Knowledge Transfer

Recognizing the activities and social-cognitive states in communication is essential to under-
standing knowledge transfer. In communication, there are three key features: Participants
Appearance, Verbal Communication, and Nonverbal Communication [49]. Participant Ap-
pearance represents features concerning the appearance of the participants in the communi-
cation. Schulte et al. found that in the communication scene, participant age and distribution
have a significant positive relationship with forgiveness and the number of counteractive be-
haviors [149]. Due to the importance of participants’ age for information transfer, Geng
et al. has worked on age estimation from facial images using open source datasets such as
the FG-NET Aging Database [100] and the MORPH Database [137]. Verbal Communica-
tion represents characteristics related to speech. Related research focuses on the analysis

of conversational content [113], pronunciation [155, 188], speech volume [95], and voice
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pitch [112]. Nonverbal Communication refers to behavior-related characteristics that do not
include speech. The related study focuses on the analysis of posture [16, 148], smile [30,
190], eye contact [182, 189], and head motion [128, 185]. Previous studies work on social
activity behavior analysis in communication. However, some factors of knowledge transfer,

such as micro-behavioral analysis and engagement detection, are still being studied.

1.1.2 Estimation of Knowledge Transfer

Estimating the state of knowledge transfer is presented by Srivastava [161]. The study works
on the estimation of learning difficulty using contactless sensors. The study presents the use
of the slider to collect a real-time understanding of the labeling. The contactless sensors are
a Logitech webcam, a Tobii Pro X2-30 eye-tracker, and an Optris PI-400 thermal camera.
After collecting data from 100 participants, the study found that the difficulty of the lecture
depended on three factors: the pictorial representation of complex terms, the difference be-
tween the amount of verbal and visual information presented per slide, and the number of
words spoken by the instructor per second [162]. Babaei et al. is then working on automatic
tracking of attentional states using a webcam [10]. As a result, action units of the face, such
as lips or eyelids, perform well in attention detection. Another work was done to discover
the correlation between attention while watching videos and comprehension level [163]. Par-
ticipants with higher prior knowledge made fewer eye movement transitions than those with
lower prior knowledge. Prior knowledge estimation has been done by analyzing the web
browsing logs [123]. Hence, the direction of web browsing analysis can perform well in
knowledge transfer estimation. While the above studies deal with comprehension estimation,
they focus on something other than the breakdown of comprehension into details of encoding

and decoding in knowledge transfer.

1.1.3 Acceleration of Knowledge Transfer

Knowledge transfer is accelerated based on the state of knowledge transfer estimation results.
Kuttal et al. work on human-human and human-agent comparison on pair programming [98].
The study discovered no significant difference in productivity, self-efficacy, code quality, and
pair programming preferences when using an agent for pair programming. Test-driven pro-
gramming can be done together with an agent. Knowledge transfer accelerates when the
agent can provide code skeletons and hints to guide their partner toward a solution. Hal-
iburton et al. use wristband devices to give thermal feedback to the presenter to feedback
audience engagement [65]. The work could enhance socio-emotional connectedness in vir-
tual and hybrid meetings. As a result, the presenter and audience feel connectivity only if
they are in the same atmosphere, which enhances the presenter’s confidence in transferring
knowledge. Some studies work on the acceleration of knowledge transfer. However, there

still needs to be more work on enhancing communication.
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1.2 Research Questions

This thesis tackles three research questions. Understanding human activity and cognitive
behavior for quantifying knowledge transfer is important to developing systems supporting
humans. For that, the thesis came up with three research questions to answer.

How to discover the existing domain knowledge? Discovering humans’ domain knowl-
edge is significant in understanding people capable of delivering the knowledge. One ques-
tion is whether the system can estimate humans’ domain knowledge using sensing technol-
ogy. One approach is capturing a person’s web browsing behavior.

How to visualize the state of knowledge transfer? Knowledge transfer often happens
in communication. Visualizing the important behaviors is important to understanding the
success of the knowledge transfer. This thesis aims to visualize the significant behaviors for
knowledge transfer.

How to accelerate the knowledge transfer? As a last question, the thesis aims to answer
if an application can augment knowledge transfer. The objective is to implement intervention

applications that improve communication and transfer skills.

1.3 Contributions

In summary, contributions of this thesis include:

* An overview of the state-of-the-art in activity recognition and intervention

* Methods to recognize activities in communication

* Methods to recognize engagement levels in meetings

* Methods to track eyes using webcam as a sensor

* Methods to recognize humans’ affective states by using various sensors

* Development of a web browsing logger and the visualization system

* Development of meeting behavior visualization system

Applications in this thesis have been shared with several labs, including the Immersive
Quantified Learning Lab (iQL-Lab) at the German Research Center for Artificial Intelligence
(DFKI), DFKI Lab Japan in Osaka Metropolitan University, Ubiquitous Computing System

Labo-ratory (UBI-Lab) in Nara Institute of Science and Technology, and HumanoPhilic Sys-

tems laboratory in Kyushu University.

1.4 Outline of Thesis Chapters

Chapter 2 presents an overview of activity recognition, engagement recognition, and inter-

ventions. Chapter 3 reports sensing applications for estimating and visualizing personal
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domain knowledge. Chapter 4 presents activity and cognitive recognition projects. Chap-

ter 5 presents intervention applications for enhancing the quality of communications. Finally,

Chapter 6 summarizes conclusions and future work.






Chapter 2
Background and Related Work

This thesis discovers an understanding of knowledge transfer. This chapter presents a lit-
erature survey about the background and related work. The chapter consists of three main
sections. Section 2.1 looks at works on activity recognition. Section 2.2 looks at research
on engagement recognition. Section 2.3 looks at intervention and application for knowledge

transfer.

2.1 Activity Recognition

Figure 2.1 shows the overview of publications investigating key features’ importance and
detection algorithms in a meeting. The categories of important features can be separated
into Participants Appearance, Verbal Communication, and Nonverbal Communication. Our
target detection has yet to be proposed in previous research studies. We will highlight our
contributions by showing the importance and progress of related works.

2.1.1 Participant Appearance

Farticipant Appearance represents features regarding the appearance of participants in meet-
ings. Schulte et al. found, in meetings, participants’ age and distribution possess a significant
positive relationship with forgiveness and the amount of counteractive behaviors [149]. For-
giveness has been defined as “a reduction in negative feelings, and a recovery of positive
feelings towards an offender after the offense has taken place” [87]. Counteractive state-
ments had a negative impact on team meeting outcomes such as meeting satisfaction and
team productivity [88]. Hence, the age of the meeting participant is an important factor to
consider in the meetings. Geng et al. proposed method for age estimation based on facial
aging patterns [59]. They used the open source database FG-NET Aging Database [54] and
the MORPH Database [137] for the dataset. These datasets include people’s ages and facial
images. From the facial image, they extracted features by using the Appearance Model [48].
Then, using these features, they used SVM as the algorithm for estimating age. Concerning
previous works, age detection or estimation from facial images or videos has already been
explored [67, 75].

2.1.2 Verbal Communication

Verbal Communication represents features regarding speaking that occur during meetings.
McDorman states that the context of what was discussed in the meetings is important [113].
Yu and Deng have proposed a method of automatic speech recognition (ASR) technique for
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References
Importance Detection
Geng et al [2007],
Participant Age Huerta et al [2015],
Appearance Individuals, Distribution Schulte et al [2013] Hebda et al [2016]
Context McDoman[2005] Yu and Deng [2016]
Shrivastava and
Verbal Pronounciation Prasad [2020] Zhang et al [2020]
Communication Voice Knowiton et al [2006],
Important Features Volume, Pitch McComas[2007] Ru et al [2017]
For Meeting Analysis Williams et al [2017],
Speaking Duration Bridges[2017] Our Work
Scheflen [1964]
Posture Mehrabian [1969] Pham et al [2020]
Non-Verbal Smile Centorrino et al [2015] Ru et al [2017]
Communication
Eye Contacts Bohannon et al [2013] Zhang et al [2017]
Nodding Kita et al [2007] Our Work

FIGURE 2.1: A tree map summarizing important activities for meeting analysis and the position of
our work. The importance shows references representing the significance of each feature. The
detection shows references from researchers who implemented the system to detect each feature.

speech to text [184]. Shrivastava and Prasad have stated that unclear pronunciation produce
unclear understanding for listeners [155]. Precise pronunciation results in a high understand-
ing of the context in meetings. In order to detect pronunciation errors, Zhang et al. have
proposed a method of using deep learning techniques based on advanced automatic pronun-
ciation error detection (APED) algorithms [188]. Knowlton and Larkin have found that voice
volume and pitch can enhance anxiety or comfort listeners [95]. It has also been said that
these factors also change participants’ motivation to join future meetings in some cases [112].
Therefore, voice volume and pitch are important.

Zhao et al. have proposed the ROC Speak system, which allows ubiquitous access to
communication skills training. They collect voice information from the microphone in order
to detect the volume and pitch of the speaker [190]. However, this system has a limitation
in that the user can only be collected as a single person. Sometimes, the voice cannot be
collected during a meeting due to privacy issues. In order to tackle the idea of collecting
verbal information concerning privacy issues, we focused on participants’ speaking duration.
Many research studies pointed out the issue of manterrupting [20, 179]. This paper suggests
that men speak longer than women or cut off the topic when a woman is talking. In order to
control the equality of turns, the collection of participants’ speech duration is significant. We
attempt to measure time duration by using only a camera as a sensor, which does not include
microphones.

Janin et al. introduced the ICSI Meeting Corpus, which collects meeting speech logs with
microphones. They have used both head-mounted and table-top microphones [85]. Carletta
et al. introduced the AMI Meeting Corpus, using both cameras and microphones to collect
meeting logs. They then created a transcript of meetings from the utterance data collected
by microphones [27]. Riedhammer et al. then introduced automatic meeting summarization
using the transcript produced from ASR [138].

The advantage of verbal data analysis is the ability to collect detailed data on what was
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spoken in the meeting. However, the disadvantage of this approach is the privacy risk. Verbal
data can be a risk during collection for a company or in the education field. It includes
private or confidential information that should not be recorded. Hence, verbal data analysis

will always face a privacy risk.

2.1.3 Nonverbal Communication

Nonverbal Communication is related to features related to actions and does not include verbal
information. Posture is one of the important nonverbal information in meetings [115, 148].
Pham et al. proposed 3D pose estimation from a single RGB camera. It can estimate body
posture and activities by a camera [131]. Centorrino et al. have stated that a smile perceived
as honest makes mutual trust and induces cooperation towards a person who sees the smile.
With this in mind [30], Zhao et al. implemented the ROC Speak system in order to collect
smiles automatically from the video [190]. Bohannon et al. have stated eye contact plays a
role significant for human interactions [18]. Zhang et al. then proposed eye contact detection
using a camera [189]. Ambient cameras and wearable glasses can be used. Kita and Ide
have presented the significance of nodding. This study focuses on detecting nodding by a
camera [94].

EKMAN and FRIESEN stated that nonverbal information contains emotions and the fea-
ture of interaction between multiple people [49]. Effective nonverbal communication facili-
tates meetings and allows speakers to make attractive statements. Moreover, it is easier for
listeners to understand the statement. Morency et al. used a robot to collect human head
movements by camera while asking questions. They aim to collect participant’s head nods
and head shakes. The recognition rate was 73% for head nods and 83% for head shakes [119].
Yu et al. used optical motion capture to collect nonverbal behaviors during a meeting. This
approach allowed collecting nodding recognition of 76.4% and head shaking recognition of
80.0% [185]. Ohnishi et al. used the inertial measurement unit (IMU) sensor to collect partic-
ipant’s head movements [128]. They achieved the recognition of 97.5% in utterance, 52.4%
in nodding, and 53.6% for looking around actions. The advantage of nonverbal data analysis
is that it lowers the risk of privacy issues. It does not contain utterance information about
each meeting. Moreover, it is an effective way of understanding emotions and interaction
features between multiple people [49].

The disadvantages of previous research studies are the inconveniences and restrictions of
the system settings. Connecting IMU sensors to the participants each time before a meeting
is inconvenient. The preparation of a robot inflicts restrictions on where the meeting will be
held. To create sustainable data collection or the sustainable use of the system, it must be

simple, possess fewer devices, and have low restrictions on the use case environment.

2.2 Social Cognitive State Recognition

This section explains work on social cognitive state recognition. Section 2.2.1 shows work
on engagement recognition. Then, Section 2.2.2 shows work on gender consideration in

social-cognitive state recognition.
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TABLE 2.1: Comparing EnGauge system with other engagement level prediction works.

Reference Devices used Participants Labeling Model Results
Gao et al. [56] Seat-Sensor 23 students Self Report N/A N/A
Babaei et al. [10] Webcam 15 researchers Self Report N/A N/A
Mohamad et al. [117] Webcam 20 students Observer Annotation VGG-B Binary Classification

72.3% accuracy
Binary Classification

Monkaresi et al. [118] Webcam 23 students Self Report Naive Bayes 75.8% accuracy

Hernandez et al. [68] Wristband 51 children Observer Annotation SVM Binary Classification
81.0% accuracy

Di Lascio et al. [45] Wristband 24 students Observer Annotation SVM Binary Classification
9 teachers 81.0% accuracy

DiSalvo et al. [47] Wristband 11 students Observer Annotation SVM Binary Classification

81.0% accuracy
Binary Classification

Sharma et al. [153] ‘Webcam 15 students Observer Annotation CNN
66.0% accuracy
Smartphone P
Huynh et al. [76] Wristband 64 students Self Report RF Ternary Classification

Depth-Camera 77.0% accuracy

Ternary Classification

EnGauge Webcam 24 students Role-Acting MobileNetV2 89.5% accuracy

2.2.1 Engagement Levels Recognition

In this section, we will elaborate on the types of devices utilized for engagement analysis
and their accuracy level in predicting engagement. Table 2.1 shows the position of our work
compared to the previous studies. The table shows the device each research study uses, the
number of participants, how engagement levels are annotated, the machine learning model,
and the prediction rate result.

Hernandez et al. use Empatica E4 wristband to collect children and adults engagement
levels [68]. Using electrodermal activity (EDA) as an input and with SVM, it predicts the
engagement level of around 81.0% accuracy. Di Lascio et al. use Empatica E4 wristband
to collect participants’ blood volume pulse, acceleration, peripheral skin temperature, and
electrodermal activity while taking a lecture [45]. After the lecture, each participant was
asked to answer a questionnaire to estimate their level of engagement. Using a Support Vector
Machine (SVM) model, they achieved 81.0% accuracy in binary classifying participants’
engagement levels. DiSalvo et al. worked on predicting student engagement level during
lecture [47]. Participants were asked to wear an E4 wristband to collect electrodermal activity
(EDA) signals. The subjects collected are eleven students between 18 - 30 years of age. The
annotation for the engagement is done according to the specific behaviors defined. Using
the SVM model, they got the binary engagement level classification result of 81.0%. These
are the references to works using wearable sensors for detecting engagement levels. An
interesting finding for these wristband usage approaches was that the accuracy of engagement
prediction all scored around 81.0% when using the Empatica E4 wristband.

There are research approaches to using a webcam, not only wearable sensors. Mohamad
et al. use a webcam to collect facial video and a convolutional neural network to binary clas-
sify users into engaged and disengaged [117]. The model contains two convolutional layers
and two max-pooling layers with stride two and two fully connected layers, respectively. The
last step of the CNN model includes a softmax layer, followed by a cross-entropy loss, which
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consists of two neurons indicating engaged and disengaged classes. With this architecture,
they achieved an accuracy of 72.3%. Monkaresi et al. use a webcam for binary classify en-
gagement levels. In the preprocessing, this work extracts facial action units [50] and heart
rate [133] from the recorded video. Twenty-three undergraduate/postgraduate engineering
students collect data from a public university in Australia. As a result, binary classification
using Naive Bayes scored 75.8% accuracy. Huynh et al. worked on predicting engagement
levels while playing smartphone game [76]. They collect smartphone touch actions, wrist-
bands for photoplethysmography and electrodermal activity, and depth cameras for skeletal
motion information. The ground truth of the engagement level is collected using a Game
Engagement Questionnaire (GEQ). They use Random Forest (RF) as a best-fit model for the
classification model. As a result, they achieved a ternary classify engagement level of 85.0%.
Sharma et al. presented a system based on neural networks to detect the engagement level of
the students captured by a typical built-in webcam present on a laptop computer, and their
proposed system was designed to work in real time [153]. They combined eye, head, and
facial movements to produce a concentration index with three classes of engagement: “very
engaged,” “nominally engaged,” and “not engaged at all.” Facial features were extracted
using the Haar cascade algorithm from webcam images and then categorized by a convolu-
tion neural network (CNN). They tested the proposed system with 15 students in a typical
e-learning experiment. They verified that the system could correctly distinguish between the
three engagement classes with an accuracy of 66.0%. However, this study only focused on
engagement level classification when watching e-learning video content. Hence, it did not
cover the analysis of online meetings’ behaviors.

Other than the studies above, some analyzed the correlation between engagement and
collected sensor data. Babaei et al. classified low and high engagement levels using a web-
cam [10]. They annotated the level of engagement by using notifications to get labels from
the participants. In this study, 15 participants’ lab work data was collected. The camera de-
vice continuously records the participant’s face while working. Using OpenFace to extract
facial features, they found that the gaze angle and rotation in the vertical axis (pitch) signifi-
cantly identify engagement levels. The study found that facial images can be good input data
for predicting human engagement levels. Gao et al. worked on identifying the correlation
between student engagement levels during lectures and the seating position [56]. They col-
lected data from 23 students and discovered that students who sit close together are likelier

to have similar learning engagement and tend to have high physiological synchrony.

2.2.2 Gender Consideration

In Human-Computer Interaction (HCI), the imperative of inclusive-gender design has been
underscored [14]. The significance of gender manifests early in life, as evidenced by Cen et
al., who meticulously examined disparities among 110 toys designed for children aged seven
or younger with a gender-oriented perspective [29]. The results unveiled a gender imbalance
in coding kits, encompassing aspects such as color, physical form, and the activities involved.
Cryan et al. has also noted distinctions in vocabulary or terminology between genders [40].

Notably, Song et al. discovered that male and female participants perceived high-pitched
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voices differently, adding a layer of intrigue to gender-related differences [159]. These gender
nuances permeate various areas in HCIL.

Although most of the work suggests that gender-inclusive designs are significant, Metaxa-
Kakavouli et al. have found that gender-inclusive web user interface design can negatively
impact women users [116]. Gender-neutral design was perceived positively by individuals of
all genders. Also, Cryan et al. has mentioned the work on detecting software gender stereo-
types using GenderMag [40]. The project aims to avoid or reduce gender stereotypes in
software. Lastly, Hamidi et al. has mentioned that transgender individuals have overwhelm-
ingly negative attitudes toward Automatic Gender Recognition (AGR) [66]. The system
should consider privacy and potential harm from being incorrectly gendered or misgendered
by technology. Concerning these researches, HCI needs to be careful in considering gender
as a feature that does not always act reasonably, and hence, whether it performs well needs
to be investigated.

Brody dives deep into how emotional development varies between genders [22]. It sheds
light on the unique paths boys and girls take in emotional processing, emphasizing the deci-
sive role of socialization and sociocultural factors. This understanding is critical, especially
as we delve into neural network-based predictions of affective states. The work explored
methodological challenges, and the potential of deep learning in this gender-focused emo-
tional research is a cornerstone for our work in developing predictive models. Building on
the theme of gender and emotional expression, the study by Andonova and Taylor delves
into the intriguing world of non-verbal communication across cultures. Their research re-
veals how head movements, commonly used to express agreement or disagreement, can vary
significantly between cultures, such as in the United States and Bulgaria [8]. This highlights
the profound influence of cultural norms on emotional expression and interpretation, offering
valuable insights into how gender may intersect with cultural practices to shape emotional
communication.

Complementing our exploration of gender differences in emotional expression, the Affectiva-
MIT Facial Expression Dataset (AM-FED) by McDuff et al. presents a groundbreaking re-
source for studying natural and spontaneous facial expressions [114]. This dataset, which
includes facial videos collected in the wild via webcams, offers a diverse and ecologically
valid sample of responses to online media. This dataset’s detailed labeling of facial action
units, head movements, and self-reported emotional experiences provides an invaluable tool
for examining the subtleties of emotional expression across different genders in real-world

settings.

2.3 Intervention and Applications

This section explains work on intervention and application for actuating social-cognitive
states. Section 2.3.1 shows the intervention of the meeting-encouraging system. Then, Sec-

tion 2.3.2 shows works on social-cognitive state augmentation.
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2.3.1 Meeting engagement encouraging system

Encouraging participants’ engagement in meetings has several works [111, 183]. Matsuyama
et al. proposed a method using a facilitation robot to enhance engagement levels in offline
meetings [110]. They set a condition for encouraging four participants, including the robot,
in each set of experiments. The robot uses the mounted camera to discover the engagement
status of the other three participants or how well they are harmonized with other participants.
The study showed that instead of three participants having conversations, adding a robot as
a fourth participant in the meeting was influential in encouraging all participants to join in
the conversations. Adriel Aseniero et al. proposed the MeetCues system [4]. This system
visualizes the emotions of attendees during online meetings. Participants click the like and
clarify buttons to choose their status. The system then shows each participant’s emotions,
such as happiness, neutrality, and thinking. An emoji presents each emotion so other users
can recognize the participant’s status from the interface. Gashi et al. target on measuring
physiological synchrony, which is the synchronization of the physiological states of multiple
people [58]. The research shows that when multiple people interact in synchrony, the en-
gagement level toward the content presented is high. Hence, they aim to implement a system
for giving feedback when synchrony happens in the lecture or conversation. It will support

the teacher or presenter understand when and which slide interests the students or audience.

2.3.2 Social cognitive state augmentation system

Holstein et al. has proposed a method for the teachers to check the students’ cognitive states
as a dashboard [70]. In the dashboard, each student has an indicator display floating above
the head. The work proposed visualizing multiple people’s cognitive states combined as a
dashboard. Jumple project aims to augment the virtual physical education experience [154].
The work supports visualized interactivity with remote participants. Niwa et al. state the
importance of Al agents to augment human cognitive abilities [127]. Their approach is to
implement a similar-looking Al avatar as a participant to investigate the trustworthiness level
of agent statements. Lastly, Kyto et al. has proposed a method for visualizing public and
personal information using digital profiles [99]. The work states that giving meta-information
about a person communicating will support smooth face-to-face communication. Concerning
previous research, augmentation of the cognitive state positively supports change in behaviors

and understanding of humans.






15

Chapter 3
Domain Knowledge Estimation

This chapter explains the process of estimating human domain knowledge. Discovering do-
main knowledge can support finding a potential knowledge sender. Also, it may be a tool to
verify the domain knowledge of a receiver after receiving new knowledge.

Section 3.1 explains TrackThinkTS [107], the web browsing logger application. The ap-
plication works by installing a web browser as an extension. This tool can collect user web
browsing actions such as TabCreate, TabActivate, TabUpdate, TabRemove, ClipboardCopy,
and WindowScroll. The experiment will collect experts and novices while conducting pro-
gramming tasks using a tool. The analysis is achieved by classifying two groups. Also,
force-directed diagrams and Sankey diagrams will be presented for further visualization.

Section 3.2 explains TrackThink Camera [176], which add-on the camera into the Track-
ThinkTS. The application is extended to understand participants’ affective states while seek-
ing information while browsing. This application strengthens all-in-one technology for track-
ing web search behavior and synchronizing webcam recordings.

Section 3.3 [17] explains the approach for webcam-based eye-tracking. The research
aims to detect gaze coordinates from the webcam images. The approach supports extending
TrackThink Camera to collect gaze data while web browsing.

Section 3.4 explains TrackThink Dashboard, the GUI application for visualizing logging
data of TrackThinkTS. The application supports the visualization of the participant’s work-
flow during programming. The tool supports understanding how individuals seek information
and apply outputs.

Overall, this chapter contributes to showing new implementations for domain knowledge
estimation. Targeting specifically on programmers, achieving the classification of experts

and novices. A deeper analysis of the workflow has also been evaluated.
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3.1 TrackThinkTS: Web Browser Extension to Track User Search

Behavior

In a digital world where an immense load of data is created every second, knowing where
and how to search for the correct information is essential. Terms such as “Information Over-
load” are frequently used to express the phenomena [69]. Moreover, individual web search
behavior and abilities became topics of meticulous research [12, 43, 74, 91].

Additionally, the problem of finding the correct information is amplified when search-
ing for programming errors, examples, and code snippets [144]. Traditional general-purpose
search engines are not optimized for programming code search [180]. Instead, they are de-
veloped to handle natural text requests. Thus, sometimes, they need to recognize the context
and semantics of the code search [134]. Several tools were created to address the code search
problem like the Google Code Search !, Source Graph 2, Searchcode * and many others.
However, some tools were either discontinued or obsolete [134].

Undoubtedly, web searching is integral to the software programmer’s activities. The pur-
pose of the web search can vary a lot depending on the context. However, many studies
found that web searching is one of the most frequent activities of software developers [71,
144, 180]. However, most of the studies about code search were conducted in a professional
environment. The participants in these studies had different levels of expertise in program-
ming. Less focus was given to investigating the web searching behavior of programming
students.

Students use search engines for various purposes while learning programming, whether
self-learning or in academic settings. In addition, the recent events related to the COVID-
19 pandemic made the situation even worse. Educational institutions had to shift to fully
online learning. This reduced considerably the opportunities for students to communicate and
collaborate. Hence, they lost the chance to learn from each other. Moreover, interactions with
professors and teachers are needed to gain face-to-face communication. In the programming
case, teachers used to monitor and help students more effectively. Industry and academia are
trying to mitigate the negative effects of the lockdown. Nevertheless, students in general, and
programming students in particular, rely more than ever on online resources. It is crucial to
help them acquire the skills that help them achieve fulfilling web searches. Nevertheless, a
few research works focused on this sub-population of programming web searches. Therefore,
this study introduces a tool for examining students’ web search behavior while they solve
programming exercises.

In the current manuscript, we present a browser extension called TrackThinkTS. This ex-
tension logs the browser usage while searching and surfing on the web. It was developed with
a privacy-first mindset. Users can view, edit, and delete entries before exporting the data to
CSV format. Along with their full consent, participants in the experiments using this exten-

sion have an aggregated view of the stored logs for easier management. This extension will

Thttps://developers.google.com/code-search
2https://sourcegraph.com/
3https://searchcode.com/
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serve as the building block for subsequent experiments and analyses that aim to investigate

the following research questions:

* Is there any difference in web search skills between successful students and the others?
» To what extent this difference in web search skills influences the learning?

* What are patterns of effective web search skills manifested through thought processes?

What are the best ways of sharing thought processes in course supplements?

3.1.1 Architecture

Many tools track the users’ web searches. However, most of them only capture the pages
visited using the URL and provide some analytics and visualization based on that [11, 46,
120, 181]. However, this approach needs to grasp the whole web search behavior of the
user. In addition, most modern browsers provide a complete API for sophisticated access
to the internal browser state and allow advanced manipulations. The tool presented in this
study is the continuation of a previously discontinued proof-of-concept by the same name
of TrackThink [123]. It was unfinished and had a few problems. The main objective was
to gather as much information as possible about the users’ actions within the browser when
they engage in web search to capture their “thought process”. Compared to the previously
mentioned tools, it did not rely solely on the history of the web pages and URLs. However, it
was not published in the Chrome extension store and was used only by the developers. The
UX needed many improvements. Moreover, it was not optimally adjusted for user privacy or
user convenience. Therefore, in the present update, we aim to transform the proof-of-concept

into a fully working product and improve several critical aspects such as:

* Improve the user privacy by giving full control to the user on the registered logs.
* Improve the UX and workflow for both the participants and the experiment organizers.

¢ Publish it in the Chrome store for easier distribution and installation to students.

Ultimately, TrackThinkTS inherits the name and some concepts of the original unfinished
work, but it is fundamentally different in many aspects, including the generation of logs,

storage, and the whole workflow and experiments.

Logs Generation

Previous work interested in user behavior when searching the web used limited information.
They gathered the history of the web search, represented mainly by URLs. However, in our
case, we would like to gather as much data as possible by exploiting the browser capabilities
and API. TrackThinkTS captures several events within the browser along with the visited
page URLs. Remarkably, the interest in gathering tabs management is driven by the nature of

the use case. The users have to switch between tabs frequently. They use some tabs to search
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FIGURE 3.1: TrackThinkTS workflow overview.

the web, then return to the online IDE, where they continue working on the programming
exercises. Therefore, tracking systems based on URLs could be more effective.

Tabs Management: There are four particular events related to tabs that TrackThinkTS
monitors: Tab creation, Tab activation, Tab update, and tab delete. There are many advan-
tages to using the browser extension Tab API. Tab creation does not carry much information,
but it can be useful to detect which is the user’s default new tab page and to detect advanced
users. Tab activation is important to collect data about page switches. Tab update is triggered
when a change happens to the page loaded in a tab. It can be visiting a new page in the same
tab, a refresh, or loading some new content. This is particularly useful to capture events that
do not require a full page reload (e.g., Javascript events). These events would be challenging
to detect if we rely only on the history and URLs. Finally, Tab delete is triggered when the
user closes a Tab.

Window Operations: The extension also monitors users’ specific actions, namely Scrolling
and Clipboard usage. When the user scrolls on a page, we gather the corresponding coordi-
nates and the page’s visible content. Additionally, we collect information about the viewport
of the page. This way, we can quickly recover which part of the information displayed on the
web page was the most helpful. Additionally, if the user copies pieces of text, we detect it and
save the copied text. Every captured event is also appended to some additional information,
such as the timestamp and user identifications. We assign each user a randomly generated

user ID and ask the participants to input their names.

Workflow

The development of the TrackThinkTS extension was achieved using the browser extension
API. TrackThinkTS officially supports the browsers like Google Chrome, Brave, and Vivaldi.
Any other chromium-based browser could use the extension, but we did not perform thorough
testing. Figure 3.1 shows the workflow of TrackThinkTS. There are two ways of storing the

log data. The first method is to use a cloud-based database such as Firebase. This storage
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option is deactivated by default and only available when the experiment is conducted in a
controlled environment (more details in Section 5). The second storage option is to save the
log data in local browser storage. Later, the logs are aggregated, and the user can manage
the logs within an integrated dashboard of the extension. After checking the logs, the user
can export them into a CSV file and submit them to a submission location prepared by the
experiment organizers. A proper manual was prepared for the users *. The typical workflow
will be as follows. Students will be solving programming problems and can search the web.
They write their code in an IDE; when they are stuck or encounter an error, they turn to
the Internet for help. Meanwhile, the extension logs most of their actions within the browser.
Conversely, the researchers and experiment organizers can access the logs from two locations.
If the experiment were conducted in a controlled environment with the cloud database upload
activated, they could access the dataset directly. Otherwise, the researchers must prepare the

appropriate structure to store the students’ submissions before using them.

Logs Control

The TrackThinkTS extension logs almost all the users’ actions in the browser. Therefore,
there is a natural concern about the users’ privacy. To address this issue, we give the users
complete control over what they want to submit. There are two levels of control. The first
level of control happens within the extension itself, and the second level of control occurs
when the user exports the logs into CSV and can manage the dataset as it is. In fact, on the
TrackThinkTS configuration page, we display the list of all actions aggregated by URL. That
means each row represents a unique URL. The row includes the number of actions executed
on that page.

Figure 3.2 exposes the TrackThinkTS application view. All the aggregated data logs
are displayed in an advanced data table. Based on this aggregation, the users can delete all
the logs saved for a particular URL. However, the logs need to be shorter. So, the users
can reorganize and order the entries or apply advanced filters to find specific URLs and
remove the corresponding logs. URLs are unique but might share the same domain (e.g.,
google.com), so filtering is useful.

The options page also allows the participants to input their names, but more importantly,
it allows the experiment organizers to apply advanced settings, which activate the cloud up-
load of logs and the rest of the randomly generated user ID. A password protects these set-
tings, so users cannot tamper with them.

The TrackThinkTS browser extension aims to be a foundation for several studies on web
search behavior and course supplements. We will mainly focus on web search behavior in
the case of programming learning and assignments. Two experiments have been recently
performed using TrackThinkTS. The first experiment was conducted in a controlled envi-
ronment where participants had to use a dedicated computer in a reserved room. All the
necessary tools, including TrackThinkTS, were installed on the computer. In this controlled
environment, the logs were gathered using a cloud-based database, and the participants had

4https ://ubi-naist.github.io/TrackThink/en/usage
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FIGURE 3.2: TrackThinkTS application view.

to export the logs manually. This was the setup before the TrackThinkTS extension was
accepted for publishing in the Chrome extension store.

The second experiment was conducted on a larger scale after the extension was available
in the store and participants could use their computers. Therefore, the cloud-based logging
using Firebase was disabled. Both experiments consisted of a series of Functional Program-
ming exercises. The participants used an online educational software called C2Room * that
included an online IDE for programming. Within the C2Room software, they can access the
exercises and start solving them using the built-in IDE. Each one of the experiments con-
sisted of ten exercises using the Scheme programming language with increasing difficulty.

Participants were told they were free to search for online resources when needed.

5https://choom.jp/
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TABLE 3.1: TrackThinkTS logs detail

Action Related

Details

UuUID
User Action

An unique user ID generated for each user.
TabCreate, TabActivate, TabUpdate, TabRemove, ClipboardCopy, and WindowScroll.

Datetime Is the timestamp of the action performed.
Tab Related
Title It is the title of the page where the action happened.
URL It is the URL of the page where the action happened.
BodyText It is the whole content of the page where the action happened.
Contextual
Scroll It is data not filled here unless the User Action is a WindowScroll event.
The data contain viewport, the speed and rate, and the document width and height.
Clipboard It is data not filled here unless the User action is a ClipboardCopy event.
The clipboard data basically contain the copied text.
TABLE 3.2: C2Room logs detail
Action Related Details
UID The user ID set up before the start of the experiment.
ClassID The ID of the class to which the user enrolled.
TaskID The ID of the task that the student is solving.
Time The timestamp of the action performed.
(0) The operation type that the user has made.

ConlD, MoveTask, StartCompiling, EndCompiling, SubmitCode.

Data related to compilation start

Code
Lang
stdin

It contains the programming code to be compiled.
The environment that will handle the compilation of the code.
The input to the compilation phase.

Data related to compilation end

Response

Startime
stdout
stderr

It basically says if the compilation succeeded or failed.
Therefore, its values are: success or error.

The timestamp when the compilation started.

The output of the code after compilation and execution.

The error message if the compilation fails.

Dataset composition

As explained earlier, the TrackThinkTS browser extension logs different types of events

related to browser usage. Moreover, the students used the C2Room educational software

containing an online IDE to solve the programming exercises. We could also recover the

students’ usage logs from the C2Room software. Furthermore, we could gather additional

information about the students participating in the experiments. Accordingly, the overall

dataset is rich and diverse. Each recording in the dataset contains various information de-

pending on the source. TrackThinkTS information represents an actions defined in Table 3.1.

C2Room information represents an actions defined in Table 3.2. Student information repre-

sents actions defined in Table 3.3.
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TABLE 3.3: Students information detail

Survey Details

Basic Information Name, Email address, Age, Gender, and the assigned userID.
Programming Experience | Years of programming.

Familiar Programming languages.

Average number of days per week doing programming.

Several questions about how they deal with programming errors.

Feedbacks About the experiment and the exercises.
Score Students’ exam scores in the programming course.
Objectives

Using TrackThinkTS, we want to track the students’ search behavior and thought process
when they have to solve programming problems. Firstly, we want to investigate the difference
in successful web searches between the high-performing students and the others. Based
on the diverse studies related to web search behavior [134, 178, 180], cognitive abilities
and skills related to web search expertise influence the success of the web search. Such
meta-knowledge and search expertise can be shared and transferred [121]. Therefore, we
aim to find the patterns of search expertise expressed by successful students and transfer
them to less successful students using course supplements to help them acquire the tools for
independent self-improvement. Using the exam score and the dataset from TrackThinkTS,
we can compare the search behavior of successful students with that of others. Moreover, in
our case, measuring web search expertise is accomplished by finding successful web searches
in the context of programming errors. Accordingly, we also acquire the online resources
used by the students to solve their programming errors. Thanks to the fine-grained data from
TrackThinkTS, we can store the exact information or code snippet that helped the students
solve their errors. If we synchronize this type of data with the stack trace we recover from
the C2Room IDE, we can provide timely help to future programming students.

Data Aggregation and Synchronization

So far, the research experiments have been conducted using an online IDE. It is possible to
recover the students’ build status and execution states and synchronize them with the web
search logs. This allows us to capture the successful build and accurately recover which text
or page was the most helpful to the students. In addition, refined data aggregation using the
scroll behavior and timestamp can lead to advanced metrics. These metrics were used to
study users’ browsing strategies [106]. We are also interested in using them in students’ web
search behavior. Bounce is a user’s interaction that is considered a bounce when the engage-
ment time is relatively short, and they leave (either switch tab or close it) quickly. Shallow
engagement refers to the user reading less than half of the page’s content. Deep engagement
implies that the user reads over half of the page’s substance. Complete engagement is the
strongest when the user reads most of the content and decides to save it as a bookmark, keep

the tab open, or save it elsewhere.
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FIGURE 3.3: Experiment setting. Collect programming and browsing log while solving questions.

3.1.2 Experiment 1: Domain Knowledge Estimation

Here, we show findings of domain knowledge estimation [174]. The experimental settings
are shown in Figure 3.3. C2Room and TrackThinkTS were installed on the participants’
laptops before the experiment. Under this condition, the experiment was conducted using the
procedure shown in Table 3.4.

Task Setting

In this experiment, we selected Scheme (Racket), which is one of the dialects of LISP lan-
guages, as the programming language of the task [3]. These reasons for selection are (1) It
is employed in programming lectures of several universities because of its simple language
specification, and (2) It is customized for the usage of lectures. Hence, its language specifi-
cation is only usually known by students for lecture attendees. Table 3.5 shows the questions
they are asked to answer. We have prepared ten questions, which are sorted by their diffi-
culty. These questions are selected on our own. Easy questions require less code and an
understanding of the domain knowledge. These questions are simple to answer for partici-
pants with domain knowledge. However, participants who needed domain knowledge were
required to search for the basic rules of the scheme. Therefore, we set these questions to

classify users with and without domain knowledge.
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TABLE 3.4: Experiment procedure for domain knowledge estimation

Process | Details
| Explanation about the purpose of the study, experimental settings, and tools is provided to the
participant. Only the person who is agreed with the conditions can participate this experiment.
) The participant enters the personal working booth, and both programming and browsing logger
will be started to record data.
The participant solves given scheme questions on the programming editor of C2Room.
3 We did not restrict the order for answering questions, although supposing the participant
will start from the easy part. The result will be recorded by C2Room at every compile execution.
4 When the participant faces unknown syntax and/or compile errors, they will search
in the web. This behavior will be recorded by TrackThinkTS.
5 If compile result seems correct, the participant submit the answer and proceed to next question.
The participant can correct their answer anytime by returning to previous answered questions.
6

Until finishing to solve all questions or elapsing one hour, the participant repeat procedure 3-5.

TABLE 3.5: Scheme Questions

ID Question

Define variable PI as 3.14.
2 Write a scheme to show PI %52.
Write a scheme to show (—b+ Vb2 —3ac)/3a.

Define function areaDisk to calculate
circle area from radius r.

Define function areaRing to calculate
circle area from outer and inner diameter D, d.

Define function d2y that convert
6 US currency dollar d to Japanese currency yen.

Note that 1 US dollar is 108.43 yen.

Define function e2d that convert
7 European currency e to United states dollar.
Note that 1 euro is 1.1069 US dollar.

Define function p2e that convert
8 British currency pond p to European currency.
Note that 1 pond is 1.1632 euro.

Define function p2y that convert
9 British currency pond p to Japanese currency.
Use d2y, e2d, and p2e in the previous questions.

Define function c2f that convert Celsius C

1
0 to Fahrenheit. Note that f = 1.8¢ + 32.

Dataset and participants

We conducted experiments with two groups: novice students (Dataset A) and lecture at-

tendees (Dataset B). We experimented with two types of groups to discover and compare

how the difference will occur in each group. Here, we explain the details of each dataset.

Our experiments do not include EU citizens; hence, the General Data Protection Regulation

(GDPR) is not applied to our recordings. We define domain knowledge as the participants
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FIGURE 3.4: The pair plot shows the semantic mapping of datasets A and B. Dataset A is a group
with domain knowledge, and Dataset B is a group without domain knowledge. This plot notes that
CSR and CESR have unique peaks in the histograms of each dataset.

who took classes related to the Scheme in the university lecture. These reasons for selection
are (1) It is employed in programming lectures of several universities because of its simple
language specification, and (2) It is customized for the usage of lectures. Hence, its language

specification is only usually known by students for lecture attendees.

Dataset A — group of lecture attendees (With domain knowledge) Data were collected
from 13 unique participants (12 males and one female). All participants took lectures on
the Scheme. Hence, they have some domain knowledge of the programming language’s

grammar.

Dataset B — group of novice students (Without domain knowledge) Data were collected
from 20 unique participants (20 males). None of the participants took lectures on the Scheme.
Hence, they do not have domain knowledge and are required to search for the programming

language’s grammar.

Evaluation metrics

Here, we present evaluation metrics used for the evaluation.
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Domain Knowledge (DK) — Estimating whether a user has domain knowledge is one
of our main objectives. This ground truth value can be obtained from not two software but
an experimental setup, such as recruiting two participant groups (with and without DK) or
conducting a pre-test.

Score — The Score of the programming problems is calculated from the log of C2Room
and represents task-specific knowledge or problem-solving levels. In addition to DK, we also
compare this value with other metrics.

Mean and Variance of Browsing Time (MBT, VBT) — We define Browsing Time (BT)
as the time difference from tab activate until the last window scroll on a web page collected
by TrackThinkTS. We store this value for each page and calculate their means and variances
as metrics.

Compile Search Ratio (CSR) — How often a user searches a website to solve one prob-
lem can be calculated from the combination of C2Room and TrackThinkTS. We define this
metric as follows.

CSR — Number of web page access

Number of compiles

Compile Error Search Ratio (CESR) — CESR is an extension of CSR that focuses on

only the number of incorrect complies instead of all.

Number of web page access

CESR =
Number of compile errors

Input Output Ratio (IOR) — We are interested in how much time a user spends on
input and output for a given task. In the case of this browsing programming, we define the

indicators as follows.

Time duration of search

IOR =
Time duration of search + Time duration of coding

3.1.3 Results and Discussions

This section explains the result of the experiment. Figure 3.4 shows the pair plot group by
each dataset A and B. Dataset A is lecture attendees with domain knowledge, and Dataset
B is the novice students. Section 3.1.2 shows the calculation methods for all metrics. The
result confirms that CSR and CESR have different peaks in the histogram. Looking at the
histogram of MBT and VBT, there is no significant peak for dataset A. In dataset B, with
IOR, the histogram’s peak values indicate two characteristic groups. Lastly, looking at the
pair plot of CSR and CESR, datasets A and B have different groups. Dataset A is grouped in
low CSR and CESR, and dataset B is in high CSR and CESR.

Next, the correlation of each metric in detail. Figure 3.5a shows the correlation heatmap
including all participants. The significant correlation with DK is CESR with —0.69 and CSR
with —0.68. Also, the score and the CSR have a negative correlation of —0.54. CESR and
CSR were significant indicators of domain knowledge and score. Figure 3.5b and Figure 3.5¢
is the heatmap for each dataset A and B. For dataset A, score and VBT have a negative
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FIGURE 3.5: Correlation heatmap of dataset.

correlation of —0.60. For dataset B, score and CSR have a negative correlation of —0.60.
The key metric for obtaining a high score was different for each dataset.

Lastly, the result of predicting the existence of the domain knowledge. Table 3.6 shows
the prediction rate of the domain knowledge. The highest mean accuracy was 0.95, as
recorded by Random Forest, with a standard deviation of 0.15. The parameter setting of
the model is hyper parameters the number of trees: 100, Criterion: Gini impurity, and the
number of max features: 7 (square root of the number of features) are used for classifica-
tion. The lowest mean accuracy was the Support Vector Machine. Table 3.7 shows the result
of feature importance for the model using Random Forest. The most important input was
CESR, and the least important was IOR.

RQ1: Do participants with and without domain knowledge each have similarities in

web browsing and programming activities?

Figure 3.4 shows the pair plot with a semantic mapping of dataset A (with domain knowl-
edge) and B (without domain knowledge). According to the histogram, the pattern of CSR
and CESR in the red square is similar for each dataset A and B. Also, by combining CSR

and CESR as features, it is possible to classify people with and without domain knowledge.
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TABLE 3.6: 10-fold cross validation result of binary prediction of lecture attendees and novice

student.
Machine Learning Model Mean Accuracy Standard Deviation
Logistic Regression 0.90 0.20
Linear Discriminant Analysis 0.70 0.40
K-nearest Neighbors Vote 0.70 0.33
Decision Tree Classifier 0.85 0.32
Random Forest Classifier 0.95 0.15
Gaussian Naive Bayes 0.85 0.23
Support Vector Machine 0.60 0.49

TABLE 3.7: Feature importance of Random Forest Classifier.

Rank 1 2 3 4 5
Feature CESR CSR MBT VBT IOR
Weight 050 024 0.13 0.07 0.05

For IOR, we could find similarities to dataset A. This is regarding the initial knowledge that
participants can produce code without web browsing. However, it is interesting that the IOR
of dataset B can be separated into two groups. One group of participants try to discover an-
swers by increasing the duration of input knowledge time. Another group of participants has
low IOR, meaning they are not browsing. Assuming that participants with low IOR and high
scores have confident domain knowledge. Also, looking at Figure 3.5 in the DK (domain
knowledge) column, it is discovered that CSR, CESR, and IOR have negative correlations.
These results imply that a novice programmer’s web page access increases. As a result, par-
ticipants with and without domain knowledge showed similarities in CSR and CESR for each
group but not in Score, MBT, VBT, and IOR. Also, a negative correlation was found between
domain knowledge and CSR, CESR, and IOR.

RQ2: Do participants with and without domain knowledge each have differences in web

browsing and programming activities?

In order to answer this question, we will discuss by looking at Figure 3.5. We found a strong
negative correlation between VBT and score for dataset A. Meanwhile, a strong negative
correlation can be seen with CSR for dataset B. So, for dataset A, as the score increases,
participants tend to search for shorter durations on each web page access. For dataset B, as the
score increases, the compile increases or searches decrease. This heatmap presents datasets
A and B, each correlating with different features. As a result, we have found differences in

participant domain knowledge.
RQ3: Can we estimate whether participants have domain knowledge or not by features
calculated from web browsing and programming activities?

Regarding the first research question, CSR and CESR can be used to classify the group of

lecture attendees and novice students. Table 3.6 shows the accuracy of binary classification.
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FIGURE 3.6: Direction of the word clouds prepared for the participant to solve the tasks.

As a result, the Random Forest classification scored the highest mean prediction accuracy
of 0.95. Table 3.7 shows the feature importance of the Random Forest classifier. According
to the result, the CESR is the most important feature. As a result, participants with lecture

attendees and novice students can be predicted.

3.1.4 Experiment 2: Useful Knowledge Extraction

Here, we show findings of useful knowledge extraction [172]. In this experiment, we col-
lected a programming dataset from ten participants. They performed text-mining tasks using
the programming language R.

Text-Mining Tasks

In this study, we focused on the creation of word clouds. A simple word cloud results in an
image filled with common and perhaps uninformative words known as stopwords [147]. A
challenge for a programmer unfamiliar with linguistics would be to find the correct domain
vocabulary to determine how to remove the stopwords.

Our participants in the case study performed three text-mining tasks using a word corpus
prepared by a Txt file. The word cloud is displayed as a Figure 3.6. The prepared word
corpus contains 147,103 words and 958,905 characters. The participants were asked to use
the R language for programming. The participants solved three tasks (T1, T2, and T3).

* T1: Create a circular word cloud from the corpus like the one in Figure 3.6a.

* T2: Create a word cloud using the corpus without: can, energy, carbon, percent, emis-

sions, one, will, word, or water.

* T3: Create the star-shaped word cloud from the corpus, as shown in Figure 3.6b.

Pre-Post Survey

We asked the participants to complete a pre and post-survey using Google Forms. The
pre-survey mainly focuses on understanding the participants’ background and programming
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level. The post-survey mainly focuses on receiving the compiled code and logs exported by
TrackThinkTS in CSV format and asking for feedback on the task.

Pre-Survey To understand each participant’s background, we ask for the name, age, and

gender. To determine the programming level, we ask these questions.

* Q1: On average, how many days per week do you spend on programming?
* Q2: How many years of programming experience do you have?

* Q3: How comfortable are you with programming?

* Q4: How often do you teach/help other programmers?

* Q5: How do you learn new programming skills?

* Q6: How comfortable are you with each programming language?

For Q2 and Q6, we asked them to answer using the self-assessment scale from one to
ten. The higher the number in the self-assessment, the better the student is at programming.
And for Q6, we asked about the programming languages C, C++, Python, Scala, JavaScript,
Java, HTML, CSS, Ruby, R and Swift.

Post-Survey For feedback on the assignment, we have asked the following questions.

* Q1: How did you feel comfortable during the experiment?
* Q2: Which website supports the answer to T1, T2, and T3?

* Q3: Why was the website useful?

For Q1, we asked them to respond using a self-rating scale of one to ten. The higher the
self-rating number, the more satisfied they were with the quality of the task completion. In
addition, for Q2, we asked participants to write "none" if they had no websites to support

their answers.

Participants & Procedures

We collected data from ten participants (eight males / two females) conducted remotely in the
wild, consisting of corporate employees and university students between the ages of 21 and
40 (mean 25.0). The participants had English language skills (one native English speaker)
and between four and 14 years of experience with programming languages (mean 6.1). Self-
rated programming skills ranged from six to nine out of ten (mean 7.5). These background
skills were necessary to ensure that they could perform software programming tasks. Self-
rated R language proficiency ranged from zero to five out of ten (mean 2.4). All participants
were experienced in programming but unfamiliar with the R language and linguistics.
Before the session began, participants completed a consent form and a pre-survey. We

informed all participants that they could withdraw from the experiment and that the collected
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FIGURE 3.7: Force-directed network diagram of participants with the minimum and maximum
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logs would be deleted entirely. The consent form included the General Data Protection Regu-
lation (GDPR) consent form. After completing the consent form and pre-survey, each person
installs the TrackThinkTS [107] extension on their Google Chrome browser. They could
only perform a web search within this Google Chrome browser during the study. They will
begin solving three text-mining tasks using the R programming language when ready. For
the programming editor, we recommend using the VSCode. In this experiment, the time to
complete each task is unlimited. However, we designed the experiment to ensure the quality
of the work by giving an incentive of a 30 US Dollars Amazon gift card for submitting the
correct code. Once the participants are satisfied with the work, we ask them to submit the
post-survey, give them the Amazon gift card, and end the experiment.

In this section, we explain the preprocessing of the collected dataset in Section 3.1.4.

Then, we explain the visualization techniques in Section 3.1.4.

Preprocessing

Due to the large amount of information TrackThinkTS collects, we try pre-processing the raw
data to make it easier to visualize. The first step is to remove the subdirectory from the web-

site logs. For example, if participants are on the website https.//stackoverflow.com/questions/:id,
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we make it https://stackoverflow.com/ in this study. We rephrased the website to use only the
domain to keep the visualization manageable for this initial study. In addition to using the
domain URL for the visualization, we also create a website category. The website categories

are chosen concerning the previous research [93, 105].

» Official Reference: Official documents such as r-project.org.

» Technical Blogs: Not official technical blogs such as medium.com and towardsdata-

science.com.
» Search Engine: Search engines such as google.com.
* Video References: Video sources such as youtube.com.
* Q&A Websites: Question and answer websites such as stackoverflow.com.
* Social Media: Social media such as twitter.com and facebook.com.
* Linguistic Related: Linguistic websites such as wordcloud.com.

* Not Task Related: Other uncategorized websites.

We modify the websites in each category and use them for visualization.

Visualization

For the visualization, we use the force-directed network diagram [15] and the Sankey dia-
gram [139]. We decided to use force-directed network diagrams because this method helps
us to understand what kind of website the participants visited. It is a knowledge graph of
the participants’ search and can easily visualize the web resources they accessed. We used
a Sankey diagram to understand the differences in each participant’s work. The Sankey dia-
gram shows how long each participant spent on each website or visually categorized. When
implementing the Sankey diagram, we only use the time spent accessing the web pages,
which is a maximum of 120 minutes. Since the experiment was conducted in the wild, some
participants forgot to turn off TrackThinkTS before taking a break. Therefore, there are some
gaps in how long the participants looked. This visualization will support further understand-

ing than just having a force-directed network diagram.

Results and Discussions

In this section, we show visualized results of the collected data. Figure 3.7 shows the pro-
grammer’s force-directed network diagrams with the minimum and maximum unique web
page access count. The result confirmed that each participant had a different number of nodes
to discover the answers through web searches. The participant with the minimal unique web
page access count used only five resources, while the participant with the maximum unique
count accessed 23 resources. When we look at the other participants’ forced-directed dia-

grams, six out of ten participants searched more than ten web pages for the discovery. The
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result confirms that the number of web resources users access is unequal. As a result, it is
difficult to identify the valuable website from each participant’s search logs.

Figure 3.8 shows the forced-directed network diagram of several participants in this pro-
gramming study. Figure 3.8a shows the diagram of the websites accessed by more than
five participants. The node size indicates that the web resource is being accessed more than
the other nodes or web resources. For example, we could say that cran.r-project.org, to-
wardsdatascience.com, and stackoverflow.com is often helpful for the participants to solve
the questions. The node with dots in the center represents the websites answered as useful
in the post-survey. Thus, the size of the node correlates with its usefulness. On the other
hand, websites like www.rdocumentation.org, r-graph-gallery.com, and sthda.com are useful
for some people. These are the second or third largest nodes that are potential recommended
sites. All of these websites are also selected as supportive in the post-survey. By visual-
izing the commonly used websites through the force-directed graph, we could determine
which websites are widely helpful for the participants. We could also find potential websites
that have yet to be discovered that are useful for some candidates. Figure 3.8b shows the
force-directed diagram of all participants after categorizing all the websites they visited. The
category details are explained in Section 3.1.4. The graph confirms that official websites,
technical blogs, and Q&A websites are the main categories for solving R programming prob-
lems. It can also be confirmed that the minority in this study uses video references. This

characteristic can help us to understand the diversity of the participants in the group.
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Figure 3.9 shows the Sankey Diagram of all participants. We defined all ten participants
as Persona A through Persona J to describe an individual’s behavior. The order of the Per-
sona identification is not significant. Figure 3.9a shows the percentage of access to each web
page. It was confirmed that Persona F takes the most time to solve problems, and Persona C
takes the least time. Comparing all participants, for Persona A, we found that the participant
uses only youtube.com as the source. The result is interesting because some participants only
used video resources to discover the solution. Regarding time spent viewing the site, rdoc-
umentation.org was the site that took the most time to access. We did not see this site from
the force-directed network diagram in Figure 3.8a. This result explains that although most
participants did not use this site, it may be a potential site for people to use for learning. Fig-
ure 3.9b shows how much time each participant spent on each category. The category with
the most time spent is in the order of official references, technical blogs, and search engines.
The Sankey plot visualizes the percentage and time spent on each web page. Figure 3.9¢ is
a Sankey plot of the website preference collected from the post-survey. We can see that ro-
wardsdatascience.com was useful for all three tasks. Regarding the result of Figure 3.9a, the
site is used more than 10% of the total time spent on the site. We need to ask the participants
for a supporting website to visualize the useful website according to the time spent and the
number of participants accessing the page.

In summary, the force-directed network and Sankey diagrams support visualizing web
searches’ individual and group behavior. From individual web browsing behavior, finding
a helpful website for solving the task is complex. However, we found that combining the
data of multiple programmers can support the discovery of useful websites. Extraction of

knowledge from groups of experts has the potential to discover effective web resources.

3.1.5 Conclusion

In this study, we have introduced the TrackThinkTS browser extension. It aims to track
users’ web search and browsing behavior while emphasizing the importance of maintaining
their privacy. We achieve this by using the browser extension API, which allows us to capture
events related to tab management, clipboard usage, and web page meta-information. Having
access to such data raises privacy concerns. Therefore, we provide an aggregated view of
the saved logs for easier management. In addition, users can export the logs and access and
manage the raw dataset before submitting them. Giving users extensive control of the log data
might alter the dataset’s viability. To address this issue, we recommended the participants
install different browsers than the ones they usually use in their daily lives and use them to
install TrackThinkTS and to proceed with the experiment ©.

In such a case, the users will not need to use the management functionality and remove
personal websites and irrelevant URLs. However, even if the students follow this recommen-
dation, there are still a few cases where they need to remove some logs. For example, if a
user opens a media website to listen to music while working, he/she can remove the corre-

sponding logs. Recently, TrackThinkTS has been accepted in the Chrome extension store

6https ://ubi-naist.github.io/TrackThink/en/usage
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and has been used in experiments involving programming students. The objective is to build
a system that provides course supplements to students who need support. The course supple-
ment should provide timely suggestions to the students when they face building errors while
solving programming problems. Eventually, the course supplement supplies information and

meta-knowledge on how to search for the appropriate solution.
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3.2 TrackThink Camera: Tracking Facial Information while Web

Browsing

Web search is an essential part of our daily lives. It supports our productivity, creativity,
recreation, and even socialization. Previous studies have proposed tools for collecting or vi-
sualizing web search logs [28, 107, 120]. These approaches successfully understand users’
search activity within a computer or web browser. A study by Aula et al. found that most
people, novices and experts alike, produce a certain body language when they get stuck
in a search [9]. Their research then turned to detecting frustration, or so-called behavioral
changes, from the activity inside the computer. However, we can better understand their
cognitive/affective states by synchronously capturing their frustration directly from webcam
recordings. Therefore, discovering cognitive/affective states from webcam browsing is fas-
cinating.

Estimating cognitive/affective states is a crucial variable affecting human performance
in various tasks, including puzzle solving, scuba diving, public speaking, education, fighter
aircraft operation, and driving [53]. Understanding the cognitive/affective state during ex-
ploration helps us understand how efficient our performance was in finding solutions. The
concept of estimating cognitive load in the wild, or Automatic Emotion Recognition (AER)
technologies [89], needs to gain attention in research and industry. There is work on es-
timating the affective state while using a smartphone in the wild [170]. This system lets
users get feedback on affective states while using the phone. One of the core techniques for
understanding cognitive/affective states is using facial or body information [39, 60, 175].

Determining cognitive states while reading digital textbooks has been done by several
researchers [83, 97]. The approaches mainly use an eye tracker or a heat sensor to estimate
cognitive states. Previous research has found that body temperature and blink frequency best
estimate engagement and can classify users independently as engaged or disengaged [97].
Researchers have also found that pupil diameter and nasal temperature changes correlate
with cognitive state [83]. These studies contribute to the understanding of cognitive states
during reading in particular. However, all of these researches use additional sensors to detect
cognitive states. In addition, these studies focused on something other than reading activity
during a web search.

This paper proposes a system that synchronously uses a webcam to collect web search
behavior logs and camera-recorded facial and body information. At the same time, a user
performs a web search. Figure 3.10 shows the intersection of previous work in the Venn
diagram. Our position is to implement an all-in-one technology for tracking web search
behavior and synchronizing webcam recordings. The system extends the web search logger
TrackThinkTS [107]. This system works with the Google Chrome extension. It does not
require any additional sensors or hardware devices. Our main contribution is that we can
obtain cognitive/affective information from the user’s facial and bodily behaviors without
sacrificing this feature. Instead of installing additional sensors or a system to log the video
information, anyone can use the system just by installing the Google Chrome extension in

the web browser. To the best of our knowledge, we are the first to research and develop an
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FIGURE 3.10: Position of our proposed system.

all-in-one system to collect web searches and facial and body behaviors.

3.2.1 Architecture

This study will use TrackThinkTS [107] as a baseline system. It collects various information
about web search behavior. In this section, we will explain the baseline system in detail.
Then, we explain two new specific functions: a recording segmentation function and a web-
cam recording function. The new system TrackThink Camera operation flow is presented in
Figure 3.11.

TrackThinkTS: Baseline System

Makhlouf et al. proposed TrackThinkTS as a privacy-aware browsing log tracker. It monitors
the following browsing actions and collects logs [107]. First, it collects information about
the visited website (e.g., website title, URL, HTML content, viewport width/height, and
document width/height). The system keeps a log each time a tab-related operation occurs,
such as creating a tab, launching a tab, reloading a tab, or deleting a tab. Second, specific
user actions while browsing the website are collected, such as scrolling logs (scrolling speed,
scrolling length, and visible text after scrolling is finished) and clipboard logs (the clipboard
contents). Compared to typical browsing history, it is possible to collect information such
as which parts of the page the user looked at in detail and how long they stayed on each
page. Another advantage of TrackThinkTS over other browser loggers is its user-friendly
interface for filtering each log. Therefore, study participants using TrackThinkTS can delete

privacy-sensitive information before submitting their log files to an experimenter.

Recording Segmentation Function

The traditional TrackThinkTS system collects web activity logs after the extension is in-
stalled. Logs are collected continuously until the CSV file is downloaded. Therefore, the
existing system records web activity immediately after user installation. To avoid privacy
issues when collecting all logs, TrackThinkTS can delete logs before exporting data. In this
work, we implement the start and stop buttons to handle the beginning and end of data collec-

tion. Therefore, we added a start/stop recording feature to allow users to record web activity
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FIGURE 3.11: System Workflow. All-in-one collect web search, facial, and body behavior logs. The
system work as a Chrome extension. No additional sensors or devices are required.

data selectively. More precisely, we placed a recording button on the extension’s Settings tab

to manage the start and stop.

Webcam Recording Function

This section explains the Webcam recording function. Figure 3.11 shows an overview of the

system. Each person follows the operation as shown below.

1. Start Recording - Click Turn on Camera and Start Recording buttons for logging.
2. Allow Recording - Click Allow button for giving permission for camera recordings.
3. Stop Recording - Click Stop Recording button to stop logging.

4. Download Logs - Click Download the logs and video button to download files.

5. Restart Recording - Click Start Recording and logs will be refreshed once.

The new TrackThink Camera allows users to record facial and body recordings using the
webcam. Users can also check storage the storage of video recordings while logging. The
video can be downloaded locally in WebM format, and a web search logs in CSV. The WebM

file name will be generated based on the user ID, name, and recording end time.
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3.2.2 Future Work

We want to implement some systems using the TrackThink Camera in future work. One of
the ideas is to use appearance-based eye-tracking techniques. We are interested in adding
this technology to identify what part of the web page the person was looking at within the
web content. This approach will further support understanding the cognitive status of where
precisely the user was looking within the web page. Another idea is to quantify the cognitive
load of the web page. By doing so, people can choose to read a web page according to its
enumerated cognitive load information. Considering GDPR (General Data Protection Regu-
lation), our future work includes secureness on privacy issues. We will implement additional
options for exporting data, such as allowing the export of cognitive load estimation results
only. Finally, we would also like to create a dashboard for web searchers to retrieve cognitive
lifelog data. This way, users can understand which web pages have a high cognitive load.

These features will significantly benefit all web search users in the future.

3.2.3 Conclusion

This paper proposes a Google Chrome extension tool, TrackThink Camera, to collect web
search activity and facial/body behavior logs. This system supports collecting web search
activity and facial/body video recording. Our proposal is the first to collect internal and
external information about people while working on web search activity. The new software

will be available to anyone with research purposes.
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3.3 Appearance based Webcam Eye Tracking

Gaze estimation plays an essential role in many fields. In previous research, it is used to
understand reading behavior [79-81], to develop intelligent textbooks for readers [78, 84],
and also to analyze confidence or mind wondering while answering questions [21, 82]. The
limitation of the above work was that all these studies required specialized hardware to track
gaze. In activity behavior computing, replacing the expensive device to estimate the same
activity is significant [1].

In gaze estimation, traditional image processing techniques extract features such as pupil
position, eye angle, pupil diameter, or gaze direction from eye images. Eye tracking systems,
on the other hand, use special cameras or sensors to track eye movements directly. Deep
learning has greatly succeeded in various computer vision tasks, including gaze estimation.
Gaze estimation has become more convenient with the advent of webcams compared to using
skin electrodes in the past [35].

The attached sensor-based method involves sampling the electrical signal from skin elec-
trodes to detect the user’s eye movement. The 3D eye model recovery method constructs a
geometric model of the eye to determine the direction of gaze. However, it requires the use
of special equipment such as infrared cameras.

The 2D feature regression method uses the detected geometric features, such as pupil
center and glints, to estimate the gaze direction directly. Like the 3D eye model, the recon-
struction method requires using infrared cameras. Funes Mora et al. divides eye images into
15 subregions and computes the sum of pixel intensities in each subregion as features [55].
Appearance-based gaze estimation uses the deep neural network to estimate the gaze point.
The main difference between conventional appearance-based methods and deep learning-
based methods is that the conventional appearance-based method’s performance drops when
it encounters head motion, while the deep learning method can tolerate head motion. In
addition, deep learning methods can extract high-level abstract gaze features from high-
dimensional images and learn a highly nonlinear mapping from eye appearance to gaze.

This study aims to estimate gaze position from webcam images. To do so, we create our
face dataset using our application. By comparing several methods, we can discover the best
prediction model. The evaluation of the model is done by leave-one-participant-out cross-

validation. Our contributions are as follows:

1. Gaze data collection application: We implement an application for webcam gaze

data collection. This application can be used on any laptop.

2. Top-performing gaze estimation model among our range of models: We compare

several deep learning models to identify the best-performing gaze estimation model.

3. Discovery of the user dependent features: We discuss characteristics of high and low
prediction rate users from the result of the leave-one-participant-out cross-validation.
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FIGURE 3.12: Image extraction of the right eye and left eye and face.

3.3.1 Architecture

To estimate the gaze points, we used two different methods. The first method uses one feature
extractor, and the second uses four different feature extractors.

Data Preparation

Data preprocessing is a crucial stage. Using preprocessing techniques improves the quality
and suitability of the image data, making it more suitable for subsequent analysis or process-
ing tasks, such as object detection, image classification, or image segmentation. In addition,
directly using the raw gaze images for gaze regression increases computational resources and
introduces confounding factors such as scene changes. We cropped some essential parts of
the images, such as the face and the left and right eyes, from the original images collected
during the experiment for each participant, as shown in Figure 3.12. The images were nor-
malized because normalizing pixel values to a standard range helps to achieve consistency
and comparability across different images. In the single feature extractor method, all images
(the original images taken during the experiment, faces and left and right eyes) are combined

into one image. In contrast, the four feature extractors method uses a single image as input.

Deep Learning Model

Three different backbones were used to compute the gaze points: VGG16, ResNet50, Effi-
cientNetB2, and EfficientNetB7. Different combinations with the backbones were used in
terms of image resolution (64 x 64, 128 x 128, 256 x 256), batch size (8, 16, 32), number of
trainable layers in the backbone (all, last layer, last two layers, none), and backbones with
the same weights as ImageNet or without the same weights as ImageNet (i.e. training from
scratch) We incorporated a learning rate of 5e-5 alongside the ReduceLROnPlateau callback.
This callback plays a vital role by automatically adjusting the learning rate during training
and continuously monitoring a specified metric like validation loss. If the monitored metric
shows no further improvement, the callback reduces the learning rate accordingly. Addi-
tionally, we utilized the “Adam” optimizer for our model optimization. The process we
undertook can be regarded as an experiment. We explored various combinations to deter-

mine the most effective approach for gaze estimation. We aimed to thoroughly investigate
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FIGURE 3.13: Architecture of the method which uses one feature extractor.
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FIGURE 3.14: Architecture of the method which uses four feature extractors.

and compare different combinations of models, considering factors such as top-1 accuracy,
top-5 accuracy, the number of parameters, and model depth [36]. By conducting this com-
prehensive analysis, we sought to identify the combination that would yield the best results
for gaze estimation.

The method using a single feature extractor takes a single input constructed by combining
the original image, the face, and the left and right eyes. Then, this input is fed into a back-
bone (VGG16, ResNet50, EfficientNetB7). In our selection process, we carefully considered
the performance metrics of top-1 accuracy and top-5 accuracy when choosing the VGG16,
ResNet50, EfficientNetB7, and EfficientNetB2 models. We aimed to assess whether models
with a higher or lower number of parameters yielded better results. Additionally, we consid-
ered the depth of the models to ensure a comprehensive evaluation of their capabilities. Then,
the feature maps are passed to the fully connected layer, and finally, the network outputs the

gaze pixel coordinates as shown in Figure 3.13.

pixel coordinates € R?
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TABLE 3.8: The best results using one feature extractor method.

Model Image Resolution Batch Size Trainable layer of Backbone RMSE (px) RMSE (cm)
EfficientNetB7 64 x 64 32 All 271.490 4.848
EfficientNetB7 64 x 64 32 Last 262.567 4.688

ResNet50 64 x 64 8 All 152.236 2.718
VGGI16 64 x 64 32 All 147.168 2.628
ResNet50 64 x 64 16 All 146.577 2.617
VGG16 64 x 64 16 All 139.425 2.489

TABLE 3.9: Comparison of best results using four feature extraction method.

Model Resolution Batch Size Trainable layer of Backbone RMSE (px) RMSE (cm)
EfficientNetB2 64 x 64 32 All 213.906 3.819
ResNet50 64 x 64 32 All 141.319 2.523
VGGI16 64 x 64 32 Last two 134.419 2.400

In contrast, the method using the four feature extractors takes four different images as
input: the original image, the face, and the left and right eyes. Then, these four images are
fed to four different backbones, and the feature maps from each backbone are passed through
a concatenation layer, where they are concatenated. Then, the concatenated feature maps are
passed to the fully connected layer, and finally, the network outputs the gaze pixel coordinates
as shown in Figure 3.14.

pixel coordinates € R?

Model Accuracy Comparison

We were interested in determining each participant’s individual contribution to the over-
all result. To assess each participant’s impact, we used a technique known as leave-one-
participant-out cross-validation. In this method, one participant is excluded from the training
set and used as the test set, while the remaining participants are included in the training set.
We used the root mean square error matrix to evaluate the error difference between the
ground truth gaze points and the predicted gaze points. Note that we used pixel coordinates
and computed the error difference in centimeters. In order to convert the pixel error difference
to the centimeter error difference, we made some simple calculations. The following calcu-
lations refer to PPC: Pixels Per Centimeter, SWR: Screen Width Resolution, SWL: Screen
Width Length, and RMSE: Root Mean Square Deviation, respectively. SWR and SWL are

our experimental screen-dependent variables, as explained previously in Figure 3.16.

PPC = SWR/SWL = 1920(px) +34.5(cm) = 55.65 = 56(px/cm)

RMSE (¢cm) = RMSE (px) <+ PPC = RMSE (px) <+ 56(px/cm)

3.3.2 Experimental Design

This Section explains the process of collecting the face image and the laptop screen position

data. Figure 3.15 shows an overview of the experimental settings and the data collection
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(A) Experiment condition. The participant sits in front of the laptop screen.
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(B) Experiment work-flow. A participant looks at the circle on the screen and clicks with the mouse
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FIGURE 3.15: Data collection experimental setting and the workflow.

workflow. We will explain the background information about the participants in Section 3.3.3
and the data collection procedure in Section 3.3.4.

3.3.3 Participants

Our experiment collected data from 17 participants (12 males and five females). Along with
the gaze points, we recorded their background information, such as their country of origin
and whether they had to wear glasses during the experiment. Of the 17 participants, nine
were from Japan, five were from India, and the rest were from Hungary, Chile, and Morocco.
Before the experiment, we obtained consent from the participants regarding the General Data
Protection Regulation (GDPR). The participants were allowed to opt out of the experiment at
any time. At the end of the experiment, all participants who completed it received a ten-euro

Amazon voucher.

3.3.4 Data Collection Procedure

In this study, we experimented using a single laptop computer. The experiment was con-
ducted in the same room in a controlled manner. Figure 3.15 shows the data collection
experimental setting. The data collection was done using the following procedure:
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FIGURE 3.16: Experiment dimensions.

1. Participants were positioned at an approximate distance of 30 cm from the webcam.
2. The experiment conductor explains the process and the purpose of data collection.
3. Fill out the agreement on the consent form.

4. Sit in front of the laptop and direct their attention towards the circle on the screen.

5. Click on the circle using the mouse cursor. The camera captured an image and recorded

the pixel coordinates corresponding to the click location.
6. The circle will randomly move to another position on the screen.

7. Repeat Steps 4-6, and the process will end when 50 images are saved.

The data we collect are the pixel coordinates of the laptop screen and facial images as-
sociated with each clicked circle. In total, 50 sets of pixel coordinates and face images
were stored for 17 participants, and 850 sets of pixel coordinates and face images were col-
lected. Figure 3.16 shows the dimensions of an experiment laptop. The screen resolution was
1080px x 1920px with a width of 19.4cm x 34.5¢cm.

The experiment was conducted in an approximately 15-minute session in a controlled
environment within a closed, empty room. This approach ensured consistent lighting condi-
tions and helped minimize any potential background noise so as not to interfere with the gaze

data. The laptop was placed in a stable position.

3.3.5 Results

In this Section, we explain the result of comparing each deep learning model and leave-one-
participant-out cross-validation.

Table 3.8 shows the result using one feature extractor from the different combinations of
settings, and it presents the best two results from each of the backbone or feature extractors.
We found VGG16 with image resolution 64 x 64, batch size 16, and all trainable layers with

the same weight as imagined produce the best result with an error difference of 2.489 cm.
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TABLE 3.10: The result of Leave-One-Participant-Out cross-validation.

User ID Gender Glasses RMSE (px) RMSE (cm)
P1 Male Yes 150.066 2.679
P2 Male No 150.339 2.684
P3 Male No 149.632 2.672
P4 Male No 148.674 2.654
P5 Male No 148.029 2.643
P6 Female No 145.878 2.604
P7 Female No 149.390 2.667
P8 Female Yes 141.857 2.533
P9 Male No 266.543 4.759

P10 Male No 259.303 4.630

P11 Male Yes 257.719 4.602

P12 Male No 251.260 4.486

P13 Female No 249.370 4.453

P14 Male Yes 230.259 4.111

P15 Male No 190.853 3.408

P16 Female Yes 165.613 2.957

P17 Male No 159.160 2.842

Mean 189.056 3.375
Standard Deviation 49911 0.891

Table 3.9 shows the result for each backbone with the best setting using the four-feature
extractors method. It can be seen that the VGG16 with the image resolution 64 x 64, batch
size 32, and only the last two trainable slices with the same weight as the ImageNet setting
again outperformed the others and gave the best result with an error difference of 2.400 cm.

Table 3.10 summarizes the cross-validation result where one participant is evaluated
based on the remaining participants. In this method, we have used the same setting as the best
method with four feature extractors, i.e., VGG16 backbone with image resolution 64 x 64,
batch size 32, and only the last two trainable layers with the same weight as the ImageNet.
The lowest error difference is 2.533 cm, and the highest error difference is 4.759 cm among
the participants.

Regarding these results, we found that VGG16 performs well for appearance-based gaze
estimation. Using VGG16 to perform leave-one-participant-out cross-validation, we got a
mean error of 3.375+0.891 cm.



3.3. Appearance based Webcam Eye Tracking 47

3.3.6 Discussion

Regarding the experiment, the performance of multi-feature extractors was observed to sur-
pass that of methods employing single-feature extractors. Each feature extractor is designed
to capture specific information from the input data. We can leverage the diverse information
they offer by combining multiple feature extractors. Each extractor can focus on distinct as-
pects or patterns in the data, resulting in a more comprehensive representation. By extracting
features from multiple extractors and merging the outputs using fusion techniques such as
averaging, concatenation, or advanced methods like attention mechanisms, the overall per-
formance can be enhanced, leading to a more robust representation. Contrary to the initial
assumption, the results indicated no significant difference in error rates between individu-
als who wore glasses and those who did not. This finding is intriguing as it demonstrates
the broad applicability of our model across various users, including individuals who wear
glasses. Individual differences among participants, such as eye shape, size, and movement
patterns, can affect gaze estimation accuracy. Factors like fatigue or blinking frequency can
also introduce variability in the estimation results. By delving into these aspects in future re-
search, we can better understand the factors influencing error differences in participants’ gaze
estimations using webcams. This knowledge can contribute to developing more accurate and
robust gaze estimation methods in various applications.

For future work, there are several aspects we aim to address. Firstly, we intend to enhance
the model’s robustness by collecting additional data from diverse backgrounds, including
variations in room lighting and zoomed-in and zoomed-out images. Secondly, the VGG16
model will be evaluated on publicly available datasets. A robust model for appearance-
based eye tracking is important for the next task. Thirdly, expanding the participant pool and
gathering data from more individuals is another task we plan to undertake. Fourthly, instead
of random circles appearing on the screen, we can modify the experiment by controlling
the number of circles in each quadrant to ensure data balance and mitigate potential issues.
Lastly, an important aspect of our future endeavors involves designing publicly available gaze
prediction software.

Additionally, there is potential to explore enhancements in the computational and mem-
ory costs associated with the method that employs four feature extractors in the future.
Furthermore, gaze estimation can be done using transformers in the future. By leveraging
transformer-based models, we can potentially improve the accuracy and performance of gaze

estimation in our system.

3.3.7 Conclusion

This research presents an approach to collect data for modeling webcam gaze estimation
based on appearance. A total of 17 participants were involved, and we collected 50 patterns of
face images along with corresponding pixel coordinate information. The findings reveal that
utilizing a VGG16 backbone with four feature extractors yields the most accurate results for
gaze estimation. Through leave-one-participant-out cross-validation analysis, we observed

that the participants’ root mean square deviation ranged from 2.533 cm to 4.759 cm, with
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an average error value of 3.375 £ 0.891cm. Our future work will expand our data collection
efforts to encompass diverse datasets. This expansion aims to enhance the robustness of our

model for gaze estimation.
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FIGURE 3.17: Entire process of using TrackThink Dashboard.

3.4 TrackThink Dashboard: Understanding Self-Regulated Learn-

ing in Programming

In recent years, programming education has received significant attention as an essential skill
for working professionals. To meet the demands of a technology-driven world, it becomes
imperative for educators to facilitate hands-on learning experiences that foster students’ self-
regulated learning (SRL) skills [191]. SRL has been characterized by learners taking control
of the learning process through goal setting, monitoring, and reflection to improve academic
performance and long-term knowledge retention. Society needs to improve students’ ability
to use the Internet to solve complex problems such as search engines or chat-based plat-
forms ChatGPT [129] to find appropriate information. In order to educate, taking control of
understanding students’ choice decisions is significant.

To support the development of SRL skills in programming education, we present Track-
Think Dashboard, an innovative application designed to visualize the SRL process. The
primary goal of the TrackThink Dashboard is to empower both students and teachers in pro-
gramming education. The system integrates web browsing and programming activities, pro-
viding students with a holistic view of their learning journey and enabling them to make
informed decisions about their learning strategies. Students can use the application to track
their decision-making workflow and visualize their choice of information over time. By vi-
sualizing the connections between web browsing and programming activities, students gain
a deeper understanding of why they choose web resources. This application allows students
to develop meta-cognitive skills that recognize gaps in their knowledge, seek additional re-
sources, and adjust their learning strategies accordingly. For teachers, TrackThink Dash-
board offers a comprehensive dashboard that provides insights into student decision-making
factors, study patterns, and areas of difficulty. The application enables teachers to identify
struggling students and provide targeted interventions to support their learning journey. In
addition, the platform facilitates communication and collaboration between teachers and stu-
dents, enhancing the educational experience.

In previous studies, collecting logs of web browsing and programming has been done.
For collecting browsing logs, there are systems such as SearchBar [120], popHistory [28],
and TrackThinkTS [107]. For collecting programming logs, there are systems like Log++ [108],
Projection Boxes [104], and Log-it [86]. However, previous research needed to work on visu-
alizing the knowledge acquisition process (web browsing) and the knowledge output process
(programming) together as a flow. We aim to visualize the workflow of web browsing and

programming.
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In this study, we propose an application that anyone can use to visualize the self-regulated
learning workflow of students’ programming studies. Figure 3.17 shows the overall process.
We aim to achieve this by using web browsing activity logger [107] and web programming
Integrated Development Environment (IDE) [77] for collecting logs. We propose the system
TrackThink Dashboard, which visualizes the synchronous workflow of web browsing and
programming. To allow non-programmers to use it, we implemented the GUI (Graphical
User Interface) dashboard, which is easy to use. We attach the log files to visualize the web
browsing and programming logs as a flow chart. Our contributions to this paper are the

following:

1. Propose a system to visualize web browsing and programming in a single chart:
We are the first to visualize web browsing and programming flow into single chart. To
the best of our knowledge, none of the previous work tackle to visualize two activities

into single flow-chart.

2. Discover web browsing and programming patterns for self-regulated learning:
Using our visualization tool, we discover patterns of how student use web browsing to

seek information and output as programming.

3.4.1 Architecture

We use two applications for web browsing and programming activity logging to visualize web
browsing and programming workflows synchronously. Figure 3.18 shows an overview of our
system architecture. This section explains data source, fusion, and visualization approaches

for understanding self-regulated learning.

Data Source

In this section, we explain the system’s data source. Our architecture allows adding of more
sensors or software application logs. In our prior study, we aim to use web browsing and
programming logs. To collect web browsing activity logs, we use TrackThinkTS [107], the
web browser extension. We use C2Room [77], an online programming IDE for collecting

programming activity logs. We will explain web browsing and programming logs in detail.

Web Browsing Logger

Web browsing logs are recorded through TrackThinkTS [107], explained in Section 3.1. One
notable advantage of TrackThinkTS over other web browser loggers is its user-friendly inter-
face, which allows participants to quickly delete irrelevant logs collected during the exper-
iment. For a detailed overview of the logs collected by TrackThinkTS, refer to Table 3.11.
Users need to install this extension in their web browser to utilize it. In our study, we have

selected Google Chrome 7 as the preferred web browser.

Thttps://www.google.com/chrome/
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FIGURE 3.18: System Architecture. Data sources are reshaped and filtered prior to visualization.
The visualization shows flow-chart and pie-chart.

Programming Logger

Programming activities are recorded through an online web IDE called C2Room [77]. This
system is specifically tailored for online programming classes in educational institutions and
companies. For a detailed overview of the logs collected by C2Room, refer to Table 3.12.
Our study focuses on using specific user programming actions derived from these logs. By
analyzing these actions, we gain insights into how and when users execute their code in the
compiler and the corresponding feedback received for each task. This analysis extends even

to instances where users are satisfied with their written code and proceed to submit it.

Data Fusion

Data fusion is applied to logs collected from the data source. This data fusion process com-
prises two primary procedures: data shaping and filtering. Data shaping involves transform-
ing raw data into a unified format suitable for combining various data sources. On the other
hand, data filtering entails selecting relevant data points following the conversion and con-
catenation. These processes play a crucial role in simplifying visualization, enabling students
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TABLE 3.11: Detail of the web browsing log collected by TrackThinkTS.

Column Name Description

UserID User ID of the participant who experimented.

UserAction User action category. Tab, scroll, and clipboard copy actions.
date The timestamp of the log collected. It is collected in UNIXTIME.
Tab_URL The URL of the web page accessed.

Tab_Title The title of the web page accessed.

Tab_BodyText The body information of the web page accessed.
ClipboardCopy The selected text of clipboard copy.

Scroll_YAxisSpeed The speed of the vertical scroll.

Scroll_VisibleText The text visible for user after the scroll stop.
Scroll_ViewPort_XAxisScroll The viewport of the horizontal scroll.
Scroll_ViewPort_YAxisScroll The viewport of the vertical scroll.

Scroll_ViewPort_XAxisScrollRate  The percentage of the horizontal scroll.
Scroll_ViewPort_YAxisScrollRate  The percentage of the vertical scroll.
Scroll_ViewPort_ViewPortWidth The length of the width of a viewport.
Scroll_ViewPort_ViewPortHeight ~ The length of the hight of a viewport.
Scroll_ViewPort_DocumentWidth ~ The length of the width of a document.

Scroll_ViewPort_DocumentHeight The length of the height of a document.

TABLE 3.12: Detail of the programming log collected by C2Room.

Column Name Description

time The timestamp of the log collected. It is collected in JST.

uid User ID of the participant who experimented.

classID Class ID of the virtual room. The session organizer creates it.

taskID Task ID of the question. The session organizer creates it.

lang Programming language selected to compile or submit.

op The user operation category. Such as compiling or submitting code actions.

msg The message after the compile. Such as response status, output, and error message.

TABLE 3.13: Result of data fusion. Selected log after data shaping and filtering.

Column Name Description

timestamp The timestamp when the action has been occurred. The unit is in UNIXTIME.
userID Participant ID while conducting a self-regulated learning.

taskID Task ID of the question. The session organizer creates it.

userAction All action logs collected by data resource.

tabURL The URL of the web page accessed.

clipboardCopy The selected text of clipboard copy.

msg The message after the compile. Such as response status, output, and error message.
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TABLE 3.14: Detail of the elements inside user action after data fusion.

User Action Description

Tab creation Opening a new tab.

Tab activation ~ Selecting an existing tab.

Tab refresh Reload a web page or open a new page in the same tab.
Tab remove Delete a ta.b

Clipboard copy Clipboard copy action.

Start compiling  Action of user start compiling code.

End compiling  Action of compiling end.

Submit code Action of user submitting code.

and teachers to comprehend the performance metrics easily during self-regulated learning in

programming. We will now provide a detailed explanation of each procedure.

Data Shaping

We employ data shaping as a preprocessing step to facilitate the concatenation and filter-
ing of logs. Firstly, we rename the columns for each web browsing and programming log.
Specifically, we begin by renaming the columns date and time to timestamp. Additionally,
we rename UserID and uid to userID. For UserAction and op, we change to userAction.
This column renaming process aims to align the corresponding information between the two
applications. Once the column renaming is complete, we convert the timestamp values to
UNIXTIME and sort them chronologically.

Data Filtering

Table 3.13 shows the table after data filtering. Some information is removed, such as window
scroll speed from the web browsing log, class ID from the programming log, or logs involv-
ing NAN values. In order to sort logs into time order, we convert all units of the timestamp
into UNIXTIME. Specifically, the programming logs collected by C2Room were converted
from JST to UNIXTIME. All the logs are concatenated and sorted in a time order using times-
tamp. Table 3.14 shows the elements of userAction after concatenating the web browsing and
programming logs.

3.4.2 Visualization

Visualization of web browsing and programming activity is performed after data fusion. Fig-
ure 3.19 shows the library used for visualization. For the visualization, we chose a flow chart
and pie chart as an approach. We will explain the implementation process and the reason for
the choice in detail.

The flow-chart is selected to visualize the problem-solving progress in a time series. The
approach uses a flow chart to understand what search results participants used to arrive at

their answers and what compilation errors they encountered when re-running their searches.
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FIGURE 3.19: Visualization of the data into flow-chart and pie-chart.

The flow-chart is implemented using flow-chart.js [135]. It is a JavaScript library for flow-
chart SVG (Scalable Vector Graphics) rendering that runs in the terminal and browser. We
categorize users’ activities in different colors and shapes for start and stop edges. The work-
flow is not visualized fully on the screen, but the user can scroll horizontally to see the actions
between the start and end edges. For edges like tab activate or tab update, the hyperlink is
set so that users can jump to the webpage once they tap the edge.

The pie-chart is selected for visualization because the activity ratio of user action is es-
sential in identifying users’ domain knowledge [174]. The pie chart is implemented using
chart.js [41]. Clicking each element removes a specific activity from the pie chart. The op-
tion of removing elements helps teachers or students to focus on the ratio of an activity that
they want to compare. It is a JavaScript library for making HTML-based charts.

The uniqueness of our proposed application is that it is made in the form of a GUL
The application automatically visualizes once the user inserts the collected CSV files into
the TrackThink Dashboard. Non-programmers like teachers in school can easily play the

operation.

3.4.3 Experimental Design

In this section, we explain the process of data collection. First, we explain the participants’
background and number in detail. Then, we explain the details of the experiment procedure

and how we asked the participants to work on the experiment.

Participants

In this experiment, we collect logs from lecture students (Dataset A) and non-lecture students
(Dataset B). Non-lecture students still need to take the university programming course. The

lecture students are students who learned about programming in a university lecture. The
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total number of participants is 33 unique (32 males and one female) university students in

Japan.

Dataset A — Group of university students attending lectures We collect data from 13
unique university students (12 males and one female) in Japan. Participants have taken uni-
versity courses in the Scheme programming language. Therefore, participants have some

knowledge from the class, such as Scheme grammar or syntax.

Dataset B — Group of university students not attending lectures We collect data from
20 unique (20 males) university students in Japan. Participants did not take any university
courses related to the Scheme. Therefore, participants do not have any knowledge from the

class, such as Scheme grammar or syntax.

Experiment Procedure

Figure 3.3 shows the condition of the experiment. Before the experiment, C2Room and
TrackThinkTS were installed on each participant’s laptop. Under these conditions, the exper-
iment was conducted using the following procedure. First, the experiment conductor presents
the purpose of the experiment, experimental conditions, and tools that will be provided to the
participant. Only the person who agrees with the conditions can participate in this exper-
iment. Second, the participant enters the personal workstation, and the web browsing and
programming loggers begin recording data. Third, participants worked on solving problems
with a given schema using the C2Room programming editor. The order of question-solving
is not restricted, but it is assumed that the participant will solve the easy questions step by
step. C2Room will record the compiled results for each question. Fourth, participants may
use a web search engine to find the answer. TrackThinkTS will track web browsing behavior.
Fifth, the participant submits the answer and moves on to the next question when satisfied
with the code compilation result. Allow the student to return to previous questions to change
the answer. Sixth, when all questions have been answered or an hour has passed, we stop the
participants from working on problem-solving. Last, participants remove privacy-sensitive
logs from TrackThinkTS. Once all recorded logs are submitted to the experimenter, the par-
ticipant leaves the personal workspace.

Table 3.5 shows the questions asked to answer. We have prepared ten questions in order
of difficulty. Easy questions are those that require fewer lines of code to solve. In this experi-
ment, we chose Scheme (Racket), one of the dialects of LISP languages, as the programming

language of the task [2]. There are the following reasons for choosing it.

1. Itis used in programming courses at several universities because of its simple language

specification.

2. Itis tailored for lecture use, so its language specification is usually unknown to students

except those attending the lecture.
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(B) Student B receives an error response and retries compile once more.

FIGURE 3.20: Group of try-and-error students. Students receive an error response after compiling,
and students try to compile before going back to the web search.
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(A) Student C receives an error and goes back to search on the web.
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FIGURE 3.21: Group of try-and-search students. Students receive an error response after compiling,
and students return to the web search activity to find a solution before the following compilation.

Questions are easy for lecture attendees. Questions are difficult for non-lecture attendees
to solve from scratch, requiring web searches to understand basic Scheme syntax or grammar

rules. The question level can capture a variety of student problem-solving behaviors.

3.4.4 Results

In this section, we show results obtained from the TrackThink Dashboard. Student search
queries often show the Japanese language due to the data collection of university students’
backgrounds.

Figure 3.20 shows a sample student workflow for solving a programming problem using
the try-and-error approach. Students compile the code, and after receiving an error response,
they modify the code and try to recompile it. Some students do a try-and-error flow more
than twice before returning to the web browser to find an answer.

Figure 3.21 shows an example student working on the same task and receiving an error
response, but this user decides to go back to the web search before the following compilation.
We call this pattern of solving a try-and-search student. The student copies the error message

from the compiler and inserts and searches in the web browser. Both students receive an



3.4. TrackThink Dashboard: Understanding Self-Regulated Learning in Programming 57

Web Browsing & Programming Flow

start

Tab Update Tab Update Tab Update Tab Update rab Activate. Start Compiling
(scheme pi ) (Scheme AF3..) (scheme pi .. (Scheme AF..) cher (TaskiD: 5tbe6e97esfd1e39eete31br)

(A) Student E seek information from webpage and write code.

Web Browsing & Programming Flow

o | chpboara copy Start Comiling

Tab Update Tab Update ctivate piling
cheme AF1..) [ | (@efine var 1) (TaskiD: 5fbese97esid1easeeted1b)

Tab Updte |
(scheme ZBE...) (scheme % ..) (Scheme AFY...) |

>

o
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FIGURE 3.22: Group of cautious students. Students use web searches before programming. Once
the solution is identified, write code from scratch or use a clipboard copy to solve the task.
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FIGURE 3.23: Group of time management students. Students move to other tasks after starting
problem-solving tasks. One participant looked for a few questions, whereas the other student looked
at all questions before starting to solve questions.

error response on the same problem, but each student acts differently to continue solving the
problem.

Figure 3.22 shows one of the sample student group workflows for solving a programming
task. A characteristic of this student is that the student first searches for information about the
programming task on web pages. Once students understand the solution to the programming
problem, they return to the online IDE to code and submit. Two students’ workflows look
similar, but one student chooses to write code from scratch, while the other uses clipboard
copy. Both students are cautious about solving the problem and look for a solution before
compiling. We call this group the cautious students.

Figure 3.23 shows an example of the student workflow for looking at multiple questions
right after the experiment starts. One student looks at a few questions while others look at all
the questions before starting to solve questions. This type of student did not appear among
the non-lecture students and only existed among the lecture students. Lecture students have
domain knowledge of the language and hence try to solve questions that are easy to solve
first. We call this group time management students.

Figure 3.24 shows an example of double checking students group. Before finishing

the programming problem-solving experiment, students go back to the whole programming
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FIGURE 3.24: Group of double checking students. Students move to previous questions to double
check and submit their code before finishing the experiment.
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FIGURE 3.25: Pie-chart for selected non-lecture and lecture attendance students. The pie-chart
represents a ratio of students’ action counts. The left shows an action ratio of web browsing logs, the
middle shows the ratio of programming compilation result counts, and the right shows the ratio of all

action counts.

question and double-check their submission. These students tend to be careful when solving
questions.

Figure 3.25 shows the action ratio pie-charts obtained from the experiment. One from
each non-lecture attending and lecture attending student. From the left, the pie-chart repre-
sents an action ratio for web browsing, programming, and a combination of web browsing
and programming. Lecture attendee students have domain knowledge, so the success count
of compilation is more than an error. Non-lecture attendee student shows the opposite. Also,
the number of web searches increased for non-lecture attendance students compared to the
number of lecture attendance students. This characteristic was presented earlier by previous
work [174].
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FIGURE 3.26: Future Work. Allow a variety of data sources, including plugins, to be customized as
desired by teachers and students to understand students’ self-regulated learning status better.

3.4.5 Discussion and Future Work
Propose a system to visualize web browsing and programming in a single chart

This study uses a flow-chart format to understand the workflow of combining web browsing
and programming. This approach allows us to understand how students answer each task. Not
only do we understand the web resources students use to solve tasks, but we also discover
student individuality. For example, how students search when solving programming tasks.
The flow-chart visualization approach supports understanding in detail how students solve the
problem. Also, pie-chart visualization supports understanding actions often used in problem-
solving. It helps to understand how much students understand programming language [174].
Therefore, a pie-chart supports monitoring the progress of problem-solving, and a flow-chart
supports looking more carefully and specifically at how they solve questions. The work also
helps to understand the students’ way of thinking.

However, some future work can be highlighted for visualization. Firstly, there is the
timestamp of each action. We must determine how long each action takes using the cur-
rent visualization method. In this study, we sort the actions by the timestamp in order. By
considering the duration of each action, for example, by changing the length of each node,
the visualization could be more helpful in discovering when students are struggling with
problem-solving. The flow-chart can be improved by considering feature branches such as
Git [31]. We make the flow-chart into a single feature branch in the current release. We could
also make two feature branches, such as web browsing and programming, to show the change
in action platform from web browser to online IDE. We avoid this approach because the vi-
sualization becomes complicated and more straightforward when it is presented in a single
line. Although it is possible to create a complex visualization, separating feature branches
might be better in some cases. Lastly, we could add more sensor information as a data source.
Figure 3.26 shows an example of sensors to be added as plugins. Wearable watches can add

it as a plugin to measure heart rate for detecting stress [57]. Eye tracking can be added as a
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plugin to measure attention level [78]. Facial recognition can be added as a plugin to measure
micro-behaviors [177] or engagement level [175]. The data fusion process allows adding any
time series sensor information. Therefore, our future work will extend by adding more data

sources to better understand students’ cognitive states and behaviors.

Discover web browsing and programming patterns for self-regulated learning

This study discovered several patterns in students’ web browsing and programming self-
regulated learning. The groups we discovered are try and error, try and search, cautious,
time management, and double checking students. Combining web browsing (knowledge in-
put action) and programming (knowledge output action) logs, we found a unique character-
istic of students’ problem-solving approach. This observation is difficult to discover from
the submitted code alone. The result helps teachers understand the students in-depth and
gives an idea about the coaching direction. The dashboard also shows how high-scoring stu-
dents solve programming problems. The solving process can be directly shared with novice
students to integrate knowledge. Pie-chart supports understanding the existence of domain
knowledge [174].

However, some future works can be further worked on. First, it does not take into account
the combination of multiple patterns. For example, we could look at the combination of two
or more patterns, such as cautious students might do time management or double checking
pattern. By understanding the combination of patterns, we could understand more about the
students’ programming problem-solving process. By understanding students’ multiple id-
iosyncratic workflow patterns, we can better understand them and help teachers support their
learning. Second, it was necessary to consider the design of programming tasks that would
allow for diversity in performance for each subject. In this study, the task had difficulty under-
standing the Scheme language’s syntax, but the questions were relatively simple. Therefore,
we could not receive a variety of scores from the questions. The strength of our system is
that any programming language can be selected. We will discover the correlation between
problem-solving patterns and scores in future work. Lastly, the segregation with GPTs [51].
In our work, we target ordinary web browse searches. Our work concerns whether web search
is continuously used for the programming study. One of the future works is to allow collect-
ing logs of prompt engineering while using chatGPT [129]. Our study focuses on more than
web searching but web browsing in general. Our future work includes logging all activities,
such as what kind of prompt is used in chatGPT, and analyzing how students reached their

problem-solving goal in programming.

3.4.6 Conclusion

In this work, we propose TrackThink Dashboard, the system for visualizing flow charts and
pie charts of self-regulated learning workflow using web browsing and programming activity
logs. We collected data from 33 university students who were working on solving the Scheme
language. As a result of the visualization, we discovered several unique problem-solving
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patterns. This research allows students and teachers to receive further feedback on the self-

regulated learning process to improve study efficiency.
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Chapter 4
Knowledge Transfer Activity
Recognition

This chapter explains the approach of knowledge transfer activity recognition. In communi-
cation, there are certain significant activities for estimating knowledge transfer.

Section 4.1 explain DisCaas [177] project, aims to recognize a physical activity, espe-
cially micro-behavior. The target activities are speaking and nodding. We aim to estimate the
activity only from the video recording images.

Section 4.2 explain EnGauge [175] project aims to recognize the cognitive state of partic-
ipants. The target cognitive state is the participant engagement. We estimate the three-level
engagements using the camera as a sensor with deep learning.

Section 4.3 aims to compare how gender as a feature performs in emotion recognition.
We use the open-source emotion dataset to evaluate if consideration of gender makes classi-
fication result of boredom, confusion, frustration, and engagement. Emotion detection per-
formed well after applying the gender perspective.

Section 4.4 explains the project’s aim to estimate the comprehension level of participants
while watching a video lecture. The study collects eye-tracking data using an eye-tracker.
Ground truth is collected by asking participants to make confident annotations after watching
each video. Comprehension is collected using post questionnaires.

Section 4.5 explains the project’s aim of estimating presentation skills using a camera
from facial and body movements. The data is collected from university lectures. Students
in the lecture are asked to make a presentation. Both the lecturer and audience evaluate the
presentation recorded using a camera and skill of presentation.

Overall, this chapter shows that physical activity and cognitive state recognition are sig-
nificant for knowledge transfer. Targeting specifically on nodding, speaking, engagement,
boredom, confusion, and frustration. Also, the studies challenge the estimation of compre-

hension from gaze data and presentation skills from camera recording.
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4.1 DisCaaS: Micro Behavior Analysis on Discussion

Communicating with others is one of the most important activities for generating new ideas,
making rational decisions, and transferring skills. Many knowledge workers spend a certain
amount of their work time on meetings. For instance, it is estimated that 11 million meetings
are held in the workplace every day in the United States [7]. An employee’s average time
on scheduled meetings per week is six hours, and supervisors spend 23 hours [141]. The
amount is increasing annually. So far, we know that between the 1960s and 1980s, this has
been doubled [141]. While there is no doubt about the importance of meetings, there is also
another aspect in that they are time-consuming for the participants and make up large costs
for organizations, ranging from USD 30 million to over USD 100 million per year [143].

Regarding these facts, researchers have investigated how to increase the efficiency and
quality of meetings [101, 102, 122, 132, 160]. After a survey of publications in social science
and human-computer interaction, we found that appearances (characteristics such as age and
role) [149], verbal information (e.g., spoken content/context and audio characteristics) [20,
95, 112, 113, 155, 179]. Non-verbal information (e.g., body gestures and facial expressions)
change the behaviors of meeting participants [18, 30, 94, 115, 148]. Compared to several
existing approaches for detecting/analyzing information mentioned above, we aim to design
a system that does not utilize content-sensitive information, uses contactless devices, and is
reproducible.

Content-sensitiveness: The content-sensitiveness issue mainly concerns the context rela-
tive to what was spoken in the meeting. If the meeting transcript leaks outside, the company
faces high risks. We adopt an approach that extracts and stores only nonverbal data from
the video stream during the meeting. Contactless: Contactless devices are also important for
reducing the time consumed by device setup. Systems must also be reproductive in order to
be utilized at any location. To achieve these aims, we chose to collect nonverbal information
for our main data. Instead of using bodily attached devices, we chose a camera as a sen-
sor. Reproducible: Using one device simplifies the system, increasing reproducibility. We
suggested using a 360-degree camera placed at the center of the discussion table to cover all
participants.

Figure 4.1 shows an example application that uses our micro-behavior detection method.
Visualizing the timing of speaking and nodding of each meeting participant enables them
to reflect upon how they were actively involved in the discussion. For instance, in the first
half of the meeting, the fourth participant from the top was actively speaking and the second
participant was agreeing by nodding. In the second half of the meeting, the fourth participant
was agreeing with the first participant’s opinion. Therefore, our proposed work will be used
for creating a system for automatic micro-behavior annotation. It will be important for both
offline and online meeting analysis.

In this section, we discuss how a camera plays an important role as a smart sensor to
recognize key micro behaviors in a meeting. We propose a method that recognizes speaking
and nodding from a video stream of face images and a Random Forest classifier. In order to

evaluate the performance of the proposed method, we conducted data recording experiments
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FIGURE 4.1: A screenshot of a meeting review system that utilizes our micro-behavior recognition.
A user selects a video file, and the system classifies micro-behaviors in time series.

at two physical conditions. The first recording consists of 16 sets of five minute meetings by
21 unique participants. The second recording includes seven sets of 10 min meeting data with
the help of 12 unique participants. Due to the COVID-19 pandemic, most of the meetings
are held online. By creating an additional dataset, we investigated whether similar features
can be calculated from the webcams connected to the PCs of each participant. In summary,

we present experimental results answering the following research hypotheses:

* RHI1: A 360-degree camera can recognize multiple participants’ micro-behavior in a

small-size meeting.

* RH2: Meetings can be recorded anywhere, and the dataset can be mixed even if the

collected place is different.

e RH3: Our camera as a sensor method can be utilized to evaluate offline and online

meetings.

4.1.1 Architecture

This section introduces the procedures for creating a dataset and the feature extraction, de-

tection, and classification method.

Offline Meeting Data Recording

Figure 4.2 shows an overview of our data recording setup for offline meetings. We utilized
a 360-degree camera, RICOH THETA V !. The frame rate was 29.97 fps, and the resolution
was 3840 x 1920 pixels. The camera was located at the center of a circular table. The camera

records all participants in the same time series. The participant’s upper body, especially the

IRICOH THETA V: https://theta360.com/de/about/stheta/v.html
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(A) Top View (B) Side View () Actual Condition

FIGURE 4.2: The Device Position. RICOH THETA V is located at the center of the circular table. It
is located approximately 780 mm from the edge of the table. (A) shows the view of the meeting
condition from the top of the room. (B) shows the view of the meeting condition from the side of the
room. (C) shows the actual scene of experimenting.
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FIGURE 4.3: Participants use ELAN to create annotations of their micro-behaviors. Each annotation
contains a time duration. Annotations are performed right after each meeting session is completed.
After annotation, each participant exports data into a CSV file.

face, must be seen at each trial. We decided to record the data for a maximum of ten minutes.

The participants performed the annotations of each action.

Online Meeting Data Recording

We collected data from online meetings using Google Meet 2. The frame rate was 30.00 fps,
and the resolution was 1280 x 720 pixels. A range of three to four participants joined each
meeting. The meeting was held for 5 min. The participants must turn on their video each

time to show their faces. Annotators perform the annotation.

Annotation of Micro-behaviors

The annotations of micro-behaviors are performed using ELAN [157] shown in Figure 4.3.
ELAN is a GUI annotation tool for audio and video recordings. Users can choose to set labels

for annotations. The participants were asked to annotate the duration of each micro-behavior.

2Google Meet: https://meet.google.com/
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FIGURE 4.4: Image after applying OpenFace and the 68 landmarks of the facial points.

For our approach, nodding and speaking are within the scope of the annotation. Participants
annotated right after each meeting session was completed. The annotated data are extracted
as a CSV file.

Extracting Head Rotations and Facial Points from Raw Video Frames Using OpenFace

We use the open-source software OpenFace [13] to obtain features of the participant’s face.
The person’s images after applying OpenFace and the landmarks of each facial point are
shown in Figure 4.4. OpenFace converts video data into several features: three head rotation

data (pose_Rx, pose_Ry, and pose_Rz) and 68 facial points.

4.1.2 Extracting Features from the Head Rotations and Facial Points

Following our previous work, we extracted 60 features as it is listed in Table 4.1 [124]. Since
we aim to extract nodding and speaking, we used particular points and rotations for each
micro-behavior. A sliding window approach is used for each feature to extract each main
label in the time window. Figure 4.5 visualizes the process of feature extraction. We set a
window frame of 1.06 Section (32 frames) with 50% (16 frames) overlap. Each annotated
label is normalized as an integer by majority voting. For example, micro-behaviors such as
nodding and speaking are converted into O and 1. For labeling, most labeled numbers are
selected as the main action occurring within the set time window.

Nodding is a human individual moving its head in the vertical direction. Hence, we focus
on using the rotation feature, pose_Rx component shown in Figure 4.4. With the pose_Rx, we
used the sliding window algorithm to extract features. We set a window frame of 1.06 Section
(32 frames) and overlap at 50%. The detailed features extracted are shown in Table 4.1.
Since we only used single featurespose_Rx, we removed sma, correlation, and angle. These
features are calculated using multiple features.

Speaking is the action of individuals in moving their upper and lower lips. When a person
speaks, the distance between the upper and lower lips becomes larger. In order to collect this
feature, we used face point numbers 62 and 66, shown in Figure 4.4. The distance between

numbers 62 and 66 is the parameter. Then, we applied the sliding window algorithm. The
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FIGURE 4.5: Sliding window algorithm used for feature extraction. In each time frame, there is a
label for micro-behaviors. Label is normalized into an integer. One window is 32 frames. The sliding
width is 16 frames. The label with the high majority will be a feature for each window.

window frame is 1.06 Sections (32 frames), and overlap of 50%. The features extracted are
shown in Table 4.1.

Classification

For both offline and online meetings, we classified speaking, nodding, and other by random
forest with the calculated features for each window sample. Our preliminary experiments
revealed little difference in recognition performance among machine learning algorithms.
Since our approach has a large number of features, we decided to use random forest, which
does not degrade recognition accuracy even with a large number of features. Since comparing
the performance of machine learning algorithms was not within our main scope, we only
reported results using random forests in the Evaluation Section. Hyperparameters of the
following are used for classification: the number of trees, 100; criterion, Gini impurity; and

the number of max features, 7 (square root of the number of features).

4.1.3 Experimental Design

In order to evaluate the performance of the proposed approach, we prepared three meeting
datasets. Note that our experiments do not include any EU citizens. Therefore, the General
Data Protection Regulation (GDPR) does not apply to our recordings. This section explains
the details of the dataset we utilized (Dataset A) and recorded (Dataset B and Online Dataset).

Offline Meeting Dataset A

Data were collected from 22 unique participants (18 males and four females) using multiple
devices, including 360 cameras (RICOH THETA V). Each recording was performed for five
minutes. A total of 16 sets were collected. We removed the data on participants’ gaze and
the acceleration data on head movements, which are included in the original dataset. The
study received ethics approval (approval no: 2018-128) after review by the Nara Institute of

Science and Technology research ethics committee. This dataset is publicly available [158].
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TABLE 4.1: Feature Lists.
Function Description Formulation Type
mean (s) Arithmetic mean 5= %2?1:1 Si T,F
std (s) Standard deviation o= /ETN (si—5)?2 TF
mad (s) Median absolute deviation median;(| s; — median;(s;) |) TF
max (s) Largest values in array max;(s;) TF
min (s) Smallest value in array min;(s;) T,F
energy (s) Average sum of the square %Zf»\;l S[Z T.F
sma (51,52,53) Signal magnitude area %Z?:l Z’}’:l |sij] T.F
entropy (s) Signal Entropy YN (cilog(ei)),ci = si/ Zﬁ’zl s TF
iqr (s) Inter quartile range 03(s) — Ql1(s) TF
auto regression (8) | Fourth order Burg Auto regression coefficients a=arburg(s,4),a € R* T
correlation (s1,57) Pearson Correlation coefficient Ci2/ /C1,1C22,C = cov(s1,52) T
angle (51,52,53,V) Angle between signal mean and vector tan~! (|| [51,52,53] x v ||, [51,52,53] - v) T
range (s) Distance of the smallest and largest value max;(s;) — mix;(s;) T
rms (s) Root square means 2+ ++s%) T
skewness (s) Frequency signal Skewness E[(55)3] F
Kurtosis (s) Frequency signal Kurtosis E[(s—3)*/E[(s—3)*? F
maxFreqlnd (s) Largest frequency component argmax;(s;) F
meanFreq (s) Frequency signal weighted average ¥ (is;)/ Z_I}’:l s F
energyBand (s,a,b) Spectral energy of a frequency band (a, b) ﬁ Zf’:a sl-z F
psd (s) Power spectral density = o7 N s? F

N: signal vector length, Q: Quartile, T: Time domain, F: Frequency domain.

Offline Meeting Dataset B

Data were collected from 12 unique participants (11 males and one female). Each recording

was performed for 10 min. A total of seven sets were collected. The dataset combines 34

unique participants (29 males and five females). The total time collected is 150 (80 + 70)

minutes.

Online Meeting Dataset

For online meeting analysis, we collected data using Google Meet. Our main proposal is

the offline meeting analysis, but we also performed an online meeting analysis for future

discussions. The data are collected from Kyushu University, Japan. Unique participants
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FIGURE 4.6: Heatmap of macro average F1-score of overlap vs. window size. All offline meeting
datasets are used. The unit for window size is by frame. The unit for overlap is by percentage.

were six people in total, and each meeting was collected for five minutes. Seventeen sessions

were collected. The total time collected amounts to 85 minutes.

Evaluation Protocol

Using the model, the 10-fold random cross-validation and leave-one-participant-out cross-
validation were applied. The 10-fold random cross-validation used a one-fold random dataset
as test data and the other nine-fold random dataset as training data. We used ten sets to
perform cross-validation. In the case of leave-one-participant-out cross-validation, test data
includes one participant, and train data are used for all others. Since the amount of data
relative to the labeled behaviors (nodding and speaking) is lesser than non-labeled behavior
(other), we used down-sampling methods. Each data is reduced to balance the actions of
nodding or speaking. We used random forest for all three patterns for the machine learning
technique. On the other hand, we also ran a prediction of micro-behavior analysis for online
meetings. For online meetings, we classified nodding, speaking, and other. The 10-fold

random split cross-validation and leave-one-participant-out cross-validation were applied.

4.1.4 Results and Discussion

For offline meeting analysis, we collected data from two different places. We classified each
dataset and combined them, calling them “Dataset A”, “Dataset B”, and “Dataset A + B”.
As it is shown in Figure 4.6, we have decided to use the window size of 1.06sec (32 frames)
with 50% (16 frames) overlap because the macro average F1-score was the highest. The pre-
cision, recall and f1-score results are shown in Table 4.2. The confusion matrix of nodding,
speaking, and other is shown in Figure 4.7. As a result, nodding becomes a lower f1-score
than speaking. This result shows that nodding is challenging to predict compared to speak-

ing. Speaking takes an average time of 4.01 s, and nodding takes an average of 1.06 s. The
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TABLE 4.2: Prediction result of Nodding and Speaking for Offline Meeting.

(a) 10-Fold Random Split

Dataset Label Precision Recall F1-Score
A nodding 0.66+0.09 0.58+0.17 0.61+0.13
speaking 0.68+0.07 0.75+£0.07 0.71%+0.05
macro ave. 0.6540.05
B nodding 0.73+0.04 0.62+0.15 0.66+0.10
speaking 0.69+0.04 0.78+0.03 0.734+0.03
macro ave. 0.6940.05
A+B nodding 0.68+0.10 0.61+0.17 0.64+0.14
speaking 0.69+0.05 0.75+£0.04 0.72+0.04
macro ave. 0.68£0.07

(b) Leave-One-Participant-Out

Dataset Label Precision Recall F1-Score
A nodding 0.64+0.17 0.60+0.17 0.60+0.14
speaking 0.63+0.21 0.68+0.21 0.63+0.19
macro ave. 0.62+0.09
B nodding 0.60+0.25 0.494+0.25 0.534+0.23
speaking 0.57+0.26 0.64+0.24 0.58+0.24
macro ave. 0.58+£0.15
A+B nodding 0.66+0.16 0.59+0.19 0.60+0.17
speaking 0.65+0.20 0.71+0.19 0.66+0.18
macro ave. 0.634+0.11

TABLE 4.3: Prediction Result of Speaking and Nodding for Online Meeting.

(a) 10-Fold Random Split

Label Precision Recall F1-Score

nodding | 0.66+0.17 0.60£0.17 0.60+0.14
speaking | 0.62+0.22 0.68+0.19 0.64+0.19

macro ave. 0.554+0.08

(b) Leave-One-Participant-Out

Label Precision Recall F1-Score

nodding | 0.41+0.26 023+£0.13 0.23+0.14
speaking | 0.37£0.29 0.40+0.25 0.31£0.10

macro ave. 0.31+0.01

results of macro average f1-score for 10-fold random split cross validation are 0.69 +0.05,
and 0.68 £0.07. Dataset B is the highest among the three dataset patterns. The results

of the macro average fl-score for leave-one-participant-out cross validation are0.62 + 0.09,
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FIGURE 4.7: Confusion Matrix of nodding, speaking, and other. Using facial points and head
rotation data as features. Downsampling was applied. Only offline meeting datasets were used. From
the left figure, the result is extracted from M3B Corpus [158] (Dataset A), Kyushu University
(Dataset B), and both (Dataset A + B). Datasets are split into two patterns: (a) 10-fold random split
and (b) leave-one-participant-out. Random forest is used as the machine learning algorithm.
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FIGURE 4.8: Confusion matrix of speaking, nodding, and other. Facial points and head rotation data
were used as features. Downsampling was applied. Only online meeting datasets were used. The
dataset was split into two patterns: (a) 10-fold random split and (b) Leave-One-Participant-Out.
Random forest was used as the machine learning algorithm.

0.58 £0.15, and 0.63 £0.11. Dataset A + B was the highest among the three dataset patterns.
In the case of leave-one-participant-out cross-validation, the lowest macro average f1 score
is 0.39, and the highest is 0.78.
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TABLE 4.4: Feature Importance of Micro-Behavior Recognition.

(a) Offline Meeting
Rank | Function Component Type Weight
1 iqr distance between facial point 62 and 66 frequency  0.046
2 iqr pose_Rx frequency  0.040
3 std distance between facial point 62 and 66 time 0.039
4 ARCoeff-2  distance between facial point 62 and 66 time 0.038
5 ARCoeff-1 pose_Rx time 0.037
(b) Online Meeting
Rank | Function Component Type Weight
1 entropy pose_Rx time 0.033
2 mean pose_Rx time 0.031
3 ARCoeff-3 distance between facial point 62 and 66 time 0.030
4 min pose_Rx time 0.029
5 Skewness-1 pose_Rx frequency  0.027

For the online meeting, the precision, recall, and f1-score results are shown in Table 4.3.
The confusion matrix of nodding, speaking, and other is shown in Figure 4.8. The result
of the macro average fl-score of the 10-fold random split cross-validation is 0.55 4 0.08.
The result for the leave-one-participant-out cross-validation is 0.31 + 0.01. In the case of the
leave-one-participant-out cross-validation, the lowest macro average f1-score is 0.27 and the
highest is 0.35. The calculation of each function is explained in Table 4.1.

Regarding Table 4.4, the results show that, for offline and online meetings, the feature
importance was different among them. The feature importance of the offline meeting is
shown in Table 4.4 a, and the online meeting is shown in Table 4.4b. We have found that
the most important features of offline meetings are the components related to lips. For online

meetings, the most important features are the components related to head rotation.

4.1.5 Discussion

In this section, we discuss the three research hypotheses stated.

Can a 360-degree camera recognize multiple participants’ micro-behavior in a meeting?

Combining all datasets, the macro average fl-score is 0.68 + 0.07 for the 10-fold random
split cross-validation. The leave-one-participant-out approach macro average fl-score is
0.63+0.11. We found out that we could collect micro-behaviors in the meeting by using
only a 360-degree camera as a sensor. Multinational classification is possible. The f1-
score of speaking is the highest in any condition. Speaking recorded a higher score because
each participant’s action does not vary. All participants opened their mouths while speak-

ing. Therefore, using the distance of the upper and lower lip as the feature is practical. On
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the other hand, nodding seems different between each participant. When we looked at the
raw video data, we discovered that some participants perform nodding with shallow and fast
head movements, while others only perform deep and fast nodding. Concerning this, using
head rotation data for predicting nodding scored lower than speaking. We also discovered
that for the leave-one-participant-out approach, participants’ lowest macro average f1-score
was 0.39 and the highest is 0.78. When we looked at the annotation data, we discovered that
participants with the lowest f1-score had fewer labels of nodding than the highest participant.
This is due to the difference in annotations. The participants with fewer annotations were
only labeled with nodding that was deep and slow. This result caused less feature data for
nodding, reducing the score. Overall, the discussion states that speaking recognition from
nonverbal data is more accessible than nodding. In terms of the answer for RH1, the macro
average of the fl-score achieved 0.68 + 0.07 and 0.63 +-0.11; we could say that using 360

camera as a sensor for detecting micro-behaviors is effective.

Can we extend the dataset by adding data recorded in other places?

In order to prove the possibility of the expanding dataset, we collected data from two differ-
ent locations. The results of 10-fold random split cross-validation showed that each dataset
produced a f1-score of 0.6540.05, 0.69 +0.05, and 0.68 +0.07, shown in Table 4.2. The
result was the highest for Dataset B. Our assumption regarding this result is the number of
the same participants included in the dataset. In Dataset A, 22 unique participants joined.
Among them, 12 participants were involved in 20 minutes of the meeting, and ten partici-
pants were involved in ten minutes in total. For Dataset B, 12 unique participants joined.
Among them, one participant joined for 50 minutes, two participants joined for 40 minutes,
two participants joined for 30 minutes, two participants joined for 20 minutes, and three
participants joined for ten minutes. By comparing Datasets A and B, the duration of each
participant’s participation in the meetings is longer in Dataset B. This means that the volume
of individual behavior in Dataset B is the largest. Hence, the model accuracy is the highest
for Dataset B without removing participant behavior information as test data. Adding more
personal data will improve the prediction rate for each person when testing. With this result in
mind, the leave-one-participant-out cross validation produced the f1-scores for each dataset
of the following: 0.62 +0.09, 0.58 +0.15, and 0.63 + 0.11. We have found that Dataset B is
the lowest in the f1-score compared to the analysis of another dataset. Once personal data
are removed from the dataset, the fl1-score slightly decreases. However, it is interesting that
combining all datasets’ f1-score results in 0.63 - 0.11. This result is the highest compared to
the prediction of the other dataset. For the answer for RH2, the results show that the more

the dataset increases, the accuracy of the model of micro-behavior prediction also increases.

Can our camera as a sensor method cover both offline and online meetings?

The result from Table 4.2 shows that the 10-fold random split cross-validation produced
high f1-scores. The result of f1-score is 0.55 4-0.08. For the leave-one-participant-out cross
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validation, the score is 0.31 £0.01. The classification result decreases with the leave-one-
participant-out cross-validation. This is probably the result of the same reason stated in the
discussion of RH]. Individual data will be powerful for predicting certain people’s behavior.
By looking at the result of the fl-score for the individual participants, it is observed that
the lowest is 0.27 and the highest is 0.35. One of the unique aspects of the reduction in F1
scores in online meetings is that it is caused by the position of the face. Our proposed method
for offline meeting analysis uses a 360-degree camera to track the entire upper body of the
participants, but for online meetings, the participant’s face is often the only object recorded.
Regarding fewer white spaces for face tracking, online meetings often became off track when
using OpenFace. For the answer relative to RH3, even with the concern of failure in tracking
the face, the f1-score of (.55 0.08 and 0.31 £ 0.01 says that our camera can be potentially

used as a sensor approach for online meetings.

4.1.6 Limitations and Future work

The imitations of our work include recognizing multiple actions at the same time. Our models
only predict a single behavior happening in a set time range. However, the meeting behav-
ior is complex. Speaking and nodding can happen simultaneously, but we did not consider
predicting both simultaneously.

Another consideration is the nervous tic of nodding. Some participants perform more
nodding actions than others. However, we cannot detect whether the nodding performed by
participants includes some context. We only detected the movement of nodding. Therefore,
our future work includes recognition of the context inside nodding performed by participants.

We also have to mention the meeting’s time, duration, and size. We conducted meetings
of ten minutes, with four people in each meeting as the largest size. In theory, our approach
can be used even after long meetings. However, we only recorded meetings for a maximum
of 10 minutes since we considered that the load relative to annotations for each meeting
participant would be high. Our approach uses a sliding window, which means we split the
video into a set length so that the total duration of meetings will not be a problem. In theory,
our approach can be used even in meetings of a larger size if we can capture all participants’
faces. For offline meetings, we have limited physical space. If we want to increase the
number of participants, we must add more cameras. For online meetings, the maximum
number of participants displayed on a screen is limited to the device screen. Moreover, as the
number of participants increases, the screen size of each participant will be smaller. Hence,
for future work, we need to think about how to record the meetings with more participants.

One limitation of online video compared with offline and online meetings is the angle
of view. Using a 360-degree camera, we consistently tracked the participant’s upper body.
We can usually track the participants’ faces during the experiment. However, for the online
meeting, the angle of view differs for each participant. In particular, when participants try
to observe the screen shared on their laptops, they often move closer to the screen. In those
cases, the participant’s face moves outside the box, making it impossible to track their face.
Moreover, notifications often distract participants’ faces. It covers the participants’ faces,

which results in being unable to track the participant once someone types into the chat.
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Since we extracted faces from screen recordings, the recording condition was not con-
stant. Our face tracking failed when the face image was hidden by a desktop notification or
became relatively smaller when someone started sharing a screen. This problem should be
solved in our future work. For instance, making our application, bot service, or plugin for an
online meeting tool are all potential directions.

For the machine learning model, we must consider the importance of features. We have
found that the importance of the machine learning model’s features varies offline and online.
Hence, the method is the same, but we need to collect the dataset of each offline and online
meeting in order to create a precise prediction model of speaking and nodding. Moreover,
processing time is not considered in our work, and extending our work into real-time micro-
behavior recognition will be important. Regarding these findings, the experiment setting for

online meeting analysis could be further explored for future work.

4.1.7 Conclusion

In this work, we analyzed micro-behaviors during offline and online meetings. For offline
meeting analysis, we used 360-degree cameras, and for online meeting analysis, we used
Google Meet. Our target micro-behaviors are speaking and nodding. For the offline meetings,
the result of the f1-score is 67.9% for 10-fold random split cross-validation. For the leave-
one-participant-out cross-validation, it is 62.5%. We also discovered that combining the
dataset collected in different places can still increase the accuracy of the recognition model
for offline meeting data. This result suggests that anyone can follow our work as a framework
to increase the dataset and accuracy of the model. We also applied cameras as a sensor
method for the online meeting. For the 10-fold random split cross-validation, we observed a
macro average fl-score of 55.3%. The leave-one-participant-out approach achieved a macro
average f1-score of 31.1%. We discovered that participant behavior is important for creating
an accurate model. Micro-behavior analysis using a camera as a sensor approach will become

the means for new meeting analysis platforms.
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4.2 EnGauge: Engagement Gauge of Meeting Participants

Engagement is an important factor in deepening a person’s level of learning [52, 140, 150].
Due to the importance of engagement in learning effectiveness, several studies have exam-
ined ways to estimate student engagement during lectures [45]. Previous studies have used
multiple sensors such as wristband [45] or seat sensor [56] to discover participants’ engage-
ment levels during offline lectures. However, due to the COVID-19 pandemic, offline meet-
ings such as lectures, office meetings, job interviews, and musical events have expanded
online [126]. Although participants see each other in an online meeting, they receive less
information than in offline meetings [165]. For example, there is a limitation in computer
screen size. Thus, only the upper body of a limited number of participants could be ob-
served. Hence, the received nonverbal information, such as hand and body movements and
gestures, is reduced. Furthermore, technical inputs such as a microphone, speaker, and com-
puter screen are involved in verbal information. Limitations of these technical inputs some-
times lead to interruptions. For example, a faint voice may result in difficulties emphasizing
speech. In educational settings, such as e-learning, where many participants are involved in
contrast to a few speakers, it is difficult for speakers or teachers to keep track of the par-
ticipants’ situations and technical and other difficulties. In such cases, an information gap
between the speakers and listeners may encourage them to participate in other tasks.

Our work is inspired by the EduSense project established by Ahuja et al. [6]. This study
focuses on using a camera as a sensor to collect students’ activities in offline classes. The
system uses Microsoft Kinect’s one-depth camera and Intel NUC to discover student activ-
ities such as raising a hand, sitting, standing, smiling, speaking, attention, class gaze, or
head orientation. Then, we further step into the engagement by referring to the work done
by Dhamija. They collected data using a Logitech webcam with a 640 x 480 resolution at
30 frame-per-second and contained five-scale self-reported engagement levels as truth la-
bels [44]. They proposed a facial information method to classify participants as engaged
or disengaged. The participants were asked to watch a neutral introductory video in their
study. Like their work, De Carolis ef al. conducted a video meeting engagement analysis
while watching e-learning content [42]. These previous studies inspired our work to focus
not only on students watching the online video content but also on analyzing online meet-
ings. Therefore, we aimed to classify participants’ engagement levels in online meetings. In
previous works, annotation of engagement levels was done either by self-reporting or label-
ing annotators. Both works are time-consuming and cannot accurately label the engagement
level, especially for the annotator labeling. Therefore, in our study, we collected label data
by asking the participants to role-act at each engagement level.

This study focused on participants’ engagement levels in e-learning and educational set-
tings. Students join online classes or meetings using desktop computers or laptops with
webcam microphones. During these online sessions, students listen to the teacher or speaker
and take notes on notebooks or devices. Our study aimed to quantify participants’ meeting
engagement levels. In particular, we focused on three points to make our quantification sys-

tem more realistic. First, we only used a built-in camera on a personal computer instead of
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an advanced sensor. Second, we focused on identifying engagement levels similar to those
of real-life online meetings, where the participants perform natural actions such as speaking,
taking notes, or reading. Third, we only used nonverbal information to safeguard privacy and
avoid recording the context of information spoken during meetings. While considering three

points, our contributions to this paper are the following:

1. Uniqueness of the data collection: Approach to collecting the variant engagement
levels. We select a role-acting method to collect three engagement levels in this work.
Related work selects post annotation, such as self or non-self human annotation or

questionnaires.

2. Best performed engagement level detection model: Using a webcam as a sensor, we
classify high, middle, and low engagement levels with the F1 score of 0.895. The ac-
curacy was the best compared with previous work. We use the model of MobileNetV2,

and the input data is only a facial image.

3. Implementation of the application and conducting a pilot study: We implement
the engagement detection system called EnGauge using our own implemented deep
learning model. The application shows the engagement level as 0 to 100 with a gauge-

like interface. We also conduct a pilot study with the system.

4.2.1 Architecture

The ultimate goal of our study is to estimate participant engagement during online meetings
with high accuracy from camera information only. For this purpose, we utilize several deep
learning-based models in addition to the conventional sliding window method and compare
their accuracy. Finally, we will build an application using the model with the highest recog-

nition accuracy.

Feature extraction-based engagement estimation

We processed these raw video data using the OpenFace tool to extract features, including
three head rotation data (pose_Rx, pose_Ry, and pose_Rz) and 68 facial landmark coordi-
nates. Sometimes, the participant’s face was out of the screen, and OpenFace could not detect
facial features. We excluded undefined data from our experiment in such cases. OpenFace
generated an output CSV containing facial features at the end of preprocessing. We also an-
notated the frames in the final dataset with the corresponding ID and high, middle, and low
engagement levels.

Nakamura et al. identified 60 features divided into the time and frequency domains from
different time-series input data captured by sensors [124]. In the previous research regarding
micro-behavior analysis using a computer camera as an input sensor, Watanabe et al. also
utilized these features for vectorizing facial feature coordinates and rotations input data to
extract nodding and speaking behavior [177]. Similarly, we also used head rotation and facial
landmark data for further processing. From the head rotation (pose_Rx, pose_Ry, pose_Rz)

and 68 facial landmark locations output of the OpenFace framework, we converted these
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FIGURE 4.9: Architecture of MobileNetV2.

points into feature vectors of time and frequency domain features listed in the mentioned
table. For the vector feature extraction process, we applied a sliding window algorithm on
a randomly chosen specific number of frames (i.e., 32, 64, 128, 256, 500, and 1000) with
50% overlap to calculate the maximum frequency of annotated engagement labels by taking
advantage of majority voting. We decided to drop the NaN values instead of filling them with
any integer or float values because that would impact the final result. So, nearly 20% NaN
values were dropped.

For the machine learning model, we applied Gaussian Naive Bayes, Decision Tree, and
Random Forest to the combined feature vectors. The model used the following hyperparam-
eters: the number of trees, 100; criterion, Gini impurity; and maximum features, 7 (square

root of the number of features).

Deep learning-based engagement estimation

To preprocess the data, we utilized OpenCV, an open-source software library for performing
machine vision tasks, to convert videos to images [19]. Specifically, we used a tool to convert
videos to individual frame images with a frame rate of one frame per second. Images lacking
clear faces were removed from the dataset. We converted the remaining images to grayscale
and applied image hashing to remove duplicates. We trained and evaluated four models for
our classification task: VGG16, Xception, MobileNetV 1, and MobileNetV2.

VGG16 [156] — In our study, we utilized the pre-trained VGG16 model [156] on the
ImageNet dataset. For fine-tuning, a density of three and softmax activation for the classifier
were employed. Additionally, the top and two layers above the model were fine-tuned.

Xception [37] — The model was trained on the ImageNet dataset. Next, global average
pooling was incorporated, and a dense layer consisting of 512 units with ReLLU activation
was added. The classifier was activated using softmax, and the model’s top layer and blocks
13 and 14 were fine-tuned.

MobileNetV1 [73] — The model was pre-trained on the ImageNet dataset, with pre-
trained layers included for fine-tuning the size was reshaped to 1024. A single dense layer
was utilized, and its weight was transferred to the final six layers. The activation function
used was softmax, and the last 23 layers were trainable.

MobileNetV2 [146] — The model, an updated version of MobileNetV1, is depicted in
detail in Fig. 4.9. We pre-trained our implementation using the ImageNet dataset. The input
layer modifies the image before passing it through two convolutional and fully connected
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(A) Screenshot of the Google Meet video recording. (B) Webcam recording experiment
environment.

FIGURE 4.10: Experimental setting with participants A, B, and C assigned to high, middle, and low
engagement roles, respectively.User is in front of the computer with a webcam.

layers. Finally, a softmax layer with three neurons representing high, middle, and low classes

was appended to the model.

Model accuracy comparison

We evaluated the performance of classifiers using a leave-one recording out cross-validation
approach. Specifically, one recording involving three participants was designated as the test
data, while the remaining seven were used for training the model. This process was re-
peated until each recording was utilized for testing. Furthermore, in our deep learning-based
approach, we randomly split the seven datasets into five and two subsets for training and
validation. This evaluation method was conducted independently, as all participants attended

a single meeting without overlap.

4.2.2 Data collection and ground truth labeling

We used a built-in camera to record the video of each participant while conducting online
meetings. We used the online group meeting platform Google Meet for the experiment. An
example of the experimental setup is shown in Fig. 4.10. The frame rate was 30.00 frame-
per-second, and the screen resolution was 1280x720 pixels. They removed the face mask
and turned on the camera before the discussion. We captured the screen recording of each

session but excluded voice information owing to privacy issues.

Participants

In this study, we recruit 24 participants (17 male and seven female). Nationalities are South
Asia, Southeast Asia, Eastern Europe, North Africa, and North America. Participants were
between 22 and 36 years, and the average was 26. They were either university students
or workers in Germany. Before the experiment, we obtained consent from the participants
regarding the General Data Protection Regulation (GDPR). The participants were allowed
to opt out of the experiment at any time. At the end of the experiment, all participants who

completed it received a ten-euro Amazon voucher.



4.2. EnGauge: Engagement Gauge of Meeting Participants 81

Data Collection Procedure

In this study, we set up an experiment in which participants engage in online meetings and
discussion-like sessions. The experiment was conducted in a secure and controlled manner.
We designed an experiment with three participants per session to create a balanced data set
for engagement analysis. Each session lasted five minutes. In the experiment, each of the
three participants was instructed to alternate between different engagement levels of behavior.
The high, middle, and low engagement requirements are the following:

High Engagement - Subjects are prohibited from doing distracting tasks and instructed
to focus only on the discussion. The main task is to answer the question asked by the middle
engagement level role participant. Example behaviors observed are answering question, lis-
tening to the questions, smiling, touching face, laughing, nodding, shaking head, and nodding
and shaking heads.

Middle Engagement - Subjects are prohibited from doing distracting tasks and instructed
to moderate the discussion by asking questions to the high engagement level role participant
and taking note of the answer in the text file document presented on the computer screen.
Example behaviors observed are asking questions, looking at a keyboard, typing on a key-
board, listen to the answer, reading notes, nodding, shaking head, nodding and shaking
heads, touching face, and laughing.

Low Engagement - Subjects work on a distraction task while listening to the conversa-
tions between high and middle-engagement level participants. The distraction task is to read
a scientific article and write a summary of it. The paper and the notes are on the same com-
puter as the online video meeting. Example behaviors observed are reading a paper, write a
summary of a paper, ignore the conversation, looking at a keyboard, typing on a keyboard,
touching face, stretching, head on hands, playing with hairs, yawing, and clean nose.

The specific example behaviors for each engagement role are indicated, such as asking
questions, answering questions, or reading a paper. Rather than using self-annotation [117],
observer (additional annotator) annotation [117], survey [45], or using real-time notifications
to get feedback from participant [10] to determine the level of engagement of participants,
we came up with the idea of asking them to work in the role acting of each engagement
level. This idea was adopted because of the following concerns. The questionnaire method
could blur the definition of engagement levels due to individual differences in labeling, and
the method of asking participants to provide real-time feedback on their engagement levels
during the experiment would have distracted most participants from providing feedback and
reduced their ability to concentrate, making uniform that data collection might not be possi-
ble. Therefore, the method used in this study was to have the participants participate in the
meeting in the same role from the beginning to the end of the experiment. They repeated un-
til two sets of the high, middle, and low engagement level datasets were obtained from each
participant. Hence, the experimental procedure consisted of six sessions discussing specific
topics.

We prepared two topics for the meetings. The first one contained questions about the

favors, such as “What is your favorite X,” where words, such as fast-food restaurant, movie,
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FIGURE 4.11: Confusion matrix of feature extraction based engagement estimations with
1000-frame sliding windows.

TABLE 4.5: Comparison between F1 score and window size (frame) of the result leave one
recording out cross validation for each model Gaussian Naive Bayes (GNB), Decision Tree (DT),

and Random Forest (RF).
Window Size 32 64 128 256 500 1000
GNB 0.325 0.310 0315 0.339 0.365 0.384
DT 0.350 0.354 0356 0.388 0.419 0.446
RF 0.347 0.344 0357 0400 0.439 0.467

and sports, replaced ‘X.” The second one contained questions about participants’ current
studies, such as “What do you think about your work or study?”. Each group of participants
was assigned an engagement role in a cyclic order. Thus, every participant was asked twice
to perform the high, middle, and low engagement-level tasks. Hence, there was a total dataset
of six sessions (30-minute video) for each participant. It took roughly half a minute after the
first recording session for participants to understand the assigned tasks clearly. Additionally,
participants were joyful during the discussion in Phase 1. Furthermore, we observed that a
few participants were unhappy during the summary task because they needed more time to

finish summarizing the paper within five minutes.

Results

In this section, we present the accuracy of the three engagement-level classifications. First,
we explain the classification rate of the feature extraction-based approach in Section 4.2.2.
Then, we explain the deep learning-based classification approach in Section 4.2.2. After
that, we compare the feature extraction-based and deep learning-based models’ accuracy in
Section 4.2.2. Lastly, we present the result of leave-one-out-cross-validation for the highest
accuracy model MobileNetV2 in Section 4.2.2.

Feature extraction based engagement estimation

We show the results of the feature extraction-based engagement estimation. Table 4.5 presents
detailed results for each window size. The lowest classification rate was 32 frames (1.0 s)
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FIGURE 4.12: Confusion matrix of deep learning based engagement estimations.

TABLE 4.6: Comparisons of F1 scores in leave-one-group-out cross-validation (LOGOCV).

Test dataset (group) 1 2 3 4 5 6 7 8 Mean
Random Forest 0.264 0464 0.521 0476 0.520 0.519 0.429 0.546 0.467
VGG 16 0.347 0.562 0.623 0.545 0.612 0.602 0.512 0.589 0.549
Xception 0.895 0975 0.902 0.748 0.957 0961 0.821 0.981 0.905
MobileNetV1 0.898 0981 0911 0.755 0.982 0980 0.833 0.996 0.917
MobileNetV?2 0.901 0999 0915 0.761 0.985 0985 0.835 0.999 0.923

with a 50% overlap for all types of models. By comparing several window frame sizes, we
discovered that a window size of 1000 frames (34.6 s) with a 50% overlap yielded the best
classification result. As the window size increased, the classification rate increased. Com-
pared with these three models, the highest F1 score was recorded by Random Forest with
0.467 in our case study. To further verify this result, a confusion matrix was created with a
window size of 1000 frames, Fig. 4.11. We could verify that middle and low-engagement
level classifications often need clarification according to the confusion matrix of Random
Forest. We will discuss later why middle and low-engagement-level classifications need clar-

ification.

Deep learning based engagement estimation

We present the results of the deep learning-based engagement estimation. When the exper-
iment was conducted, it was found that the participants sometimes moved away from the

camera screen, making it impossible to track their faces. Therefore, all these images were
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FIGURE 4.13: F1 score of leave one participant out cross validation for MobileNetV2.

removed as noise in this study. After removing the noise images, the number of images with
high, middle, and low engagement levels was 105,960, 149,004, and 105,088, respectively.
Figure 4.12 shows the result of the confusion matrix for each transfer-learning model. The
average F1 scores of VGG16, Xception, MobileNetV 1, and MobileNetV2 were 0.549, 0.905,
0.917, and 0.923, respectively. As a result, MobileNetV2 achieved the highest classification

rate in our case study.

Comparison of feature extraction based and deep learning based model

The feature extraction and deep learning comparison will be made by comparing Random
Forest and MobileNetV2, which had the highest accuracy for each approach. For the simple
comparison, we apply leave-one-group-out cross-validation to get the result of the F1 score.
Data from one group (three participants) was used as test data, and the training model con-
sisted of data from the remaining seven groups (21 participants). Table 4.6 shows the result
for each recording data. In all cases, MobileNetV2 scored higher accuracy than Random
Forest. As a result, MobileNetV2’s mean F1 score was 0.923, which is higher than Random
Forest’s 0.467.

Leave one participant out cross validation of MobileNetV2

We apply the leave one participant out approach to the best-performed MobileNetV2 deep
learning model. Figure 4.13 shows all participant results of the F1 score. The highest F1
score was 1.00 for five participants, and the lowest was 0.36. The mean F1 score of leave-
one-participant-out cross-validation was 0.895. Compared with the previous research [76],
our model’s ternary classification rate of engagement levels scored highest. Hence, the per-
formance of the machine learning model is enough to be used for the primary model of the

engagement level classification application.
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FIGURE 4.14: This is the user interface of the EnGauge system. Engagement levels are displayed as
a gauge in the user interface. As the gauge moves to the right, it indicates that the user is engaged at
a high level. The left image in each sub-figure shows a raw image and the right image shows a
heatmap after applying Grad-CAM [151].

4.2.3 Application

This section explains the end-user application using the engagement recognition model pro-
posed in Section 4.2.2. We first present the user interface of EnGauge in Section 4.2.3. Then,
we explain the pilot study of how well EnGauge can be used in another type of online meeting
study in Section 4.2.3.

User interface

The user interface of the application EnGauge is presented in Figure 4.14. The model predicts
absolute-value percentages with regression of engagement levels from 0 to 100. The left side
of the gauge represents low-level engagement. When the gauge bar goes to the right, it

infers that the user’s engagement level gets high. The gauge consists of three colors: blue,
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FIGURE 4.15: Changes in engagement level transitions during the pilot study experiment for three
participants.

yellow, and red. These colors represent the classification level of low, middle, and high.
The advantage of this user interface is that it triggers user motivation to use the system when
participating in online meetings to increase the gauge, thus increasing engagement in a game-
like manner. Users can benefit from understanding their engagement level using color and
numeric percentage information.

We also make the visualization with heatmap using Grad-CAM [151] as explained in
Figure 4.14. The heatmap shows the important features inside the input facial image. The
red color represents a vital area feature for each engagement detection. On the other hand,
the blue area represents an area of feature with a weak weight for detection. As shown in
each image, the recognition model recognizes the area around a person’s face as important
information for classification. The mouth is more important than the eyes, especially in
middle engagement level detection.

As a result, the gauge interface can support user engagement as feedback and real-time.
Also, the video can be feedback for the online meeting facilitator to understand who was

engaged in which scene with what kind of critical behavior.

Pilot study of the system EnGauge

We conduct a pilot study using the EnGauge system presented in Section 4.2.3. The pilot
study involved three volunteers participating in the Alternative Uses Task (AUT) [62]. Vol-
unteers are all native English speakers, so the experiment is conducted online and speaks in
English. In the AUT, participants are asked to list as many alternative uses of a given object
(e.g., spoon, hanger, tennis ball) as possible. We used the AUT to ensure all participants were
activated during a group meeting. The experiment takes time for ten minutes. Unlike our ini-
tial data collection, participants joined the online meeting under their conditions. Hence, the

camera resolution or screen background for each user was different.
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Figure 4.15 shows the result of a change in engagement level transitions during the pilot
study for all three participants. For the data visualization, we apply the method as follows.
First, for each second, we get the results of the engagement level as a percentage. Then,
we apply a regression model to make the graph curve. Every three participants’ engagement
level flow is shown in different colors. From the result, the exciting observation was that
Participant A frequently changed the engagement level compared with Participants B and C.
Participant A often stays in high engagement compared with B or C. When we examined the
video in detail, we confirmed that Participant A was becoming like a facilitator who talked
to lead the meeting. Another observation was the timing of the engagement level change.
Participants A and B or A and C often improve their engagement levels simultaneously. This
result can assume that the group has some synchronization in engagement, as mentioned in
the previous research [56]. Looking back at the video, we see that this behavior occurs when
users discuss or react to one another’s opinions. We then discover from this result that exter-
nal factors can control engagement. An interesting observation from the pilot study was that
while two participants increased their engagement levels, another tended to decrease their
engagement levels. This happened in the original video because two participants were dis-
cussing, and the other participant was left over. Being out of conversation made participants

less involved intensely in the online meeting.

4.2.4 Discussion

In this section, we discuss about the contributions. First, we discuss the uniqueness of data
collection. Secondly, we discuss our engagement detection model. Lastly, we discuss the

engagement detection application EnGauge and pilot study.

Uniqueness of the data collection

One of our study’s core contributions is the uniqueness of the data collection strategy. We
reviewed the literature of previous studies to understand the strategy of collecting a dataset
for each engagement level. As itis mentioned in Table 2.1, the data collection for engagement
levels is mainly done by using self-annotation [117], observer annotation [117], survey [45],
or using real-time feedback from participant [10]. The limitation regarding this labeling was
time-consuming, and labeling accuracy decreased when an observer did it. By recruiting each
user with high, middle, and low engagement level behavior, we can use all the recording data
for each labeling. Also, this way, we can overcome the limitation of becoming too much
in-the-wild study mentioned by Gashi et al. [58]. The researcher mentioned that a controlled
data collection setting ensures a clean dataset. For example, if we let the user do anything
in the online meetings, the user could move away from the screen to discuss only with a
microphone. Our condition of making a role for each user supports the experiment to be
under control.

Another strength of our data collection strategy is the reliability of each engagement-level
dataset. DiSalvo et al. has mentioned as a limitation of their work that participants tend to
make fake engagement [47]. This behavior happens because users are told to focus on their
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engagement levels. Learning from previous research, we focused not on describing engage-
ment but instead on asking the participant to do a particular activity. Table 4.2.2 mentions
that each activity represents each engagement. Therefore, our data collection approach is
beneficial in collecting a clean dataset.

Lastly, increasing the number of balanced datasets is one of our strengths. Gao et al.
mentioned that creating a large corpus of engagement-level labeled dataset collections was
the limitation. To overcome this issue, our data collection strategy is effective. Since we
asked each participant to behave at certain engagement levels, we collected almost the same
amount for all engagement-level datasets. The dataset did not become equal since some
participants faded from the screen or did not move for a long time and were removed by
gray-scaling hashing. However, as we mentioned in Section 4.2.2, we collected 105,960,
149,004, and 105,088 for each high, middle, and low engagement level. After removing
the duplicate images, we confirmed 264,688 for the engagement recognition model. We can
confirm that the balance of each engagement dataset was equally collected.

In summary, our data collection strategy contributes to creating a reliable and balanced

label dataset corpus by setting the control experiment condition.

Best performed engagement level detection model

One of the core contributions of this study was the highest remark on the prediction rate of
engagement level. Our study remarks 0.895 in F1 score with leave one participant out ap-
proach and compare to related works it remarks highest as shown in Table 2.1. When we tried
the feature extraction-based approach, we could only achieve 0.467 in the F1 score for the
leave-one group out cross-validation. The group refers to the recording members, containing
three participants each. Hence, the deep learning-based approach was effective in our case
study compared with the approach mentioned in previous works. Before discussing the result
of the deep learning approach, we first look at the feature extraction-based approach.

An exciting finding in the feature extraction-based approach was that middle and low-
engagement participants get confused according to the confusion matrix mentioned in Fig-
ure 4.11. This confusion occurs due to the similar actions that occur for each engagement
level. Since the feature extraction-based approach uses the vectorized format, it is essential
to know what action occurred. We have found that confusion mainly happens when the user
is typing on a keyboard. The user’s bottom face will be hidden when the engaged middle
user looks down to see the keyboard. The user’s mouth is essential to discover if the user is
speaking, but looking down while typing on the keyboard compromises the mouth informa-
tion. This behavior only exists for highly engaged users, leading to misclassification between
middle and low-engaged users. Overall, the accuracy remark could be higher for the feature-
based approach, mainly because the actions are more or less standard for all high, middle,
and low engagement situations. Hence, discovering the engagement level from the sliding
window approach could have performed better.

The deep learning-based approach confirmed that the F1 score is the highest value. We
first applied this model because our previous work [117] applied VGG16. Similar to the
previous study, we confirmed the performance with VGG16 with an F1 score of 0.549, higher
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than the 0.467 scores calculated with feature extraction-based (Random Forest). However, it
is lower than other models such as Xception, MobileNetV1, and MobileNetV2. We discover
that MobileNetV2 performed the best, as mentioned in Table 4.2.2. We then applied to leave
one participant out of cross-validation for MobileNetV2 as shown in Figure 4.2.2. As a
result, we confirmed the mean F1 score of 0.895 for 24 participants. However, we discover
the lowest F1 score of 0.36 for one participant. We try to discover the reason for the low
accuracy by looking at the original image.

Figure 4.16 shows a confusion matrix with the original image. From the image, we
found some possible reasons for misclassification. In the image, we discover that the mouth
is one of the important features for predicting engagement. As mentioned in Figure 4.14, we
confirmed this with Grad-CAM. When we compared the user with the actual class of middle-
level engagement users, participants who were misclassified as high engagement, we found
that the user was smiling. It is confirmed that the model predicts that the user had a high
engagement due to this characteristic. On the other hand, users who are high engagement
for the actual class and misclassified as low were closing their eyes and mouths. This fea-
ture tends to be classified as low engagement since none of the significant high engagement
characteristics were found.

In summary, we have discovered that the deep learning-based approach, especially Mo-
bileNetV2, is best for engagement recognition. The benefit of using MobileNetV2 is that
the model can be used without a GPU (graphic processing unit) machine [146]. To run our
system, users can use their local computer with a CPU (central processing unit) to recognize
their engagement levels. Although we have yet to discover it in our current paper, we assume
that our model can also be used for mobile phone cameras. Hence, our implemented dataset
and deep learning model will be helpful for many scenes of engagement analysis.
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Implementation of the application and conducting a pilot study

One of the core contributions of this study was implementing the engagement level visu-
alization interface using gauge design. Our initial application prototype was presented in
Section 4.2.3. In the initial stage, we made an interface with high, middle, or low engage-
ment labels as text in the extracted frame image. When we tested this interface, it took users
time to understand the extent to which their engagement was improving dynamically. Then,
we develop a gauge user interface for the engagement level visualization.

The gauge-like user interface encourages the user to understand their level of engage-
ment instantaneously. Since the gauge has blue, yellow, and red, each user will try to make
the gauge into a red area. It encourages users to increase their gauge and engage in online
meetings. We also show the percentage of the engagement level numerically. The numerical
information helped the users understand if they had reached the maximum level of engage-
ment.

After implementing the gauge-like user interface of EnGauge, we conduct a pilot study.
From the pilot study, we found that engagement levels tend to increase synchronously be-
tween two participants. In an online meeting with three participants, one person may be left
out because two participants are often interacting with each other. Specifically, it refers to
a situation in which one participant is the sender and asks some question, a second partic-
ipant is the receiver and answers the question, and a third participant observes the two on
the sidelines. Interestingly, we saw a proportional behavior of the engagement transition
results between the two in Figure 4.15. After four minutes of the meeting, User B’s en-
gagement level increased, and we also observed a proportional increase in engagement level
for User A. When we look at the actual video, we confirm that User B asked User A some
questions/opinions. The behavior of asking questions and opinions encouraged two users to
improve their engagement levels.

We also discovered findings on the importance of engagement. When we checked the
user performance of AUT result, we found that the engagement level does correlate. The
number of ideas proposed by each participant, A, B, and C, was 22, 14, and 12. The highly
engaged users were in the same order: A, B, and C. The results indicate that it is feasible to
enhance individual participants’ engagement levels, which would increase their contribution.

In summary, we have confirmed that the application we have developed, EnGauge, has a
high potential to understand and improve the transition of user engagement in online meet-
ings. From the pilot study, we have also identified that improving engagement can improve

the user’s performance.

Limitations and Future work

The work’s contributions were strongly mentioned; however, some limitations exist for future
research to refine and extend our contributions.

The first limitation is the guidance of the control setting or conditions of the online meet-
ing experiment. In our experiment, we did not guide participants to make their faces out

of the camera frame. Since then, we have found some imbalances in each dataset level.
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Specifically, we found 149,004 as a usable image for the middle engagement labeled dataset.
However, 105,088 was usable for the low-engagement labeled dataset. The difference in the
number of images for the middle and low-engagement labeled datasets was more than 40,000
frame images. We found that most of our image reduction occurred mainly due to the unclear
detection of a user’s face. In detail, some participants lost more than 20% of the frames. The
chin, for example, was outside the box and was not captured by the camera. We could remind
each user to be inside the camera’s frame for future work. Another option is to notify the user
when they are out of the camera frame during the experiment.

The second limitation is the redundancy of the dataset. Our most significant contribution
was to create a controlled environment for the experiment to create a clean dataset. Due
to these settings, we have some limitations in the behaviors that could occur in the wild.
We asked participants to take their text files on the computer during the experiment. This
guidance significantly avoided looking at notes or documents outside the computer. However,
meeting participants can use paper materials to take notes in real-life situations. We also
prevent users from speaking to someone outside the screen. This behavior could also happen
in wild studies. Therefore, since the conditions of this study are not entirely wild, various
cognitive errors may occur when adapted to the real world. We could discover these unknown
behaviors in the wild and apply those patterns to a trained model for future work. Our next
target is to continuously integrate the model while the user is using EnGauge application.

The third limitation is the variance of belongings for each participant. We only asked
participants to remove their facial masks during our data collection before starting the ex-
periment. However, we found that participants’ belongings varied after completing the data
collection. Examples of the belongings are glass, cap, or hijab during the experiment. These
accessories tend to hide the faces of the participants. We should fix participants’ belong-
ings to make the experiment conditions more controlled and generate a clean dataset. For
future work, we could make a dataset category. Then, we could implement a model for each
category to generate an accurate model.

The fourth limitation is the variance of the participants’ backgrounds. Similar to the third
limitation, we realized that our dataset collection has a variety of backgrounds. The back-
ground refers to the nationality, age, gender, or relationships with other experiment partici-
pants. Other than the last condition, nationality, age, and gender somehow correlate with the
behaviors. It is often mentioned that differences in cultural backgrounds may have different
ways of expression or communications [103, 109]. For future work, we could also classify
the backgrounds of participants into some categories to make the model more precise.

The fifth limitation is the improvement of the engagement level recognition model. As
we mentioned, the model can still be improved due to the participants’ different backgrounds.
In our current MobileNetV2 model, we only put an image frame into the model for recog-
nition. The model tries to recognize the information in the image according to the hashed
information. However, we could add additional information, such as the emotion recognition
model [64]. For future work, we could extend our model and create an emotion recognition
model to make a more robust engagement recognition model.

The last limitation is the user interface of EnGauge. Our initial user interface allows the
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user to see the gauge on the screen during online meetings. Also, users can get feedback
afterward by recording it if necessary. However, the current version of showing the gauge
may distract the participant from the conversation since the user might often look at the
gauge. Our target is not to attract the user’s attention to the gauge interface but to engage the
user in the meetings. In order to do so, the application can be in another kind of approach. In
future work, we could apply our engagement levels detection model to various applications.
For example, implement a meeting facilitation Bot to check each participant’s engagement
level and ensure everyone is on the same page. Another idea is to create a notification that

users can receive when their engagement level has been low for a certain amount of time.

4.2.5 Conclusion

This work uses only a built-in webcam to measure student engagement levels during an online
meeting. Our approach can generally achieve the ternary classification of the engagement
levels. We performed our analysis on data collected from 24 students after preprocessing.
We first apply a feature extraction-based approach and remark an accuracy of 46.7%. Then,
we applied a deep learning-based approach, MobileNetV2, achieving an average F1 score of
89.5Using our model, we developed an application called EnGauge and conducted the pilot
study. The application has a high potential to understand the transition of human engagement
in an online meeting. Our contribution demonstrates a new data collection approach, an

optimal engagement level recognition model, and application scenarios.
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4.3 Concern Gender as a Feature for Emotion Detection

In human-computer interactions (HCI), a camera can be defined as an eye for the computer to
see humans. Computer eyes play a role significantly in various areas, such as understanding
humans’ body movements [25, 34], hand gestures [38, 125], or cognitive states [5, 10, 175].
Previous research suggested that gender differs in emotional expression [32, 96]. Emotions
are the heartbeat of our daily lives, intricately entwined with how we interact with the world.
Lately, the scientific world has been growing fascinated with how we express and recognize
emotions. This becomes even more intriguing when we consider how gender influences these
emotional landscapes, it is a complex dance between psychology, neuroscience, and the bur-
geoning field of artificial intelligence. With the leap forward in technology, especially neural
networks and machine learning, we have opened a new chapter in understanding emotions.
These advancements are not just remarkable tech developments; they offer a deep dive into
the subtle differences in how different genders experience and express emotions. However,
as exciting as this is, it has its challenges. When we mix gender, emotion, and technology,
we face tough questions about biases and blind spots in our current practices.

Our journey through this research explores the complex interplay of gender and emo-
tions, combining insights from gender studies with advancements in neural network technol-
ogy. Our primary mission is to unravel how gender influences emotional expressions and to
develop predictive models that accurately represent these nuances across all genders. This
work is more than just a theoretical inquiry; it is a venture into creating equitable and func-
tional technology in diverse real-world settings. We aim to transform our understanding of
emotional dynamics across genders, paving the way for applications that enhance human-
computer interactions, enrich educational experiences, and refine communication strategies
in various professional and social contexts. This paper draws inspiration from some of the
best minds in gender studies, emotional psychology, and explainable AI. We dissect how
different genders show emotions using a treasure trove of data and innovative methods.

In this paper, we state two research questions. (1) Does gender as a feature improve the
accuracy of predicting human emotion using a camera? (2) How do facial emotions differ
between genders? Our work does not just add to the conversation about gender differences
in emotional expression but also makes our predictive models more inclusive and accurate.
Ultimately, we are working towards technology that effectively and ethically understands and

serves everyone, regardless of gender.

4.3.1 Dataset

In this work, we use the open-sourced dataset DAIiSEE [63]. The DAISEE dataset is a metic-
ulously designed resource for studying learner emotions in e-learning environments.

Data Collection and Annotation

One distinguishing feature of the DAISEE dataset is its commitment to realism and authen-
ticity in data collection. High-definition web cameras were used to record videos, ensuring
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TABLE 4.7: Composition of Frames by Emotion and Gender in the DAIiSEE Dataset

Emotion Total Images | Male Images | Female Images
Boredom 42,121 17,180 24,941
Confusion 27,818 8,370 19,448
Frustration 18,062 6,235 11,827
Engagement 71,100 30,910 40,190

visual clarity and quality. Notably, the dataset was collected in natural settings where learn-
ers use e-learning materials, including dorm rooms and libraries. This approach captures
learners’ genuine reactions and introduces variations in illumination conditions, enhancing
the dataset’s realism.

The annotation process of the DAISEE dataset is thorough and reliable. Initial annota-
tions are crowdsourced, incorporating diverse perspectives on interpreting learner affective
states. This diversity mirrors the potential variations in how viewers perceive a learner’s
engagement. Expert psychologists established a gold standard to validate the accuracy and
reliability of these annotations. This gold standard is a benchmark, ensuring that the crowd-
sourced annotations meet high accuracy and consistency. The correlation between the crowd-
sourced annotations and the expert-created gold standard is pivotal in refining the data, elim-
inating biases, and enhancing the overall quality. Moreover, the DAIiSEE dataset utilizes the
Dawid-Skene aggregation algorithm for vote aggregation. This statistical model effectively
handles data from multiple annotators, especially in scenarios with no definitive ground truth.
It accurately aggregates varied annotations into a consistent set of labels representing the in-
tensity and type of learner engagement. The DAISEE dataset provides a rich and robust
resource for understanding and analyzing learner engagement in e-learning environments
through its comprehensive content, detailed multi-level labeling, and rigorous annotation
process. Its composition reflects the complexity of human emotions and behaviors, while its
methodology ensures the authenticity and reliability of the data, setting a high standard in
affective computing research.

Data Composition

The DAISEE dataset comprises 9068 video clips from 112 diverse users. Table 4.7 illustrates
the dataset composition. This diverse pool of users ensures that the dataset reflects a broad
range of user interactions and responses in e-learning settings, making it highly represen-
tative. Central to the dataset’s utility is its multi-label video classification scheme, which
categorizes user affective states into four primary categories: boredom, confusion, engage-
ment, and frustration. Each category is divided into four intensity levels, allowing for a
precise assessment of learner engagement and emotions. To provide a deeper insight into
the dataset, we have conducted a frame extraction process from each video, resulting in a
detailed breakdown by emotions and gender.
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TABLE 4.8: Summary of Convolutional Neural Network Models

Model Key Attributes

MobileNetV2 | - High computational efficiency

- Adapted for 224x224x3 input images

- Includes a 1024-unit Dense layer with ReLU activation and a
Dropout layer

- Concludes with a 4-neuron sigmoid-activated output layer

InceptionV3 | - Depth and efficiency for 299x299x3 input images
- Similar layer structure with Dense and Dropout layers
- Ends with a 4-neuron output layer

Xception - Focuses on depth in processing
- Configured similarly to InceptionV3 in terms of input size and
layer setup

VGG-Face - Specializes in facial recognition

- Designed for 224x224x3 inputs

- Sequence of GlobalAveragePooling2D layer, Dense layer, and
Dropout layer

- Ends with a 4-neuron output layer with sigmoid activation

4.3.2 Methodology

Building upon the comprehensive foundation provided by the DAISEE dataset, our study
ventures into deep learning to estimate learner engagement through video data analysis. We
employed four advanced convolutional neural network (CNN) models, each selected for its
distinct capabilities in image processing and pattern recognition: MobileNetV2 [146], In-
ceptionV3 [167], Xception [37], and VGG-Face [130]. These models’ key attributes and
configurations are detailed in Table 4.8. Each model underwent meticulous data preparation,
including preprocessing and splitting the DAIiSEE dataset into training, validation, and test-
ing sets (60-20-20 ratio). Standard image preprocessing techniques were applied to conform
to the models’ input specifications. The training was conducted with a batch size of 256 over
30 epochs, with early stopping implemented to prevent overfitting. Model performance was
evaluated using accuracy metrics and confusion matrices, providing detailed insights into
classification effectiveness.

In our study, a critical component involves comparing two approaches applied to the deep
learning models: the baseline methodology and the advanced strategy combining data aug-
mentation with the leave-one-gender-out approach. This comparative analysis is pivotal in
understanding the robustness and adaptability of the models under different training condi-

tions.

Baseline Methodology

All four models, MobileNetV2, InceptionV3, Xception, and VGG-Face, were initially trained

and evaluated using a standard approach. This baseline methodology involved training the
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FIGURE 4.17: Result of the emotion recognition with baseline, male-only, female-only.

models on the complete dataset without gender-specific exclusions or data augmentation
techniques. It served as our control setup, providing a benchmark for the models’ inherent

capabilities in classifying emotional states from video data.

Data Augmentation and Leave-One-Gender-Out Approach

In contrast to the baseline, the second approach introduced data augmentation and the leave-
one-gender-out strategy. Here, the models were trained on datasets excluding one gender
at a time, challenging them to generalize across more diverse datasets. Data augmentation
techniques, such as random adjustments in image brightness and contrast, were employed to
enhance further the models’ ability to adapt to variations in the data. This approach tested
the models’ robustness and performance in less biased and more generalized settings.

The performance of each model under these two approaches was meticulously compared
using a range of metrics, including accuracy, precision, and recall. This comparison aims to
reveal the impact of data augmentation and gender-specific training on the models’ ability
to classify emotional states accurately. The detailed results and thorough analysis of this
comparative study are presented in the following section, "Results." This section will delve
into the specifics of each model’s performance under the two approaches, providing insights

into their strengths and limitations.

4.3.3 Results

The results from the analysis of four different models demonstrate varied performances
across different emotions and gender categories. Detailed accuracy by model and gender

for each emotion is illustrated in Figure 4.17. InceptionV3 exhibited notable proficiency
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in recognizing ’Engagement’ with high accuracy, particularly in males (94.27% accuracy).
However, it struggled significantly to identify ’Boredom’ in males (53.41% accuracy) and
females (71.94% accuracy). *’Confusion’ and ’Frustration’ detection was strong in males but
showed a stark contrast in females. These patterns are visually depicted in Figures 4.17¢
4.17a, 4.17b, and 4.17d for ’Engagement’, 'Boredom’, ’Confusion’, and ’Frustration’.

Xception presented a mixed performance, excelling in ’Engagement’ detection, espe-
cially in females (90.47% accuracy). The model showed moderate effectiveness in recogniz-
ing "Boredom’, with slightly better female performance. For ’Frustration’ and ’Confusion’,
the model demonstrated high accuracy for males and relatively lower but good accuracy for
females.

MobileNetV2 demonstrated high effectiveness in identifying ’Engagement’, particularly
in females (98.50% accuracy). The accuracy for 'Boredom’ was considerably low for both
genders. However, the model performed well in detecting *confusion,” with high accuracy
in males (90.72%). However, the accuracy dropped significantly in females (38.04%). The
model showed high accuracy in recognizing ’Frustration’ in males (95.25%) but lower accu-
racy in females (70.48%).

VGG-Face showed consistent performance across all emotions, with high accuracy in
detecting ’Engagement’ and ’Frustration’ across genders. It had moderate success in recog-
nizing ’Boredom’, with better accuracy in females (74.50%). The detection of ’Confusion’
was more effective in males than females.

In the comparative analysis between the baseline analysis and the leave-one-gender-
out approach with data augmentation for the MobileNetV2, InceptionV3, Xception, and
VGG-Face models, distinct trends and disparities emerge, highlighting the impact of gender-
specific data handling in emotion recognition tasks.

InceptionV3 exhibited notable performance differences. The gender-specific analysis
maintained high accuracy for ’Engagement’ at 88.03% for females, and showed improve-
ments in 'Boredom’ and *Confusion’ for females, but no significant change in ’Frustration’.

Xception’s performance in ’Engagement’ was consistent at 90.47% across both analyses,
with minor accuracy variations in ’Boredom’ and *Confusion’, and stability in *Frustration’.

MobileNetV2 achieved a strong baseline in ’Engagement’ at 91.39%, with increased
accuracy for females in the gender-specific approach reaching 98.50%. However, it showed
low performance in ’Boredom’ across both approaches, decreased *Confusion’ accuracy for
females in the gender-specific approach, and a significant increase in ’Frustration’ accuracy
for females, highlighting the impact of gender-specific data augmentation.

VGG Face demonstrated high baseline accuracy in 'Engagement’ at 90.83% and main-
tained strong performance for females in the gender-specific approach. It showed a notable
increase in accuracy for 'Boredom’ and ’Frustration’ in females and a slight decrease in
"Confusion’ accuracy, but overall robust performance in the gender-specific analysis.

Additionally, the application of Grad-CAM technology provided insightful visualiza-
tions, revealing notable differences in how emotions are expressed between genders and

highlighting key facial features vital in emotion recognition.
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FIGURE 4.18: Grad-CAM visualizations showing gender-based distinctions in facial regions for
different emotions.

4.3.4 Discussion

Our research illuminates gender differences in emotional expression and recognition, em-
phasizing their relevance to the development of technology for human-computer interaction
(HCI) and e-learning. Aligning with existing literature on gender-based emotional variance,
our study offers practical insights for enhancing emotion recognition technologies by incor-
porating male-female differences. We integrated gender-specific data into different convolu-
tional neural network models and found significant improvements in recognizing emotions
like ’Engagement’, with varied results between genders. However, we also noted that these
models struggle to consistently identify emotions such as "Boredom’ and *Confusion’ across
genders. These findings underscore the importance of tailoring technology design to accom-
modate gender differences.

The comparative analysis sheds light on how gender-specific data handling impacts emo-
tion recognition. InceptionV3, for example, showed improved accuracies in detecting certain
emotions in females under the gender-specific approach compared to the baseline. Xception
maintained steady accuracy in ’Engagement’ detection across both methods. MobileNetV2
saw a notable increase in accuracy for ’Engagement’ in females in the gender-specific ap-
proach, while VGG Face demonstrated slight variations in accuracy for different emotions
across the two methods.

Furthering this analysis, the application of Grad-CAM in our research has been funda-
mental in highlighting these aspects. The Grad-CAM visualizations bring the specific facial
regions essential in differentiating emotions across genders. Our analysis using Gradient-
weighted Class Activation Mapping (Grad-CAM) revealed distinct gender-based patterns in
the models’ recognition of facial expressions.

Boredom - For females, the models focused on the lower half of the face, particularly
around the mouth, suggesting that female expressions of boredom might be conveyed through

mouth movements or positions (Figure 4.18a). In males, attention was directed to the upper
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facial region, especially around the eyes and nose, indicating that male expressions of bore-
dom could involve reduced eye movement or a lack of facial engagement (Figure 4.18e).

Frustration - The models highlighted the brow and jawline in males, implying that male
frustration might be expressed through tension in these facial muscles (Figure 4.18h). For
females, the focus was on the mouth area, suggesting that signs of frustration in females are
more evident in movements or expressions related to the mouth (Figure 4.18d).

Engagement - In male subjects, the models concentrated on the mouth and lower nose
area, indicating these regions are key in conveying male engagement, potentially through
mouth movements or reactions (Figure 4.18g). The eye region was emphasized for females,
implying that female engagement is communicated through the eyes, possibly via gaze di-
rection or eye movement (Figure 4.18c¢).

Confusion - The models focused on the mouth region in males, suggesting that expres-
sions of confusion might be conveyed through mouth movements (Figure 4.18f). In females,
the emphasis was on the eye area, highlighting the eyes as key indicators of confusion, pos-
sibly manifested through widened eyes or a searching gaze (Figure 4.18b).

These findings underscore the nuanced differences in how emotions are expressed and
perceived across genders, providing valuable insights into the facial features most instru-

mental in emotion recognition.

4.3.5 Limitation and Future work

Our study marks an essential step in emotion recognition, but it is important to recognize its
limitations. The primary limitation stems from our reliance on the DAISEE dataset, which,
while comprehensive for e-learning environments, might only partially represent the wide
range of emotions in different real-world settings. This limitation impacts the broader appli-
cability of our findings. We also noted differences in the performance of various convolu-
tional neural network models, such as MobileNetV2, InceptionV3, Xception, and VGG-Face,
in emotion detection. These differences suggest potential biases, which could influence their
effectiveness in varied contexts. Addressing these biases is crucial for improving model ac-
curacy and reliability.

Future research should broaden the scope by including more diverse datasets that reflect a
more comprehensive range of emotional states and settings. This would enhance the versatil-
ity and robustness of emotion recognition models. Additionally, it is important to analyze and
mitigate any inherent biases in these models, ensuring their accuracy and fairness. Another
key area for future exploration is the inclusion of a cross-cultural perspective. Recognizing
and accommodating the diversity in emotional expression and gender perception across cul-
tures is essential. Future studies should assess how these models perform across different
cultural backgrounds to develop more universally relevant and culturally aware technologies.

By addressing these limitations and exploring these future directions, we can make signif-
icant strides in creating more reliable and socially relevant emotion recognition technologies.
This approach will help develop systems finely attuned to the subtleties of human emotion

and expression.
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4.3.6 Conclusion

This study explored the intersection of gender and emotion recognition using convolutional
neural network models like MobileNetV2, InceptionV3, Xception, and VGG-Face. Key
findings demonstrate that incorporating gender-specific data significantly enhances emotion
recognition accuracy, particularly for emotions like Engagement and Frustration. This un-
derscores the need for gender-inclusive approaches in technology design, moving beyond
traditional gender-neutral methods. Our use of Grad-CAM technology further highlighted
the importance of gender considerations in accurately identifying emotional states, marking
a significant contribution to affective computing and human-computer interaction. This re-
search paves the way for developing technologies that more accurately reflect the diversity
and complexity of human emotions and expressions. In conclusion, the study advocates for
developing technologically advanced yet socially conscious and inclusive systems. It opens
new paths for future research into gender-inclusive models, aiming to create equitable and
effective emotion recognition technologies that resonate with a wide spectrum of human ex-

periences.
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4.4 Discover Knowledge Receiver: Comprehension Level Esti-

mation

In the wake of the devastating COVID-19 pandemic, the field of education has undergone
a profound transformation, with a rapid shift towards hybrid learning models. Video lec-
tures have emerged as a powerful tool for disseminating knowledge to a vast audience asyn-
chronously. However, the lack of real-time monitoring capabilities poses a significant chal-
lenge, leading to an urgent need for a deeper understanding of non-verbal cues from remote
audiences, surpassing the traditional scope of in-person lectures. Compelling evidence from
previous research underscores the limited attention span of audiences, with studies suggest-
ing a mere 10-20 minutes of sustained focus before attention wanes [23]. Moreover, dropout
rates have been found to escalate proportionately to the duration of video content [92]. This
alarming trend underscores the criticality of real-time comprehension assessment and con-
tinual feedback mechanisms for fostering sustainable, high-quality education.

Integrating timely feedback mechanisms holds immense potential, benefiting educators
and learners. Educators can leverage insights from student comprehension feedback to re-
fine their instructional approaches. Simultaneously, personalized interventions targeted at
students grappling with comprehension challenges can be instrumental in stemming the tide
of dropouts and fostering a supportive learning environment. Learners can also get feedback
from the system to receive a summary report on the low comprehension segment.

In this context, our study draws inspiration from the groundbreaking work of Srivastava,
which pioneered contactless sensors to gauge learning difficulties in digital learning envi-
ronments. While their research demonstrated the impact of lecture format on self-reported
difficulty levels, it needed to analyze biometric markers to gauge comprehension levels. No-
tably, the absence of real-time data collection and the potential influence of the self-reporting
process on participants’ multitasking capabilities pose critical limitations to the study’s scope
and applicability in real-world settings.

Building upon the foundation laid by prior research, our study integrates comprehen-
sive eye-tracking data, post-lecture self-reported confidence annotations, and post-problem-
solving scores obtained during video lectures. By merging self-reported confidence anno-
tations with problem-solving performance, we delineate a nuanced and holistic framework
for assessing comprehension states. Our study’s findings make significant strides toward
addressing the critical gaps in existing research and pave the way for a more nuanced un-
derstanding of the multifaceted dynamics underlying remote learning environments. Our
contributions to this paper are as follows. (1) Public Dataset: We implement a new gaze,
confidence, and comprehension state annotation dataset. (2) Confidence Estimation: We in-
vestigate the prediction of self-reported confidence state from the dataset. (3) Comprehension

Estimation: We investigate the prediction of comprehension state from the dataset.

4.4.1 Experimental Design

This section explains the participants’ backgrounds and the experiment procedure. The

dataset will be publicly available.
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TABLE 4.9: An example of the segmentation annotations created by the authors. One round is split
into three segments.

Location Amount Gender Age (Mean) Major of the study in the university

Germany 10 Participants 6M & 4F 24 -38 (27.3) 7 Computer Science, 2 Psychology, 1 Physics
Japan 10 Participants 8M & 2F 23 - 25 (23.5) 10 Computer Science

Total 20 Participants 14M & 6F 23 - 38 (25.3) 17 Computer Science, 2 Psychology, 1 Physics

Regulation >Calibration > Lecturel > Post-Process > Lecture 2 > Post-Process >Lecmre3 > Post-Process

Consent form <@ Eye tracking [Z]Video (Music) [l MCQ/Survey . Annotation [Z]Video (Physics) [ MCQ/Survey .Annola\ion [T video (CS) [ MCQ/Survey .Anno‘ra(ion
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FIGURE 4.19: A figure shows a flow of the experiment procedure. CS in lecture 3 stands for
computer science.

Participants

In this study, we recruited 20 participants in Germany and Japan. Table 4.9 shows the detailed
background of the participants. We recruit participants in Germany who use English as their
main language at university or in their company. For participants in Japan, we recruit those
who study or work mainly in Japanese. Against participants in Germany, we obtained partic-
ipants’ consent for the General Data Protection Regulation (GDPR) before the experiment.

Participants in both countries could opt out of the experiment at any time.

Procedure

Figure 4.19 shows the overall experiment workflow for participants to follow. Figure 4.20
shows the experimental condition and post-process. In this study, we conduct experiments
in the same room in a controlled manner in each country. Participants get an explanation of
the experiment’s purpose and the use of the collected data. Once they confirm, participants
sign the consent form and write demographic information such as gender, age, and major of
study. Then, participants do a calibration on the eye-tracker. After calibration, the participant
starts watching a lecture video. Once the participant finishes watching, follow the post-
process, which is solving Multiple Choice Questions (MCQ), writing a survey, and making a
segment annotation of when the user is unconfident in the video lecture. Participants repeat
this procedure with two more video lectures. To avoid fatigue from the continuous trials, we
asked participants to watch each video on different days. The domains of the lectures are

music, physics, and computer science.

Materials

We prepared six lecture videos, three types for participants in Germany and another three
for Japan. We prepared a lecture in English for participants in Germany and a lecture in
Japanese for participants in Japan. Participants in Germany watched the following: music

lecture (Lecture 1) 3, physics lecture (Lecture 2) 4 and computer Science lecture (Lecture

3https://youtu.be/ubVroGaD7gI
“https://youtu.be/ukK2eFv7ne_Q


https://youtu.be/uDVr0GaD7gI
https://youtu.be/uK2eFv7ne_Q
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(b) Participant answer MCQ and survey. (c) Self annotation using Label Studio.
FIGURE 4.20: Experiment condition and post-process. The Tobii 4C eye tracker collects gaze data,

and the Windows Surface Studio webcam collects recordings of participants watching a video.
Participants answer MCQ/Survey and self post-annotation of unconfident time segment is labeled.
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FIGURE 4.21: Sample of different participants gaze data (right and left pupil diameter difference)
with self-reported confidence annotation. The green rectangular parts represents confident segment
and the red rectangular parts represents unconfident segment. As the sample shows, there are
significant difference in the count of self-report confidence annotations.

3) 3. Participants in Japan watched the following music lecture (Lecture 4) ©, physics lecture
(Lecture 5) 7, and computer Science lecture (Lecture 6) 8,

Shttps://youtu.be/xvOMnQhViljI
6https ://youtu.be/4ZeyWopr1dE
7https ://youtu.be/jwQY®OVOAiIOQ
8https://youtu.be/-jlhoCubiyE


https://youtu.be/xv0MnQhVWjI
https://youtu.be/4ZeyWopr1dE
https://youtu.be/jwQY0vOAiOQ
https://youtu.be/-j1hoCubiyE
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TABLE 4.10: Comparison of participants’ self unconfident annotations and question-solving result
for participants in Germany.

Participant P1 P2 P3 P4 P5 P6 P7 P8 P9 P10
Lecture 1 (Music) - Q1 TN TN TP TP TP TP TP TP TP TP
Lecture 1 (Music) - Q2 FN TN TP FN TP TP TP TN TN TP
Lecture 1 (Music) - Q3 FN Fp TP FN FP TP TN TP TP TN
Lecture 1 (Music) - Q4 TP TN TP FN TP FP FN FP TP TP
FN
TN
FN

Lecture 1 (Music) - Q5 TN TP FN TP FP TP FP TP FP
Lecture 1 (Music) - Q6 FP TP TN FP TP TP TP TP TP
Lecture 1 (Music) - Q7 TN TP TP TP TP TP TP FN FP

Lecture 1 (Music) - Q8 Fp FN TP FN TP TP TP TN TP TP
Lecture 1 (Music) - Q9 TN TN FN FN TP TN TN TP TN TN
Lecture 1 (Music) - Q10 TP TN TP TP TP TP TP TP TP TP

Min continuous unconfident time (s) 19.7 135.2 9.4 49.4 329 428 23.0 72.6 39.5 12.6
Max continuous unconfident time (s) 320.0 428.9 18.6 257.3 49.4 89.1 52.7 207.9 72.6 127.3
Mean continuous unconfident time (s) | 148.9  273.8 14.0 101.3 437 704 338 167.2 56.0 47.4

Total unconfident time (s) 10425 8215 28.0 11152 1748 221.2 3728 501.7 1682 379.3
Lecture 2 (Physics) - Q1 TP TP TP TN TN TP TP TP TP TP
Lecture 2 (Physics) - Q2 TP TP TP TN TP TP TP TP TP FN
Lecture 2 (Physics) - Q3 TP TP TP FP TP TP TP TP TP TP
Lecture 2 (Physics) - Q4 FN FN TP FP TP TP TP TP FN TP
Lecture 2 (Physics) - Q5 FP TN TN EN TN TP TP FN TN TP
Lecture 2 (Physics) - Q6 FP FN TN EN TP TN TP FP FN TP
Lecture 2 (Physics) - Q7 FN TN TP FN TP TP TP FP TP TP
Lecture 2 (Physics) - Q8 FP FP TP FP TP TP TP FP TN TP
Lecture 2 (Physics) - Q9 TP FP TP FN TP TP FN FN FN TN
Lecture 2 (Physics) - Q10 EN EN TP TP TP TP TP FP TN TP

Min continuous unconfident time (s) 14.0 226.3 28.2 89.6 0.0 28.2 15.1 113.1 56.5 12.6
Max continuous unconfident time (s) 3744  679.1 33.0 1234.1 0.0 84.8 67.1 22453 6414 2285
Mean continuous unconfident time (s) | 128.0  343.3 29.7 727.4 0.0 58.0 1127 9652 2310 474

Total unconfident time (s) 1271.1  1259.6 146.2 23625 0.0 2405 280.0 23585 1386.5 703.0
Lecture 3 (Computer Science) - Q1 TP TP TP TP TP TP TP TP TP TP
Lecture 3 (Computer Science) - Q2 TP TP TP TP TP TP TN TN TP TP
Lecture 3 (Computer Science) - Q3 TP TP TN FN TP TP TP FN TP TP
Lecture 3 (Computer Science) - Q4 TP TP TP TP TP TP TP TN TP TP
Lecture 3 (Computer Science) - Q5 TP TP TP TN TP TP TP TN TP TP
Lecture 3 (Computer Science) - Q6 TP TP TP FN TP TP TP FP TP TP
Lecture 3 (Computer Science) - Q7 TP TP TP FP TP TN TP TP FN FN
Lecture 3 (Computer Science) - Q8 TP TP TP TP TP TN TP TP TP TN
Lecture 3 (Computer Science) - Q9 TN TN TN TP TP TP TP FN TN TP
Lecture 3 (Computer Science) - Q10 TN TN TN FN FN FP FN FN TP TP

Min continuous unconfident time (s) 4.5 27.1 5.5 369.8 31.7 332 33.1 53.8 49.8 47.1
Max continuous unconfident time (s) 39.5 63.4 359 12341 815 116.0 44.1 330.8 176.7  194.4
Mean continuous unconfident time (s) 20.9 444 18.2 975.2 524 2265 39.6 222.0 74.3 95.3
Total unconfident time (s) 110.1 185.8 1039 1669.6 249.2 198.7 242.8 883.3 339.9 470.8

We select three domain-specific lectures to collect a variety of behaviors while watch-
ing each university-level lecture. Also, we collect participants from two different language
domains to verify their robustness or versatility. We issued an MCQ and the survey using
Google Forms !. The MCQ for each lecture is ten questions with four choices. A unique
aspect of this question design is that each corresponds to 1, 5, 10, 15, 20, 25, 30, 35, 40,
and 50 minutes of viewing time. For example, participants can answer the first question if
they understand the beginning part of the video for a minute, and they can answer the second
question if they watch for five minutes. This setting allowed us to discover whether partic-

ipants understood the lecture in each time segment. A survey asked two questions: “What

1https ://www.google.com/intl/en/forms/about/


https://www.google.com/intl/en/forms/about/
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TABLE 4.11: Comparison of participants’ self unconfident annotations and question-solving result

for participants in Japan.

Participant P11 P12 P13 P14 P15 P16 P17 PI8 P19 P20
Lecture 4 (Music) - Q1 TP TP FP TP TN TP TP TP TP TP
Lecture 4 (Music) - Q2 TN TP FP FP TP TP TP TP TP TP
Lecture 4 (Music) - Q3 TP TP FP TP TN TP TP TP TP FN
Lecture 4 (Music) - Q4 FP TN FP TP TP TP TP FP TP TP
Lecture 4 (Music) - Q5 TN TP TP TP TP TP TP FP TP TN
Lecture 4 (Music) - Q6 FP FN FP TP FN TP TP FP FP FP
Lecture 4 (Music) - Q7 TN TP FP TN TP TP TN FN FP TN
Lecture 4 (Music) - Q8 TP FP TP TP FP TP TP FP FP FP
Lecture 4 (Music) - Q9 TN TP TP TP TP TN TP TP FP FN
Lecture 4 (Music) - Q10 TN TP FP TP TP TP TP FP FP TN

Min continuous unconfident time (s) 20.6 30.8 452.1 3054 30.8 54.4
Max continuous unconfident time (s) 1443 142.7 1023.3 3054 14277 100.5
Mean continuous unconfident time (s) | 56.8 68.4 7119 3054 68.4 77.5

45 103.1 78.8 27.7
249 5354  313.0 3212
17.7  339.1 1949 103.1

Total unconfident time (s) 341.1 478.8 28477 3054 4788 155.0 1419 13564 1559.8 721.8
Lecture 5 (Physics) - Q1 TP TP FN TP TN TN TN TP TN TN
Lecture 5 (Physics) - Q2 TN TN TN TN TN TP TP TP TN TN
Lecture 5 (Physics) - Q3 TP TP TP TP TP TP TP TP FP TP
Lecture 5 (Physics) - Q4 TP TP FP TN TP TP TN TN FN TN
Lecture 5 (Physics) - Q5 FP TP FP TP TP TP TP TP FP TP
Lecture 5 (Physics) - Q6 FN TN FP TP TN FN FN TN FN TN
Lecture 5 (Physics) - Q7 TP TP TP TP TN TP TP TP TP TP
Lecture 5 (Physics) - Q8 TP TP FP TP TP TP TP TP TP TP
Lecture 5 (Physics) - Q9 TP FP FP TP FpP TP TP TP FN TP
Lecture 5 (Physics) - Q10 TN TN FP TP TN TP TN FP TP TP

Min continuous unconfident time (s) 60.0 15.6 60.0 146.2 60.0 283.6
Max continuous unconfident time (s) 1384 1809 600.1 2779 1338 283.6
Mean continuous unconfident time (s) | 103.8 824  284.6 191.7 101.5 283.6

323 4939 64.6 49.6
646 4939 3231 1206
46.1 4939 2328 940

Total unconfident time (s) 623.2 2474 1708.0 5753 6093 283.6 2769 4939 1629.6 376.0
Lecture 6 (Computer Science) - Q1 TP TP FP TP TP TP TP TP TP TP
Lecture 6 (Computer Science) - Q2 FN TP FP TN TP TN TP TN TN TN
Lecture 6 (Computer Science) - Q3 TN TP FN TN TN TP TP TP TN TN
Lecture 6 (Computer Science) - Q4 FP TP TP TN TN TP TP TP TN TN
Lecture 6 (Computer Science) - Q5 TP TN TP TP TP TP TP TN TN TP
Lecture 6 (Computer Science) - Q6 FP TP TN TP TN TP TP TN TN FN
Lecture 6 (Computer Science) - Q7 TP TN FN TN TN TN TP TN TN TN
Lecture 6 (Computer Science) - Q8 FP TP TP TP TP TP TP TP TP TP
Lecture 6 (Computer Science) - Q9 TP TP FP TN TN TP TP TP TN TN

Lecture 6 (Computer Science) - Q10 TN TP TN TP TP TP
Min continuous unconfident time (s) 118.9 0.0 272.8 0.0 43.2 36.6
Max continuous unconfident time (s) 281.6 0.0 751.9 0.0 156.3  36.6
Mean continuous unconfident time (s) | 220.1 0.0 4414 0.0 80.4 36.6
Total unconfident time (s) 880.5 0.0 13242 0.0 4824 36.6

TP TN TP TP

0.0 83.1 59.7 73.5
0.0 116.4 59.7 186.0
0.0 96.4 59.7 1197
0.0 289.4 59.7  359.1

did you find easy (difficult) to understand about the lectures?”.

This perspective supports

understanding why the participant felt unconfident about the video lecture.

Data Acquisition Tool

For data collection, we use a remote eye-tracker (Tobii 4C with an academic license) to

record precise eye movements on the lecture video. The eye-tracker collects timestamps,

pupil diameters, and x and y locations of the gaze. We also used the Microsoft Surface

Studio webcam to record facial and body information. The webcam was 30.00 frame-per-

second, and the screen resolution was 1280x 720 pixels. We also collect self-annotation of
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TABLE 4.12: Amount of each TP, TN, FP, and FN comprehension state labels.

Location TP (True Positive) TN (True Negative) FP (False Positive) FN (False Negative)

Germany 187 52 24 37
Japan 168 74 42 16
Total 355 126 66 53

the labeling of unconfident using Label Studio [168]. The tool is an open-source graphical

user interface application, making it easy for anyone to annotate.

4.4.2 Results and Discussion

This section will detail the dataset balance and confidence/comprehension estimation results.

Dataset Balance

In this section, we summarize the collected dataset. This section is designed to provide
valuable support for future researchers contemplating the utilization of our publicly available
datasets. Figure 4.21 shows an output of gaze data (right and left pupil diameter difference)
and self-reported confidence state compared with time. The red-colored rectangle indicates
a time duration when the participant self-reported as unconfident in the video lecture. As
the sample shows, the time duration of the unconfident state differs between the example of
Farticipant 5 and Participant 8. Looking more in detail in the Table 4.10 and Table 4.11,
each shows the results of the comparison between participants’ self-reported unconfident
annotations and question-solving results in Germany and Japan. In the table, each TP, TN,

FP, and FN means as below:

* TP (True Positive): Participant annotated as confident and made a correct answer to
the MCQ.

* TN (True Negative): Participant annotated as confident and made a wrong answer to
the MCQ.

* FP (False Positive): Participant annotated as unconfident and made a correct answer to
the MCQ.

* FN (False Negative): Participant annotated as unconfident and made a wrong answer
to the MCQ.

The correct answers are represented in the table using a gradient of green, and the in-
correct answers are indicated in red. The intensity of the color reflects the participants’
confidence level when providing the annotations while viewing the respective videos. Ta-
ble 4.12 presents a comprehensive overview of the frequency counts for each of the four
comprehension state labels (TP, TN, FP, and FN). The total count for the correct answers in
the multiple-choice questions (MCQ) was 421 (TP + FP), while the count for the incorrect
answers was 179 (TN + FN).
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TABLE 4.13: LOPOCYV results of binary confidence state using Gaussian Naive Bayes, Decision
Tree and Random Forest.

Dataset Features Model Accuracy Precision Recall F1-Score
Gaussian Naive Bayes 0.518 0.522 0.519 0.500
Rawdata Decision Tree 0.510 0.510 0.510 0.505
Random Forest 0.519 0.519 0.519 0.515
Gaussian Naive Bayes 0.502 0.517 0.502 0.359
Fixation and Saccades Decision Tree 0.514 0.514 0.514 0.513
Random Forest 0.517 0.517 0.517 0.517
Gaussian Naive Bayes 0.509 0.515 0.509 0.457
Fixation, Saccades, and Pupil diameter | Decision Tree 0.524 0.524 0.524 0.524
Random Forest 0.537 0.537 0.537 0.537

The results reveal an intriguing pattern, with TP having the highest count and, inter-
estingly, FN having the lowest. Upon a detailed examination of each question, it became
evident that at least one participant answered correctly with confidence (TP), suggesting the
straightforward nature of these questions for at least one participant. However, further anal-
ysis indicated that specific questions, such as “Lecture 1 - Q9”, “Lecture 3 - Q10”, “Lecture
5-Q6”, and “Lecture 6 - Q7”, posed significant challenges, as only one or two participants
could answer them correctly with confidence. These findings underscore the importance of a
meticulous review during the analysis phase, as specific questions might necessitate revision
due to their inherent difficulty levels.

Furthermore, we identified distinct characteristics associated with the annotation labels.
Specifically, we investigated the minimum, maximum, and total duration of unconfident time
within the first 50 minutes of the video. Given that our study focused solely on MCQs
that could be answered within the lecture video’s initial 50 minutes, any data beyond this
timeframe should have been included in the analysis. Remarkably, participant P5 exhibited
the minimum total unconfident time during lecture 2, while participants P12, P14, and P17 in
lecture six all recorded 0.0 seconds within a total timeframe of 3000 seconds (50 minutes).
In contrast, the maximum total unconfident time among all participants was recorded by
participant P8 in lecture 2, amounting to 2358.5 seconds within the 3000-second timeframe
(50 minutes). A post-survey analysis indicated that the complexity of the terminology was
cited as a prominent difficulty during the lecture, whereas the provision of comprehensible
examples and diagrams was attributed to heightened participant confidence.

Confidence Estimation

In this section, we explain the result of self-reported confidence estimation from gaze data.
Self-reported confidence is in the binary class of True and False. The NaN values extracted
by the eye-tracker are filled into 0. This approach helps extract the participant’s blinks or
off-screen behavior, which is highlighted as significant in the mind-wondering prediction
research [186]. Using the dataset, we apply several machine learning models against confi-
dence estimation. Table 4.13 shows the results of leave-one-participant-out cross-validation

(LOPOCYV). We compared results by extracting several features.
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TABLE 4.14: LOPOCY results of binary confidence state using Gaussian Naive Bayes, Decision
Tree and Random Forest in English.

Dataset Features Model Accuracy Precision Recall F1-Score
Gaussian Naive Bayes 0.491 0.491 0.491 0.490
Rawdata Decision Tree 0.524 0.524 0.524 0.524
Random Forest 0.518 0.518 0.518 0.518
Gaussian Naive Bayes 0.505 0.505 0.505 0.497
Fixation and Saccades Decision Tree 0.521 0.521 0.521 0.520
Random Forest 0.520 0.520 0.520 0.519
Gaussian Naive Bayes 0.501 0.501 0.501 0.490
Fixation, Saccades, and Pupil diameter | Decision Tree 0.530 0.530 0.530 0.530
Random Forest 0.543 0.543 0.543 0.543

TABLE 4.15: LOPOCYV results of binary confidence state using Gaussian Naive Bayes, Decision
Tree and Random Forest in Japanese.

Dataset Features Model Accuracy Precision Recall F1-Score
Gaussian Naive Bayes 0.528 0.528 0.528 0.527
Rawdata Decision Tree 0.510 0.511 0.511 0.505
Random Forest 0.529 0.530 0.529 0.526
Gaussian Naive Bayes 0.506 0.513 0.506 0.428
Fixation and Saccades Decision Tree 0.513 0.514 0.513 0.513
Random Forest 0.522 0.522 0.522 0.522
Gaussian Naive Bayes 0.513 0.515 0.513 0.501
Fixation, Saccades, and Pupil diameter | Decision Tree 0.514 0.515 0.515 0.515
Random Forest 0.527 0.527 0.527 0.526

We first use raw data as input to see the baseline estimation result. The features are gaze
x, gaze v, left pupil, right pupil, and pupil diameter. As a result, the F1-Score is 0.515 using
the Random Forest classifier. Then, we convert raw data into fixations and saccades referring
to the calculation. We define a fixation as a period of steady eye gazes at one point for at
least 80 to 100 ms [24]. A saccade is a ballistic and rapid eye movement from one fixation to
another [136]. The result of the F1-Score was 0.517, using the Random Forest classifier.

Lastly, we calculate the min, max, and mean pupil diameter while calculating fixation
and saccades. This is to input data on pupil diameter while fixating. As a result, the model
improved slightly, and Random Forest performed an F1-Score of 0.537. We also apply the
same logic with each English and Japanese lecture viewer as shown in Table 4.14 and Ta-
ble 4.15. The results show that the prediction performance with feature-extraction-based
machine learning could have performed better.

We then apply deep learning techniques towards sequential eye gaze data. Figure 4.22
shows each participant’s accuracy results. The mean F1-score was 0.530 and did not perform

well for the sequential deep learning approach.

4.4.3 Comprehension Estimation

This section delves into the outcomes of our gaze data-driven comprehension estimation.

Comprehension is categorized into four classes: True Positive (TP), True Negative (TN),
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FIGURE 4.22: Leave-one-participant-out cross-validation results using sequential deep learning.

TABLE 4.16: LOPOCY results of 4 class comprehension state using Gaussian Naive Bayes,
Decision Tree and Random Forest.

Dataset Features Model Accuracy Precision Recall F1-Score
Gaussian Naive Bayes 0.251 0.243 0.251 0.197
Rawdata Decision Tree 0.254 0.254 0.254 0.251
Random Forest 0.260 0.261 0.260 0.257
Gaussian Naive Bayes 0.253 0.257 0.253 0.237
Fixation and Saccades Decision Tree 0.256 0.255 0.256 0.255
Random Forest 0.259 0.257 0.259 0.254
Gaussian Naive Bayes 0.257 0.264 0.257 0.192
Fixation, Saccades, and Pupil diameter | Decision Tree 0.260 0.258 0.260 0.258
Random Forest 0.266 0.263 0.266 0.259

TABLE 4.17: LOPOCY results of 4 class comprehension state using Gaussian Naive Bayes,
Decision Tree and Random Forest in English.

Dataset Features Model Accuracy Precision Recall F1-Score
Gaussian Naive Bayes 0.251 0.237 0.251 0.226
Rawdata Decision Tree 0.260 0.259 0.260 0.256
Random Forest 0.262 0.260 0.262 0.256
Gaussian Naive Bayes 0.251 0.259 0.251 0.223
Fixation and Saccades Decision Tree 0.253 0.252 0.253 0.252
Random Forest 0.260 0.258 0.260 0.255
Gaussian Naive Bayes 0.257 0.272 0.257 0.226
Fixation, Saccades, and Pupil diameter | Decision Tree 0.255 0.253 0.255 0.252
Random Forest 0.265 0.262 0.265 0.259

False Positive (FP), and False Negative (FN). To handle NaN values extracted by the eye-
tracker, we systematically fill them with zeros. This strategic approach aids in capturing
participant blinks or off-screen behaviors, which have been identified as significant factors in

mind-wandering prediction research [186].
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TABLE 4.18: LOPOCY results of 4 class comprehension state using Gaussian Naive Bayes,
Decision Tree and Random Forest in Japanese.

Dataset Features Model Accuracy Precision Recall F1-Score
Gaussian Naive Bayes 0.256 0.249 0.256 0.207
Rawdata Decision Tree 0.265 0.266 0.265 0.260
Random Forest 0.271 0.272 0.271 0.266
Gaussian Naive Bayes 0.262 0.260 0.262 0.230
Fixation and Saccades Decision Tree 0.255 0.255 0.255 0.255
Random Forest 0.266 0.267 0.266 0.265
Gaussian Naive Bayes 0.259 0.255 0.258 0.246
Fixation, Saccades, and Pupil diameter | Decision Tree 0.265 0.265 0.265 0.264
Random Forest 0.278 0.279 0.278 0.276

LOPCYV sequential deeplearning accuracy for comprehension estimation
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FIGURE 4.23: Leave-one-participant-out cross-validation results of estimating comprehension using
sequential deep learning.

Employing the dataset, we leverage various machine learning models for confidence es-
timation, and the outcomes of leave-one-participant-out cross-validation (LOPOCYV) are de-
tailed in Table 4.16. Our comparative analysis involves the extraction of several features.
Initially, we employ raw data as input to establish a baseline estimation result. Consequently,
the Random Forest classifier yields an F1-Score of 0.257. Subsequently, we transform raw
data into fixations and saccades based on our calculations, resulting in a slightly lower F1-
Score of 0.254 using the Random Forest classifier. Finally, we incorporate the calculation
of the min, max, and mean pupil diameter during fixation and saccades, providing data on
pupil diameter during fixation. This refinement slightly improves, with the Random Forest
classifier achieving an F1-Score of 0.259. Furthermore, we apply the same methodology to
English and Japanese lecture viewers, as illustrated in Table 4.14 and Table 4.15. However,
the results indicate that the prediction performance using feature-extraction-based machine
learning is suboptimal for comprehension estimation.

We then apply deep learning techniques towards sequential eye gaze data. Figure 4.23
shows overall accuracy results for each participant. As a result, the mean F1-Score was 0.346,
higher than all feature extraction methods proposed. However, the estimation of comprehen-
sion of video lecture viewers did not perform well for sequential deep learning methods.
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4.4.4 Limitations and Future Work

One limitation of our experimental design is that we exclusively gathered data from three
distinct lecture categories. While these categories were carefully chosen to represent diverse
instructional styles, it is crucial to acknowledge that this limited selection may only partially
encapsulate the broader spectrum of pedagogical approaches. Consequently, the findings
and conclusions drawn from our study may not comprehensively reflect the entire landscape
of lecture methodologies. Future research endeavors should consider expanding the scope to
encompass a more extensive array of instructional modalities for a more robust understanding
of the subject matter.

Another noteworthy limitation of this study is the depth of confidence in self-annotation.
While we opted for binary classification in annotating confidence, it is crucial to acknowledge
that confidence itself may not be inherently binary. Instead, it can manifest along a spectrum,
encompassing varying degrees or levels of assurance. This multidimensional aspect implies
that confidence holds a depth that extends beyond a simple dichotomy. Moreover, participants
with elevated levels of self-esteem may exhibit a propensity to engage in more nuanced self-
annotations regarding confidence, further contributing to the intricate and multifaceted nature
of this psychological construct.

A third notable limitation is the relatively modest sample size of 20 participants, which
may need to be increased to fully capture the range of individual differences and nuances
within this study population. To increase the generalizability and statistical power of our
findings, future studies should prioritize expanding the participant pool to encompass a more
diverse and representative sample and to ensure a more comprehensive investigation of the
phenomenon under investigation.

In our future research, we aim to enhance the robustness and depth of our investigations
by expanding the participant cohort, thereby ensuring a more comprehensive exploration of
the phenomena under scrutiny. Additionally, we plan to explore alternative machine learning
approaches, such as implementing a sliding window methodology or incorporating advanced
deep learning techniques like Long Short-Term Memory (LSTM) networks tailored to our
dataset. The envisaged advancements also involve considering diverse input sources for esti-
mation. For instance, we contemplate integrating presentation slides or the speaker’s voice as
additional input channels, thereby paving the way for a multi-modal sensing approach. This
innovative strategy holds the potential to enrich our understanding and analysis, offering a
more nuanced perspective on the intricate interplay between gaze data and comprehension

estimation in diverse learning environments.

4.4.5 Conclusion

In this study, we collect eye-tracking data to predict confidence and comprehension levels
during video lectures. A dataset encompassing 20 participants from Germany and Japan,
where participants viewed a 50-minute lecture video spanning three domains, was gathered.
Utilizing eye-tracking and webcam data, participants answered ten multiple-choice questions

and employed an open-source annotation tool to mark segments where confidence waned.
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We collect sensor data using the Tobii 4C eye tracker. Also, we collect multiple-choice ques-
tion answers, survey results, and self-annotation of unconfident labels. We applied several
machine-learning approaches and got an F1-Score of 0.346 for comprehension estimation.

The prediction showed that eyes are difficult to predict the human comprehension level.
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4.5 Discover Knowledge Sender: Presentation Skill Estimation

Presentation skills are important for understanding how knowledge is effectively encoded to
deliver to a knowledge receiver. We also apply TrackThink Camera explained in Section 3.2
during preparation. Participants can search the website during a lecture to find resources
supporting their ideas. Combining knowledge input and output skills, we aim to discover the

characteristics of a skillful presenter.

4.5.1 Methodology

This study aims to estimate presentation skills from presenters’ behavior. We collect both
presenter and listener behaviors using cameras mounted on a tripod. The recorded presen-
ter’s videos are converted into facial and body key points using OpenFace and OpenPose.

OpenFace is explained in Section 4.1.1.

Extracting Body Movements from Raw Video Frames Using OpenPose

OpenPose [26] is an open-source library for estimating the 2D pose of the whole body. The
library jointly detects the human body, hand, facial, and foot of 135 key points on single
images. Library users can choose and remove which key points to estimate. In this study,
due to the camera angle and the table in front of the presenter, we decided to collect upper

body movements, such as the right and left arms.

Understanding Presenter’s Knowledge Input Skill

We collect presenters’ preparation process using TrackThinkCamera explained in Section 3.2.
The objective is to find how skillful presenter collect information to support their presentation

interest and reliability. We collected web browsing features the same as Table 3.11.

Definition of skillful presenter

In this study, we classify skillful presenters by getting a presentation score from the audi-
ence. Audiences were asked to answer the score between 1 and 5 after each presentation.
A skillful presenter is a presenter with a higher score than the average score (X). Below is
the calculation, where N stands for the number of participants and X; is a score made by

audiences.

N
i=1Xi
N

X = 4.1

4.5.2 Experimental Design

This study collected 15 university students (14 male and one female). All students are from
Japan. Figure 4.24 shows the audience’s condition in the classroom listening to the presenta-

tion. Figure 4.25 shows the condition of the presenter.
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FIGURE 4.25: Camera recording of the presenter presenting in front of the class.

The presentation topic for each participant is “Future English Learning Using ChatGPT”.
In order to make a presentation, participants used three lecture times, a total of 270 minutes,
to search for information or evidence on the web. While searching for the evidence, we ask
participants to use TrackThinkCamera explained in Section 3.2. Each presentation allows
seven minutes to talk and three minutes for questions and answers. After the presentation, all
students who were not with the presenter in the lecture evaluated the presenter with a score

between 1 and 5.

4.5.3 Results and Discussion

Using OpenFace and OpenPose extracted features, we applied the Random Forest classifier.
The result observed an Fl-score of 0.815. The feature importance is shown in Figure 4.26.
According to the result of feature importance, we found that pose_Ty_min is an important
feature. This feature represents a minimum movement of the face. By looking at the raw
video, we observed that low-scored presenter tend to look at their computer to follow the
reading script. A high-scored presenter looks at both the audience and the slides. It implies
that the presentation technique can be improved by giving feedback to the presenter on the
head movements. A potential system could make the presenter change their behavior to

realize and look at the audience frequently.
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FIGURE 4.26: Camera recording of the presenter presenting in front of the class.

4.5.4 Limitation and Future Work

This study focuses on collecting presenters’ and listeners’ behaviors using cameras. How-
ever, we did not evaluate the listener’s behaviors and only focused on the presenter. The
study can still work on looking at, for example, speaker and listener synchronization. The
collaborative work can be done with Osaka Metropolitan University to analyze the data fur-
ther. In this study, we only focus on the presenter’s behavior to understand the characteristics
of skillful presenters.

Another future work is to implement an intervention system according to this finding.
Since head motion or looking at the audience is important for presentation skills, the appli-
cation can be implemented to support the presenter’s realization. Our work mainly focuses
on estimation, so in the future, we could implement a system to support behavior change
smoothly to improve presentation skills.

4.5.5 Conclusion

We conduct a study of collecting presenters’ and listeners’ behavior using camera recordings.
The study analyzes a presenter’s face and body movements to estimate a skillful presenter.
We collect 15 participants’ presentation video recordings from the University in Japan. As a
result, we gain an F1 score of 0.815 with a binary classified high and low-scored presenter.
Looking at the importance of the feature, a vertical head motion was significant in identifying
the skill.
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Chapter 5
Intervention in Knowledge Transfer

This chapter explains the approach underlying knowledge transfer intervention applications.
The primary objective of these interventions is to enhance the quality and effectiveness of
human-to-human communication by fostering improved information exchange, mutual un-
derstanding, and collaboration in various contexts.

Section 5.1 explain DiscussionJockey [166] project, which leverages background music
as a tool for enhancing online meetings. The application dynamically plays tailored back-
ground music for each participant in virtual meetings. The type of music varies based on indi-
vidual participants’ speech patterns and contributions. This intervention has demonstrated its
ability to influence the flow of conversation, effectively modulating the amount of speaking
time among multiple participants during discussions.

Section 5.2 explains Metacognition-EnGauge [171] project, which aims to estimate and
visualize self-and-group engagement levels in real-time. The Metacognition-EnGauge sys-
tem was developed to address these challenges by visualizing engagement levels in real-time
through a gauge interface, using an EnGauge deep learning model. The system supports self-
and-group metacognition augmentation and enhanced engagement in multiple participants’
online communication.

Overall, this chapter shows the performance of the intervention of having a real-time ac-
tuation of background music and a real-time engagement gauge in online meetings. The study

confirms controlling participants’ utterances and increased engagement in communication.
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5.1 DiscussionJockey: Smooth Interruption in Video Conference
using BGM

Talking with others is essential to transfer knowledge and develop new ideas. Although
COVID-19 has dramatically changed working styles, people value meetings as much or more
than ever. Even after this pandemic ends, this trend will likely continue. However, compared
to a face-to-face meeting, a video conference causes various problems, such as a lack of real-
life communication with one’s boss or colleague, video delay, and audio quality. Among
those problems, we focused on the decrease in the quality of communication. For instance,
understanding the other participants’ feelings on recent video conference platforms has al-
ways been more challenging. It must be clarified if participants understand what a speaker is
talking about, especially in online lessons. In addition, it is hard to notice even if others feel
like saying something. This is because it lacks the information that comes from eye gaze, the
direction of sound, or body language [145].

As typical trouble, a video conference makes it harder to interrupt the conversation, which
can lead to a collision of conversation or deviation of engagement in the meeting. This comes
from needing help judging the best time to interrupt the speaker. We propose a system that
supports passing the batons of speech to others to solve such trouble. We have designed
an online meeting bot that manipulates a speaker’s speech rate using background music and
makes space for a participant who wants to start talking. We chose background music as an
intervention to give implicit feedback rather than direct suggestions. For example, Zoom has
a raise-hand button, but some people are not willing to use that button to avoid interrupting
the speaker.

Our research goal is to use a bot to do what people hesitate to do by themselves. When
people interrupt other people’s speech, we implicitly let the speaker know that others are
trying to say something. This work is organized as follows. We first describe our survey
findings, which support the idea that music can control speech rate. We then describe how
the system we designed works. Next, we review the setting and result of the pilot study.

Finally, we discuss our findings, including the problems we must solve.

5.1.1 Architecture

Figure 5.1 shows an overview of the proposed system. Our system is implemented as a web
application composed of client and server sides connected via Web Socket. We assume that
meeting participants use a video conference application like Zoom, Teams, or Google Meet.
We leverage the necessary functions for video conferencing to the respective applications and
perform speech amount acquisition and audio stimulation on the proposed system.

Measurement of the Amount of Speech

On the client side, we mainly used JavaScript, especially React, to develop the application.
It first captures the utterance of a participant with the Web API getUserMedia method. We
limit the scope to the frequency of human beings’ utterances. The graphs on the left side of
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FIGURE 5.1: An overview of the workflow behind the proposed system

Figure 5.1 are examples of Fast Fourier Transform (FFT) descriptions. It is updated around
60 times per minute and sums up the whole value of every frequency in the range that we have
limited. After that, if the score exceeds the threshold, it will be regarded as Talking. When
judged as Talking, a variable is incremented and sent every five seconds. The threshold value
depends on each environment, so participants can adjust it using the slider on the Web page.
Before the experiment starts, they must find where it correctly says if they are Talking or Not
Talking.

Intervention in Meeting

On the server side, it arranges the participants in a row according to the number of utterances
as a total score since the beginning of the experiment, as Figure 5.1 shows. This ranking
dynamically changes because of the consistent number of utterances sent from the client
side. According to the ranking, the server sends commands to the client to adjust each user’s
beats per minute (BPM). If there are three participants, the person who speaks the most will
hear the slowest background music (BGM): 35 beats per minute (BPM). The second engaged
person will hear the medium-fast BGM, 70 BPM, and the last person will hear the fastest
BGM, 140 BPM. This BGM will also dynamically change when the ranking is updated.

We chose 140 BPM BGM as the intervention because we expected upbeat music to af-
fect the least engaged participant positively. Hosseini et al. [72] have studied the type of
music that fosters extraordinary creativity in groups. The result of their study showed that
upbeat BGM leads to divergent ideas. They hypothesized that upbeat music may decrease
judgmental behavior during creative group tasks and inspire participants to share divergent
perspectives. We then tried some beats and decided to use 35 BPM BGM for the most
engaged participant in contrast. We do not have a scientific background for this, but we
explained what each BPM BGM means before the experiment so users would know what
each BGM implies for them. What kind of BGM is appropriate for the intervention remains
controversial, so we will find the best BPM in future experiments.
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FIGURE 5.2: An application interface for the proposed system.

5.1.2 Experimental Design

We conducted a pilot study involving six volunteers. We collected the data with three partic-
ipants and then tried again with different types of participants. In this research, we focus on
the utterance rate and the results of the alternative uses task (AUT) [62]. We define utterance
rate as each participant’s speech percentage from the beginning of the experiment. In AUT,
participants are asked to list as many alternative usages of a given object (e.g., tennis ball,
spoon, and hanger) as possible. We utilized AUT to measure the creativity and activeness of
a group meeting by counting the number of answers.

Figure 5.2 shows all components that are displayed for all participants. During an exper-
iment, participants submitted their answers about the AUT to the server using a form. This
data about utterance ranking, music intervention, and answers to the task was recorded con-
stantly with the time stamp. In addition, an experiment conductor (admin) could access the
other web page, which contains buttons to start and stop recording. When the admin presses
the start button, the ten-minute timer shown in Figure 5.2 starts. CSV files about utterances,

music, and answers are downloaded when the timer stops.

5.1.3 Results and Discussion

Figure 5.3 illustrates the transition of the amount of utterance and the timing of answers for
each condition. The AUT objects were set to a tennis ball, spoon, and hanger.

Although P1 uttered more than the other participants in Conditions 1 and 2, it got closer to
the rest in Condition 3. Table 5.1 summarizes their statistics. We calculated one participant’s
total utterances divided by the total utterances of all participants as utterance rate.

The utterance rate of each participant in Condition 3 was close to each other compared
to the other two conditions. However, the total score of the number of answers was smaller
than in the other conditions, so this is because the topic discussed in Condition 3 was more
complex than the other questions.

Our pilot study has revealed some challenges. First, we need to consider the characteris-
tics of the meeting participants. This research aims to determine the best time to cut into the
conversation with a participant who is trying to speak by interrupting the speaker. Therefore,
this system only works if other participants intend to speak. For instance, if one participant

speaks only when he comes up with an answer and does not communicate with others, there
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FIGURE 5.3: The cumulative amount of speech and timing of answers during 600 seconds

TABLE 5.1: Utterance rate and the number of answers of each condition

Condition C1: without BGM | C2: static BPM BGM | C3: dynamic BPM BGM
Participant P1 P2 P3 P1 P2 P3 P1 P2 P3
Utterance rate [%] 4877 279 234|533 214 253 38.6 319 29.5
The number of answers 4 7 6 6 3 7 3 5 3

is no meaning in making some space to start talking, and the utterance rate does not change.
Another solution to this problem is to find different tasks that require more communication
with others. When conducting a larger-scale experiment and evaluating the result statistically,
we should also consider the difficulties of problems and the order of conditions.

There remain controversial issues, such as whether this intervention method was appro-
priate. We played the fastest BGM for the participant who spoke the least, but it is possible
that it made the participant rush too much and talk less. Considering this, intervention might
have to be the opposite of the original idea: fast music for the most vocal and slow music for
the least vocal. Unlike background music, we can also use haptic feedback, like vibration,
as an intervention. The advantage of audio feedback is that we do not have to prepare extra
hardware devices. However, it sometimes takes too much attention and distracts participants
more than needed. In contrast, mobility devices can intervene in the real world and interrupt

the speaker more effectively than background music.

5.1.4 Conclusion

This paper introduced DiscussionJockey, a video conference bot that helps people join con-
versations by dynamically changing background music. Even if it is still a work in progress,
our prototype and pilot study demonstrate the potential of audio stimuli during video confer-
ences. Our underlying theme is leaving things people need help with to Artificial Intelligence.
We hope to find an optimal way of intervention to realize natural conversation. In the pro-
posed method, there is no function to identify who wants to say something and who speaks

the most, and background music constantly interrupts the conversation. Therefore, in future
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work, we plan to integrate other feature modalities such as heart rate, facial expression, and

eye gaze to identify who wants to start talking.
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5.2 Metacognition-EnGauge: Understanding Self-and-Group En-

gagement Levels

Online meetings have expanded worldwide with the COVID-19 pandemic, opening the pos-
sibility of remotely collaborating. The opportunity opens up many people to work anytime
and anywhere worldwide. However, online meetings often have difficulty communicating
due to the lack of non-verbal behavior information [177]. Online meetings only provide
upper body information and the need to understand behaviors like eye contact. With these
issues in concern, supporting participants to help understand other meeting attendees’ states
is significant.

As explained in Section 4, we implement behavior and cognitive recognition systems like
DisCaas and EnGauge. The DisCaas project aims to recognize non-verbal micro-behaviors
such as nodding. The EnGauge project aims to recognize engagement levels only from we-
bcam recordings, excluding voice information. Both systems run under online meeting con-
ditions, which require only the upper body information. These projects’ limitations were the
need for more intervention or the application use case evaluation.

In this study, we demonstrate an application Metacognition-EnGauge. The system aims
to augment the ability of the metacognition. We visualize the self and group engagement
levels in real-time using a gauge interface. This work compares the effects of non-, self-, and
group-metacognition augmentation interventions on visualizing engagement levels. The en-
gagement level estimation uses EnGauge model proposed in Section 4.2. The deep-learning-
based engagement levels prediction model [175]. To understand the effect of the application,

we set three research questions for this project,

RQ1 Does self-metacognition augmentation of engagement levels support participants to be

engaged in the meetings?

RQ2 Does group-metacognition augmentation of engagement levels support participants to

be engaged in the meetings?

RQ3 Do participants prefer none, self, or group-metacognition augmentation intervention in

the online meetings?

Research questions 1 and 2 aim to discover quantitative analysis of the self-and-group
metacognition augmentation by examining whether the results increase participants’ en-
gagement levels during online meetings by applying the intervention. Research question
3 aims to discover qualitative analysis of participants by looking at the subjective feedback.
This project contributes to understanding if metacognitive augmentation supports behavior

changes.

5.2.1 Architecture

This section explains the model used for engagement level estimation and the architecture of
how real-time conversion of engagement level into a percentage/gauge application works.
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Engagement Levels Estimation Model

This study uses the engagement level detection model EnGauge [175]. The model uses data
from 24 participants with high, middle, and low engagement levels. A role-playing approach
collects each of the three different engagement levels. A high-level engagement participant
focuses only on speaking, a middle-level engagement participant focuses on speaking and
taking notes, and a low-level engagement participant ignores the conversation and reads a
document. The prediction pipeline uses a facial cropped image into MobileNetV2 [146]

based deep-learning model to classify the engagement.

Application Flow

The engagement level estimation model proposed in Section 5.2.1 can predict three-level
engagement classified results. In order to make the result reliable in real-time and sequential,
we applied time-concerned engagement level percentage prediction. Our application collects
facial images from a webcam. We utilize HTML and JavaScript to capture a webcam frame
image at five-second intervals during online meetings by recording the video screen-view.
The captured webcam frame image then posts a request to the engagement detection model-
mounted server. The server then predicts whether the requested participant webcam frame
image is in a high, middle, or low engagement level state. This result is then stored in an
array format as a result of engagement prediction in time-series (X;). The engagement level

estimation in percentage is done using the following formula:

_ X Xi(%)
N

Y represents the result of the engagement level in percentage. It will be a response from

Y (%) (5.1)

the server towards the client application. X; is an engagement classification result, it is ei-
ther 100% (high engagement), 50% (middle engagement), or 0% (low engagement). N is
the number of elements. In this pilot application, we choose N = 5, which means the last
five results of engagement classification inside X; used to calculate Y. This approach supports
gaining engagement-level prediction results into a time-sequential concern output. Once the
client application receives a response from the server, it moves the gauge interface needle to
indicate the value. The higher the engagement, the more the gauge needle moves towards
180 degrees of the gauge, and when it gets lower, it shifts to zero degrees. Therefore, the
participants can check the prediction result every five seconds as feedback. We extracted the
engagement level result into CSV to compare participant engagement levels in each experi-

ment condition.

5.2.2 Data Collection

In this section, we explain the participants’ background, the experimental condition, and
details about the post-survey.
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FIGURE 5.4: Engagement levels are presented as gauge in the online meeting. Self-and-group
metacognition augmentation are shown.

Participants

We recruited 18 participants (Four females, 13 males, and one preferred not to say). Nation-
alities are ten Japanese, six Indian, one German, and one Chilean. Participants were between
23 and 31 years old, and the mean age was 26. They are either workers or university students
in Japan and Germany. We obtained consent from all participants before the experiment. The
General Data Protection Regulation (GDPR) is included for participants in Germany. All

participants were allowed to opt out of the experiment at any time.

Experimental Design

In this study, we request participants to join from anywhere in remote conditions. In each
experiment, three participants are asked to be in a group per session. In each session, we
asked the group to discuss for ten minutes. We asked participants to join under three different

online meeting conditions.

C-1 Online meeting without intervention.
C-2 Online meeting with self-metacognition augmentation by EnGauge intervention.

C-3 Online meeting with group-metacognition augmentation by EnGauge intervention.

Figure 5.4 explains the conditions of the second and third trials. The self-metacognition
augmentation gives one gauge interface feedback to the participant. The group-metacognition
augmentation gives all (three) participants’ engagement gauge interface feedback to the par-
ticipant. We asked participants to work on would you rather questions for the group discus-

sion. Examples of topics are below,

T-A Would you rather live in a hot or cold country?
T-B Would you rather gain physical strength or brain intelligence augmentation?

T-C Would you rather go to the future or the past?

These topics were chosen because they are open questions for anyone to answer from

their perspective. We were also required to ask participants to give supportive reasons for
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TABLE 5.2: Application intervention conditions and topics for each experiment groups.

Condition and Topic | Group1 Group2 Group3 Group4 Group5 Group 6
Condition 1 (C-1) T-A T-A T-B T-B T-C T-C
Condition 2 (C-2) T-B T-C T-A T-C T-A T-B
Condition 3 (C-3) T-C T-B T-C T-A T-B T-A

their decision. Therefore, participants will continue to discuss until the session is over. Ta-
ble 5.2 shows the topics for the experimental conditions presented to each group. Topics are

presented differently to avoid differences in engagement based on topic interest.

Post Survey

Participants were asked to answer post-survey after each of the three experimental condi-
tions. For post-survey, we used Google Forms ! . In the post-survey, we asked the following

questions,

Q1 What was the conclusion against the topic?

Q2 Please give the supportive reasons of the conclusion.

Q3 In your perspective, how engaging were you in the meeting? (Scale with 0 to 10)
Q4 How was the online meeting application? (Scale of 0 to 10)

Q5 Write any comments in general about the experiment.

Q6 How was the EnGauge system? Any difficulties? (Scale of O to 10)

Q7 Did you have any change in behaviors when using the application?

Q8 Can you give us opinions for the improvement of the application?

Q9 Which condition do you prefer? (Choose one from condition 1 to 3)

Regarding the questions, participants answered Q1-5 for all three conditions. For Q6-8,
participants answer if they have experimented on self or group intervention. Lastly, answer-

ing Q9 was done once they finished the whole experiment.

5.2.3 Results and Discussion

This section states the experiment’s results and discusses the answers to three research ques-
tions. Figure 5.5 shows the average engagement levels of participants in each condition, with
deep-learning estimation and participant subjective feedback. Figure 5.6 shows the post-

survey result of user preference on the intervention.

1https ://www.google.com/intl/en/forms/about/


https://www.google.com/intl/en/forms/about/
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FIGURE 5.5: Comparison of the average engagement level of participants in each different
intervention condition. Overall, the average engagement of all participants is highest for
self-metacognition augmentation intervention. The participant preference is for group-metacognition
augmentation intervention.
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FIGURE 5.6: Participant preference of the self-and-group metacognition augmentation intervention.

RQ1: Does self-metacognition augmentation of engagement levels support the partici-
pants’ engagement in the meetings?

The answer to RQ1, Figure 5.5 shows that self-metacognition augmentation performs an av-
erage engagement level during online meetings higher than without the intervention. Deep
learning and subjective post-survey feedback were estimated to be higher than no interven-
tion.

Looking at the post-survey, in Q7, participants mentioned some positive feedback. “/
tried hard to be more engaged”. “I felt that I responded more actively and could express
my opinions appropriately while still listening to others’ opinions”. “I was motivated to
increase the gauge once the gauge went down”. “I tried to speak when I saw the gauge and
realized that I am not talking”. Also, we received some negative feedback. “I think it was a
little difficult to concentrate on both the discussion and the gauge”. “Sometimes I moved my

attention too much to the gauge”. “No, since the gauge was not changing much’”.
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Concerning the positive feedback, the intervention can change behavior to encourage
people to speak. Not only speaking but listening behavior is actively changed by nudging ac-
tive response. Also, the gamification perspective has been reported as motivating the increase
in the gauge meter. Against the negative feedback, we found that the user interface gives too
much information for participants to focus on two things. Also, due to the experiment setup,

we found that participants always tried actively to talk. Hence, the gauge did not move much.

RQ2: Does group-metacognition augmentation of engagement levels support partici-

pants to be engaged in the meetings?

The answer to RQ2, Figure 5.5 shows that group-metacognition augmentation performs an
average engagement level during online meetings higher than without the intervention. Deep
learning and subjective post-survey feedback were estimated to be higher than no interven-
tion.

Looking at the post-survey, in Q7, participants mentioned some positive feedback. */
checked other people’s engagement carefully”. ““I paid attention to the utterance rate of other
people”. “I paid attention to who was most engaged at that time, and I tried to be engaged.”.
“When other people’s gauge decrease, I tried to change how to talk and describe”. “I am
a person who actively behaves to show others that I am highly engaged. With the system, |
became more careful to keep the gauge higher”. “I carefully check when other people get
low engagement”. Also, we received some negative feedback. “No, because we were all
engaged”. “No it was like regular conversation”.

According to the positive feedback, group-metacognition augmentation performs sig-
nificantly in behavior change. For example, participants carefully check whether they are
speaking too much and other people less. Participants also actively tried to improve their
ways of talking by observing each other’s engagement. However, some participants did not
think the intervention was powerful because they did not experience a change in behavior

with the gauge.

RQ3: Do participants prefer none, self, or group-metacognition augmentation inter-

vention in the online meetings?

In the answer to RQ3, we found that most participants prefer group-metacognition augmen-
tation. Figure 5.6 shows the result in the pie-chart of the intervention preference. 11 partici-
pants voted for group-metacognition augmentation as their preference.

Looking at the result of the quantitative feedback in Figure 5.5, the average engagement
is higher for the self-metacognition augmentation. The subjective feedback had the same
average engagement for self and group. This means that subjective engagement can be im-
proved by using group-metacognition augmentation. However, according to the quantitative
results, self-metacognition augmentation should also be important.

Also, the participant gave feedback that “I am a shy person, so it was easier for me to
focus only on myself. I felt open-minded people would prefer a system like condition three

that allows them to understand what is happening around them”. The comment supports our
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direction that the interface should be personalized according to the participant in the online

meeting to augment or support their communication skills.

5.2.4 Conclusion

In this work, we verified the effectiveness of real-time augmentation of self-and-group en-
gagement levels understanding using Metacogniton-EnGauge. Our study shows that self-
and-group engagement levels feedback by gauge interface improve engagements through-
out the meetings. The average engagement through the meeting performed best for self-
metacognition augmentation. According to the survey, we found that most participants prefer

group-metacognition augmentation.
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This chapter presents a summary of the research findings and discusses future work. Sec-

tion 6.1 summarizes the contributions of this thesis by highlighting the main research prob-

lems and answers. Section 6.2 discusses the limitations of research in order to design future

directions for the field.

6.1 Summary of the Thesis

Chapter 1 proposed three research questions: “How to discover the existing domain knowl-

edge?", “How to visualize the state of knowledge transfer?”’, and “How to accelerate the

knowledge transfer?”. In order to answer three questions, we have worked on several projects.

I have answered the questions with experiments summarized in Table 6.1.

TABLE 6.1: Domain knowledge estimation tools, activity and social cognitive state recognition, and
intervention projects.

Section  Project Input Output Publication

3.1 TrackThinkTS User browsing actions User action, tab related, contextual [107]

3.2 TrackThink Camera Browsing logs, webcam  User action, tab related, contextual, facial recording [176]

33 Appearance Based Eye Tracking Webcam Gaze prediction [17]

34 TrackThink Dashboard Browsing logs, webcam  Flow-chart, pie-chart [173]

4.1 DisCaaS Camera Micro-behaviors recognition 133, 177]
42 EnGauge Camera Engagement levels recognition [175]

4.3 Concern Gender as a Feature Camera Emotion recognition [164]

5.1 DiscussionJockey Microphone, Utterance ~ Background music [166]

52 Metacognition-EnGauge Camera Engagement gauge [171]
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6.1.1 How to estimate the domain knowledge?

Chapter 3 tackles estimating domain knowledge using sensing technologies. We implement
several logging applications and machine-learning models for this purpose.

Section 3.1 proposed our web browsing logger TrackThinkTS. The project focuses on
collecting web browsing behaviors, tab management, and window operations. The applica-
tion works on the Google Chrome extension. In combination with the programming logger
C2Room, we collected coding and searching data from 33 participants. Among these partici-
pants, 13 have domain knowledge from university classes, and others still need to. Using the
logged data, we estimate the domain knowledge by a mean accuracy of 0.95 with the Ran-
dom Forest. We also extended the research to determine if we can extract useful knowledge
from domain experts using force-directed and Sankey diagrams. As a result, the visualization
approach helps us understand the helpful website more easily.

Section 3.2 proposed TrackThinkCamera integration of TrackThinkTS to further under-
stand browsing behavior. To do so, we add synchronous webcam recording while browsing.
This integration supports collecting facial recordings in parallel with the web browsing logs.

Section 3.3 proposed webcam-based eye-tracking in order to understand where partici-
pants were looking in the browser while searching. We collected 17 participants in total for
the data collection. After applying several deep-learning models, VGG16 performed well
on estimating 3.375 +0.891 cm pixel coordinate. The prediction model is in the process of
improving and integrating to TrackThinkCamera.

Section 3.4 proposed the dashboard for visualizing flow-chart and pie-chart of the web
browsing and coding logs collected by TrackThinkTS and C2Room. We found personality
characteristics in the problem-solving patterns by visualizing the search path into time se-
quential concern using a flow chart and quantitatively using a pie chart. The application
supports a deeper subjective understanding for educators to know how humans think in pro-
gramming. Further, the application can seek how domain experts dig the information while
problem-solving in detail.

6.1.2 How to visualize the state of knowledge transfer?

Chapter 4 explains the recognition of the activities related to knowledge transfer. We imple-
ment several machine-learning models for the prediction.

Section 4.1 proposed the estimation model of micro-behaviors. We collect both online
and offline meeting camera recordings of a total of 34 unique participants. Using the collected
video recordings, we focused on nodding and speaking detection. When comparing offline
and online meetings, we detected nodding and speaking with an average F1 Score of 0.60
and 0.66, respectively. After applying the deep-learning methods, we detected nodding and
speaking with an average F1-score of 0.81 and 0.94 [33].

Section 4.2 proposed the estimation model of engagement in online meetings. We col-

lected 24 participants’ high, middle, and low engagement through a role-acting approach.
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Using the collected data, we implement the sliding window approach and achieve the clas-
sification of three class engagement levels by an average F1 score of 0.467 for the leave-
one-participant-out approach. We then applied several deep-learning models and achieved
an average F1 score of 0.923 for the leave-one-participant-out approach.

Section 4.3 proposed an approach to considering gender in emotion detection. The study
uses the open-source dataset DAISEE to detect four emotions. Our approach showed that
gender-specific data significantly enhances emotion recognition accuracy, particularly for
emotions like engagement and frustration. When considering the imbalance in the collected
human dataset, gender can be one of the preprocessing features for improving model predic-
tion.

Section 4.4 worked on estimating the comprehension level of the participants while
watching online video lectures. We collected 20 participants, ten of whom were from Japan
and Germany. Applying the machine-learning approach, we got an F1-Score of 0.346 for
comprehension estimation. The study did not confirm the estimation of comprehension level
from gaze data. Section 6.2, we will discuss some limitations and future work about this
study.

Section 4.5 proposed the estimation model of presentation skill estimation in the on-
site/class presentation. We collected seven minutes of video presentation recordings from 15
university students from Japan. After applying OpenFace and OpenPose to extract the facial
and body key points, we applied Random Forest to estimate presentation skill by an average

F1-score of 0.815. The study shows that the estimation of skilled presenters can be estimated.

6.1.3 How to accelerate the knowledge transfer?

Chapter 5 shows works on intervention applications for knowledge transfer. We present two
intervention systems and the result of a user study.

DiscussionJockey presented in Section 5.1. The application aims to control the quantity
of speech balance between three people in online meetings. The study uses BPM (Beat Per
Minute) and BGM (Background Music) to enhance or reduce the participants speaking. As
a result, the dynamic BPM BGM controlled the amount of speech among participants.

Metacognition-EnGauge presented in Section 5.2. The application aims to see whether
the metacognition-augmentation of self and group engagement levels will change the be-
havior. From the practice, we gain that both self and group metacognition of engagement
enhance participants’ overall engagement levels in online meetings. A more interesting find-
ing is that the participant mentioned the behavior change of making an effort to engage others
while using group metacognition augmentation. For that, the participant mentioned improv-
ing the ways of explaining so that listeners can understand the statement and not become
low-engaged. Hence, our proposed application showed some proof of effectively engaging

participants by changing their communication behaviors.
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6.2 Limitations and Future Work

The presented work has some limitations that can be improved in the future. Here, we present
several possibilities for the direction of this thesis.

Prediction model performance. In Chapter 4, we present prediction and classification
models of the activity, engagement levels, emotion, comprehension levels, and presentation
skill recognition. Among these five main prediction models, we did not achieve a high classi-
fication rate for video lecture comprehension level estimation from eye tracking. To improve
the study, we should conduct a pilot study carefully to analyze the data with a small number
of participants. This study proceeded without analyzing the collected data, and hence, we
can improve in the future by considering analyzing facial recordings from the webcam.

Ground truth annotation process. The comprehension level estimation prediction re-
sult did not work well due to the data collection procedure. In the future, ways of annotation
can be improved. In our study, we asked participants to keep watching 50 minute video.
Instead of this approach, we could prepare multiple shorter lecture videos and make the com-
prehension level annotation precise. The annotation procedure can be improved by changing
the experimental setup.

Variation of the dataset. In Section 4.2, EnGauge project presents a new approach
to collecting the three engagement levels in online meetings with a role-acting approach.
The study allows for an efficient collection of engagement levels. Same for Section 4.1,
DisCaas project collect the meeting data with a 360-degree camera for offline meetings. The
approach allows multiple participants to be collected sitting near the table. However, we
experimented with the set condition in both projects and did not collect data entirely in the
wild. For improvement in the future, we can apply the implemented prediction model in the
wild for validation. Also, open-source, publicly available datasets can be used for model
improvements.

Evaluation of the intervention application. In Chapter 5, we present an interven-
tion application for enhancing behavior change in online meetings. DiscussionJockey and
Metacognition-EnGauge confirmed the effectiveness of the intervention with a group in the
online meetings. However, the proposed intervention system was studied with a defined
number of participants. The application showed effectiveness in a small group, but it can be

evaluated in a classroom scenario with a bigger group of participants in the future.

In this thesis, I proposed works on accelerating knowledge transfer by sensing and actuat-
ing social-cognitive states. TrackThinkTS, TrackThinkCamera, TrackThinkDashboard, Dis-
CaaS, EnGauge, DiscussionJockey, and Metacognition-EnGauge were demonstrated. The
application’s goal is to understand human domain knowledge, activity and cognitive states,
and intervention on knowledge transfer. This thesis proposes several approaches to under-
standing and accelerating knowledge transfer with technology. The subsequent interest is to
improve the intervention technology to enable it to be used in real-life scenarios.
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