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Abstract

Enhancing e-learning outcomes requires understanding students’ learning be-
haviors, particularly their affective and cognitive states. By recognizing and re-
sponding to these states, personalized interventions can be implemented to improve
learning efficacy. This research aims to develop adaptive, learner-centric systems
that integrate real-time mental state predictions with customized support, promot-
ing both academic performance and student well-being in digital learning environ-
ments.

To address the challenges in detecting learners” mental states, this research fo-
cuses on developing innovative deep-learning solutions that integrate multimodal
sensor data, enabling more accurate predictions and personalized interventions to
enhance e-learning outcomes. We have developed and implemented innovative
deep learning based models incorporating various validation methods and tech-
niques to improve generalized prediction and personalized prediction models with
significant improvements in overall accuracies. Notably, fine-tuning and user-specific
calibration resulted in a substantial performance increase, with three-level stress de-
tection using an LSTM model achieving a 56% improvement to reach 91% accuracy
(F1=0.911) and a person-specific CNN-LSTM model showing a 50% improvement
in detecting interest levels per participant. User-dependent approaches further en-
hanced accuracy, yielding gains of 13% for engagement, 19% for arousal, and 15%
for valence.

These refined models provide the foundation for personalized interventions de-
signed to enhance the learning experience. These interventions include an adapted
cognitive control training for managing distractions during online learning where
the findings indicated that participants who received training exhibited significantly
improved comprehension (p-value = 0.0059) and reduced distraction levels (p-value
= 0.021) compared to the untrained group. Additionally, an application-based feed-
back system provides visual cues based on the learner’s current engagement and
emotional state, enabling students to self-regulate and adapt their learning strate-
gies in real time.

Building on these interventions, a gaze-based adaptive learning system dynam-
ically adjusts content presentation based on real-time engagement analysis. This
system utilizes Al-generated summaries via ChatGPT to provide concise and rele-
vant information when low engagement is detected, helping to re-engage students
and maintain focus. User studies demonstrated significant improvements in com-
prehension (p = 0.0018), engagement (p = 0.0021), and overall learning outcomes,
further highlighting the effectiveness of these personalized approaches.






Acknowledgements

I am deeply grateful to Prof. Andreas Dengel, for his invaluable guidance and
support throughout my research. I sincerely thank him for providing me with the
opportunity to work at the German Research Center for Artificial Intelligence (DFKI).
His insightful comments and suggestions have greatly contributed to the success of
my work.

I would like to express my heartfelt gratitude to Prof. Shoya Ishimaru, for his
constant encouragement and thoughtful guidance throughout my PhD jorney. His
expertise and constructive feedback have been instrumental in shaping my research
and achieving my academic goals.

I would like to sincerely thank Dr. Nicolas Groffmann for his thoughtful coor-
dination and support at the Immersive Quantified Learning Lab. I am also deeply
grateful to Brigitte Selzer, Dr. Thomas Kieninger, Dr. Ko Watanabe, Dr. David Dz-
sotjan and for their valuable advice. Their insightful comments and guidance were
always helpful whenever I encountered challenges.

I would like to sincerely express my gratitude to my colleagues at DFKI : Soumy
Jacob, Javier Carrasco Melo, Steffan Steinert, Haruki Suzawa, Kanta Yamaoka, Dai
Shimzu, Yuichiro Iwashita, Riku Higashimura and Tokio Uchida. Their collabora-
tion, support, and encouragement have made my research journey both productive
and enjoyable.

Most importantly, thanks to my students: Pramod Vadiraja, Prerna Garg, Rashmi
Alur Ramachandra, Akshay Pai, Hanan Moulay, Shrishti Jagtap, Shokouh Zadeh
Shoushtari, Ankur Bhatt, Gitesh Gund, Taufik Tamboli and Suramya Chandra. Their
dedication, hard work, and invaluable support played a crucial role in the successful
completion of this thesis.






vii

Contents

1 Introduction 1
1.1 BasicConcepts. . . . . ... ... . . e 2
1.2 ResearchQuestions . . . . . . . . . . . . . . . it 4
1.3 Contributions . . ... .. ... . ... 4
14 Outline of Thesis Chapters . . . . . ... ... ... ... ... ...... 5
2 Background and Related Work
2.1 Affective and Cognitive Computing . . . .. .. ... .. .. ... ....... 8
2.2 Deep Learning for State Detection . . ... ... ................. 11
2.3 Personalized Interventions in E-Learning . . . . . ... ... .......... 13
2.4 Adaptive Learning Systems and Environments . . . . ... ... ... ... .. 13
3 Affective and Cognitive State Detection 15
3.1 Stress Detection Using Public Datasets . . . . .. ... .............. 17
3.2 Stress Detection in Controlled Environment . . . . . ... ... ... ...... 34
3.3 Multimodal Interest Detection . . . . . ... .................... 47
3.4 Deep Learning Based Emotion and Engagement Detection . . . . ... .. .. 65
3.5 Readability Analysis and Detection . . . . .. ... ... ... .......... 80
4 Personalized Interventions 91
4.1 Controlled Distraction Interventionin Reading . . . . . . ... ... ... ... 93
4.2 Cognitive Control Training for Digital Distraction Management . . . . .. .. 103
43 Emotion and Engagement Interventions . . . . . ... ... ........... 113
4.4 Real-Time Gaze Based Adaptive Learning System . . ... ........... 118
5 Conclusion 141
51 Summary . . .. ... .. 141
52 ContributionstotheField . . ... ... ... .. .. .. .. .. .. ....... 144
5.3 Limitations and Future Work . . . ... ... ... .. .. .. .. .. ... .. 145
Bibliography 147

Own Publications 165






X

List of Figures

N U1 = W DN

N

10

11
12

13

14
15

16

17

18

19

20

21

22

23

Raw physiological signals recorded from the chest-worn device showing vari-

ations in ECG, respiratory, and temperature patterns for a participant . . . . . 19
The features extracted from ECG, EDA and RESP signals . . . . .. ... ... 20
Multichannel fully convolutional network architecture . . ... .. ... ... 21
Confusion matrices using FCNmodel . . . ... ... .. ............ 24
Pearson correlation of target variables to extracted features (wrist-data) . . . . 26
Accuracy per subject for three class classification using FCN and wrist data.

Participant IDs are as they are in the dataset. . . . .. ... ........... 27
Confusion matrices using Random Forest . . . . .. ... .. .......... 31

(a) An overview of the experimental setup. The participant is looking at num-
bers appearing on the screen in a series of mental arithmetic tasks. (b) The

various sessions involved in the experimental setup . . . . .. ... ... ... 36
The raw physiological signals separated by different sessions of stress for a
participant. . . . . . ... 39
(a) ResNet Architecture (b) Transformers Architecture . . . . . . .. ... ... 40
The prediction accuracies of LSTM using LOPO with and without fine-tuning
(ft) for all participants. . . . . . ... ... ... 42
Confusion matrices for LSTM model (a) without fine-tuning (b) with 5% fine-
tuning and (c) 10% fine-tuning. . . . . . ... ... ... ... o oL 42
(a) Stress-meter (b) Customized message with EDA and BVP signals . . . . . 43

An overview of the manual feature extraction-based approach and deep learning-
based approach . .. ... ... ... ... ... o o 48
Comparison of gaze patterns for documents rated as very interesting (a) and
boring (b). (a) exhibits a higher number and longer duration of fixations,
along with increased reading time, while (b) shows decreased number and

shorter duration of fixations and reduced reading time. . . . . . ... ... .. 49
The raw physiological signals recorded from one participant, based on the

interest responses for different documents. . . . . ... ... . o0 L 51
Preprocessed EDA signal showing phasic and tonic components. . . . .. .. 52
The peaks computed from the BVP signal and the extracted heart rate data . . 53
1D CNN and CNN-LSTM architecture . . . . .. ... ... ........... 54

Confusion matrices for the four-class interest level classification where labels
are 1: ‘not at all interested (0%) ", 2: “‘some of it (30%) *, 3: “most of it (60%) “and
4:‘all of it (100%)" .+« . o o e 56
The plot showing the difference in accuracy per participant using a CNN-
LSTM model with a person dependent and person independent approach . . 59
The interest ratings provided by the participants for all the documents used
intheexperiment . . .. ... ... ... ... .. .. .. .. . 61



24
25
26
27
28

29

30

31

32
33

34
35

36

37

38

39

Pearson’s correlations between interest and extracted features for each partic-

pant . ... 61
Pearson’s correlations between interest and other surveys . . . . . .. ... .. 62
Thedesignoverview . . . ... ... ... . .. ... 66
The experiment environment . . . .. .. .. ... ... ... ... ..... 68

Scanpaths of gaze data for documents rated as highly engaging (left) vs. less
engaging (right) by a participant. . . . .. ... .. ... ... . 0 0L 70
Confusion matrices for user-independent classification. (a) shows binary en-
gagement classification (low/high). (b) shows four-class emotion classifica-
tion (HAHV: High Arousal High Valence, HALV: High Arousal Low Valence,
LALV: Low Arousal Low Valence, LAHV: Low Arousal High Valence). . . . . 74
Confusion matrices for user-dependent classification. (a) shows binary en-
gagement classification (low/high). (b) shows four-class emotion classifica-
tion (HAHV: High Arousal High Valence, HALV: High Arousal Low Valence,
LALV: Low Arousal Low Valence, LAHV: Low Arousal High Valence). . . . . 76

Correlation matrix heatmap and boxplot for engagement and emotional cate-

GOTIES. . . . . o o e 77
The concept image of generating eye movements and measuring readability. . 81
The fixation heatmap values corresponding to each word coordinate is summed

to find the fixation heatvalue. . . . . ... ... ... ... ... ... ... 82
Generated scan path over the document based on predictions. . . . . ... .. 85

A boxplot showing the fixation heat values with respect to the word lengths(x-
axis : word length; y-axis : fixation heatvalues) . . . . ... ... ... ..... 85
The ground truth heatmap of the documents along with the predictions ob-
tained. . .. ... 86
Three examples of heatmap generation (top: ground truth, bottom: generated) 87
(a) Mean accuracy for different cross-validation methods using the SVM clas-
sifier (4-class), and (b) Confusion matrix for binary SVM classifier with com-
bined features. . . . . . ... ... L 88
The realigned fixations and saccades based on the line break algorithm. . .. 89

Scan-paths of gaze data during reading without distraction (top) and with
counting distraction (bottom). . . . . ... ... L L L Lo Lo 93
Distributions of participants” subjective evaluations of texts under with and
without counting conditions. . . ... ... ... .. 0 0L 96
Relationship between objective comprehension (measured by the number of
correct answers) and subjective difficulty and interest levels under the influ-
ence of the counting distractor. . . . . ... ... ... ... ... L. 99
Relation with Distraction . . . . .. .. .. .. ... .. .. ... ..... 99
Comparison of gaze scanpaths between (a) a highly distracted participant
who did not receive cognitive control training and (b) a less distracted par-
ticipant who received cognitive control training. Both participants viewed
thesamedocument.. . . . . .. ... ... L Lo 105
The correlation heatmap of the survey responses . . . . . .. ... ....... 108
Comparison of (a) distraction and (b) comprehension ratings for participants
with and without cognitive control training. . . . . . ... ... ... ... ... 110



10

11

12

13

14

15

16

17

18
19

20

21

22

The average comprehension, frustration, readability, and distraction across
each document as reported by the participants . . . . ... ... ........
Visualizations of the engagement monitoring dashboard: (a)displaying pre-
dicted engagement and emotion for a selected participant, (b) notifying low
engagement, and (c) motivating high engagement. . . . . ... ... ... ...
Architecture of the gaze-driven adaptive learning system, illustrating its key
components . o.o.o. ..l e
The system interface with real-time engagement prediction dashboard and
ChatGPT-based summary generation feature. (a) The system interface when
high engagement is detected. (b) The system interface when low engagement
is detected for a learning material. . . . ... ... ... ... ... ... ... .
Correlation matrices of eye-tracking metrics, comprehension, engagement,
and confidence for experimental and control groups. . . . ... .. ... ...
Comparison of eye-tracking metrics between control and experimental groups
across engagement and comprehension levels (1-7) . . .. ... ... ... ..
The transition of fixations between the actual text and generated summary for
a participant in the experimental group detected with low engagement.

The distribution of subjective comprehension, engagement, and confidence
levels by group (control vs. experimental) . . .. ... ... ... ... .. ..
Mean and standard deviation of Comprehension, Confidence, and Engage-
mentbygroup. . ... .. ...
Distribution of total correct answers (out of 4 questions) for objective compre-
hension across control and experimental groups. . . . . . .. ... ... .. ..
Model Accuracy Comparison Across 5-Fold Cross-Validation . . ... . ...
Distribution of ratings provided by participants reflecting the system’s effec-
tiveness in predicting gaze behavior for engagement prediction. . . . . . . ..
The average summary count corresponding to different levels of engagement
as rated by participants. . . ... ... ... o L o
Variation in pupil diameter across control (P02) and experimental (P18) par-
ticipants over the learning material, with reported engagement and computed
objective comprehensionscores. . . . . . ... ... L Lo
Heatmaps of fixation points and gaze transitions for control and experimental
group participants reading the same material with low reported engagement
levels. . . . . .

xi






xiii

List of Tables

3.1
3.2
3.3

34
3.5
3.6

3.7

3.8

39

3.10

3.11

3.12
3.13
3.14
3.15

4.1
4.2

4.3
44

4.5

List of manually extracted features for chestsensordata. . . . . .. ... ... 21
List of manually extracted features for wrist sensordata. . . . . .. ... ... 22
Performance comparison of different models across the signals for stress de-

tection . . . . ... 23
Classification accuracies when each sensor data is excluded for wrist data (FCN) 25
Features set from different modalities in the SWELL-KW dataset . . . . . . .. 29
Classification accuracy (%) using Random Forest for different modalities us-

ing user-independent and user-dependent approaches . . ... ... ... .. 30
Summary of classification results for three-class stress detection using the

KFold and LOPO approach. . . . ... ... .. .. .. .. .. ......... 41
The survey used for the experimental design . . . ... ... ... ....... 50

Summary of Four-Class Classification Results using machine learning and
deep learning models for Leave One Participant Out (LOPO) and Leave One
Document Out (LODO) cross-validation. . . . . ... ... ... ........ 56
Summary of Binary Classification Results using machine learning and deep
learning models for Leave One Participant Out (LOPO) and Leave One Doc-
ument Out (LODO) cross-validation. . . . . . ... ... ... .......... 57

The binary classification accuracy omitting each modality from Empatica E4.

A decreased accuracy indicates the importance of the modality. . . ... ... 59
Self-report survey for experimental design . . . . .. .. ... ... ... ... 69
Summary of evaluation metrics using user-independent approach (LOPO) . 73
Summary of evaluation metrics using user-dependent approach . . . . . . .. 75
Goodness scores using different features and methods. . . . . ... ... ... 84
Thelistoffeatures . . . . .. .. ... ... ... ... .. .. 96
Summary of the classification performance (UI: User-Independent; UD: User-

Dependent; DI: Document-Independent) . . ... ... ... .......... 98
Comparison of Models with LOPO and LODO validation methods . . . . . . 107

Post-Survey for Experiment Participants: Questions 1-3 were administered to
all participants, while Questions 4-6 were specific to the experimental group. 121

Summary of evaluation metrics for Engagement and Comprehension . . . . . 131






Chapter 1

Introduction

The rapid expansion of e-learning platforms has transformed educational practices,
reshaping how teaching and learning are approached [50, 202]. However, tradi-
tional e-learning systems often ignore learners” affective and cognitive states, lead-
ing to decreased motivation, increased stress, and reduced learning outcomes. Re-
cent advancements in deep learning and sensor technologies, such as eye-tracking
and physiological sensing, present new opportunities to analyze and detect learn-
ing behaviors more effectively [84]. For example, Ishimaru et al. [86] proposed that
matching instructional material with the cognitive states of students might improve
their understanding and learning outcomes. Despite these advancements, the lack
of robust cognitive and affective state detection systems and personalized interven-
tions continues to limit the potential of e-learning to deliver high-quality, adaptive
educational experiences.

This research aims to address these limitations by developing innovative deep-
learning solutions that leverage sensor data, including eye-tracking, physiological
signals, and their combinations, to enhance learning outcomes. By integrating these
data sources, the proposed approach provides a comprehensive understanding of
learners” mental and emotional states, enabling accurate predictions and person-
alized interventions [160]. These technologies allow for the identification of criti-
cal factors such as interest, stress, engagement, distractions, and emotional states
within the learning environment. By accurately detecting and responding to learn-
ers’ affective and cognitive states, the system can deliver personalized support that
enhances engagement, improves comprehension, and reduces stress. This not only
boosts academic performance but also fosters a more supportive and effective learn-
ing environment. Through this research, the main aim is to unlock the full potential
of e-learning platforms, equipping them to meet the diverse needs of learners in an

evolving educational landscape.
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1.1 Basic Concepts

The primary emphasis in the field of learning analytics has been on examining the
behaviors that learners exhibit while utilizing digital tools [54]. Typically, these dig-
ital tools consist of intelligent tutoring systems [133], learning management sys-
tems [184], online courses, educational games, or various other platforms that in-
volve a computer as a key element in the learning journey. Conversely, signifi-
cantly fewer studies in learning analytics have been carried out in alternative ed-
ucational settings, such as collaborative in-person environments where computers
are either absent or play a secondary role. This inclination toward digital learning
environments is effectively illustrated by the need for a learning analytics system to
document a record of the educational experience. The integration of deep learning
and sensor-based learning analytics has further transformed e-learning by providing
personalized and adaptive educational experiences by enabling the real-time analy-
sis of learners’ cognitive and affective states, allowing for tailored interventions that
enhance the learning experience [31, 81].

This research proposed the enhancement of digital learning through three inter-
connected phases: detection, intervention, and adaptation. This approach involves
detection of affective and cognitive states of learners using innovative deep learning
models, the utilization of the model predictions for designing personalized interven-
tions, and using real-time sensor data and effective model predictions for dynamic
adaptation of learning materials.

1.1.1 Detection of Learner States

The ability to accurately detect and interpret learner states is fundamental to cre-
ating effective personalized learning environments, reflecting the insight of edu-
cational psychologist Benjamin Bloom who noted, “What any person in the world
can learn, almost all persons can learn if provided with appropriate prior and cur-
rent conditions of learning” [19]. Deep learning has emerged as a significant factor
in enhancing cognitive and affective computing, reshaping the way machines per-
ceive and react to human emotions and cognitive conditions [160]. The complex
dynamics of human feelings and thoughts, such as facial expressions, vocal varia-
tions, and physiological signals, can be efficiently analyzed by deep learning mod-
els [160]. Particularly, Transformer networks, Autoencoders, Convolutional Neural
Networks (CNNs) [206], and Recurrent Neural Networks (RNNs) [70], along with
their advanced iterations, have shown considerable promise in interpreting the com-
plex temporal and spatial relationships found in emotional and cognitive data [160].
The integration of various sensors offers a detailed perspective on how learners en-
gage with educational materials. D'Mello et al. [42] provided an extensive review of
multimodal affect detection, focusing on methods for merging physiological and be-
havioral data, with the insights gained potentially applicable for developing sophis-

ticated reading engagement and emotion recognition systems [160]. The research
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conducted by D'Mello and Graesser highlighted the significant impact of chang-
ing affective states on complex learning [47]. Schmidt et al. made a noteworthy
advancement by introducing a new, publicly accessible dataset that comprises mul-
timodal sensor data on stress and emotion, gathered from wearable devices across
different activities [162]. The authors emphasize the dataset’s potential to foster the
development of new algorithms and methodologies for ongoing, real-time stress and
emotion recognition.

1.1.2 Designing Personalized Interventions

The idea of personalized interventions in education is based on the recognition that
each learner is distinct, reflecting the thoughts of psychologist Carl Rogers, who
said, “The only person who is educated is the one who has learned how to learn
and change” [151]. This viewpoint emphasizes the necessity of customizing edu-
cational experiences to meet individual requirements. In e-learning, personalized
interventions use insights gained from detecting emotional and cognitive states to
develop adaptable learning settings. As noted by Pardo et al. [140], these interven-
tions strive to deliver "the right content to the right learner at the right time," thereby
enhancing the learning experience. Recent advancements in learning analytics and
artificial intelligence have significantly enhanced our ability to design and imple-
ment such interventions effectively. Karumbaiah et al. [96] found that adaptive in-
terventions tailored to students” emotional states in an intelligent tutoring system
led to a 15% improvement in problem-solving efficiency and a significant increase
in positive affect. A study by Taub et al. [181] revealed that personalized prompts
based on learners’ self-regulated learning behaviors in a game-based learning envi-
ronment resulted in a 30% increase in learning gains compared to a control group
without such interventions. These developments mark a significant shift towards

more responsive and learner-centric educational approaches.

1.1.3 Dynamic Adaptation of Learning Materials

To further optimize the learning environment building on personalized interven-
tions, the dynamic adaptation of learning materials is the next step [64, 178, 199].
This approach continuously adjusts content in real-time based on the learner’s re-
quirements and mental states. By using real-time sensor data and deep learning
models, adaptive learning systems can make instant decisions about content pre-
sentation, difficulty levels, and learning pathways. For example, Zhang et al. pri-
marily utilized deep learning models to tailor content presentation based on indi-
vidual learning patterns, resulting in enhanced engagement and improved learning
outcomes [203]. Arroyo et al. [9] investigated how learning materials can be dynami-
cally adapted by utilizing real-time sensor information and deep learning techniques
to develop tailored and responsive educational experiences that enhance student
cognition, engagement, and emotional response. They attribute this enhancement
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to particular elements and interventions that are fundamentally affective, cognitive,
and metacognitive. These advancements in dynamic adaptation can create learn-
ing experiences that are both personalized and responsive to the learner’s changing
state, making education more effective and engaging.

1.2 Research Questions

This thesis addresses three key research questions. Understanding learners” affective
and cognitive states for optimizing e-learning is important to developing systems
supporting personalized learning. For that, the thesis came up with three research
questions to answer.

1.) How can sensor data and deep learning be utilized to effectively detect
learners’ affective and cognitive states? Detecting learners’ mental states is signifi-
cant in understanding their needs and preferences. One question is how effectively
deep learning based models can estimate learners’ states using multimodal sensor
data.

2.) How to design and deliver personalized interventions that effectively ad-
dress learners” mental states and improve their learning experience? Designing
tailored interventions responding to the detected learner states is significant to un-
derstand the success of the learning process. The question here addresses how to
design and deliver personalized interventions that could impact the learning pro-
cess of a learner.

3.) How to adapt learning materials to learners” real-time mental states? As
a last question, the thesis aims to answer if an adaptive learning system can dy-
namically adjust the learning materials to meet learners” changing needs and states,

improving the overall learning experience.

1.3 Contributions
In summary, contributions of this thesis include:

¢ Development and evaluation of novel deep learning models for affective and
cognitive state detection in e-learning, including advanced calibration tech-
niques for improving generalized predictions.

* Design and implementation of innovative interventions for mitigating digital
reading distractions.

* Development of a visual feedback system based on sensor data and affec-
tive/cognitive states to enhance user experience.

¢ Design and implementation of a gaze-based adaptive learning system that in-
tegrates Al-generated adaptive content delivery based on real-time user states.
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The research contributions make a significant impact on understanding, model-
ing, and influencing individual learning behavior. The study investigates the po-
tential of various deep learning approaches and sensor fusion techniques to en-
hance the accuracy of predicting learners” affective and cognitive states. The work
thoroughly examines and refines the computation of cognitive and affective states,
achieving robust results for both generalized and personalized validation scenarios.
The personalized intervention techniques and adaptive learning system developed
have the potential to transform the e-learning ecosystem, creating a smooth balance
between the learner and the environment. By understanding and catering to each
individual’s unique needs, the research empowers learners to reach their full poten-
tial, making learning a more engaging, effective, and enjoyable journey. By creating
an environment that feels personalized and supportive, the approach helps reduce
stress and increase motivation, ultimately leading to improved learning outcomes
and a pleasant learning experience.

1.4 Outline of Thesis Chapters

Chapter 2 provides an overview of affective and cognitive computing, deep learning
for state detection, personalized intervention strategies, and adaptive learning sys-
tems. Chapter 3 presents various approaches for detecting affective and cognitive
states in learners. Chapter 4 discusses personalized intervention strategies to im-
prove cognitive performance and presents a real-time gaze-based adaptive learning
system. Finally, Chapter 5 provides a conclusion to the thesis by summarizing its
key aspects and outlining future directions.






Chapter 2
Background and Related Work

This chapter provides a review of prior work on the key concepts, technologies, and
methodologies that form the basis of this research. It begins with an overview of
affective and cognitive computing 2.1, followed by an exploration of related work
on deep learning for state detection 2.2, emphasizing its advantages, scalability, and
personalization capabilities. The approaches for designing personalized interven-
tions in e-learning are discussed in Section 3. Lastly, Section 4 focuses on adaptive

learning systems that respond dynamically to learners’ real-time needs.
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2.1 Affective and Cognitive Computing

Stress detection has been studied using subjective and objective methods. Subjec-
tive approaches include self-reported questionnaires like the Perceived Stress Scale
(PSS) [33], Daily Stress Inventory (DSI) [22], and Brief Symptom Inventory (BSI) [37].
Objective methods rely on physiological signals from wearable sensors. EEG and
ECG are widely used to measure stress through brain activity and heart rate vari-
ability [2, 40]. Ahn et al. used EEG and ECG features to detect stress during cog-
nitive tasks, achieving 87.5% accuracy with SVM models [2]. Other signals, such as
electrodermal activity (EDA), blood volume pulse (BVP), and skin temperature, are
also effective [145, 196]. Gjoreski et al. developed a multimodal stress classification
framework using wearable data, achieving up to 92% accuracy in real-life scenar-
ios [61]. Cho et al. combined PPG and thermal imaging to create a smartphone-
based stress monitoring system using neural networks [32].

Engagement detection measures attention and interest during learning. Conati
et al. used eye-tracking to study how students respond to adaptive hints in educa-
tional games, showing that the timing and design of hints significantly impact atten-
tion and learning [34]. Jacob et al. used wristbands to detect reader interest, while
Wang et al. conducted a review on multi-sensor eye-tracking systems that are used
to measure attention [89, 191]. Ishimaru et al. discovered links between pupil size,
nasal temperature, and cognitive states such as engagement with educational mate-
rials [85]. Other studies have used multimodal approaches to monitor engagement
and detect distractions [6, 27, 113, 134].

Emotion detection is critical for understanding learners’ affective states. D’'Mello
and Graesser examined how affective states influence complex learning, demon-
strating their effect on the learning process [48]. Schmidt et al. presented a mul-
timodal dataset aimed at detecting stress and emotions via wearable devices, aiding
the creation of real-time emotion recognition systems [162]. Calvo and D’Mello con-
ducted a review of methods for affect detection, emphasizing issues such as the in-
tricacy of emotions and the variability of input data [26]. Arroyo et al. implemented
emotion sensors in educational contexts to tailor content according to students” emo-
tional reactions, although practical obstacles persist [8] [160].

Readability assessment quantifies the difficulty of text for readers. Early meth-
ods, such as those by Kincaid et al., relied on shallow features like sentence length
and syllable count [55, 154]. Schwarm et al. combined traditional metrics with statis-
tical language models and parsers [165]. Most research focuses on native speakers,
but Heilman et al. showed that grammatical features can predict reading difficulty
for both first and second language learners [73]. Feng et al. developed readability-
prediction algorithms for automatic text simplification, advancing the field [53].

Despite significant advancements, challenges remain in affective and cognitive
computing. Stress detection often struggles with variability in physiological signals

across individuals and contexts. Engagement and emotion detection face difficulties
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in real-time accuracy and the integration of multimodal data. Readability assess-
ment lacks robust models for non-native speakers and diverse linguistic contexts.
This research aims to address these gaps by developing adaptive, multimodal frame-
works that improve accuracy, personalization, and scalability in real-world learning

environments.

21.1 Eye-Tracking and Physiological Sensing while Learning

Eye-tracking technology and physiological sensors have been widely utilized to
gather data and infer readers’ cognitive and affective states in learning environ-
ments. Eye tracking, in particular, has been employed to monitor eye movements
and gaze patterns during reading, providing insights into attention, comprehension,
and interest [36, 97, 167]. Recent studies have also explored the use of eye tracking in
immersive virtual reality (VR) and augmented reality (AR) learning environments,
highlighting its potential to decode attention and cognitive states in dynamic set-
tings [93, 112]. Physiological sensing techniques, including measures like heart rate,
skin conductance, and facial expressions, have also been used to capture readers’
emotional and cognitive responses during learning [80]. These signals provide valu-
able insights into arousal, valence, and emotional engagement, enabling a deeper
understanding of learners’ states and their interaction with educational content. As-
teriadis et al. estimated user behavior in an e-learning environment by analyzing
eye gaze and head pose detection to determine whether a user was frustrated, dis-
tracted, tired, or fully engaged [10]. Similarly, Ishimaru et al. focused on detecting
attention and cognitive states in learning scenarios, particularly in the context of
human-document interaction using eye-tracking and physiological sensing [83].

Physiological data analysis has significant potential for revealing subtle emo-
tional variations, including shifts in heart rate, skin conductance, or facial expres-
sions, which are closely related to students” engagement and cognitive activities [143].
Alongside physiological signals, eye-tracking data is crucial in identifying engage-
ment and emotions during reading tasks [176]. Combining gaze data with physi-
ological signals provides specific benefits in recognizing emotion and engagement
while reading [122]. Gaze data offers essential insights into a reader’s visual at-
tention and concentration on particular aspects of the text, whereas physiological
signals, such as heart rate and skin conductance, provide objective assessments of
emotional arousal and valence [115, 177]. Brishtel et al. demonstrated the high po-
tential of the EDA sensor as a tool for detecting mind wandering, and integrating
electrodermal activity with eye-tracking features notably enhanced the accuracy of
mind wandering classification [24]. Brishtel et al. highlighted the strong potential
of the EDA sensor for detecting mind wandering, and the integration of electroder-
mal activity with eye-tracking features significantly improved the precision of mind
wandering classification [24] [160].
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2.1.2 Multimodal Sensor Integration and Fusion Techniques

The integration of multiple sensors for detecting cognitive and affective states pro-
vides a rich and detailed understanding of how learners interact with text [4]. Re-
search in multimodal affective analysis [172, 192] often focuses on various strate-
gies for combining data from different modalities, typically categorized into early
fusion (at the feature level), late fusion (at the decision level), model-level fusion,
and hybrid approaches. Koelstra et al. significantly advanced this area by introduc-
ing a specialized dataset designed for analyzing human affective states [101]. Their
work highlighted the value of incorporating physiological signals into the analysis,
suggesting that understanding emotions through such measures could greatly im-
prove the quality and effectiveness of reading and learning interventions. D’Mello
et al. offered a detailed review of multimodal affect detection, including methods
for combining physiological and behavioral data, with insights that could be ap-
plied to develop advanced systems for recognizing reading engagement and emo-
tion [43]. Chen et al. developed a model for detecting learner engagement by fusing
video, text, and physiological signals, and their findings indicated that this model
could accurately assess learning engagement [29]. In their study, Tzirakis et al. uti-
lized a CNN for extracting features from audio and a deep residual network for
visual data [186]. Hao et al. presented a combined visual-audio emotion detec-
tion system that employed multitask and blending learning techniques with diverse
features [66]. This system used SVM classifiers and CNNs for both handcrafted
and deep learning-based visual-audio features, resulting in four sub-models, and
achieved average accuracies of 81.36% (speaker-independent) and 78.42% (speaker-
dependent) on the eNTERFACE dataset [117].

Advances in wearable technologies have increased interest in automated affec-
tive analysis using multiple physiological modalities [164]. However, due to the
complex nature of emotions and the considerable variation in individual physiolog-
ical responses [205], achieving reliable prediction results with EEG-based or ECG-
based emotion detection remains challenging. In studies focusing on physiological
modality fusion for affective analysis, various types of physiological signals (e.g.,
ECG, EOG, BVP, GSR, and EMG) are often combined with EEG and ECG to inter-
pret emotional states [109]. The visual modality (such as facial expressions, voice,
gestures, and posture) can also be integrated with multimodal physiological signals
for a more comprehensive visual-physiological affective analysis [195]. Verma and
Tiwary [188] adopted a thorough approach to emotion estimation by leveraging a
range of physiological data, including ECG, GSR, ST, BVP, RESP, EMG, and EOG,
which were selected from the DEAP dataset. Their methodology involved using the
Discrete Wavelet Transform (DWT) [72] to extract multi-resolution features from this
data. These features were then crucial for estimating emotions across three dimen-
sions: valence, arousal, and dominance [160].
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2.2 Deep Learning for State Detection

Deep learning emerged as a strong instrument in cognitive and affective comput-
ing, enhancing machines’ capacity to comprehend and react to human emotions
and cognitive states. It offers effective means to analyze complex human behaviors,
including facial expressions, vocal inflections, and physiological signals. Notably,
Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs),
along with their more advanced forms, have demonstrated their utility in capturing
the intricate temporal and spatial relationships present in emotional and cognitive
data [71, 207].

Martinez et al. introduced an end-to-end deep learning framework specifically
for affect recognition using physiological signals. Their methodology integrated de-
noising autoencoders, CNNs, preference learning, and automated feature selection.
This framework was applied to the Maze-ball dataset, which comprises BVP and
EDA data collected during gameplay, supplemented by corresponding question-
naires [98]. In a related effort, Qiu et al. developed Correlated Attention Networks
for emotion detection, which utilized bidirectional Gated Recurrent Units (GRUs)
in conjunction with a Canonical Correlation Layer, a Signal Fusion Layer, an Atten-
tion Layer, and a Classification Layer. Their model was evaluated on three promi-
nent datasets: SEED, SEED 1V, and DEAP, demonstrating its effectiveness in emotion
recognition tasks [147] [160].

Badshah et al. developed a deep CNN with three convolutional and fully con-
nected layers to extract features from spectrogram images, enabling the prediction
of seven emotions [12]. Zhang et al. enhanced this approach using a pre-trained
AlexNet DCNN with a discriminant temporal pyramid matching (DTPM) strategy
to capture global utterance-level features [204]. Dziezyc et al. compared ten deep
learning models for affect recognition across four datasets, finding CNNs more ef-
fective than LSTMs for physiological sensor data [45]. Santamaria-Granados demon-
strated the potential of DCNNs for emotion detection using the AMIGOS dataset,
highlighting their effectiveness in affective computing [123, 155]. Watanabe et al.
used MobileNetV2 to assess student engagement during online meetings, achieving
an F1-score of 89.5% with leave-one-participant-out cross-validation [193].

While deep learning has made significant advancements in state detection, many
models struggle with generalizability across diverse datasets and real-world scenar-
ios due to variations in physiological signals, environmental factors, and individ-
ual differences. The reliance on large labeled datasets for training deep learning
models poses challenges, as collecting and annotating such data is time-consuming
and resource-intensive. Real-time processing and scalability also remain significant
challenges, particularly in applications requiring low-latency responses, such as en-
gagement detection in online learning environments. This research aims to address
these challenges by developing adaptive deep learning frameworks that integrate
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multimodal data, improve generalization across diverse contexts, and reduce de-
pendency on labeled datasets. The focus on lightweight architectures could enable
real-time applicability in practical learning scenarios.

2.2.1 Scalability, Performance, and Personalization

Scalability, performance, and personalization are key considerations in the applica-
tion of deep learning to state detection in cognitive-affective computing. This is very
significant because such systems are being increasingly deployed in real-world ap-
plications such as education, health, and human-computer interaction; hence, these
systems have to be efficient, adaptive, and relevant to users. Scalability is one of the
main challenges because most deep learning models proposed for state detection
require high computational resources both for training and inference. Lightweight
architectures, such as MobileNet and EfficientNet, have been proposed in the liter-
ature for reducing computational complexity while maintaining high accuracy [79,
180]. Edge computing and cloud-based solutions have also been explored in order
to provide scalable deployment of the state detection system in resource-constrained
environments [171].

Performance is critical for real-time state detection in applications such as en-
gagement monitoring or emotion recognition since these applications need low-
latency and high-accuracy predictions. Model pruning, quantization, and knowl-
edge distillation are among several techniques used to optimize deep learning mod-
els for faster inferences with minimum compromise on accuracy [65, 77, 87]. In ad-
dition, there has also been much development of hardware accelerators, like GPUs
and TPUs, which have greatly enhanced the performance of deep learning models
for real-world applications [94].Personalization provides a gain in accuracy and rel-
evance of state detection systems, since there is much individual variation in emo-
tional and cognitive states. Personalization may be performed by using transfer
learning, where pre-trained models are fine-tuned on user-specific data, or adaptive
learning frameworks that update in the light of user feedback [106, 139]. It also
spawned the creation of federated learning, a promising approach wherein models
learn from decentralized user data in a private manner [121].

This research addresses the development of lightweight adaptive deep learning
frameworks by fusing multi-modal data in improving computational efficiency with
a grant toward personalized state detection.
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2.3 DPersonalized Interventions in E-Learning

User applications, feedback systems, and visualization tools have become integral to
personalized interventions in e-learning, leveraging advancements in affective com-
puting and human-centered design. Personalized digital learning systems enable tu-
tors to tailor their instruction to individual learners’ requirements and learner char-
acteristics [82, 126]. Martin et al. highlighted that adaptive feedback is among the
most extensively used and commonly implemented strategies for adaptation in dig-
ital learning [116]. Researchers suggest that adaptive and personalized feedback can
enhance student performance [129], address the developmental and motivational
needs of secondary students [102], and foster self-regulated learning [137].

For instance, Shaikh et al. introduced a tool to help social science experts analyze
emotional patterns influenced by cultural stressors, providing insights into shifts
in emotional responses [168]. Watanabe et al. developed EnGauge, an application
that visualizes user engagement during online meetings through a gauge interface,
offering real-time feedback on attention levels [193]. Similarly, Grad-CAM-based
heatmaps [166] have been employed to highlight critical features in input facial
images, enhancing the interpretability of CNN-based models. Selvaraju et al. fur-
ther refined this approach with Guided Grad-CAM, combining high-resolution vi-
sualizations with class-discriminative localization to improve transparency in deep
learning models [166]. Abdul et al. introduced COGAM, a tool designed to regulate
cognitive load in interpretable Al systems through visual segmentation, advancing
beyond traditional metrics of simplicity and accuracy [1]. Narciss et al. proposed
a model for designing informative tutoring feedback in multimedia learning, em-
phasizing its function (cognitive, meta-cognitive, motivational), content (evaluative,
hints, explanations), and presentation (timing, adaptivity) [128]. Bimba et al. ana-
lyzed empirical and non-empirical studies and classified feedback adaptiveness as
means, targets, goals, and strategy [15].

These tools and techniques are paving the way for more personalized, adaptive,
and empathetic e-learning environments, enabling interventions that cater to indi-
vidual learners’ cognitive and emotional needs. This research aims to build on these
advancements by developing more dynamic and context based systems that inte-
grate real-time multimodal data to deliver tailored and effective interventions.

2.4 Adaptive Learning Systems and Environments

Adaptive learning has undergone a huge evolution, transitioning from basic person-
alized content delivery to sophisticated, Al-driven systems that dynamically adjust
to individual learner requirements [5, 108]. The contemporary adaptive learning
platforms utilize advanced algorithms and artificial intelligence to modify instruc-
tional content, delivery methods, and pace in real-time, based on a learner’s per-
formance and engagement [44, 52, 62, 95]. Hussain et al. showcased cutting-edge
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performance with their innovative multi-layer topic modeling approach, which in-
tegrates the Felder-Silverman learning style model with fuzzy logic and sentiment
analysis to accurately identify and adapt to diverse learning styles [81]. The incorpo-
ration of emotional and physiological data has emerged as a pivotal development in
adaptive learning systems. Wei et al. made use of eye-tracking technology to detect
learners’ interest and emotional states [194], while Tyng et al. provided neuroimag-
ing evidence for the crucial role of emotions in learning and memory [185]. Sargazi
et al. developed an Al-driven decision framework that identifies and implements
micro-break activities based on learners’ emotional states, thereby demonstrating
enhanced learning performance through emotional regulation [161].

Recent advancements in adaptive learning technologies emphasize the integra-
tion of deep learning and neural networks. Omar et al. demonstrate how neural net-
works can improve learning management systems by generating customized learn-
ing paths and facilitating real-time adjustments to content based on learner interac-
tions [135]. A thorough review by Essa et al. underscores the increasing inclination
towards utilizing machine learning for intelligent, adaptive e-learning landscapes,
while also pointing out the necessity for additional comparative analyses of deep
learning techniques [51].

Digital learning is undergoing a transformation due to Large Language Mod-
els (LLMs), which can produce text that resembles human writing and offer tai-
lored educational experiences [208]. These models exhibit advanced skills in cre-
ating personalized learning resources, addressing student inquiries, and providing
immediate explanations [92, 125, 142]. Recent developments in the use of LLM’s
for educational purposes have yielded promising outcomes across different fields.
In programming education, Gabbay et al. showcased that GPT-4 outperforms tra-
ditional automated test-based feedback tools in generating feedback on coding as-
signments [57]. Azaiz et al. observed that GPT-4 Turbo delivers more organized and
consistent feedback in programming courses, although they highlighted some issues
with consistency [11] [156].

There are still challenges that remain in creating adaptive learning systems that
could integrate cognitive, emotional, and behavioral data, providing personalized
learning experiences. This research addresses these gaps by developing frameworks
that utilizes deep learning, real-time data analysis, and large language models (LLMs)
to dynamically adapt content, feedback, and interventions. This work aims to en-
hance learner engagement, improve knowledge retention, and foster self-regulated

learning in diverse educational contexts.
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Chapter 3
Affective and Cognitive State

Detection

This chapter presents various approaches for detecting affective and cognitive states,
which are essential for developing intelligent systems that can understand and re-
spond to human emotions and needs [144]. The goal of this research is to create
a comprehensive framework using various deep learning based architectures and
conventional feature-extraction based approach for detecting and analyzing human
states, including stress, interest, and readability.

The chapter is organized into different sections, each focusing on a specific aspect
of affective and cognitive state detection. The first section presents stress detection
methods using public datasets, which provide a foundation for understanding the
physiological and behavioral signals associated with stress [58]. The second section
explores stress detection in controlled environments, where the conditions are care-
fully manipulated to elicit specific stress responses [148].

The next section delves into multimodal interest detection, which involves an-
alyzing multimodal sensor signals, such as gaze and physiological data, to infer a
person’s level of interest while reading carefully selected articles [90, 157]. This is
followed by a section on deep learning-based emotion and engagement detection,
which leverages the power of neural networks to recognize patterns in human be-
havior and emotional responses [138, 160].

Finally, the chapter concludes with a section on readability detection, which aims
to determine the ease or difficulty of reading a particular text based on various lin-
guistic and cognitive factors [158]. This research has significant implications for
education, communication, and human-computer interaction, where the ability to
detect and respond to human states can greatly enhance the effectiveness and user
experience of various systems and applications.

The following sections of this chapter are based on collaborative research with
students, where each contributed to specific aspects of the work. Section 3.1 presents
research developed in collaboration with Prerna Garg, who assisted with data anal-
ysis and modeling using a publicly available dataset. Section 3.2 is based on work
conducted jointly with Rashmi Alur Ramachandra, who contributed to data collec-
tion, supported the analysis, and application development. Similarly, Section 3.4
includes research carried out with Akshay Palimar Pai, who was involved in data

collection, analysis, and application development. My own contributions span the
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conceptualization of the studies, formulation of research questions, technical data
analysis, overall supervision of the collaborative efforts, and preparation and publi-

cation of the resulting scientific articles..
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3.1 Stress Detection Using Public Datasets

Stress refers to the psychological and biological processes during emotionally and
cognitively demanding situations. It is identified as one of the top ten social deter-
minants of health disparities [58]. Organizations such as the World Health Organ-
isation, the American Psychological Association, and the Occupational Safety and
Health Administration are raising awareness about the negative impact of stress on
health and its associated costs to society [58, 114].

There are several parameters that imply stress levels in the body in a scientific
context, which are electrodermal activity (EDA), heart rate variability (HRV), blood
volume pulse (BVP), electroencephalogram (EEG), and respiratory activity [59]. Al-
though beneficial in the short term, prolonged stress exposure is a known contrib-
utor to several serious health conditions, such as hypertension and coronary artery
disease [39]. Beyond physical health, sustained stress can also lead to mental health
challenges like depression, anxiety disorders, and burnout. Therefore, it is crucial for
individuals to be aware of stressful situations so they can take appropriate measures
to manage them. This necessitates the development of a biofeedback system that can
accurately and promptly identify stress, providing individuals with the information
needed for effective intervention [58].

The main goal of this work is to provide an overview of stress detection methods
on various sensor-based physiological data and investigate the publicly available
multimodal physiological datasets for stress detection. We have used two datasets
namely WESAD (Wearable Stress and Affect Detection) [163] and SWELL-KW [103],
for evaluating our stress prediction method by employing different machine learn-
ing algorithms. The physiological data including ECG, EDA, EMG, RESP, TEMP,
and also motion-based ACC data sampled at 700 Hz from a chest-worn device was
used for training the models for WESAD dataset [58]. Six different machine learn-
ing models (five traditional machine learning models with manual feature extraction
and one deep neural network based approach) were used for stress prediction and
their performances were compared. For SWELL dataset, the HRV data [131] from
SWELL-KW was used for predicting different stress conditions by using multiple

machine learning classifiers.

3.1.1 Stress Detection Using WESAD Dataset

The contents of this section are based on our published work titled “Stress Detec-
tion in Students using Wearable Sensors and Deep Learning” [58]. The first dataset
we used for analysis was WESAD, a multimodal physiological dataset which in-
cludes data from a chest-worn device (RespiBan Professional) and a wrist-worn de-
vice (Empatica E4). The various modalities measured from both chest and wrist-
worn devices include electrocardiogram (ECG), electrodermal activity (EDA), elec-
tromyogram (EMG), respiration (RESP) and temperature (TEMP), blood volume
pulse (BVP) and accelerometer (ACC) data [58].
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The study protocol was implemented on 15 graduate students with the aim of
eliciting three different affective states — neutral, stress, and amusement.

¢ Baseline: The aim of this condition was to induce a neutral affective state
where the participants were reading materials by sitting or standing at a ta-
ble and the recording lasted for 20 minutes.

¢ Stress: The participants were put through Trier Social Stress Test [100] where
they underwent public speaking and mental arithmetic tasks. Such kind of
tasks could inflict a high cognitive load on the participants and that was the
intention. The participants were asked to give a five minute speech in front of
a panel and after that, they were asked to count down from 2023 to zero by a
factor of 17.

¢ Amusement: For this condition, the participants watched eleven funny video
clips, where there was a short neutral condition of five seconds after each clip.
The length of this condition was 392 seconds.

After both stress and amusement conditions, it was followed by a guided med-
itation period which aimed at de-exciting the participants and bringing them back
to a neutral state. The participants were asked to fill out five self-report question-
naires throughout the experiment to validate the study protocol. The various ques-
tionnaires used were PANAS (Positive and Negative Affect Schedule) [183], STAI
(State-Trait Anxiety Inventory) [175], SAM (Self-Assessment Manikins) [21]. An
SSSQ (Short Stress State Questionnaire) [74] was also added following the stress con-
dition.

Methodology

The WESAD dataset was utilized for stress detection using both chest-worn and
wrist-worn devices, each providing unique insights into physiological signals. Both
the chest-worn and wrist-worn Empatica E4 device data were analyzed using a two-
fold approach, incorporating both traditional manual feature-extraction based ap-
proach and deep learning techniques, allowing for a comprehensive comparison of
the performance of these approaches in detecting stress from physiological signals.

Manual Feature Extraction-Based Approach: The physiological data acquired us-
ing the chest-worn device was sampled at a frequency of 700 Hz, while the wrist-
worn Empatica E4 device was sampled at different sampling frequencies: BVP (64
Hz), EDA (4 Hz), TEMP (4 Hz), and ACC (32 Hz). The raw physiological signals col-
lected from chest-worn device during the experiments are illustrated in Figures 1a,
1b, and 1c, showing characteristic patterns of ECG, respiratory activity, and tem-
perature variations respectively for a participant. The preprocessed and normalized
sensor signals from both devices were segmented using a sliding window algorithm
with a window size of 10 seconds and 50% overlap.
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FIGURE 1: Raw physiological signals recorded from the chest-worn device showing
variations in ECG, respiratory, and temperature patterns for a participant

The statistical features, such as mean, standard deviation, minimum, and max-
imum, were extracted from the raw ACC signal for each axis for both the chest-
worn and wrist-worn devices. From the raw ECG signal of the chest-worn device,
the Heart Rate (HR) and R-Peaks were extracted after signal cleaning and noise re-
moval, as illustrated in Figure 2a, and the corresponding statistical features were
computed. The raw EDA signal was decomposed into its phasic (SCR) and tonic
(SCL) components as shown in Figure 2b, and the statistical features were com-
puted from these components. The respiration rate and amplitude were extracted
from the cleaned RESP signal of the chest-worn device as shown in Figure 2¢, and
the statistical features were calculated. For the EDA, BVP, and TEMP signals of the
wrist-worn device, the statistical features such as mean, standard deviation, mini-
mum, and maximum were computed. Additionally, the peak frequencies of the BVP
signal and the slope of the TEMP signal were computed for the wrist-worn device.
Similarly, for the TEMP signal of the chest-worn device, all statistical features were
calculated. Table 3.1 lists all the features extracted from chest data and Table 3.2 lists
the features extracted from wrist data.
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FIGURE 2: The features extracted from ECG, EDA and RESP signals

Five different machine learning algorithms - Light Gradient Boosting (Light-
GBM), Random Forest (RF), Extra Trees (ET), Support Vector Machine (SVM), and
Linear Discriminant Analysis (LDA) - were used, and their relative performance

was compared. Two types of classifications were performed: three-class (neutral vs.

stress vs. amusement) and binary classification (stress vs. non- stress). The hyperpa-

rameters of the different algorithms were tuned to achieve the best possible results.

For the Random Forest classifier, the minimum number of samples for splitting a

node was set to five, and the number of estimators was set to 100. For SVM, the

radial basis function kernel was used, and the class weight was set to ‘balanced’.

The ground truths in the dataset used were neutral, stress, and amused encoded as

labels zero, one, and two, respectively [58].
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TABLE 3.1: List of manually extracted features for chest sensor data

Signal ‘ Features Description
ACC | paccis 0acc,i Mean, SD
minACC/i, maxacc,i Min, Max
ie{xyz} Separate for X, y, z axes
ECG HR, R-peaks Heart Rate, R-peak timings
UHR, OHR, MiNgR, MAXHR Mean, SD, Min, Max of HR
MR peakss OR—peakss MINR_ peaks) MAXR _peaks | Mean, SD, Min, Max of R-peaks
EDA SCR, SCL Phasic, Tonic components
HSCR, OSCR~ mingcr, MAaxscr Mean, SD, Min, Max of SCR
HscL, UscL, Minscr, maxscr Mean, SD, Min, Max of SCL
RESP | Respiration Rate, Amplitude Rate, Amplitude values
URR, ORR, MINRR, MAXRR Mean, SD, Min, Max of Resp Rate
HAmps OAmp, MM Ay, MAX Ay Mean, SD, Min, Max of Resp Amp
TEMP UTEMP, OTEMP Mean, SD
minTEMp, mMaxTtemp Min, Max

Deep Learning Based Approach:

In addition to the machine learning classifiers, a

deep learning model based on Fully Convolutional Network (FCN) [46] was imple-
mented for stress detection. When compared to the conventional machine learning
classifiers, the main advantage of using an FCN model is that it could learn high-
level features from raw sensor signals, and manual feature extraction is not required,

which requires domain expertise.
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FIGURE 3: Multichannel fully convolutional network architecture

The FCN consists of three convolutional blocks for each signal, and the branches
are concatenated and fed to a fully connected dense layer. The model architecture
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TABLE 3.2: List of manually extracted features for wrist sensor data

Signal ‘ Features ‘ Description
ACC | pacc,ir Tacc,i Mean, SD

minACC,i, maxacc,i Min, Max

i€ {x,y,z23D} Separate for x, y, z axes
BVP UBVP, OBV P Mean, SD

mingyp, Maxgyp Min, Max

peakgyp Peak frequency of BVP
EDA WEDA, UEDA Mean, SD

minEDA, MAXEDA Min, Max
TEMP UTEMP, OTEMP Mean, SD

minTEMp, MaxTtemp Min, Max

MTEMP Slope of TEMP

is shown in Figure 3. For classification, we used the raw sensor signals from both
the chest-worn and wrist-worn devices. The signals were preprocessed, normalized,
and segmented using a sliding window of length 10 seconds with 50 percent overlap.
The hyperparameters of the convolutional blocks were tweaked to achieve the best

classification performance.

Evaluation Metric: During the study protocol, various conditions were carried out
at different lengths, and this led to high imbalance in the dataset. To overcome this
limitation, the majority classes were under-sampled, and the minority classes were
oversampled using the SMOTEENN [28, 107] technique, which was used to balance
the dataset. Due to the dataset’s imbalance, accuracy was not considered the most
suitable evaluation metric; instead, the Fl-score was utilized. To evaluate the mod-
els” ability to generalize, a leave-one-participant-out cross-validation method was
implemented. The overall accuracy was determined by averaging the testing ac-
curacies from each fold, where one participant’s data was held out for testing, and
the rest were used for training. This approach was specifically chosen to verify the

model’s performance on new, unobserved participants [58].

Results

The performance of various stress detection models was evaluated using the WE-
SAD dataset, considering signals from chest-worn, wrist-worn, and combined sen-
sors. Both binary (stress vs. non-stress) and three-class (neutral vs. stress vs. amuse-
ment) classification tasks were performed. The models compared included tradi-
tional machine learning approaches based on manual feature extraction (SVM, LDA,
Extra Trees, Random Forest) and a deep learning approach using a Fully Convolu-
tional Network (FCN).
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TABLE 3.3: Performance comparison of different models across the signals for stress

detection
Model Signals Binary Three-class
Accuracy Fl-score Accuracy Fl-score
Chest 74.70 78.47 68.24 66.06
SVM Wrist 69.50 69.10 61.42 60.15
Combined 72.88 71.64 67.22 67.04
Chest 80.20 80.04 68.52 66.98
LDA Wrist 74.52 72.43 60.35 57.76
Combined 79.88 78.10 65.20 64.52
Chest 83.23 82.89 65.72 63.72
Extra Trees Wrist 82.55 81.12 67.64 65.80
Combined 84.72 83.08 68.26 67.90
Chest 86.19 85.95 73.87 71.25
Random Forest Wrist 84.18 84.32 68.27 68.05
Combined 87.03 86.76 72.88 72.52
Chest 91.54 89.39 80.23 78.47
FCN Wrist 86.42 85.29 73.91 71.66
Combined 91.97 91.35 78.61 76.75

Among the manual feature extraction methods, Random Forest consistently achieved
the highest performance across all signal sources and classification tasks. For binary
classification using combined signals, Random Forest obtained 87.03% accuracy and
86.79% F1-score, with comparable performance using wrist signals (84.18% accu-
racy, 84.32% F1-score) and combined signals (86.19% accuracy, 85.95% Fl1-score). A
similar trend was observed for three-class classification, with Random Forest out-
performing other manual feature-extraction methods.

The deep learning-based FCN demonstrated superior performance across all sig-
nal sources, significantly outperforming manual feature extraction-based approaches.
For binary classification, FCN achieved remarkable results with chest signals (91.54%
accuracy, 89.39% F1l-score), wrist signals (86.42% accuracy, 85.29% F1-score), and
showed the best performance with combined signals (91.97% accuracy, 91.35% F1-
score). The same pattern was observed in three-class classification task, where FCN
achieved 80.23% accuracy and 78.47% F1-score with chest signals and maintained
the performance with wrist signals (73.91% accuracy, 71.66% Fl-score) and com-
bined signals (78.61% accuracy, 76.75% F1-score). The confusion matrices using FCN
for three-class and binary classification are illustrated in Figure 4a and Figure 4b re-
spectively. These results highlight FCN’s robust ability to learn complex patterns
and representations directly from raw sensor data, regardless of the signal source.
The model’s strong performance across all signal types demonstrates its effective-
ness in capturing relevant stress-related features from both chest and wrist-worn

devices, making it a good choice for stress detection applications. The particularly
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strong performance with combined signals suggests that FCN effectively leverages
complementary information from multiple sources to enhance stress detection accu-
racy.

Of particular interest are the results obtained from wrist-worn devices, as these
represent a more practical and less intrusive approach for real-world applications.
The strong performance of FCN with wrist signals (86.42% accuracy in binary clas-
sification and 73.91% in three-class classification) is especially promising for future
studies in controlled experiments focusing on affective and cognitive state detection
in learning environments. While chest-worn devices showed slightly higher accu-
racy, the wrist-based measurements offer a good balance between performance and
practicality, making them ideal for extended monitoring in experimental settings.
These results demonstrate that wrist-worn devices, when coupled with advanced
deep learning approaches like FCN, can effectively capture stress-related physio-
logical patterns, providing a robust foundation for future research in affective and
cognitive state detection.

Discussion

The analysis of the WESAD dataset revealed several important challenges and in-
sights in stress detection using physiological signals. A primary challenge was
the data imbalance, both in terms of signal sources and class distribution. The
chest-worn device (RespiBAN) collected significantly more samples (4,255,300) com-
pared to the wrist-worn Empatica E4 (194,528) for each subject. The dataset ex-
hibited considerable label bias, with baseline samples outnumbering other classes
and stress samples being approximately double the number of amused samples. To
address this imbalance, SMOTE (Synthetic Minority Oversampling Technique) was
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employed in the analysis, generating synthetic samples for minority classes while
avoiding the overfitting issues commonly associated with random oversampling.

A significant technical challenge arose from the varying sampling frequencies
across devices and modalities. The chest-worn device sampled all signals at 700 Hz,
while the Empatica E4 used different sampling rates for different modalities: BVP
(64 Hz), EDA (4 Hz), TEMP (4 Hz), and ACC (32 Hz). This disparity in sampling
rates complicated the selection of appropriate window sizes for feature extraction,
particularly when combining data from multiple modalities. The manual feature
extraction process required high domain expertise, highlighting one of the key limi-
tations of conventional machine learning approaches.

The deep learning-based FCN demonstrated superior performance compared to
conventional machine learning models, particularly with chest signals, achieving
91.54% accuracy for binary classification and 80.23% accuracy for three-class classi-
fication. This superior performance can be due to two factors: the higher sampling
rate of chest signals providing more information, and the FCN’s ability to automati-
cally learn relevant features from raw data, eliminating the need for manual feature
engineering. The model’s architecture, particularly the filter size in convolutional
blocks, proved crucial for performance optimization. While the exclusion of ACC
signals significantly impacted performance, TEMP signals had minimal effect, sug-
gesting varying importance of different physiological signals in stress detection.

TABLE 3.4: Classification accuracies when each sensor data is excluded for wrist data (FCN)

Signals Accuracy  Fl-score Precision Recall
Without ACC  0.68 & 0.11 0.66 0.67 0.69
Without BVP 070 £0.07  0.67 0.68 0.70
Without EDA  0.70 & 0.09 0.68 0.71 0.70
Without TEMP  0.71 £ 0.10 0.69 0.71 0.71
All signals 0.73 £ 0.09 0.72 0.73 0.72

The performance difference between chest and wrist signals (chest: 91.54% vs.
wrist: 86.42% accuracy in binary classification) highlights the impact of sampling
frequency on model performance. These findings emphasize the importance of high-
quality, high-frequency data in stress detection applications and suggest that future
work should focus on developing methods to better utilize data from sensors with
varying sampling characteristics.

To understand the relative importance of different physiological signals in stress
detection, an ablation study was conducted by excluding individual sensor data
from the wrist-worn device, as shown in Table 3.4. The results revealed that ACC
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FIGURE 5: Pearson correlation of target variables to extracted features (wrist-data)

data had the most significant impact on model performance, with its exclusion lead-
ing to the largest drop in accuracy (68% = 0.11) and F1-score (0.66) compared to using
all signals (73% =+ 0.09 accuracy, 0.72 F1-score). This suggests that patterns captured
by the accelerometer provide crucial information for stress detection in the WESAD
dataset. The exclusion of BVP and EDA signals resulted in a moderate performance
decrease (70% accuracy for both), indicating their complementary role in stress de-
tection. The removal of TEMP signals had the least impact on model performance
(71% % 0.10 accuracy, 0.69 Fl-score), suggesting that temperature variations might be
less indicative of stress states compared to other physiological signals. These find-
ings provide valuable insights for sensor selection in wearable stress detection sys-
tems, highlighting the particular importance of accelerometer data while suggesting
that temperature sensors might be optional in resource-constrained applications.
The analysis of individual participant responses revealed significant variations
in both feature correlations and model performance. The Pearson correlation matrix
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(Figure 5) shows that EDA based statistical features showed positive correlations
with most participants, except for S17. The ACC features exhibited contrasting cor-
relations across participants, with S4 and S6 showing positive correlations while S2
and S16 displayed negative correlations. This individual variability was further re-
flected in the participant-wise classification accuracies (Figure 6), where participants
54, 58, S14, and S16 achieved higher accuracies when used as test sets, while others
like S3, S10, S13, S15, and S17 showed relatively lower accuracies. These variations
in both feature correlations and classification performance can be attributed to the
uniqueness of individual physiological responses and potentially different reactions
to stress-inducing stimuli, highlighting the challenge of developing a generalized
stress detection model.

3.1.2 Stress Detection using SWELL-KW Dataset

The SWELL Knowledge Work (SWELL-KW) dataset is a result of conducting an ex-
periment with 25 participants doing typical office work like making presentations,
writing reports, reading e-mails, and searching information. The data recorded dur-
ing the experiment included facial expression, computer logging, body postures and
three physiological signals based on ECG and skin conductance with the final goal
of recognizing stress during working conditions [103].

The three different working conditions were :

* Neutral “no-stress”: The participants were allowed to work on tasks without
any time limits and they are unaware of the maximum duration of the tasks.

* Stressor “Time pressure”: The participants had to finish the task within 2/3
time, that they did the task in neutral condition.
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¢ Stressor “Interruptions”: The participants were interrupted during the tasks
by sending e-mails, among which some were relevant for the task and some

were not.

The participants performed knowledge worker tasks on a desktop computer in
a controlled lab setting consisting of 6 selected topics on which people with various
backgrounds could work. Participants completed a series of self-report question-
naires to collect ground truth data on their subjective experiences after each task
block. The NASA Task Load Index [68] assessed task load, including mental and
physical demand, temporal demand, effort, performance, and frustration. The Rat-
ing Scale Mental Effort evaluated mental effort, while the Self-Assessment Manikin
Scale measured emotional responses in terms of valence, arousal, and dominance.
The perceived stress was reported on a visual analog scale from 'not stressed” to
'very stressed’ [103]

Methodology

While the primary focus is on deep learning approaches for sensor-driven analytics,
the SWELL-KW dataset analysis was included to validate stress detection in a dif-
ferent context - specifically knowledge work settings. Unlike the WESAD dataset,
where raw sensor data was utilized for analysis, the SWELL-KW dataset provides
pre-computed features from four distinct categories of sensor data: physiological
measurements, body posture information, computer interaction patterns, and facial
expression data. This presents an opportunity to evaluate how conventional ma-
chine learning approaches perform with manually crafted features in a real-world
office environment.

The physiological features include various metrics derived from ECG and skin
conductance measurements, such as heart rate variability (HRV), skin conductance
level (SCL), and root mean square of successive differences (RMSSD) between nor-
mal heartbeats. These pre-computed features, combined with behavioral indicators
from body postures, computer interactions, and facial expressions, provide a com-
prehensive set of stress indicators in a knowledge work context. Table 3.5 shows the
different features from each modality.

For the analysis, the stress detection was formulated in two ways. First, for three-
class classification, the original condition labels were used: neutral, time pressure
(encoded as stress-time), and interruption (encoded as stress-inter). Second, for bi-
nary classification, the two stressor conditions (time pressure and interruption) were
combined into a single stress state (encoded as stress) and maintained the neutral
condition as the non-stress state. Given the pre-computed nature of the features, a
random forest classification was employed, which has shown robust performance in

handling multi-modal feature sets.
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Type Features

Computer Interactions Mouse (3)
Keyboard (7)
Applications (2)

Facial Expressions Head Orientation (3)
Facial Movements (10)
Action Units (19)
Emotion (8)

Body Postures Distance (1)
Joint angles (10)
Bone Orientations (3x11)

Other movements (44)

Physiology Heart Rate (variability) (2)
Skin Conductance (1)

TABLE 3.5: Features set from different modalities in the SWELL-KW dataset

Cross-validation Strategies: To evaluate the stress detection performance, two dis-
tinct cross-validation approaches were employed: user-independent and user-dependent
approaches. In the user-independent approach, a Leave-One-Participant-Out (LOPO)
cross-validation was implemented, where data from one participant was used as the
test set while the model was trained on data from all other participants. This ap-
proach evaluates the model’s ability to generalize across different individuals and
assess its potential for real-world applications.

For the user-dependent approach, a personalized evaluation for each participant
was performed. For each participant’s data, k-fold cross-validation (k=5) was ap-
plied, splitting the participant data into train and test sets. The performance metrics
were first calculated for each participant separately and then averaged across all par-
ticipants to obtain the final performance measures. This approach provides insights
into how well the model performs when trained and tested on individual-specific
patterns, accounting for personal variations in stress responses. The combination
of both strategies provides complementary insights: while user-independent vali-
dation demonstrates the model’s generalizability across different individuals, user-
dependent validation shows the potential performance benefits of personalization.
This dual evaluation approach is particularly relevant in stress detection, as stress
can vary significantly between individuals while maintaining certain common pat-
terns across individuals.

Results

The classification results using random forest show significant variations in stress
detection performance across different modalities and validation approaches, which
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can be observed from Table 3.6. In the user-independent approach (LOPO val-
idation), the combination of modalities achieved the highest accuracy of 45.63%
and 61.79% for three-class and binary classification, respectively. Among individ-
ual modalities, computer log data showed relatively better performance (43.28%
for three-class), possibly due to its ability to capture work-related stress patterns
through interaction behaviors. Physiological and facial modalities showed compa-
rable performance (35.47% and 37.15% respectively, for three-class), while body pos-
ture features achieved slightly higher accuracy (39.82% for three-class).

User-Independent User-Dependent

Modalities Three-class Binary Three-class Binary

Physiological 35.47 56.23 67.85 72.31
Body 39.82 58.64 80.29 85.76
Facial 37.15 56.92 7243 79.58
Computer log 43.28 61.34 65.87 66.45
Combined 45.63 61.79 91.24 92.68

TABLE 3.6: Classification accuracy (%) using Random Forest for different modalities using
user-independent and user-dependent approaches

The user-dependent validation revealed significant performance improvement
across all modalities, highlighting the importance of personalization in stress detec-
tion systems. The combined modality approach achieved the best accuracy of 91.24%
for three-class and 92.68% for binary classification, suggesting that integrating mul-
tiple data sources effectively captures individual-specific stress patterns. Body pos-
ture features exhibited good performance in the user-dependent approach (80.29%
for three-class), followed by facial expressions (72.43%) and physiological signals
(67.85%). This significant improvement in user-dependent results indicates that
stress levels vary considerably between individuals, and personalized models can
better capture these unique patterns.

The better performance of the combined modality approach in both validation
scenarios highlights the complementary nature of different stress indicators. While
computer interactions directly reflect work-related behaviors, physiological signals
capture nervous system responses to stress. Facial expressions and body postures
provide additional behavioral markers that might not be captured by other modal-
ities. The performance gap between user-independent and user-dependent results
(approximately 45% difference for combined modalities in three-class classification)
emphasizes the challenge of developing generalized stress detection systems and
suggests that hybrid approaches incorporating both personal and general patterns
might be more effective for real-world applications.
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Discussion

The outcomes from multi-modal stress detection using the SWELL-KW dataset re-
vealed several important insights into the effectiveness of different signal sources
and validation approaches. The findings demonstrate both the potential and chal-
lenges in developing robust stress detection systems for workplace environments.

The better performance of the combined modality approach (91.24% for three-
class classification in user-dependent scenarios) shows that stress affects both our
behavior and body in different ways. Each modality contributes unique informa-
tion: physiological signals provide objective measures of nervous system responses,
facial expressions capture emotional states, body postures reflect physical variations
of stress, and computer interaction patterns indicate changes in work behavior un-
der stress. The effect of combining these modalities suggests that stress detection
systems should ideally incorporate multiple modalities to capture the complete pic-
ture of an individual’s stress state.

The significant performance difference between the user-dependent and user-
independent approaches (approximately 45% for combined modalities) highlights a
significant challenge in stress detection: the highly individualized nature of stress
responses. The superior performance in user-dependent scenarios (ranging from
65.87% to 91.24% for three-class classification) indicates that stress variations are
highly personal, with individuals exhibiting unique patterns across different modal-
ities. This finding has important implications for the development of practical stress
detection systems, suggesting that a hybrid approach combining personalized mod-
els with general patterns might be most effective.

These findings have several practical implications for workplace stress monitor-

ing systems. The strong performance of user-dependent models suggests that stress
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detection systems should incorporate a calibration phase to learn individual stress
patterns. The effectiveness of the combined modality approach indicates that work-
place stress monitoring systems should utilize multiple data sources when possible,
though the cost and complexity of implementation must be considered. Finally, the
moderate performance in user-independent scenarios suggests that generic stress
detection models might be suitable for initial deployment but should be adapted to
individual users over time.

3.1.3 Limitations and Future Work

While this study provides valuable insights into stress detection using publicly avail-
able datasets, several limitations must be acknowledged. First, the datasets used,
WESAD and SWELL-KW, were collected in controlled environments, which may
not fully represent the complexity and variability of real-world stress scenarios. This
controlled setting limits the generalizability of the models to more dynamic and un-
predictable environments. Second, the sampling rates and sensor modalities differ
between the datasets, which introduces challenges in standardizing feature extrac-
tion and model evaluation. Additionally, the reliance on high-frequency physiolog-
ical signals, such as ECG and EDA, may not be practical for all real-world applica-
tions due to the cost and complexity of wearable devices.

Future work should focus on addressing these limitations by exploring stress
detection in more naturalistic and diverse environments. Developing datasets that
capture real-world stress responses across a broader population would enhance the
generalizability of the models. The research into lightweight and cost-effective wear-
able devices that can capture multimodal data with lower sampling rates is essential
for practical applications. Another promising direction is the integration of trans-
fer learning techniques to adapt models trained on controlled datasets to real-world
scenarios. Finally, privacy-preserving methods for collecting and analyzing physi-
ological data should be prioritized to ensure ethical deployment of stress detection
systems.

3.1.4 Conclusion

This research provides a comprehensive overview of stress detection methods using
multimodal physiological data from two publicly available datasets: WESAD and
SWELL-KW. The WESAD dataset, collected from 15 participants using a chest-worn
device and Empatica E4, includes physiological signals such as ECG, EDA, EMG,
RESP, TEMP, and ACC. The SWELL-KW dataset, focusing on HRV features, was also
analyzed using machine learning classifiers, further demonstrating the effectiveness
of modality-specific feature extraction. The WESAD dataset demonstrated the ef-
fectiveness of deep learning models, particularly the FCN, which outperformed tra-
ditional machine learning methods by automatically extracting features from raw

data. The SWELL-KW dataset emphasized the importance of combining multiple
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modalities, with the combined approach achieving the highest accuracy in user-
dependent scenarios. SWELL-KW revealed the critical role of personalization, as
user-dependent models significantly outperformed user-independent ones, under-
scoring the highly individualized nature of stress responses. These findings have
broader implications for the development of stress detection systems by highlight-
ing the potential of integrating multimodal data to capture the complex nature of
stress and the user-dependent models suggest that personalized approaches could
significantly enhance the effectiveness of stress detection in real-world applications.
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3.2 Stress Detection in Controlled Environment

This section and the related contents are based on our publication titled “Enhancing
Stress Detection for Students: Exploring the Impact of Fine-Tuning and User-Specific Data
Calibration in Deep Learning” [148]. In the previous section (Section 3.1), the analy-
sis of stress detection using publicly available datasets was discussed. While these
datasets provide valuable insights into stress detection, they often lack the specificity
and control required to understand the variations of stress in specific populations.
To address this limitation, a study was conducted in a controlled environment to de-
tect the varying levels of stress in users. The study focused on students and aimed
to investigate how they respond to different levels of stress [148].

The Empatica E4 wristband was used as a data collection tool to measure the
stress levels experienced by students while they completed a series of tasks at dif-
ferent difficulty levels. The primary goal of the research was to assess and ana-
lyze stress in students, exploring how they respond to varying levels of stress and
whether there were significant differences in their physiological reactions to these
different stress levels. To achieve this, an experiment was designed and conducted
involving 25 participants, who were subjected to three distinct stress conditions:
‘easy’, ‘medium’, and ‘hard’. By employing mental arithmetic tasks as stressors,
the intention was to generate stress-inducing scenarios at various intensities. The
research aimed to enhance the understanding of how students experience and react
to stress while performing tasks. By examining their physiological responses under
different stress levels, the objective was to reveal patterns and variations that could
explain the impact of stress on students” well-being and performance [148].

The main contributions of this study are [148]:

* A comprehensive and well-designed experimental protocol was developed,
featuring a well-established stressor and a variety of tasks and stimuli that
effectively induced different levels of stress in participants.

¢ A thorough evaluation and comparison of various deep learning models for
predicting stress levels was performed, showing that these models can be suc-
cessfully trained to precisely predict stress levels using physiological data.

* A comparative analysis was performed between a general classification model
and a user-adaptive model, which was implemented by fine-tuning or calibrat-

ing user-specific information.

* An application prototype was developed that interprets dynamic variations of
stress levels in users, utilizing a stress meter and customized alert messages,
serving as a tool to help users understand and monitor their stress levels and

ensure timely support.
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This study highlights the importance of understanding and monitoring stress
levels in students. By utilizing a robust experimental protocol, analyzing physiolog-
ical data with deep learning models, and developing an application for visualization
and potential interventions, the research contributes to the advancement of stress
detection methods and their practical implementation [148].

3.2.1 Data Collection

The data collection was aimed at recording the physiological data from the partici-
pants while performing the tasks at varying levels of stress. The data collection and
related subsections are based on our work [148].

Participants

The study involved a total of 25 participants, comprising 11 female and 14 male par-
ticipants, all of whom were pursuing their master’s degrees at the university. The
participants’ ages ranged from 21 to 31 years. Prior to the experiment, an informed
consent was obtained from each participant, ensuring that they were aware of the
study’s objectives, procedures, and potential risks. A detailed explanation of the
experiment, including the tasks they would be required to perform, the data collec-
tion process, and the measures taken to ensure their confidentiality and anonymity
was provided. The participants were also informed that they could withdraw from
the study at any time without penalty or consequence. After obtaining consent, the
experiment was conducted in a controlled environment to minimize external influ-
ences and ensure the collection of high-quality data. Figure 8a shows an overview

of the experimental setup and how participant data is recorded [148].

Experimental Design

Before the experiment began, the procedure and apparatus were thoroughly ex-
plained to all participants. The participants who agreed and signed the consent
form were allowed to participate. The Empatica E4 wristband was worn on the non-
dominant hand, and participants were instructed to minimize hand movements to
prevent introducing additional stress and variations. The experiment involved a se-
ries of tasks that lasted between 20 and 25 minutes. Participants were separated into
two groups based on the sequence of relax and stress sessions: (1) relax followed
by stress, and (2) stress followed by relax. These groups were then further divided
into three subgroups according to stress levels: (1) easy-medium-hard, (2) medium-
easy-hard, and (3) hard-medium-easy (Figure 8b). At the beginning and end of each
relax and stress session, participants were instructed to press a button on the E4
wristband, indicated by a red blink. Clear instructions for the upcoming session ap-
peared on the screen at its start. The different sessions involved in the experiment

are explained below, as detailed in our previous work [148].
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FIGURE 8: (a) An overview of the experimental setup. The participant is looking at
numbers appearing on the screen in a series of mental arithmetic tasks. (b) The various
sessions involved in the experimental setup

At the beginning and end of each relax and stress session, participants were in-
structed to press a button on the E4 wristband, indicated by a red blink. Clear in-
structions for the upcoming session appeared on the screen at its start. The different
sessions involved in the experiment are explained below, as detailed in our previous

work.

¢ Relax: Participants sat in front of a monitor displaying a pleasant image and
listened to soothing music for 90 seconds.

¢ Stress: This session comprised three levels of arithmetic tasks, each lasting 5
minutes. A series of numbers was shown on the screen and participants were
asked to memorize the series and mentally “Add/Subtract/Multiply” a given
number to each number in the series. For example, if the series shown is (5,
3, 1) and if asked to add 1, then the correct answer will be (6, 4, 2). In the
following fields, they were required to input the revised series. If the input
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answer series is correct, an alert message “Correct” is popped on the screen
and if not, an alert message “Incorrect” is popped. If they fail to input an

answer, a “timeout” message appears on the screen as shown in Figure 9.

- Easy: Participants solved addition problems where they had to memorize

3 numbers in series and input 3 answers in the same order.

— Medium: Participants solved subtraction tasks where they had to memo-
rize 4 numbers in series and input 4 revised answers in the same order. In
addition to alert messages, participants heard a buzzer sound for correct,
incorrect, and timeout results.

- Hard: Here participants solved multiplication tasks. The total numbers
in the series were increased to 5. In addition to alert messages and buzzer
sounds for correct, incorrect, and timeout results, participants heard a
ticking clock sound when this session started.

* Auxiliary session: Before the stress session, a 30-second complementary task
involved clicking on circles appearing on the screen. This session was not
recorded using the wristband.

10
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FIGURE 9: Screenshots illustrating the experimental sessions: easy, medium, and hard
levels, along with a ‘timeout’ message (left column) and an example of the input field and
‘correct’ message (right column).

Participants took brief breaks between each session. In addition to the alert mes-
sages, buzzer and ticking sounds were employed to induce stress or anxiety. A ques-
tionnaire form was provided at both the beginning and end of the experiment, ask-
ing participants to answer several questions about themselves and the experimental
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process. The pre- and post-questionnaire forms utilized a Likert scale ranging from
1 to 7 (with 1 representing the least and 7 the highest) and included a drop-down
menu for selecting options [148].

3.2.2 Methodology

To assess the varying stress responses in students, a controlled experiment was con-
ducted using the Empatica E4 wristband to collect physiological data including Elec-
trodermal Activity (EDA), Blood Volume Pulse (BVP), Skin Temperature (TEMP),
Heart-Rate (HR) and three axis Accelerometer (ACC) data at 4Hz, 64Hz, 4Hz, 1Hz,
and 32Hz, respectively. The system recorded physiological signals of the participant
while performing a series of tasks at different stress levels. Figure 10 depicts the raw
sensor signals recorded for a participant at the different sessions of the task. This
methodology adopts an end-to-end approach, enabling the extraction of valuable
insights directly from the raw sensor data without requiring manual feature extrac-
tion, as described in our work [148].

Data Pre-processing

The recorded EDA, BVP, TEMP, and ACC signals were preprocessed and segmented
using a 30-second sliding window without overlap. All signals were standardized
to have zero mean and unit variance before being fed into the models. To maintain
consistency, some models received signals resampled to 4 Hz, while other models
were trained using the signals at their original sampling frequencies. This method-
ology employs an end-to-end approach, enabling the extraction of valuable insights

directly from the raw sensor data without manual feature extraction [148].

Model Architecture

The preprocessed signals were fed to multiple deep neural networks for predicting
the varying stress levels in the users. The deep neural networks were employed
which eliminates the need for manual feature engineering. Several architectures
were explored, including convolutional neural networks (CNNSs), such as fully con-
volutional networks (FCNs) and residual networks (ResNets), as well as recurrent
neural networks (RNNs) like Long Short-Term Memory (LSTM) networks and trans-
former networks. The ResNet architecture (Figure 11a) featured a dense structure
with multiple residual blocks, each containing three convolutional layers (64, 128,
and 128 filters respectively) with varying kernel sizes and shortcut connections.
Global average pooling downsampled feature maps, followed by fully connected
layers for final classification. The FCN architecture consisted of three convolutional
blocks per signal, each employing convolutional layers with ReLU activation, fol-
lowed by global average pooling. The outputs were concatenated and fed into fully

connected layers for classification [148].
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FIGURE 10: The raw physiological signals separated by different sessions of stress for a
participant.

The transformer network (Figure 11b) processed the signals using two trans-
former blocks, each comprising a multi-head attention layer, a dropout layer, and
two 1D convolutional layers. These blocks were followed by pooling and dense
layers with ReLU and softmax activation. Finally, the LSTM architecture utilized a
1D convolutional layer (64 filters, kernel size 7), an LSTM layer, and dense layers
with ReLU activations, followed by a dropout layer and a final dense layer. For
the LSTM and transformer models, input signals were resampled to 4 Hz to ensure
consistency [148].

Evaluation Protocols

Two cross-validation methods were employed to ensure robust and generalizable
results: 5-fold cross-validation (KFold) and leave-one-participant-out (LOPO) cross-
validation. KFold ensured balanced stress level distribution across the five subsets.
LOPO trained models on data from all but one participant, then evaluated perfor-
mance on the held-out participant’s data. Considering the variability in individual
reactions to stimuli, applying a generalized model to unseen participants presented
a challenge. To overcome this, a fine-tuning (or calibration) approach was adopted,
incorporating a small fraction (5%, 10%, and 20%) of the held-out participant’s data
into the training set to personalize the model. The remaining data (95%, 90%, and
80% respectively) was used for testing. For example, when evaluating participant
p01, 10% of their data was added to the training data, and the remaining 90% was
used for testing. This approach was followed to improve the model’s ability to gen-
eralize to new, unseen participants by capturing individual variations in physiolog-

ical responses. This systematic variation of training and testing data proportions
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FIGURE 11: (a) ResNet Architecture (b) Transformers Architecture

allowed for a controlled evaluation of model performance on unseen data [148].

3.2.3 Results

This study evaluated the performance of four deep learning models—FCN, ResNet,
Transformer, and LSTM in classifying stress levels (‘easy’, ‘medium’, "hard’) using
two cross-validation strategies: KFold and leave-one-participant-out (LOPO). The
impact of fine-tuning on LOPO performance was also assessed. Results revealed
significant differences in model performance and highlighted the benefits of incor-
porating user-specific data calibration. Table 3.7 summarizes the evaluation results
for KFold and LOPO cross-validation, with and without fine-tuning, using different
models. Across all models, K-Fold cross-validation achieved considerably higher
accuracy and Fl-scores than LOPO without fine-tuning. This highlights the chal-
lenge of generalizing models trained on one set of participants to completely unseen
participants. The ResNet model outperformed other models, achieving 95.05% accu-
racy with KFold but only 35.52% with LOPO before fine-tuning. This suggests that
ResNet, while performing exceptionally well within the training data distribution,
struggles to generalize to new, unseen participants [148].

User-specific calibration/fine-tuning significantly improved LOPO performance
for all models, demonstrating the effectiveness of incorporating user-specific data.
The ResNet and LSTM models showed significant improvements. ResNet’s accuracy
increased from 35.52% to 85.12% with 20% fine-tuning data, while LSTM’s accuracy
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TABLE 3.7: Summary of classification results for three-class stress detection using the KFold
and LOPO approach.

Model Validation method Acc F1

KFold 85.05 0.848

No ft 41.16 0.483

FCN 5% ft 47.63 0433
10% ft 53.81 0.542

20% ft 60.17 0.578

KFold 95.05 0.950

No ft 35.52 0.244

ResNet 5% ft 60.10 0.555
10% ft 80.04 0.786

20% ft 85.12 0.846

KFold 59.12 0.572

No ft 40.38 0.375

Transformers 5% ft 43.85 0427
10% ft 44.09 0.403

20% ft 4429 0.408

KFold 7821 0.781

No ft 35.86 0.344

LSTM 5% ft 71.09 0.709
10% ft 84.12 0.839

20% ft 91.17 0.911

improved from 35.86% to 91.17% with the same amount of fine-tuning data. This
suggests that these models benefit significantly from incorporating individual par-
ticipant characteristics. In contrast, the Transformer model showed only marginal
improvement with fine-tuning, indicating that this architecture may be less sensitive
to individual variations. The FCN model showed a moderate improvement with
fine-tuning, suggesting a moderate sensitivity to individual variations. Figure 12
visually depicts the distribution of predicted stress accuracies for each participant,
comparing performance with and without fine-tuning. This figure allows for a de-
tailed assessment of the impact of fine-tuning on both generalized and user-centric
classification [148].

The confusion matrices for the LSTM model (Figure 13) provide a visual repre-
sentation of the changes in classification performance with and without fine-tuning.
These matrices illustrate how fine-tuning, even with a small percentage of user-
specific data, enhances the model’s ability to accurately predict the three stress classes.
The results demonstrate the importance of considering both the model architecture
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and the cross-validation strategy when developing stress classification models. Fine-
tuning with user-specific data is crucial for improving the generalizability of these
models, particularly for architectures like ResNet and LSTM that are sensitive to in-
dividual variations. The Transformer model, however, appears less susceptible to
this issue. Further investigation into the reasons for these architectural differences
could provide valuable insights into the design of more robust and generalizable

stress classification systems [148].

3.24 Application

Beyond the implementation of the models, a prototype application was developed
using Python Dash to visualize and represent the stress prediction results obtained
from each participant. The application interface, shown in Figures 14a and 14b, was
designed to offer a comprehensive overview of stress levels over time. Stress levels
are evaluated and presented using a person-specific training method, which differs
from the cross-validation techniques employed in the study’s main evaluation. Each

participant’s data was split into training and testing sets using the KFold approach.
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This ensures the stress visualization application effectively captures individual dif-
ferences. This person-specific training improves the application’s personalization, as
a general model might not adequately account for individual variations, as detailed
in our previous work [148].

The application enables users to select participants for analysis. Upon selection,
dynamic changes in the stress meter and customized alert messages for each ses-
sion (categorized as ‘easy’, ‘medium’, and ‘hard’) are displayed. The stress meter
provides an overall indication of stress level, complemented by a feedback message
offering additional insights. Electrodermal Activity (EDA) and Blood Volume Pulse
(BVP) signals are also viewable alongside the stress levels, which provides a more
comprehensive understanding of the relationship between stress and physiological
responses. This application prototype functions as a potential intervention mech-
anism for students. By providing real-time insights into their mental state during
various tasks, it enables students to effectively understand, manage, and address
their stress levels. This tool could significantly contribute to student well-being and
improve academic achievement by fostering self-awareness and proactive stress con-
trol [148].

3.2.5 Discussion

This research investigated the physiological responses of students to varying levels
of stress, aiming to understand the impact of stress on well-being and performance
as discussed in our previous work [148]. An experiment using mental arithmetic
tasks as a primary stressor was designed. To induce varying stress levels, feedback,
buzzers, timers, and clock-ticking sounds were incorporated. This controlled design,
with predefined ground truths, minimized reliance on subjective questionnaire re-
sponses, promoting objective data assessment. The resulting multilevel classification
system offers a more nuanced understanding of stress levels.
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The deep learning models used in this study avoided the need for pre-processing
or feature extraction from raw signals. However, accurately classifying three distinct
stress levels from the Empatica E4 wristband’s five sensory data streams presented a
challenge. Due to the close relationship between heart rate (HR) and blood volume
pulse (BVP) data (sampled at 64 Hz), HR data was excluded from the analysis. To
ensure compatibility with the Transformer and LSTM models, which require uni-
formly shaped inputs, raw data was downsampled to 4 Hz. This downsampling,
unfortunately, led to some data loss from the BVP and ACC sensors. In contrast, the
FCN and ResNet models utilized all raw data at their original sampling frequencies.
Despite these technical considerations, all models demonstrated reasonable perfor-
mance, particularly with fine-tuning, showcasing the efficacy of deep learning for
stress classification using E4 wristband data [148].

Initial findings from a participant-independent approach yielded unsatisfactory
results, indicating substantial individual differences in how stress is experienced.
However, classification performance improved considerably when models were fine-
tuned using a small fraction (5%) of person-specific test data. This outcome under-
scores the critical role of fine-tuning for achieving better generalization and empha-
sizes the unique nature of stress responses across individuals. Personalized data cal-
ibration enables the models to adapt to these individual variations, resulting in more
precise stress classification. The experimental setup involved four distinct sessions,
comprising three stress levels and a ‘relax’ session. The "relax” session was included
with the specific intent of dividing participants into two groups: one group expe-
riencing this session at the beginning of the experiment and the other group at the
end. This design aimed to determine whether the timing of the ‘relax” session in-
fluenced the levels of stress experienced by the two participant groups. Analysis of
the outcomes revealed no significant differences in stress levels between these two
groups. A substantial number of participants successfully completed their sessions,
including the ‘relax” component. A notable portion of these individuals faced chal-
lenges in correctly ending the E4 recording after the ‘relax” session concluded. This
issue led to inaccuracies in labeling the ‘relax” session data, finally resulting in its

exclusion from the model training phase [148].

3.2.6 Limitations and Future Work

This study, while demonstrating promising results, is subject to several limitations
that require consideration for future research. These limitations primarily relate to
data acquisition, experimental design, and the generalizability of the findings. The
limitations and future work are discussed in our work [148].

* Downsampling: Downsampling the raw data to 4 Hz for compatibility with
certain models resulted in a loss of information from the BVP and ACC sen-
sors, potentially affecting the accuracy of stress classification.
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¢ ‘Relax” Session Data: Difficulties in accurately recording and labeling data
from the ‘relax” session led to its exclusion from model training, potentially

biasing the results and limiting the analysis of the relaxation state.

* Generalizability: While fine-tuning improved performance, the generalizabil-
ity of the models to populations beyond the student participants in this study
remains uncertain. Further research is needed to validate the models’ perfor-

mance on diverse populations and in different contexts.

* E4 Wristband Limitations: The study relied on data from the Empatica E4
wristband, which may not capture the full spectrum of physiological responses
associated with stress. The use of additional physiological sensors could pro-

vide a more comprehensive assessment.

¢ Induced Stress: The induced stress, while controlled, may not perfectly repli-
cate real-world stress experiences. The generalizability of findings to naturally

occurring stress situations requires further investigation.

Future work should address these limitations by exploring higher-resolution data
to mitigate the effects of downsampling and incorporating additional physiological
sensors to capture a wider range of stress responses. The study should be expanded
to include diverse populations and real-world stress scenarios that will enhance the
generalizability of the findings. The future work could use unobtrusive wearable
devices with enhanced sensing capabilities that could provide more reliable and de-
tailed physiological data for stress analysis [148].

3.2.7 Conclusion

This study focused on examining user stress levels during mental arithmetic tasks
using physiological signals from an Empatica E4 wristband. We used deep learn-
ing methods to predict these stress levels. The research included a user study with
25 university students, aiming to identify different stress levels labeled as ‘easy’,
‘medium’, and ‘hard’. Among the various stress detection models proposed, both
ResNet and LSTM showed strong predictive performance. This was especially ev-
ident when using K-Fold and Leave-One-Participant-Out (LOPO) cross-validation
techniques, along with a fine-tuning method that included 5%, 10%, and 20% of
the test data to improve personalization. With K-Fold, ResNet achieved a classifi-
cation accuracy of 95.05% for the three classes, while LSTM reached 78.21%. With
20% fine-tuning, ResNet obtained an accuracy rate of 85.12% and an Fl-score of
0.846. In comparison, LSTM achieved a higher accuracy of 91.17% and an F1-score
of 0.911. For all four models implemented, applying fine-tuning with the LOPO
cross-validation technique using 5%, 10%, and 20% of the test data consistently out-
performed baseline methods. Overall, the study’s findings confirm the effectiveness
of deep learning methods in predicting stress levels from physiological signals. The
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results highlight the superior performance of the ResNet and LSTM models and
show the benefits of fine-tuning or calibration to enhance the accuracy of stress level
classification within a general prediction framework. This research sheds light on
the potential of deep learning models in stress analysis and provides useful insights
for future investigations in this area [148].
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3.3 Multimodal Interest Detection

This section is based on our published work titled “Multimodal Assessment of Interest
Levels in Reading: Integrating Eye-Tracking and Physiological Sensing” [157]. The funda-
mental aspects of human drive, the mechanisms of motivation, and the very nature
of interest have been subjects of extensive inquiry long before the advent of digi-
tal technology [157]. Despite its frequent use, ‘interest’ remains a complex concept
to define singularly, leading to various interpretations depending on context and
specific aspects. Across the fields of psychology, sociology, and education, interest
is commonly understood as “a construct that characterizes a person’s special rela-
tionship with an object (contents, topics, special subject, and object domain)” [105].
Numerous researchers link it to academic achievement or define it as a motivational
variable that is the foundation of productive learning [67, 104, 153]. Interest is also
examined in relation to memory, with information deemed interesting by an indi-
vidual being retained more easily and for longer periods than uninteresting infor-
mation [150].

Within the context of reading, interest holds particular significance, given that
learning and education are largely facilitated through this activity. Gaining insight
into what stimulates the desire to read can greatly assist in designing documents
that promote more efficient human-document interaction. The cognitive processes
occurring in a reader’s mind are reflected in their eye movements, causing changes
in pupil diameter, blinks, fixations, saccades, and regressions [149, 198]. Thus, eye-
tracking emerges as a direct method for detecting interest during reading tasks [14,
86]. Heart rate behavior represents another physiological channel through which
emotions, and thus interest, can be effectively measured. Employing a wristband
as a detector offers the advantage of being highly unobtrusive, thereby introducing
virtually no distraction during the reading task [60].

This research investigates the identification of varying degrees of interest using
raw data from eye-tracking and Empatica E4 wristband recordings as presented in
our work [157]. The study compares the performance of a deep learning approach
with previously established results obtained using conventional machine learning
methods [88, 90]. Deep learning models—specifically, a One-dimensional Convolu-
tional Neural Network (1D CNN), a CNN-LSTM (Convolutional Neural Network —
Long Short-Term Memory) [127], and a Fully Convolutional Network (FCN)—were
employed to extract high-level features directly from the raw sensor data, elimi-
nating the need for manual feature engineering. This contrasts with conventional
machine learning models, such as Random Forest (RF) and Support Vector Machine
(SVM), which require explicit feature extraction and domain expertise. The pro-
posed deep learning methodology leverages the inherent capacity of these models
to handle temporal dependencies within the data—a crucial aspect for physiological
signal processing—and to learn features at multiple levels of abstraction. Figure 15

provides an overview of the proposed system and facilitates a comparison between
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FIGURE 15: An overview of the manual feature extraction-based approach and deep
learning-based approach

two distinct approaches: the conventional machine learning-based approach and
the deep learning-based approach for interest detection. It illustrates the flow of
data and processing steps involved in the proposed system, emphasizing the main
stages and their connections. This comparative analysis allows for a direct assess-
ment of the relative advantages of each approach within the context of this study.
The research questions associated with this research are listed below [157]:

¢ RQ1. To what extent does a deep learning approach to interest prediction out-
perform a conventional machine learning approach that relies on manual fea-

ture extraction?

¢ RQ2. What is the impact of multimodal data fusion (combining eye-tracking
and physiological data) on the accuracy and robustness of cognitive state (in-
terest) prediction?

* RQ3. How does the predictive accuracy of personalized models for interest
detection compare to that of generalized models trained on a diverse popula-

tion?
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To address these research questions, a comprehensive methodology was devel-
oped, incorporating data collection using eye-tracking and physiological sensors,
the implementation of both deep learning and conventional machine learning mod-
els, and an evaluation framework based on established performance metrics.

3.3.1 Data Collection

The data collection process involved university students reading a series of news-
paper articles while their gaze patterns were recorded using an eye-tracking device
as presented in our work [88, 157]. The study aimed to analyze the relationship
between gaze behavior and the participants’ interest and comprehension levels.

Participants

The experiment involved thirteen university students (mean age: 25, standard devi-
ation: 3; 6 male, 7 female), two of whom had prior experience with eye-tracking tech-
nology. Each participant was instructed to read 20 newspaper articles, with lengths
ranging from 403 to 649 words (mean: 555, standard deviation: 70). Before starting
the experiment, all participants were fully informed about the study’s purpose, and

their consent was obtained before proceeding [157].
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FIGURE 16: Comparison of gaze patterns for documents rated as very interesting (a) and
boring (b). (a) exhibits a higher number and longer duration of fixations, along with
increased reading time, while (b) shows decreased number and shorter duration of
fixations and reduced reading time.

Experimental Design

The newspaper articles were selected from BBC News, as they better captured the
purpose of the experiment compared to other text sources. To ensure a diverse range
of topics, articles were chosen from categories such as technology, politics, sports,
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and cooking. Figure 16a shows the gaze pattern of a document rated as very interest-
ing by participant P9, while Figure 16b shows the gaze pattern of the same document
rated as very boring by participant P11. After reading each article, participants com-
pleted a survey to assess their comprehension and interest levels. Table 3.8 presents
the survey questions, which included subjective comprehension (Q1), interest level
(Q2, serving as ground truth), and objective comprehension (Q3). Participants rated
Q1 and Q2 on a scale of 1 to 4, with 1 representing the lowest rating and 4 the highest.
Q3 was a multiple-choice question specifically related to the content of the article to

evaluate objective comprehension [157].

TABLE 3.8: The survey used for the experimental design

No. Questionnaire Type Range

Q1. How much of the article did youun-  Subjective comprehension 1-4 (1:least ; 4:high-
derstand? est)

Q2. How much of the article did you Interest level 1-4 (1:least ; 4:high-
find interesting? est)

Q3. Question related to the article Objective comprehension Multiple choice

3.3.2 Methodology

The system was engineered to capture both eye movements and physiological sig-
nals from the participants. Data recording was performed using an SMI REDn Sci-
entific 60Hz remote eye tracker along with an Empatica E4 wristband. The gaze data
obtained from the eye-tracker included a timestamp, the x and y coordinates for both
left and right gazes (relative to the screen edges), and the pupil diameter of each eye.
Physiological data collected by the E4 wristband sensor consisted of 3-axis Accelera-
tion (ACC; 32 Hz), Blood Volume Pulse (BVP; 64 Hz), Electrodermal Activity (EDA;
4 Hz), Skin Temperature (TEMP; 4 Hz), and Heart Rate (HR; 1 Hz). Figure 17 illus-
trates the raw sensor signals recorded from a single participant, corresponding to
their interest ratings for various documents. The EDA signal appeared to increase
in response to high-interest ratings while decreasing for low-interest ratings, with the
opposite trend observed for temperature. Data from two articles were excluded for
all participants due to an error during collection. For the analysis, the preprocessed
data was segmented using a sliding window algorithm, employing a window size of
10 seconds with a 50% overlap, as detailed in our previous work [157]. This subsec-
tion, along with its subsequent parts covering data preprocessing, feature extraction,
and model development, is based on our research as detailed in [88, 90, 157].

Manual Feature Extraction-based Interest Detection

This section details the feature extraction process for both gaze and physiological
data obtained from the Empatica E4 wristband. The features were subsequently

concatenated to investigate the effects of sensor fusion.
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FIGURE 17: The raw physiological signals recorded from one participant, based on the
interest responses for different documents.

Gaze Features: Raw gaze data underwent preprocessing to identify fixations and
saccades. Seventeen features were then extracted from these fixations and saccades,
including fixation duration, saccade length, saccade speed, regression length, re-
gression speed, count of saccades, and count of regressions. Additionally, pupil
diameter and blink frequency were extracted. Finally, mean and standard deviation
were calculated for each of these features and used to train the model for interest
classification [157].

Wristband Features: Following the preprocessing of the EDA signal from the E4
wristband, its phasic and tonic components were computed, as shown in Figure 18.
In addition, the slope of the tonic component and the peak amplitudes for the phasic
component were derived. From the BVP signals, heart rate (HR) and inter-beat inter-
vals (IBI) were extracted. The mean and standard deviation were calculated for the
BVP and HR data, and the difference in the mean and standard deviation of the HR
amplitude between the task and baseline periods was estimated. Figure 19 displays
the raw and cleaned BVP signal along with the extracted heart rate data. Similarly,
the mean and standard deviation of the skin temperature (TEMP) were computed,
and the slope of the TEMP signal was obtained. In total, 18 statistical features were
calculated for the subsequent classification task [157].

To predict participants” interest levels, a Support Vector Machine (SVM) and a
Random Forest classifier were employed. SVM operates by identifying an optimal
hyperplane that maximizes the margin between different data classes, which is then
used to classify new data points. SVM is particularly effective for high-dimensional
data and can achieve high accuracy with complex datasets. Features derived from
the eye tracker and those from the E4 wristband were used both separately and in
combination for training these classifiers. The Random Forest classifier constructs
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FIGURE 18: Preprocessed EDA signal showing phasic and tonic components.

multiple decision trees by selecting random subsets of training data, then combines
the collective votes from these trees to determine the category of the test data [157].

The selection of appropriate hyperparameters (such as C, kernel, and gamma for
SVM; and the number of estimators, maximum tree depth, maximum features, mini-
mum samples required to split an internal node, and minimum samples required at a
leaf node for Random Forest) is crucial but challenging. In this methodology, a 3-fold
grid search cross-validation was utilized to optimize these hyperparameters. This
technique explores a predefined set of parameters, identifying those that yield the
highest validation score. A list of parameters was passed as arguments to the clas-
sifiers, and this process was repeated across different iterations of cross-validation
to detect the most optimal parameters. Classification tasks were performed for both
a four-class and a binary scenario, based on participant responses. In the four-class
classification, labels ranged from ‘1" to “4’, where ‘1" denoted the least interesting and
‘4’ the most interesting. For the binary classification, labels “1” and 2" were merged
and designated as 'not interested,” while labels "3” and "4’ were combined and indi-
cated as ‘interested’ [157].
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FIGURE 19: The peaks computed from the BVP signal and the extracted heart rate data

Deep Learning-based Interest Detection

Deep neural networks reduce the need for feature engineering, as they possess the
capability to learn high-level features within their hidden layers. This simplifica-
tion lowers the complexity of the workflow and the manual effort involved. It also
increases the chances of discovering valuable information that might not be avail-
able to domain specialists. By using different layers, the structure of neural net-
works allows for a wide variety of deep learning architectures. For time series clas-
sification involving multiple physiological signals, a one-dimensional convolutional
neural network has shown effectiveness in extracting relevant information directly
from raw sensor signals, improving classification performance. Besides traditional
machine learning classifiers, a deep learning model that combines 1D CNN, CNN-
LSTM, and FCN architectures was used for interest detection. A key benefit of using
deep learning models, compared to machine learning classifiers, is their ability to
learn high-level features directly from raw sensor signals. This removes the need for
manual feature extraction, which usually requires specialized domain knowledge.
These deep learning models were trained with raw sensor input from both the eye
tracker and physiological signals from the E4 wristband to predict interest [157].

FCN: This study utilizes a Fully Convolutional Network (FCN) architecture (iden-
tical to that presented in Section 3.1.1) for its ability to effectively process variable-
length time series data without the need for padding or truncation. This is a signifi-
cant advantage given the variability in the length of the physiological and gaze data
recordings [157].
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CNN-LSTM: CNN-LSTMs combine the strengths of Convolutional Neural Net-
works (CNNs), which excel at extracting local features from time series data, with
Long Short-Term Memory (LSTM) networks, which are adept at capturing long-
range temporal dependencies. The architecture typically consists of convolutional
layers followed by one or more LSTM layers. The convolutional layers initially ex-
tract local features, which are then processed by the LSTM layers to capture global
patterns and make the final classification. This combined approach allows CNN-
LSTMs to effectively model both local and global patterns within the time series
data. The architectures of the CNN-LSTM and a comparative 1D CNN model are
shown in Figure 20 [157].
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FIGURE 20: 1D CNN and CNN-LSTM architecture

Evaluation Protocols

Three distinct cross-validation techniques were employed to divide the data for
training and testing. In the leave-one-participant-out cross-validation (LOPOCYV)
method, data from one participant served as the test set, while data from all other
participants formed the training set for the model. This process was repeated for
each participant, and the resulting accuracies were averaged to assess the model’s
overall performance. By evaluating the model on multiple test sets, each containing
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data from a different participant, a more thorough evaluation of its ability to general-
ize to unseen data was achieved. The averaged accuracies from these iterations pro-
vide a detailed performance evaluation that considers individual differences among
participants. The leave-one-document-out cross-validation (LODOCYV) technique
involved excluding the data of a single document from the training set and using
it as the test set. This process was iteratively applied for each document within the
study, similar to the LOPOCYV approach. Through the use of LODOCYV, a deeper un-
derstanding could be gained regarding the model’s generalization ability to unseen
documents, and insights specific to the individual documents utilized in the study
were obtained. The person-specific technique represented another strategy for data
splitting, where data from a single participant (with each document from that par-
ticipant used as a test) was divided for training and testing. The identical procedure
was followed for other participants, and the average accuracy was derived from all
participants. Given the unique nature of each person’s engagement or interest, this
strategy provides a more personalized approach to interest detection [157].

3.3.3 Results

A baseline for comparison was established using a manual feature extraction ap-
proach. Random Forest and Support Vector Machine (SVM) models were trained
to predict participant interest levels using features extracted from both gaze data
and Empatica E4 sensor data. The SVM model consistently outperformed the Ran-
dom Forest model in terms of accuracy and F1-score; therefore, only the SVM results
are presented here. The interest levels were categorized into four classes: 1 (not at
all interested), 2 (somewhat interested), 3 (mostly interested), and 4 (completely in-
terested). Using Leave-One-Participant-Out Cross-Validation (LOPOCV), the SVM
achieved an accuracy of 41.5% and an F1-score of 39.4%; Leave-One-Document-Out
Cross-Validation (LODOCYV) yielded an accuracy of 47.2% and an Fl-score of 44.6%
(Table 3.9)[157].

A binary classification task was also performed, grouping labels 1 and 2 as ‘not
interested” and labels 3 and 4 as ‘interested’. In this binary classification, the SVM
model, using combined E4 and eye movement features, achieved accuracies of 68%
(LOPOCYV) and 71% (LODOCYV) (Table 3.10). For the deep learning methodology,
several models were implemented: a 1D CNN utilizing gaze features, a CNN-LSTM
model also employing gaze features, an FCN using physiological features from the
E4 sensor, and a combined CNN-LSTM and FCN model that integrated both gaze
and E4 data. Tables 3.9 and 3.10 display the four-class and binary classification re-
sults, respectively. The CNN-LSTM model, when using gaze features, significantly
outperformed the SVM baseline, showing considerable improvements in accuracy
for both binary and four-class classifications under both LOPOCV and LODOCV.
Specifically, this CNN-LSTM model demonstrated a 14% accuracy enhancement for
binary classification with LOPOCV and a 10% improvement with LODOCV[157].
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TABLE 3.9: Summary of Four-Class Classification Results using machine learning and deep
learning models for Leave One Participant Out (LOPO) and Leave One Document Out
(LODO) cross-validation.

Models Features Validation Accuracy F1-Score
SVM Gaze + E4 LOPO 41.5 39.4
LODO 47.2 44.6
FCN E4 LOPO 28.3 27.8
LODO 33.9 32.0
CNN-LSTM Gaze LOPO 46.2 46.7
LODO 52.8 51.8
CNN-LSTM + FCN  Gaze + E4 LOPrO 42.7 40.2
LODO 46.1 459

The integration of gaze and E4 features within the CNN-LSTM and FCN models
did not produce the anticipated results across all evaluation metrics. Despite the
expectation that combining gaze and E4 features would boost model performance,
they did not exhibit the desired effect on metrics such as accuracy, Fl-score, or other
evaluation measures. This suggests that either the chosen features were not suffi-
ciently informative or that the models were not effectively leveraging these particu-
lar feature combinations. A CNN model was also employed in the experiment; how-
ever, its prediction scores were lower than those of the CNN-LSTM model, leading

to its exclusion from the table presenting the evaluation metrics [157].
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FIGURE 21: Confusion matrices for the four-class interest level classification where labels
are 1: ‘not at all interested (0%) ", 2: “‘some of it (30%) *, 3: ‘most of it (60%) “and 4: “all of it
(100%)
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TABLE 3.10: Summary of Binary Classification Results using machine learning and deep
learning models for Leave One Participant Out (LOPO) and Leave One Document Out
(LODO) cross-validation.

Models Features Validation Accuracy F1-Score
SVM Gaze + E4 LOPO 68 65
LODO 71 70
FCN E4 LOPO 60.8 59.2
LODO 61.4 60.1
CNN-LSTM Gaze LOPO 82.3 81.7
LODO 80.5 80.2
CNN-LSTM + FCN  Gaze + E4 LOPO 71.5 70.2
LODO 70.9 69.3

Beyond the two cross-validation techniques, which operate independently of
specific persons and documents, a participant-dependent cross-validation method
was also implemented. This was done recognizing that interest levels can be unique
and vary based on the individual reading the text. In this person-dependent ap-
proach, each document from a given participant was held out for testing, and the
average accuracy was then estimated. Figure 21 presents confusion matrices for
comparison. As anticipated, a significant increase in accuracy was observed with
this method, as the results were uniquely tailored to the specific individual and thus
more personalized [157].

3.3.4 Discussion

This section addresses the research questions outlined in the introduction, analyzing
the contributions, limitations, and challenges of this study. The discussion presented
here is based on our published work [157].

Deep Learning vs. Manual Feature Extraction Approach

Previous studies [88, 90] employed manual feature extraction with SVM and Ran-
dom Forest for interest prediction. While these methods offered initial insights, they
were limited by their reliance on pre-selected features, which potentially failed to
capture the complexities of reader interest. This reliance on set features can limit
the ability to recognize all the complex and subtle patterns that affect reader en-
gagement. The predictive accuracy might not fully reflect the dynamic nature of
readers’ preferences. SVM and Random Forest were chosen for analysis primarily
because they are less susceptible to overfitting compared to other machine learning
algorithms, making them suitable when data availability is limited. Random Forest

also provides a measure of feature importance, which can be valuable for feature



58 Chapter 3. Affective and Cognitive State Detection

selection or engineering. In the current work, an interest detection method utiliz-
ing raw features with deep learning-based approaches was implemented, leading
to an improvement in the efficiency of interest prediction. A comparison was con-
ducted between the classification results achieved using an SVM model and those
from deep learning models [157].

Based on the results obtained, it could be concluded that predictions were signif-
icantly enhanced by employing raw gaze features through the deep learning-based
approach (Tables 3.9 and 3.10). The CNN and CNN-LSTM based models were able
to surpass the accuracy achieved by the SVM model, which had used a combination
of features from both gaze and E4 data. The primary objective of this study was
to assess whether deep learning-based techniques could outperform manual fea-
ture extraction-based approaches in terms of prediction accuracy, and the findings
indicated that deep learning models could be exceptionally beneficial in detecting
cognitive states such as interest or engagement during a reading task. A key advan-
tage of utilizing deep learning models for interest prediction is the elimination of the
extensive effort involved in extracting the most relevant features for classification, a
process that also demands high domain expertise. The work associated with identi-
tying the most relevant features from physiological and eye gaze data could thus be
eliminated with the deep learning-based architecture [157].

Impact of Multimodal Data Fusion

While combining gaze and E4 data improved accuracy for the manual feature ex-
traction method, the deep learning approach showed different results. The raw gaze
data alone gave a significant boost to the deep learning-based method. The CNN-
LSTM model with the raw gaze features greatly improved classification accuracy.
However, interestingly, combining the sensing modalities did not enhance perfor-
mance compared to using only gaze features. The FCN model was trained with
physiological signals from the E4 and then combined with the CNN-LSTM model
to process the results by fusing both sensors. The prediction results from the sensor
fusion with deep learning models showed only a slight improvement compared to
the SVM classification accuracy. The raw gaze features with deep learning might be
more accurate for predicting an individual’s cognitive state. Although the perfor-
mance of the deep learning models with combined sensor signals was similar to the
manual feature extraction method, the raw gaze features from the eye tracker using
deep learning models proved to be a better option for predicting interest [157].

Lin et al. explored how classification results were affected at both sensor and sig-
nal levels, noting that removing the EDA signal decreased accuracy and weighted
F1 score for affect recognition, which offered a signal-level explanation [110]. Fol-
lowing their work, model performance was investigated by excluding each type of
signal from the E4 wristband. Each modality was systematically left out to detect
interest, aiming to understand the individual importance of each physiological sig-
nal in predicting user interest. Consistent with the results from Lin et al., Table 3.11
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TABLE 3.11: The binary classification accuracy omitting each modality from Empatica E4.
A decreased accuracy indicates the importance of the modality.

Modalities = Accuracy F1-Score Precision Recall

Without ACC 58.77 56.50 57.24 55.65
Without BVP 58.17 54.89 54.32 55.14
Without Temp 56.78 55.26 56.73 54.29
Without EDA 53.29 51.17 50.66 51.86

shows that accuracy was lowest when the EDA signal was removed, but omitting
ACC and BVP had minimal to no impact on model performance [157].

Personalized vs. Generalized Models

A person’s cognitive state can vary significantly depending on the context, and each
individual approaches problems in a distinct manner. To investigate how person-
specific predictions compare against generalized models, interest was estimated at
a person-specific level by using data from a single participant for both training and
testing. Each person’s level of interest when reading a particular context can differ
greatly, and what captures one individual’s attention might not have the same effect
on another [157].
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FIGURE 22: The plot showing the difference in accuracy per participant using a
CNN-LSTM model with a person dependent and person independent approach

To account for this individual variability, a CNN-LSTM model, utilizing raw gaze
features, was developed and deployed with a person-specific approach. This ap-
proach involved adapting the model to each individual’s distinct characteristics and
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preferences. By integrating these unique factors, the model achieved substantially
better performance in accurately identifying interest levels compared to generalized
models. Indeed, the person-specific CNN-LSTM model showed an impressive per-
formance gain of almost 50% per participant over other models. To demonstrate
the effectiveness of this person-specific strategy for interest detection, Figure 22 il-
lustrates the differences in accuracy observed across various participants. The visual
representation provided by the plot highlights the individual accuracy scores, show-
ing how the person-specific approach influenced the precision of interest detection.
The variations in accuracy among participants further underscore the necessity of
considering individual characteristics and preferences in this domain. The confu-
sion matrices comparing participant-independent and participant-dependent meth-
ods (see Figure 21) offer further confirmation of a notable increase in accuracy when
using a personalized approach, as the outcomes were uniquely tied to each specific
person and thus more tailored [157].

Influence of Document Content and User-Specific Factors

The reading experiment featured a varied selection of materials spanning multiple
categories, including technology, politics, sports, business, history, food, and more.
Participants interacted with these materials, and their feedback differed greatly ac-
cording to their personal interests. The purpose of the experiment was to gauge par-
ticipants” subjective feelings of interest concerning the various documents provided.
The choice of newspaper articles from BBC News was guided by their perceived ca-
pacity to align closely with the experiment’s objectives. By selecting articles from
this source, the goal was to guarantee a certain level of credibility, accuracy, and
depth in the information presented. To better engage readers and sustain their in-
terest throughout the experiment, the necessity of including a wide array of topics
was acknowledged. Consequently, the search extended beyond a single platform,
gathering articles from various sources and venues. This strategy enabled us to add
a wider array of subjects that resonate with a diverse audience [157].

The intention behind including articles from a range of fields, including technol-
ogy, politics, sports, cooking, and others, was to create a diverse dataset that would
appeal to different reader interests. Moreover, efforts were made to reduce potential
biases stemming from relying on a single news outlet by integrating content from
various platforms. It is important to recognize that individual platforms tend to ex-
hibit their unique editorial biases, writing styles, and viewpoints, which can impact
the dataset. The objective was to assemble a more well-rounded and representative
set of texts by collecting articles from multiple sources [157].

Figure 23 is referenced to evaluate the ratings given by participants for each doc-
ument. Notably, document number 7 consistently received high ratings, suggesting
it was deemed very interesting by most participants. In contrast, document num-
ber 16 received the lowest ratings and was viewed as the least engaging among
the group. Further analysis revealed interesting insights concerning the document
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FIGURE 23: The interest ratings provided by the participants for all the documents used in
the experiment

categories. It was noted that the document with the highest votes for being par-
ticularly interesting belonged to the technology category. This indicates that partici-
pants found the technological subject matter appealing and intriguing. Conversely,
the document with the fewest votes, indicating the least interesting response, was
categorized under history. This implies that the historical content did not resonate
strongly with the participants. Given the varied reactions provoked by different
documents, a thorough cross-validation process was executed using the Leave-One-
Document-Out Cross-Validation (LODOCV) method. This approach allowed for a
careful evaluation and validation of the models utilized in the study, ensuring the
reliability and strength of the results [157].
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FIGURE 24: Pearson’s correlations between interest and extracted features for each
participant
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FIGURE 25: Pearson’s correlations between interest and other surveys

The correlation plot illustrated in Figure 24 shows the relationship between hand-
crafted features and interest levels. It shows considerable fluctuations in the correla-
tion between gaze features and interest level, depending on individual participants.
This finding led to the interpretation that physiological predictions derived from
gaze features depend more on the traits of individual users than on the documents
themselves. In simpler terms, the connection between gaze features and interest is
more related to the individual than the specific content of the documents. Figure 25
showcases the Pearson correlations between interest level and other measures not
included in the proposed methods. Significantly, there is a strong correlation ob-
served between understanding a document and interest in reading it. This conclu-
sion aligns with the common understanding that one can only engage with interest
if the text is comprehended. It underscores the importance of comprehension in
the perception and engagement of interest during reading. Although incorporat-
ing user actions into the estimation task might have limited applicability, Figure 25
highlights that including user actions enhances the effectiveness of interest estima-
tion. This suggests that additional user interactions, beyond gaze features, can lead
to a more precise evaluation of interest levels [157].

3.3.5 Limitations and Future Work

This section, detailing the limitations of the current work and outlining directions
for future research, is based on our published findings [157]. While deep learning-
based approaches offer increased flexibility and effectiveness in predicting cognitive
states, they are accompanied by certain limitations, including data scarcity, the high
cost of training complex models, and significant computational power demands.
For the present evaluation, data was gathered from 13 participants reading 18 dis-
tinct documents, which may be insufficient for training sophisticated deep learning
models. Such models also necessitate substantial hardware resources for perform-
ing intricate mathematical calculations. The Empatica E4 recorded data at lower
sampling frequencies, which could explain why the FCN model did not perform as
effectively with the physiological data as initially anticipated. The initial expectation
was that raw physiological features from the E4 wristband, when combined with a
deep learning approach, would yield superior prediction results. However, the ac-
tual outcomes were comparable to those achieved using a manual feature extraction
method. This suggests that the deep learning model’s performance did not signif-
icantly benefit from the raw physiological features, indicating that the relationship
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between these features and interest was not effectively captured by the model. For
future research, the intention is to employ more advanced sensors with higher sam-
pling frequencies, which could enhance cognitive state detection using deep learn-
ing models [157].

The integration of gaze and E4 features with CNN-LSTM and FCN models did
not produce the expected outcomes across all evaluation metrics. Further investi-
gation and analysis are necessary to understand the reasons behind the suboptimal
performance of these combined features with the CNN-LSTM and FCN architec-
tures. The combination of gaze and E4 features was initially hypothesized to pro-
vide complementary information, with gaze features capturing visual attention and
E4 features reflecting physiological signals. However, the unexpected results sug-
gest that the information provided by these features might not be as complementary
as first assumed. This could imply that the features are capturing redundant or ir-
relevant information, thereby hindering the models from effectively leveraging their
combined strength. The quality and reliability of the gaze and E4 features are also
crucial considerations. The combined feature approach might have been influenced
by issues such as noise, outliers, or inconsistencies within the collected data. Sim-
ilarly, it is possible that the chosen model architectures or hyperparameter settings
were not optimal for effectively integrating the gaze and E4 features. Given these
unexpected results, future directions involve exploring alternative feature combina-
tions, investigating different model architectures, or considering additional relevant
factors that may enhance the performance of interest detection models [157].

The selection of thirteen university students as participants in the experiment
may indeed be considered a limited and potentially biased sample. While the study
offers valuable insights, the small sample size restricts the generalizability of the
findings to a broader population. As university students represent a specific demo-
graphic group with unique characteristics, the results may not be representative of
the general population. Different age groups, educational backgrounds, and cultural
factors could influence reading behaviors and eye-tracking patterns. Despite efforts
to maintain a balanced gender distribution in the experiment (with six male and
seven female participants), the unequal representation poses challenges in drawing
conclusions uniformly applicable to both genders [157].

Numerous studies suggest that gender influences reading strategies, compre-
hension, and patterns of eye movement, emphasizing the importance of equitable
gender representation in research. Moreover, the fact that only two out of the thir-
teen participants were familiar with eye-tracking technology presents an additional
potential source of bias. Those who have used eye-tracking devices might exhibit
different eye movement behaviors and reading patterns compared to those who
have not. Such prior experience could impact the accuracy and reliability of the
eye-tracking data, thus affecting the classifications derived from it. To address these
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limitations, future research should aim to recruit a more diverse participant pool, in-
cluding individuals from varying ages, educational backgrounds, and gender iden-
tities, which would help improve the external validity and generalizability of the
research findings.Another limitation of this study was the participants” inclination
to be lenient in their ground truth responses. Although the selected articles for the
experiment were carefully divided to evoke different levels of interest, a significant
number of participants assigned ‘highly interesting’ ratings to the texts, leading to an
imbalanced class distribution. For future studies, the intention is to create a system
with established conditions aimed at minimizing this imbalance in class distribu-
tions and aiding in the collection of more reliable ground truth data [157].

3.3.6 Conclusion

The research aimed to evaluate the level of interest users exhibit while reading news-
paper articles by integrating gaze tracking data with physiological responses. A
multimodal methodology was utilized, merging gaze information with physiologi-
cal indicators to offer a thorough and precise evaluation of interest levels. The study
involved 13 university students engaging with 18 newspaper articles sourced from
the BBC news database. Two strategies were implemented to predict the partici-
pants’ levels of interest: one based on manual feature extraction and the other uti-
lizing deep learning techniques. The results indicated that the deep learning-based
method outperformed the manual feature extraction technique in predicting an in-
dividual’s cognitive state, such as interest or engagement. A CNN-LSTM model that
used raw gaze data achieved the highest accuracy of 52% for four-class classification
and 82.3% for binary classification. A personalized approach tailored to individual
participants was also used for more accurate predictions of interest levels, showing
improved accuracy compared to the generalized method. To determine the impor-
tance of physiological signals in recognizing interest, each modality from the Em-
patica E4 wristband was excluded, revealing that the EDA signal plays a significant
role in interest detection. These results enhance our understanding of interest in the
reading context and suggest possible applications for personalized learning environ-
ments, improved understanding, and increased motivation in educational contexts.
Future investigations in this domain could look into enhancing the measurement of
interest and its influence on learning outcomes [157].
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3.4 Deep Learning Based Emotion and Engagement Detec-

tion

This section is adapted from our published work titled “Toward an Interactive Read-
ing Experience: Deep Learning Insights and Visual Narratives of Engagement and Emo-
tion” [160] and “Real-Time Feedback on Reader’s Engagement and Emotion Estimated by
Eye-Tracking and Physiological Sensing” [138]. Recognizing the dynamics of engage-
ment and emotion during reading activities is essential for enhancing comprehen-
sion and user experiences across various fields, including education, content pro-
duction, and human-computer interaction [41]. The extent of engagement signifies
how immersed and attentive the reader is toward the material, while emotions refer
to the range of affective responses provoked by the text. A comprehensive under-
standing of these factors is vital in numerous domains, such as education, marketing,
and user experience design [16, 91, 160].

In the context of e-learning, accurately gauging students’ levels of engagement is
critically important. Engagement serves as a significant measure of students” active
participation and motivation in their learning journey, which has a direct effect on
their academic performance and overall educational outcomes [7, 190]. To improve
the effectiveness of e-learning platforms, it is crucial to utilize students” emotions
as a means of evaluating their engagement accurately [49]. However, the current
situation poses various challenges that hinder the integration of engagement and
emotion analysis in e-learning. A major barrier is the lack of extensive recorded
data that captures students” engagement and emotional reactions throughout the
learning experience. This scarcity of data obstructs the creation of reliable machine
learning models that can effectively predict engagement levels based on emotional
indicators [160].

Ishimaru et al. proposed that aligning instructional content with the cognitive
states of students may improve their learning and understanding, emphasizing the
ability to predict a reader’s internal states, such as their engagement level, to en-
hance the interactiveness of reading materials [86]. By understanding a reader’s
emotional and cognitive reactions, educators, and content developers can create a
reading experience that is more engaging and customized. The emotional dimen-
sion of engagement is frequently neglected in current online education systems. Al-
though traditional metrics provide information regarding student participation and
completion rates, they do not capture the emotional experiences that motivate these
behaviors. Relying solely on quantitative measures without exploring the emotional
aspect may result in an incomplete view of students’ true levels of engagement and
could limit the opportunities for tailored learning experiences [160].

Current techniques for emotion detection are primarily focused on analyzing
image data rather than physiological data [119, 120]. Although emotion detection
based on images has shown potential across various applications, it may not ade-

quately capture the complexities of emotional responses during the learning process.
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In contrast, analyzing physiological data offers significant opportunities to reveal
subtle variations in emotions, such as fluctuations in heart rate, skin conductance,
or facial expressions, which are closely associated with students” engagement and
cognitive activities [143, 146, 160].

Beyond physiological signals, eye-tracking data is essential for identifying en-
gagement and emotion during reading activities [176]. By monitoring the direction
and movement of a reader’s gaze as they engage with the text, gaze data offers im-
portant insights into their attention, focus, and cognitive processing. This gaze data
can uncover emotional reactions, as a higher number of fixations on words or sen-
tences with strong emotional weight may suggest increased emotional engagement.
By integrating gaze data with machine learning and analytical methods, researchers
can create models that effectively identify engagement and emotion, leading to a
more comprehensive understanding of readers’ cognitive and emotional conditions
during reading [122, 160].

The integration of gaze data and physiological signals provides significant ben-
efits for identifying emotion and engagement during reading activities. Brishtel et
al. illustrated the promising capabilities of the EDA sensor for identifying mind
wandering, and the combination of electrodermal activity with eye-tracking data
greatly improved the precision of mind wandering classification [24]. Gaze infor-
mation offers crucial insights into the reader’s visual focus and attention toward
particular parts of the text, whereas physiological indicators like heart rate and skin
conductance provide objective metrics of emotional arousal and valence [115, 177].
By merging these modalities, a deeper understanding of the reader’s cognitive and
emotional conditions can be achieved, leading to enhanced accuracy and reliability
in detecting emotion and engagement. This multimodal strategy allows for real-
time evaluation, promoting personalized and adaptive reading experiences tailored
to the reader’s emotional reactions. Additionally, the unobtrusive nature of the data
gathering process cultivates a natural reading setting, improving the generalizability
and relevance of the results across various populations and reading scenarios [160].

The motivation for this research was to investigate the relationship between en-
gagement and induced emotions in a learning environment for students. Previous
studies have shown that materials that generate positive feelings, such as happiness
or inspiration, tend to enhance engagement, while materials that provoke negative
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feelings, like sadness or boredom, often reduce engagement. Rosa et al. discovered
a significant link between the experience of positive emotions, especially enjoyment,
and the use of deep learning strategies among students [152]. This link was found to
be closely related to students employing a dual approach that includes both mastery-
focused and performance-focused goals in their learning endeavors. The study by
Huang et al. strengthens the emphasis on positive emotions, confirming that feel-
ings such as happiness and enjoyment lead to increased interactions between stu-
dents and instructors [201]. Understanding the connection between engagement
and emotional states could offer a more detailed perspective on user experiences,
and by integrating these findings, content creators could refine their methods to not
just grab attention but also elicit positive emotional reactions, nurturing a deeper
and more impactful relationship with their audience [160].

In this context, our emphasis is on identifying engagement and emotion during
reading tasks through a multimodal approach that combines gaze data and physio-
logical responses from participants. The design overview is illustrated in Figure 26.
For our research, we utilized various deep learning models to analyze the collected
multimodal data. This allows us to offer a thorough comparison of the effectiveness
of different models and to understand which ones are most capable of addressing
this intricate task. An additional aim of our study is to assess the correlation be-
tween engagement and emotion during reading activities. Gaining insight into this
relationship can provide valuable information regarding the dynamic interaction of
cognitive and emotional processes in reading. By interpreting this connection, we
may enhance the development of interactive reading systems and foster better read-
ing engagement and comprehension strategies [138, 160].

The research questions of this research are the following :

* RQ1. To what extent do different deep learning architectures vary in their ac-
curacy and generalizability when classifying user engagement and emotional
states from multimodal data collected during reading tasks, considering both

user-independent and user-dependent approaches?

* RQ2. What is the nature and strength of the correlation between engagement
and emotion during reading tasks, as measured through multimodal data anal-

ysis?

* RQ3. How do individual differences in the relationship between engagement
and emotion affect the performance of deep learning models in predicting
these states during reading?

3.4.1 User Study and Data Collection

The data collection procedure was designed to record the participants” personal re-
sponses regarding their levels of engagement, valence, and arousal while they com-
pleted a reading task. The subjective evaluations obtained from the participants
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served as the ground truth labels for the analysis of the data. The user study includ-
ing its subsequent subsections is based on our published research [138, 160].

Participants

The study involved the recruitment of 20 master’s degree students from university,
consisting of 11 males and 9 females. Their ages varied from 22 to 28 years, with
an average of 25 years. All participants joined the experiment after giving informed
consent, and they had the option to withdraw from the study at any time if they
desired. Detailed information regarding data consent, the use of sensors, and the
experiment sessions was provided to all participants prior to their involvement in
the study. Data from three participants were eliminated due to data collection errors,
which will be addressed later in the results section [160].

Experimental Design

The study featured a carefully designed reading task focused on comprehension,
aimed at examining the diverse levels of engagement and emotional responses gen-
erated in participants. To accomplish this, we assembled a varied selection of 14 doc-
uments, each intentionally selected to provoke unique emotional reactions and en-
gagement outcomes. Figure 27 depicts the experimental arrangement, highlighting
a participant reading text from a screen equipped with an eye-tracker while wearing
a wristband that records physiological data [160].

Text to read

Eye tracker <

> Participant

E4 Wristband

FIGURE 27: The experiment environment

Throughout the experiment, each document was presented to the participants
one at a time. After reviewing each document, they were prompted to rate their
engagement, valence, and arousal using a ‘1’ to ‘5" scale. A score of 1" represented
the lowest levels of engagement, valence, or arousal, while a score of ‘5" indicated
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the highest. Table 3.12 displays the self-report survey of questionnaires along with
the corresponding response scale [160].

TABLE 3.12: Self-report survey for experimental design

No. ‘ Question ‘ Type ‘ Scale

1. ‘ Engagement while reading ‘ Engagement ‘ 1-5 (1: lowest, 5: highest)

2. ‘ Emotion type (positive/negative) ‘ Valence ‘ 1-5 (1: lowest, 5: highest)

3. ‘ Emotion intensity ‘ Arousal ‘ 1-5 (1: lowest, 5: highest)

In order to simulate a realistic e-learning environment, we created a web-based
document reading platform utilizing technologies like Next.js, React.js, and Express.js.
This online platform facilitated the development of an interactive and dynamic learn-
ing environment, providing participants with a smooth user experience. During the
experiment, we employed a Tobii 4C eye tracker with a professional license, affixed
to a display monitor, to monitor the participants’ eye movements as they read the
documents. Moreover, the Empatica E4 wristband was used to capture their phys-
iological responses throughout the reading activity. The experiment was organized
into two distinct sessions, allowing participants to take a 10-minute break after re-
viewing the first seven documents. This break was provided to help reduce potential
fatigue and ensure that participants remained attentive and engaged for the entire
duration of the experiment [160].

3.4.2 Methodology

This system employed a comprehensive methodology incorporating gaze tracking
and physiological signal recording during reading sessions to assess readers’ affec-
tive states, including engagement, arousal, and valence. The Tobii 4C remote eye-
tracker with a pro license captured gaze coordinates and pupil diameters at a sam-
pling rate of 90 Hz. Physiological data, including 3-axis acceleration (ACC) at 32
Hz, blood volume pulse (BVP) at 64 Hz, electrodermal activity (EDA) at 4 Hz, skin
temperature (TEMP) at 4 Hz, and heart rate (HR) at 1 Hz, were acquired using the
E4 wristband sensor. Engagement, valence, and arousal were detected using gaze
data, E4 data, and a combination of both. The section methodology followed by the
subsections are based on our published research [138, 160].

Data pre-processing

The gaze data included raw eye data such as the coordinates for both the left and
right eyes and pupil diameter, all recorded at a frequency of 90 Hz. To prepare this
raw data for further analysis, preprocessing steps were implemented to eliminate
outliers and reduce noise, followed by a sliding window technique that divided the

data into 30-second segments with a 50% overlap. Figure 28 illustrates the fixations
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and saccades of a participant who evaluated various documents as extremely en-
gaging (Figure 28a) and least engaging (Figure 28b). Similarly, physiological data
such as EDA, BVP, TEMP, HR, and 3-axis ACC were collected using the Empatica
E4 device, with sampling frequencies of 4 Hz, 64 Hz, 4 Hz, 1 Hz, and 32 Hz, re-
spectively. The gaze and physiological data were synchronized through their times-
tamps, and preprocessing was also conducted for the physiological signals, which
included noise reduction and applying a sliding window technique with a 30-second
duration and a 50% overlap for data segmentation for analysis [160].
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Model Architectures

This study employed five deep learning architectures to detect engagement, arousal,
and valence: Transformers, Fully Convolutional Networks (FCNs), an Encoder net-
work, Residual Networks (ResNets), and Inception networks. These architectures
were chosen for their ability to automatically learn relevant features from raw mul-
timodal data (gaze and physiological signals), reducing the need for manual feature
engineering [160].

Transformer Network: Adapted from natural language processing, the Transformer
network uses self-attention mechanisms to capture long-range temporal dependen-
cies within sequential gaze and physiological data. Input consists of individual
and concatenated gaze and physiological data, with positional encoding to maintain
temporal order. Self-attention layers process the data, followed by fully connected
feed-forward networks for feature extraction and classification. This architecture
excels at identifying subtle temporal patterns in multimodal data.

Fully Convolutional Network (FCN): The FCN uses three convolutional blocks
per signal (gaze and physiological), followed by global average pooling and fully
connected layers for classification. Convolutional layers extract features, and the
fully connected layers perform the final classification.

Encoder Network: Similar to the FCN, the encoder network includes an attention
layer between the convolutional and fully connected layers. This attention mech-
anism allows the network to focus on the most relevant features within the input
sequence, improving feature extraction and classification accuracy.

Residual Network (ResNet): The ResNet architecture employs residual blocks
with shortcut connections to mitigate the vanishing gradient problem during train-
ing. These residual blocks effectively capture complex temporal patterns and depen-
dencies in the time series data.

Inception Network: The Inception network builds upon the ResNet architecture
by incorporating inception blocks in addition to residual blocks. Inception blocks
use parallel convolutional layers with varying kernel sizes to capture multi-scale
patterns, enhancing the network’s ability to handle complex data.

Classification

The deep neural networks were developed to predict the engagement, arousal, and
valence reactions as reported by the participants. For engagement, participants were
instructed to rate their experience on a scale of ‘1’ to ‘5’. These scores were subse-
quently divided into two separate categories: Low and High. Scores ranging from ‘1’
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to ‘3" were classified as Low engagement, whereas scores of ‘4’ and ‘5" were viewed
as High engagement. A similar methodology was applied for predicting the arousal
and valence reactions. The arousal and valence responses provided by participants
were segmented into four quadrants, each linked to a specific emotional state. The
quadrants are as follows [160]:

¢ High Arousal, High Valence (HAHV): This quadrant represents strong, posi-

tive emotions such as excitement or joy.

¢ High Arousal, Low Valence (HALV): This quadrant is indicative of intense,

negative emotions such as anger or fear.

¢ Low Arousal, Low Valence (LALV): This quadrant corresponds to weak, neg-

ative emotions such as sadness or boredom.

* Low Arousal, High Valence (LAHV): This quadrant signifies mild, positive
emotions like calmness or satisfaction.

Evaluation Protocols

Model performance was evaluated using user-independent (leave-one-participant-
out, or LOPO) and user-dependent approaches. LOPO iteratively trained on all but
one participant’s data, testing on the excluded participant, and averaging the results.
The user-dependent approach similarly used iterative training and testing, but on
individual participants’” data, averaging results across participants to account for
individual differences [160].

3.4.3 Results

Deep learning models predicted engagement, valence, and arousal using two train-
ing methods: user-independent and user-dependent. These predictions were based
on a binary classification task, with ground truth derived from participant survey
responses. To provide a more comprehensive emotional analysis, a four-class classi-
fication structure was also implemented, segmenting valence and arousal responses
into four emotional quadrants. The results along with the subsequent sections are
based on our published research [138, 160].

Model Performance: User-Independent Approach

Model performance, evaluated using accuracy and Fl-score, is presented in Table
3.13 for all models trained using a user-independent approach. Evaluation met-
rics were calculated for individual modalities (eye-tracking and wristband data) and
their combination to assess the benefit of multimodal data fusion. The Transformer
model consistently outperformed other models in terms of accuracy and Fl-score
for engagement, valence, and arousal prediction. For engagement, the combination
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of eye-tracking and wristband data yielded the highest accuracy (80.38%) and F1-
score (78.73%). Similarly, the Transformer model achieved superior performance for
valence (71.28% accuracy) and arousal (73.98% accuracy) prediction compared to all
other models [160].

TABLE 3.13: Summary of evaluation metrics using user-independent approach (LOPO)

Models Sensor Engagement Arousal Valence
Accuracy Fl-score Accuracy Fl-score Accuracy Fl-score
ResNet Eye-Tracker 71.25 70.34 67.19 65.21 65.41 64.18
Wristband 65.72 60.21 58.30 56.10 60.11 59.26
Combined 74.49 72.16 68.10 66.90 69.93 69.19
Inception Eye-Tracker 77.56 76.87 65.75 65.15 62.15 59.75
Wristband 69.12 65.22 56.32 54.22 55.66 54.18
Combined 78.30 75.06 67.27 63.25 62.75 60.52
FCN Eye-Tracker 70.21 70.10 66.15 61.65 64.20 63.90
Wristband 70.90 67.53 55.68 50.35 54.47 53.88
Combined 72.85 70.18 65.87 62.07 66.28 66.03
Encoder Eye-Tracker 68.65 64.05 60.84 60.24 61.95 61.42
Wristband 62.10 62.05 53.26 52.55 54.35 51.38
Combined 68.90 67.45 60.55 60.10 60.25 59.86
Transformer Eye-Tracker 79.66 76.11 70.44 68.42 72.82 72.27
Wristband 71.90 65.29 62.87 61.91 63.66 62.79
Combined 80.38 78.73 71.28 71.20 73.98 71.32

ResNet and Inception models also demonstrated reasonably good performance.
Importantly, multimodal data fusion consistently improved prediction accuracy across
all three target variables, highlighting the benefits of a multimodal approach. How-
ever, using wristband data alone resulted in lower performance compared to eye-
tracking data or the combined modality. This difference may be attributed to the
lower sampling frequency of the Empatica E4 wristband, potentially leading to a
less detailed dataset and impacting the accuracy of emotion and engagement pre-
diction. Figure 29 presents confusion matrices visualizing the performance of the
binary engagement classification (Figure 29a) and the four-class emotion classifica-
tion (Figure 29b) models using the user-independent approach [160].

Model Performance: User-Dependent Approach

The research also emphasizes that both engagement and emotions are highly per-

sonal experiences that can vary significantly among different people, even when
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FIGURE 29: Confusion matrices for user-independent classification. (a) shows binary
engagement classification (low /high). (b) shows four-class emotion classification (HAHV:
High Arousal High Valence, HALV: High Arousal Low Valence, LALV: Low Arousal Low

Valence, LAHV: Low Arousal High Valence).

they are engaged in the same activities. Each person has their own distinct traits
and patterns of emotional and cognitive reactions, which contribute to a unique pro-
file of their engagement and emotional responses. As a result, using a generalized
model to detect and predict these experiences may not be effective due to its lack of
personalization. To tackle this issue and customize our predictive models to reflect
individual experiences, we have adopted a user-dependent approach. This strat-
egy prioritizes personalization, integrating specific user traits and patterns into the
predictive models to design a distinct model for each person. This differs from the
user-independent approach, which generally builds models based on pooled data
from various users without recognizing individual variations [160].

Table 3.14 shows that the user-dependent approach consistently improved pre-
diction accuracy for engagement, valence, and arousal across all models compared
to the user-independent approach. The ResNet model, using combined modali-
ties, achieved the highest accuracy: 93.56% for engagement, 90.62% for arousal, and
88.70% for valence. These results highlight the importance of personalization in im-
proving the accuracy of emotion and engagement detection. Figures 30a and 30b
present confusion matrices for the binary engagement and four-class emotion clas-
sification models, respectively, using the user-dependent approach [160].

3.4.4 Discussion

This section explores the primary contributions, results, and insights obtained from
this study. It includes both the theoretical significance of the research and the po-
tential practical applications derived from it. In addition, this section reflects on the
innovative analysis method employed and the importance of the research question
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TABLE 3.14: Summary of evaluation metrics using user-dependent approach

Models Sensor Engagement Arousal Valence
Accuracy Fl-score Accuracy Fl-score Accuracy F1-score
ResNet Eye-Tracker 89.25 85.22 88.80 86.17 87.78 87.17
Wristband 85.67 81.28 84.26 82.11 83.16 81.16
Combined 93.56 91.78 90.62 89.85 88.70 88.32
Inception Eye-Tracker 87.30 86.39 85.10 82.93 82.90 80.91
Wristband 80.42 78.30 82.26 81.16 79.56 79.03
Combined 88.26 87.83 87.62 86.56 83.12 82.72
FCN Eye-Tracker 85.43 84.19 84.51 84.22 84.19 83.93
Wristband 81.28 80.22 79.96 78.19 81.32 80.22
Combined 84.75 83.76 84.55 84.50 83.77 83.54
Encoder Eye-Tracker 86.66 86.10 86.29 85.09 83.46 81.18
Wristband 80.05 79.82 82.04 80.36 78.88 78.10
Combined 85.52 84.91 84.78 82.34 82.16 81.32
Transformer Eye-Tracker 88.10 86.37 88.10 85.21 86.50 86.22
Wristband 83.54 80.21 82.78 80.64 81.41 80.71
Combined 90.81 89.76 89.35 88.83 86.93 86.50

in relation to current discussions in the field. The discussion section builds upon our
published findings [138, 160].

Experimental protocol for engagement and emotion detection

This study uniquely integrates engagement and emotion (arousal and valence) de-
tection during a reading task, a more complex scenario than video-based emotion
recognition. We used unobtrusive data collection (eye-tracking and physiological
signals from an Empatica E4 wristband) to capture both engagement and emotional
responses. Careful document selection via sentiment analysis ensured diverse emo-
tional responses (happiness, anger, boredom, calmness) across various genres, while
a controlled presentation format (one paragraph at a time) minimized data noise, en-
hancing data reliability and the validity of our findings [160].

User-Independent and User-Dependent prediction using deep learning models

The preprocessed data from eye-tracking and wristband were used to train state-
of-the-art time series classification models for engagement, valence, and arousal
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FIGURE 30: Confusion matrices for user-dependent classification. (a) shows binary
engagement classification (low /high). (b) shows four-class emotion classification (HAHV:
High Arousal High Valence, HALV: High Arousal Low Valence, LALV: Low Arousal Low

Valence, LAHV: Low Arousal High Valence).

detection. While the models were quite successful at identifying engagement lev-
els, predicting valence and arousal proved more challenging. Combining data from
both devices significantly improved accuracy, an outcome that highlights the value
of multimodal data collection. Two approaches were used: a user-independent
approach (Leave-One-Participant-Out cross-validation) and a user-dependent ap-
proach, allowing comparison between generalized and personalized models. Un-
der the user-independent approach, the Transformer network excelled, particularly
when combining features, though valence and arousal predictions required further
refinement. Interestingly, gaze features proved stronger predictors than physiolog-
ical signals when modalities were used individually, potentially due to the wrist-
band’s lower sampling frequency [160].

The user-dependent approach significantly improved performance across all mod-
els, with substantial accuracy gains (13% for engagement, 19% for arousal, and 15%
for valence). The ResNet model achieved the best overall performance. Among the
models we tested, ResNet consistently performed best. The success of the person-
alized approach underscores the importance of considering individual differences
when designing systems that aim to understand and respond to user experiences.
This has significant implications for improving user engagement in various applica-
tions, from e-learning platforms to marketing campaigns [160].

Engagement and Emotion Correlation

This study investigated the correlation between engagement and emotions (arousal
and valence) during a reading task, using 1-5 scales for self-reported engagement,
valence, and arousal. Figure 31a shows a correlation matrix heatmap and Figure 31b
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shows a boxplot visualizing the distribution of engagement across various emotional
categories. The heatmap reveals strong positive correlations between engagement
and arousal (0.68) and moderate positive correlations between engagement and va-
lence (0.44). The boxplot shows that high-arousal emotions (positive or negative)
correlate with higher engagement, while low-arousal emotions correlate with lower
engagement [160].

Based on the results drawn from our study’s analyses, it becomes apparent that
engagement and emotions together constitute a pivotal element in contexts of learn-
ing or reading. The interaction of emotions and engagement presents a more lay-
ered understanding of the learning process. High arousal emotional states, whether
positive or negative, tend to increase engagement levels. Conversely, low arousal
states tend to correlate with lower engagement. Thus, our study underscores the
importance of a more holistic approach in learning and reading environments. Both
emotions and engagement should be considered to optimize learning processes and
outcomes which could be crucial for educators and instructional designers to de-
velop effective strategies [160].
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FIGURE 31: Correlation matrix heatmap and boxplot for engagement and emotional
categories.

3.4.5 Limitations and Future Work

Although the discussed study makes significant contributions to user engagement
and emotional reactions during reading activities, several limitations and challenges
exist that could be addressed in future research. These include:

Generalization Across User Groups: The research proposes a user-independent
generalized framework; however, it may still be difficult to ensure that the results
apply universally to a variety of user groups. Users differ greatly in terms of pref-
erences, demographics, and personal characteristics, which may affect the models’

effectiveness across distinct user segments. Future efforts could involve gathering
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data from a more varied population to enhance the models” generalizability and
customize them for particular user groups [160].

Subjectivity in Emotion Assessment: Evaluating emotions is often inherently
subjective. Individuals may have different interpretations and expressions of emo-
tions, and depending solely on self-reported feelings or external cues like emojis may
not fully capture the complexities of users” emotional experiences. Ensuring the reli-
ability and validity of emotional evaluations remains a persistent challenge. Future
investigations could examine the inclusion of multimodal data, such as physiologi-
cal signals and facial expressions, to supplement self-reported feelings and enhance
assessment accuracy [160].

Model Robustness and Generalization: While the study underscores a compre-
hensive assessment of deep learning models, their robustness in real-world situa-
tions and ability to generalize across various reading contexts may pose a challenge.
The models” performance observed in controlled experimental environments might
not entirely represent their effectiveness in diverse and natural reading settings. Fu-
ture research could prioritize testing the models in actual environments and incor-
porating adaptive features to accommodate unpredictable user behaviors [160].

Correlation vs. Causation: The exploration of the link between user engagement
and emotions is important, yet establishing a causal connection is complex. Though
the study might indicate relationships, it may not conclusively determine whether
shifts in engagement lead to changes in emotions or the opposite. Future investi-
gations could implement experimental methodologies, such as controlled interven-
tions, to more effectively confirm causal connections between engagement and emo-
tional states [160].

Long-term User Engagement: By concentrating on short-term reading tasks, the
study may limit its understanding of long-term user engagement and emotional
trends. Gaining insights into how these dynamics develop over extended durations
could offer a more comprehensive perspective on user experiences. Future research
could focus on longitudinal studies to evaluate how engagement and emotional re-
actions evolve over time and in various contexts [160].

Tackling these limitations and challenges could enhance the study’s influence
and contribute meaningfully to the ongoing discussion surrounding user engage-
ment, emotions, and the use of deep learning in understanding human behavior
during reading processes.

3.4.6 Conclusion

This study enhances the understanding and detection of engagement and emotions
while reading, employing a multimodal strategy that integrates gaze tracking and
physiological responses from participants. A variety of deep learning models were
applied to analyze and process the collected multimodal data, enabling a thorough
comparison of the effectiveness of these models in handling such complex tasks. An
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experimental framework was established that utilizes a non-intrusive multimodal
method to capture user responses related to engagement, valence, and arousal. We
applied both a generalizable user-independent approach and a personalized user-
dependent approach to create tailored predictions. This comparative research shed
light on the performance of these models in complex tasks. The investigation ex-
plored the relationship between user engagement and the emotions elicited during
reading activities. This knowledge offered valuable insights into how emotions and
cognitive engagement are interrelated during reading tasks, contributing to the de-

velopment of strategies aimed at improving user engagement [160].
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3.5 Readability Analysis and Detection

This section is adapted from our published work “Generating Heatmap for Unknown
Documents towardsReadabilityMeasurement” [158]. Eye tracking is one of the most
promising ways to analyze the visual patterns of reading and it could be done in
real time, providing details about the participant’s reading behavior [78]. By as-
sessing the reading behavior it is possible to estimate the readability of the docu-
ment [25]. The content features also play a crucial role in measuring the readability
of the document. The complexity, familiarity, and length of the words are some fea-
tures that could determine the difficulty of the document a participant is reading.
The difference in reading patterns could be very well observed among native lan-
guage speakers and learners. Learners tend to spend more time reading a certain
document to completely acquire the information. On the other hand, for a native
speaker, the words or sentence constructions will be more familiar and the variance
in reading pattern could be observed. So the main motivation behind this research
was to measure the readability of a document in a more personalized manner rather
than just considering the linguistic complexity, syntactic structure, and surface text
properties. The incorporation of eye gaze features of different users along with the
text features would provide a much better picture of user perception of the text.

The pattern of reading for a document that is difficult to understand and easy to
understand could vary a lot. Based on the interest in a document, the attention and
involvement of a participant reading a document would change. For content which
comprises of long and unfamiliar words as well as complex sentence construction,
the user tends to re-fixate the area again which could increase the fixation duration.
As a matter of fact, this would vary depending on the user’s language skill too. The
text-related features alone could not include the cognitive load associated with the
reading behavior.

The integration of text features along with gaze features could improve the re-
sults of readability prediction as it also covers the cognitive processing in the back-
ground and determines the grade of the document [179]. The text difficulty could be
assessed in this way and could be further utilized to simplify the text, which would
make it readable to a wider audience. The digitized versions of text are becoming
more popular and the use of printed books and papers is declining over time. To en-
hance the traditional methods or formulas for measuring readability, new features
that considers the user behavior also should be included, which would result in bet-
ter estimation of reading difficulty.

The integration of natural language processing (NLP) tools and machine learn-
ing models could be used for readability assessment, which provides information
about the difficulties in reading [13]. Multiple regressions and more fixations over a
region in a document could mean that it consists of either complex words or com-
plicated sentence construction, which makes it difficult for the reader to understand
the context.
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The main objective of this research is to predict readability ratings for documents
based on their level of difficulty [158]. To achieve this, two studies were conducted:
the first focused on generating artificial eye movements (Figure 32) and fixation
heatmaps for unknown documents, while the second involved integrating real eye-
tracking data with textual features for readability prediction. In this context, the
following research questions are addressed:

RQ1. How can artificial eye movements be generated for unknown docu-
ments, and how can fixation heatmaps be used to estimate readability?

RQ2. How can fixation heat values be calculated for individual words, and
how can these values be used as labels for readability prediction?

RQ3. How can machine learning algorithms be utilized to predict readability
ratings for documents based on their difficulty levels?

RQ4. How can eye movement patterns, both artificial and real, be visualized
for documents with varying readability ratings, and how can the relationship
between reading behavior and document content be estimated?

3.5.1 Data Collection

Two studies were conducted using the Tobii 4C to record participants” eye move-
ments while reading documents. The eye tracker was mounted on a desktop mon-
itor, and participants calibrated the device before reading each document to ensure
accurate data collection.

Study 1: Pilot Experiment

The first study involved 20 college students reading six documents arranged in
ascending order of difficulty. The first document served as a sample to familiarize
participants with the reading task and the associated questionnaires. Each document
was followed by three multiple-choice questions directly related to its content, de-
signed to ensure participants’ engagement and comprehension while reading. The
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inclusion of these questions minimized skimming behavior and provided insights
into participants” understanding capabilities. Eye movement data was recorded as
participants read the documents and answered the questions.

Study 2: Extended Experiment

The second study involved 10 master’s students analyzing 15 documents cho-
sen from BBC news articles covering various topics such as business, technology,
politics, sports, and entertainment. This category-based selection ensured a broad
range of reading difficulties. To enhance precision, the documents were presented
one paragraph at a time, with four surrounding dots acting as visual boundaries to
restrict fixations within the reading area. Participants were asked to focus on these

dots prior to reading to improve tracking accuracy [158].

sa(}yH@"ﬂ—ﬂ ts
%

x-coordinate sum of values inside the corresponding
coordinates based on gaussian distribution

FIGURE 33: The fixation heatmap values corresponding to each word coordinate is
summed to find the fixation heat value.

3.5.2 Methodology

The methodology for predicting readability involved collecting eye movement data,
extracting features from document content, and applying machine learning models
to predict fixation durations per word and classify document difficulty. Both studies
followed a similar pipeline, with variations in the features used, regression models
applied, and additional tasks such as difficulty classification in the second study.
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Ground Truth Recording

In both studies, raw gaze data recorded by the Tobii Eye Tracker 4C was processed
to detect fixations and saccades. Heatmaps were generated to represent the distri-
bution of fixations over the document. Fixation durations per word were calculated
by summing the heatmap values within the rectangular bounding box of each word,
defined by its top-left and bottom-right coordinates. This summed value, referred
to as the fixation heat value, was used as the ground truth for prediction as shown in
Figure 33 [158]. To account for variations across participants, the mean fixation heat
value for each word was computed by aggregating data from all participants.

Feature Calculation

Features were extracted from the document content to predict fixation durations and
classify document difficulty. Across both studies, the length of each word was used as
a primary feature, based on the assumption that longer words tend to have higher
fixation durations. Additional features varied between the studies:

¢ Study 1:

— Word embeddings were extracted using Google’s pre-trained Word2Vec
model, resulting in a 300-dimensional feature set. Principal Component
Analysis (PCA) was applied to reduce the dimensionality, and the top five
significant features were selected.

— Stop words were removed, and all words were converted to lowercase
before feature extraction.

e Study 2:

- Lexical and syntactical features, such as log-likelihood properties (e.g., lexi-
cal, syntactical, and total surprisal) and ambiguity, were computed using

an incremental probabilistic top-down parser.

— Parts of speech (POS) tags (e.g., NN, VB, IN, J]J) were extracted for each

word and included as features.

- Gaze features, such as fixation duration, saccade length, regression length
and regression ratio, were also utilized to capture reading behavior [158].
Machine Learning Models
Two different machine learning tasks were performed across the studies:
1. Fixation Duration Prediction:

¢ Study 1: Support Vector Regression (SVR) with an RBF kernel was ap-
plied to predict fixation durations per word based on the extracted fea-
tures.
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¢ Study 2: A Random Forest Regression model was used, leveraging the
diverse set of lexical, syntactical, and gaze features for prediction.

2. Document Difficulty Classification (Study 2): A Support Vector Machine (SVM)
was used to classify documents into four difficulty levels based on participant

ratings:

¢ 1: Very hard to read

2: Moderately hard to read

3: Easy to read

® 4: Very easy to read

The SVM model was trained using text features, gaze features, and a com-
bination of both feature sets to evaluate the impact of each on classification

performance.

3.5.3 Results and Analysis

The results of both studies are presented below, focusing on the prediction of fixation
heat values, the generated heatmaps, and the analysis of document readability.

Study 1: Fixation Heat Value Prediction

A Support Vector Regression (SVR) model and a Linear Regression model were used
to predict fixation heat values per word. The models were evaluated using Leave-
One-Participant-Out (LOPO) and Leave-One-Document-Out (LODO) approaches.
The results, shown in Table 3.15, indicate that word length as a single feature con-
tributed significantly to the model’s performance. The inclusion of word embed-
dings and traditional text features (e.g., word frequency and POS tags) slightly im-
proved the results, with the linear regression model using LOPO and traditional
features achieving the highest goodness score of 0.503.

TABLE 3.15: Goodness scores using different features and methods.

Features | LOPO (SVR) | LODO (SVR) | LOPO (LR) | LODO (LR)
Word Length | 0469 | 0451 | 04838 | 04735
Word Length + Embeddings | 0478 | 0454 | 04865 | 04788

Traditional Text Features 0.4912 0.471 0.503 0.4934

Figure 34 illustrates the generated scan path over a document. The scan path col-
ors represent fixation durations, with blue indicating values below 200 ms and red
indicating values above 600 ms. The boxplot in Figure 35 demonstrates the relation-
ship between word length and fixation heat values, confirming that longer words
tend to have higher fixation durations. Despite these findings, the calibration errors
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of the eye tracker and the limited feature set impacted the overall accuracy of the

predictions.
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FIGURE 34: Generated scan path over the document based on predictions.
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FIGURE 35: A boxplot showing the fixation heat values with respect to the word
lengths(x-axis : word length; y-axis : fixation heat values)

The generated heatmaps (Figure 36) showed some alignment with the ground
truth, particularly in regions with higher fixation durations. However, the predic-
tions were limited by the small number of text features used, and the addition of

more lexical and syntactical features could improve accuracy.
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Ground Truths Predictions

S A

FIGURE 36: The ground truth heatmap of the documents along with the predictions
obtained.

Study 2: Fixation Heat Value Prediction and Heatmap Analysis

In the second study, a random forest regression model was trained using the Leave-
One-Document-Out (LODO) approach. A grid-search cross-validation technique
was utilized to fine-tune hyperparameters. The model achieved a mean regression
score (R?) of 0.757 and a normalized root mean squared error (NRMSE) of 0.282.
An analysis of feature importance indicated that word length was the most critical
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feature, boasting an importance value of 0.972. Using the predicted fixation heat
values, heatmaps were generated for each document to identify the main focus ar-
eas. Figure 37 shows the ground truth and predicted heatmaps for three documents.
The model successfully captured the primary focus areas (red regions) in the docu-
ments, aligning with the ground truth to a reasonable extent. The addition of lexi-
cal and syntactical features, such as log-likelihood properties and POS tags, signifi-
cantly improved the accuracy of the generated heatmaps compared to Study 1. This
improvement highlights the importance of incorporating diverse text features for
better readability prediction.However, variations in predictions were observed due
to differences in participant behavior and the complexity of the documents [158].

Games 'deserve a place in class” . Jobs growth still slow in the US

Games 'deserve a place in class’ 3 Jobs prowth still slow in the US

FIGURE 37: Three examples of heatmap generation (top: ground truth, bottom: generated)

In addition to fixation heat value prediction, a Support Vector Machine (SVM)
was used to classify document difficulty based on participant ratings. The ratings
were divided into four classes: 1: very hard to read, 2: moderately hard to read, 3: easy to
read, and 4: very easy to read. The model was trained using text features, gaze features,
and a combination of both. To optimize the SVM hyperparameters, a GridSearch CV
was performed, resulting in the best parameters: C: 1, gamma: 0.5, and kernel: rbf.
Class weights were balanced to account for the uneven distribution of ratings, as
ratings “2” and “3” were more frequent than “1” and “4”.

The results of the SVM classifier for three cross-validation methods are shown in
Table 38a. The Leave-One-Document-Out (LODO) approach, which is most suitable
for predicting the readability of unknown documents, achieved a mean accuracy of
51% using text features and 52% with the combination of text and gaze features.
However, due to the limited data for rating “1,” predictions were primarily in the
range of “2-4.”

To further simplify the task, a binary classification was performed, grouping rat-
ings “1” and “2” as hard to read and “3” and “4” as easy to read. The binary SVM
classifier achieved a mean accuracy of 63%, as shown in the confusion matrix in Fig-
ure 38b. This demonstrates the potential of combining text and gaze features for

readability classification.

3.5.4 Discussion

The two studies aimed to predict document readability by leveraging fixation heatmaps
and gaze features. Study 1 served as a pilot study, focusing on generating fixation
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FIGURE 38: (a) Mean accuracy for different cross-validation methods using the SVM
classifier (4-class), and (b) Confusion matrix for binary SVM classifier with combined
features.

heatmaps for unknown documents using word length as the primary feature. How-
ever, several challenges emerged, including calibration errors that caused vertical
misalignment of fixation coordinates with the content lines. This misalignment hin-
dered the accurate extraction of fixation durations per word. To address this, fixa-
tion heatmaps were generated for each document, and the sum of heatmap values
within word boundaries was used to compute fixation heat values. Despite these
efforts, the reliance on word length alone and the use of Support Vector Regression
(SVR) yielded suboptimal results, as the fixation patterns varied significantly across
participants.

Study 2 built upon the limitations of Study 1 by introducing several method-
ological improvements. First, the number of participants was reduced, and the
number of documents per participant was increased to minimize participant-specific
biases. Additionally, documents were categorized into specific topics, enabling a
more structured analysis. The experimental setup was refined by displaying doc-
uments paragraph by paragraph, increasing font size and line spacing, and intro-
ducing boundary markers to improve gaze data accuracy. Although participants
often forgot to fixate on the boundary markers, the overall data quality improved
significantly compared to Study 1.

A key advancement in Study 2 was the implementation of a line-break detec-
tion algorithm to realign fixation coordinates with the content lines, effectively ad-
dressing the vertical misalignment observed in Study 1. This algorithm successfully
aligned fixations for most participants, as shown in Figure 39, resulting in more reli-
able fixation heatmaps.

In terms of feature selection, Study 2 expanded beyond word length by incorpo-
rating lexical and syntactical features, such as log-likelihood probabilities (e.g., sur-
prisal and ambiguity). These features demonstrated a stronger correlation with par-
ticipant ratings, improving the model’s performance. Unlike Study 1, where word
embeddings failed to enhance predictions, the inclusion of diverse text features in
Study 2 significantly improved the accuracy of fixation heat value predictions and

heatmap generation.



3.5. Readability Analysis and Detection 89

Portrait 'Painted’ by Al Up for Auction at Christie's in NYC

) _— & - L 4 \ i’ - : .
At the e, the Oy & = tt TH T | I VECh
T TCTHIC TIT WITEET T TS T TS T TTEATOTITEL T O R T TS N1 i5

the (et and= 3@ conTurces to- e Ao réeog e vismt-eiemen s e O by o -

ThupretoteCrTEs Thedigr Fatevenully created aibrigmaimageted - ekt ins|

each other catled e Gendermethe Discrminsior, tiey-dbbed-this-dembative- AT eeneralive-Geversdibial

el \=rsuge

FIGURE 39: The realigned fixations and saccades based on the line break algorithm.

For document difficulty classification, Study 2 employed an SVM classifier, which
outperformed the regression models used in Study 1. However, the imbalanced dis-
tribution of participant ratings (e.g., very few ratings of “1: very hard to read’) re-
mained a challenge, leading to biased predictions favoring the ‘2-3” range. While
combining text and gaze features did not yield the expected improvement, gaze fea-
tures such as mean fixation duration and saccade length showed positive correla-
tions with difficulty ratings for some participants.

Overall, Study 2 addressed the key limitations of Study 1 by improving data
collection accuracy, refining experimental design, and incorporating more diverse
features. These advancements resulted in more reliable fixation heatmaps and better
readability predictions, highlighting the importance of addressing calibration errors,

participant biases, and feature diversity in eye-tracking studies.

3.5.5 Limitations and Future Work

Despite the improvements in Study 2, several limitations remain. First, the imbal-
anced distribution of participant ratings, particularly the scarcity of ‘very hard to
read’ ratings, introduced bias in the difficulty classification task. This imbalance
limited the model’s ability to accurately predict documents at the extremes of the
difficulty scale. Expanding the rating scale or increasing the diversity of document
difficulty levels could address this issue in future studies.

Second, while the line-break detection algorithm successfully realigned fixation
coordinates for most participants, a few recordings still exhibited misalignments due
to calibration errors. These residual inaccuracies may have affected the fixation heat
value predictions and subsequent heatmap generation. Future research could ex-
plore more robust calibration techniques or adaptive algorithms to minimize mis-
alignments and improve the accuracy of fixation data.

Third, the combination of text and gaze features did not yield the expected im-
provements in classification performance. This suggests that the interaction between
these features may require more sophisticated modeling techniques or additional
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preprocessing to fully capture their relationship with document readability. Future
studies could investigate advanced modeling approaches, such as deep learning ar-
chitectures or feature fusion techniques, to better integrate text and gaze features for
improved performance.

Finally, participant behavior, such as forgetting to fixate on boundary markers
or re-reading document titles, introduced variability in the gaze data. Although
the experimental design in Study 2 reduced these issues compared to Study 1, fur-
ther refinements in task instructions and experimental setup are necessary to ensure
consistent data quality. Future work could focus on designing more structured ex-
perimental protocols and providing clearer task instructions to minimize variability
in participant behavior.

These limitations highlight areas for future work, including addressing data im-
balances, improving calibration techniques, and exploring advanced modeling ap-

proaches to better integrate text and gaze features.

3.5.6 Conclusion

This research focused on assessing document readability using fixation heatmaps
and gaze features, with the goal of generating artificial eye gaze for unknown doc-
uments. The pilot study revealed significant challenges, including calibration errors
and limited feature diversity, which impacted the accuracy of fixation heat value
predictions. Study 2 addressed these issues by refining the experimental design,
improving data collection accuracy, and incorporating additional features such as
surprisal and ambiguity. These enhancements resulted in more reliable fixation
heatmaps and better insights into document readability.

In Study 2, difficulty rating prediction was introduced as a classification task
using an SVM model. The model achieved a mean accuracy of 51% using text fea-
tures and a combination of text and gaze features. However, the imbalanced dis-
tribution of ratings, with very few ‘very hard to read’ ratings, limited the model’s
ability to predict extreme difficulty levels. Binary classification (easy vs. hard) im-
proved accuracy to 63%, but the results highlighted the need for more balanced data
and additional features to improve performance. Features such as saccade length,
regression ratio, and fixation duration showed positive correlations with difficulty
ratings, providing valuable insights into participant reading behavior. Despite these
advancements, the integration of text and gaze features did not yield the expected
improvements in classification performance, primarily due to participant-specific
biases and variability in gaze behavior. The line-break detection algorithm success-
fully realigned fixations, improving the accuracy of gaze feature extraction. How-

ever, challenges such as limited data for extreme difficulty ratings persisted.
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Chapter 4

Personalized Interventions

This chapter explores various personalized intervention strategies designed to en-
hance cognitive performance, manage distractions, and improve user engagement
in diverse contexts. Personalized interventions are essential for tailoring solutions
to individual needs, enabling systems to adapt dynamically to users’” cognitive and
emotional states [182]. The goal of this research is to develop and evaluate meth-
ods that leverage controlled distraction, cognitive training, emotional engagement,
and real-time adaptive systems to address challenges in attention, learning, and user
interaction.

The chapter is organized into several sections, each focusing on a specific type of
intervention. The first section introduces distraction management in reading, where
controlled distraction techniques are used to study and mitigate the effects of distrac-
tions on reading behavior [187]. This is followed by a section on cognitive control
training for digital distraction management, which explores methods to help users
improve their focus and reduce the impact of digital distractions [159].

The next section focuses on interventions targeting emotion and engagement,
where models and interactive interfaces are developed to enhance user engagement
and emotional connection during tasks [160]. This is followed by a section on a real-
time gaze-based adaptive learning system, which leverages real-time eye-tracking
data to create personalized learning experiences by dynamically adapting content
based on user behavior and cognitive load [156]. The section concludes with an
analysis of the impact of these interventions, including their implications for cogni-
tive load, visual effort, and overall user experience.

The research presented in this chapter provides a foundation for designing in-
telligent systems that can adapt to individual needs, offering significant potential
for applications in education, productivity, and human-computer interaction. The
following sections of this chapter are based on collaborative research with students,
each contributing to specific aspects of the work. Section 4.1 presents research con-
ducted with Pramod Vadiraja, who was actively involved in data collection, analysis,
and scientific writing for publication. My contributions to this section included co-
supervision, technical analysis, and preparation of the manuscript for publication.
Section 4.2 is based on work carried out with Shrishti Jagtap, who assisted with data
collection and participant recruitment. For this study, I contributed to the data anal-
ysis, modeling, evaluation, and preparation of the scientific article. Section 4.3 in-
cludes research developed in collaboration with Akshay Palimar Pai, who provided
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assistance in application development. Across all studies, my role involved concep-
tualization, technical analysis and guidance, and publishing the resulting scientific

articles..
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4.1 Controlled Distraction Intervention in Reading

This section is adapted from our published work “Effects of Counting Seconds in the
Mind while Reading” [187]. Distraction and attention are two opposing cognitive pro-
cesses that significantly impact task performance, particularly in reading [56]. While
tasks with high perceptual load can reduce distraction by fully engaging cognitive
resources, tasks with high cognitive load on working memory are more susceptible
to attention deterioration [189]. Distractions during reading can arise from various
factors, such as mind wandering, information overload, or lack of interest. Media
multitasking, for instance, has been linked to poor cognitive task performance, po-

tentially due to increased sensitivity to distractions [124].

Please regg the following paragraph Wﬁ@Eﬁds.

Then, as the g Iuti,pgem@'_ nfOWe catch thefirst glicdpel-
- = L0 T o

N

“e@ﬁ eyt Tt NS

=
yol I""""ﬂ' [Whien the aove
S
congitions.” ! L hipt indeed SIS Hﬂa = L =N
may iyt on the-othese: ale e ey ances, rencu:'ﬁnlﬁ :
o = : VHICES, Do -

&L’-' =L

.
.q-': U DS dina

Ll s

— "
g
N I
v-.‘“d#-

FIGURE 1: Scan-paths of gaze data during reading without distraction (top) and with
counting distraction (bottom).

In this study, a novel controlled distraction intervention mechanism is intro-
duced, where participants are asked to count seconds in their minds while read-
ing. This approach addresses a significant challenge in interval-based studies: the
reliance on frequent participant feedback to collect ground-truth labels. Controlled
distraction interventions, such as the one proposed in this study, are essential for
understanding how distractions impact cognitive tasks like reading. Reading is a
cognitively demanding activity that requires sustained attention, and even minor
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distractions can disrupt comprehension and focus. By simulating internal distrac-
tions in a controlled manner, these interventions allow researchers to systematically
study the effects of distraction on reading behavior and cognitive performance [187].

To evaluate the impact of the counting distraction, we used a remote eye tracker
(Tobii 4C) to capture participants” eye movements during reading tasks. Figure 1
illustrates two examples of scanpaths: one without the distraction condition (top)
and one with the distraction condition (bottom). The results demonstrate that the
counting distraction increases fixation duration and the frequency of losing the read-
ing location, particularly during line breaks. These findings highlight the effective-
ness of the proposed intervention in inducing measurable changes in reading behav-
ior [187].

Such controlled interventions are particularly valuable as they provide a system-
atic way to study the effects of distraction while addressing key challenges in dis-
traction research, such as reducing reliance on participant feedback through semi-
automatic collection of ground-truth data.

The research questions associated with this work are as follows:

¢ RQ1. How can a novel distraction intervention be designed to reduce reliance
on participant feedback during reading tasks?

* RQ2. How effective are the developed evaluation methods for detecting dis-
traction and interest in reading, based on data collected in a controlled reading
task?

This work provides insights into how controlled distractions influence reading
behavior and offers a foundation for future studies on attention and cognitive load

in reading tasks.

4.1.1 Data Collection
Participants

The study involved 10 participants, including both male and female individuals,
aged between 20 and 30 years. All participants were recruited voluntarily and pro-
vided informed consent prior to the experiment. They were informed about the pur-
pose of the study, the use of eye-tracking sensors, and their right to withdraw from
the study at any time. Detailed information regarding data consent and experimen-
tal procedures was communicated to all participants before their participation [187].

Experimental Design

The experiment aimed to assess how a counting distraction influenced reading habits.
Participants were tasked with reading six news articles, each containing three para-
graphs, shown on a computer screen. A specialized software application was cre-
ated to display one paragraph at a time in a predetermined sequence. While the
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sequence of articles varied for each participant, the order of paragraphs within each
article remained unchanged. Participants switched between two conditions: reading
while experiencing a counting distraction (mentally counting seconds) and reading
without any distractions. The order of conditions was fixed to alternate (i.e., first
with distraction, then without distraction). In total, each participant reviewed 18
paragraphs, consisting of nine under the distraction condition and nine under the
no-distraction condition [187].

To ensure that participants were paying close attention, a comprehension ques-
tion requiring a yes/no answer followed each paragraph. In addition, participants
provided their subjective feedback for each paragraph by rating their interest and
perceived difficulty on a six-point scale (0-100). For paragraphs that were read in
the distraction condition, participants also indicated the time taken to complete the
reading task. Reading behaviors were documented using a Tobii 4C remote eye
tracker with a professional license. The data collected offers an in-depth look at
participants’ reading behaviors in both conditions [187].

4.1.2 Methodology

The methodology focuses on analyzing the effects of the counting distraction on
reading behavior using the collected eye-tracking data. The study involved process-
ing raw gaze data to extract meaningful features that reflect participants” reading
patterns under both distraction and non-distraction conditions. These features were
then used to evaluate the impact of the distraction intervention on cognitive and
behavioral metrics. Upon visualizing the raw gaze data from the participants, it
was observed that the gaze data of one participant were frequently missing due to
a calibration issue. As a result, the data from this participant were excluded, and
the gaze data of 9 participants were utilized for further machine learning tasks. The
methodology is adapted based on our published work [187].

Data Preprocessing

The raw gaze data collected from the Tobii 4C eye tracker were preprocessed to
ensure quality and consistency. To increase the number of training samples, a slid-
ing window mechanism was incorporated during pre-processing. This approach
allowed for the segmentation of gaze data into smaller, overlapping windows, en-
abling more robust feature extraction and model training [187].

Feature Extraction

The features associated with fixations and saccades were derived from the processed
gaze data. Saccades were also divided into three distinct categories: forward sac-
cades (typical reading actions moving in the forward direction), backward saccades
(returning to a previous line of text, identified by negative differences in horizontal
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TABLE 4.1: The list of features

No. Name

1 Fixation count
2,3  Fixation duration {mean, std}
4,5 Forward saccade length {mean, std}
6,7  Forward saccade angle {mean, std}
8,9  Backward saccade length {mean, std}

10,11 Backward saccade angle {mean, std}
12,13 Fixation duration {mean, std}

14,15 Line breaks lengths {mean, std}
16,17 Line breaks angles {mean, std}
18,19 Pupil diameter {mean, std}

gaze), and line breaks (moving focus from one line to another). The extracted fea-
tures are summarized in Table 4.1. These include fixation count, fixation duration
(mean and standard deviation), saccade lengths and angles (mean and standard
deviation for forward, backward, and line breaks), and pupil diameter (mean and
standard deviation). These features were designed to capture key aspects of reading
behavior under both distraction and non-distraction conditions [187].
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FIGURE 2: Distributions of participants’ subjective evaluations of texts under with and
without counting conditions.

Model Training

The study evaluated the practicality of three machine learning techniques: Support
Vector Machine (SVM), Random Forest (RF), and Multi-Layer Perceptron (MLP).
These models aimed to predict two cognitive states: distraction and interest. The
task was framed as a binary classification problem, utilizing the extracted features
as inputs and assigning binary labels as outputs.

For the distracted label, paragraphs read under the counting distraction condition
were labeled as 1 (distracted), while those read without distraction were labeled as
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0. For the interest label, participants’ interest ratings (on a scale of 0-100) were bina-
rized using a threshold of 40, based on the distribution of interest levels (Figure 2a).
Similarly, the difficulty levels of the texts, as evaluated by participants, are shown
in Figure 2b. These distributions illustrate the subjective evaluations of texts under
both counting and non-counting conditions, and the threshold effectively separated
low-interest and high-interest paragraphs for classification [187].

Evaluation Protocol

The models were evaluated using three validation techniques to assess their perfor-

mance under different scenarios:

¢ User-independent (leave-one-participant-out): The model was trained on the
gaze data of all participants except one, with the excluded participant’s data
used as the validation set. This approach tested the model’s ability to general-

ize to unseen participants.

¢ User-dependent (leave-one-document-out for one participant): For each par-
ticipant, the model was trained on the gaze data of all but one document,
with the remaining document used for validation. This approach evaluated
the model’s ability to predict distraction and interest for the same participant

across different documents.

¢ Document-independent (leave-one-document-out for all participants): In this
approach, the model was trained on the gaze data of all but one document
(across all participants), with the excluded document used as the test set. This

tested the model’s ability to generalize across different documents.

The performance of the models was measured using precision, recall, F1-score,
and accuracy. These metrics were chosen to balance the trade-off between false pos-
itives and false negatives, depending on the use case [187].

4.1.3 Results and Analysis

The performance of three classifiers—SVM, Random Forest, and MLP was evaluated
using three validation methods: User-Independent (UI), User-Dependent (UD), and
Document-Independent (DI). The results for both the distraction and interest classi-
fication tasks are summarized in Table 4.2. The results are based on our published
work [187].

For distraction classification, SVM achieved its best performance under the DI
configuration, with the highest precision (0.662). RF performed well under the Ul
configuration, achieving the highest recall (0.613), while MLP excelled under the
DI configuration, attaining the highest F1-score (0.621) and accuracy (0.582). These
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TABLE 4.2: Summary of the classification performance (Ul: User-Independent; UD:
User-Dependent; DI: Document-Independent)

Model Validation Distraction Interest
Prec Rec F1 Acc Prec Rec F1 Acc
Ul 0,550 0.482 0514 0508 0.648 0.628 0.637 0.521
SVM UD 0.605 0560 0.582 0566 0.704 0.727 0.715 0.631
DI 0.662 0.555 0.600 0.580 0.672 0.598 0.632 0.535
Ul 0.565 0.613 0.588 0.538 0.672 0.898 0.769 0.638
RF UD 0.589 0562 0.575 0553 0.697 0.750 0.723 0.614
DI 0.585 0.569 0.572 0.518 0.643 0.777 0.703 0.562
Ul 0.551 0.558 0.554 0.517 0.671 0.781 0.722 0.590
MLP UD 0.561 0535 0.548 0.524 0.707 0.721 0.714 0.612
DI 0.641 0.611 0.621 0.582 0.659 0.707 0.681 0.558

results suggest MLP as a strong candidate for detecting distraction, showing par-
ticularly robust performance in balancing precision and recall. For interest classi-
fication, RF outperformed the other models, especially under the UI configuration,
achieving the highest recall (0.898), F1-score (0.769), and accuracy (0.638). SVM also
performed well under the UD configuration, with the highest precision (0.704) and
recall (0.727). MLP, while competitive, achieved its best Precision (0.707) under the
UD configuration. This indicates that RF is highly effective for identifying interest,
particularly when generalizing across users [187].

Overall, the results demonstrate that the choice of model and configuration sig-
nificantly impacts performance. MLP is well-suited for the distraction task, while
RF dominates the interest task. MLP, in particular, stands out for its balanced per-
formance across both tasks, especially in the Distraction task under the DI configu-
ration, where it achieved the highest F1-score and accuracy. This suggests that MLP
is a versatile and reliable model, capable of adapting to different tasks and configu-
rations with consistent results [187].

The overall distribution of difficulty and interest levels is depicted in Figure 2,
which shows how the data is distributed under two conditions: with and without
enforced distraction. In terms of interest levels, the distributions were marginally
adjusted toward higher levels when distraction was absent, implying that partici-
pants found the texts more engaging when they were not distracted. Conversely,
regarding difficulty levels, the distributions were somewhat adjusted toward higher
levels when distraction was present, suggesting that participants viewed the texts as
more challenging while distracted. These results emphasize the impact of distrac-
tion on participants’ subjective perceptions of interest and difficulty [187].

The relationship between interest and difficulty levels with correctness is shown
in Figure 3. As seen in Figure 3a, higher interest levels are generally associated with
better correctness, indicating that participants performed better when they were
more engaged with the text. On the other hand, Figure 3b shows that correctness de-

creases as the difficulty level increases, suggesting that participants struggled more
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FIGURE 3: Relationship between objective comprehension (measured by the number of
correct answers) and subjective difficulty and interest levels under the influence of the
counting distractor.

with texts they perceived as difficult. These results emphasize the role of subjective

difficulty and interest in shaping participants” objective comprehension [187].
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FIGURE 4: Relation with Distraction

Figure 4 explores how distraction affects the connection between interest and
difficulty levels. As anticipated, a negative correlation was observed between inter-
est and difficulty, indicating that texts viewed as more challenging were generally
found to be less engaging. However, levels of difficulty were consistently higher
when distraction was applied, independent of the interest level. This result implies
that the counting distractor heightened the perceived difficulty of texts across all lev-
els of interest, further illustrating the significant effect of distraction on participants’

assessments [187].
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4.1.4 Discussion

This study employed an eye-tracking approach to investigate the effects of distrac-
tion on cognitive processes during reading tasks. A counting distractor was intro-
duced, requiring participants to count seconds in their minds while reading. This
method streamlined the ground truth gathering process, which traditionally relies

on self-reported surveys or questionnaires. By avoiding such subjective measures,

the study minimized potential biases that could arise from participants’ self-assessments.
The discussion is based on our published work [187].

Impact of Distraction on Reading Behavior

The research investigated the levels of interest and difficulty of texts under two sce-
narios: with distractions and without. Findings showed that participants indicated
greater interest when they were free from distractions. This implies that distrac-
tions increase the effect of text difficulty and lower participants” engagement with
the material. These results are consistent with earlier studies, which have shown
that distractions can directly hinder cognitive functions. For example, engaging in
thoughts unrelated to the task often leads to divided attention [18], resulting in ad-
verse outcomes such as challenges in maintaining focus, decline in mood [99], and
weakened memory retention.

When subjects faced distractions, their difficulty ratings were higher, which ad-
versely affected their accuracy on related comprehension questions. This finding
supports the study’s hypothesis, suggesting that a distracting element increases task
difficulty by competing for limited attentional resources. Similar outcomes were
noted by Navalpakkam et al. [130], who found that under significant distraction,
participants invested more effort, had increased fixations, and often revisited sec-
tions they had already read. These outcomes underscore the considerable cognitive

load that distractions create during reading activities [187].

Performance of Machine Learning Models

The performance of machine learning models for distraction and interest detection
was evaluated using various validation techniques. Among the models, the Multi-
Layer Perceptron (MLP) with a document-independent approach achieved the best
accuracy and Fl1-score for distraction detection. For interest detection, the Random
Forest model with a user-independent approach outperformed others in terms of
accuracy, F1-score, and recall, as shown in Table 4.5 [187].

User-Dependent vs. User-Independent Validation

The study also evaluated user-dependent versus user-independent validation meth-
ods. The outcomes indicated that accuracy was marginally better across all models
with user-dependent validation. These results do not provide enough evidence to
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definitively conclude that the differentiation between attention and distraction is
significantly influenced by the user. Additional studies involving larger datasets
and a more varied group of participants are necessary to investigate how individual
differences may impact distraction detection [187].

4.1.5 Limitations and Future Work

While this study provides valuable insights into the effects of distraction on read-
ing behavior and the performance of machine learning models for distraction and
interest detection, it is not without limitations. One of the primary limitations is the
relatively small dataset size. Although a sliding window algorithm was employed
to increase the number of training samples, the dataset remained insufficient for ro-
bust evaluation of the machine learning models. This limitation likely impacted the
generalizability of the results, particularly for distraction detection, where the per-
formance metrics were less consistent compared to interest detection. Future studies
should aim to collect larger datasets to improve the reliability and robustness of the
models.

Another limitation lies in the use of a single type of distractor (i.e., the counting
task). While this approach effectively induced distraction, it may not fully capture
the diversity of real-world distractions, such as environmental noise, multitasking,
or digital notifications. Future work could explore the effects of different types of
distractors to better understand their impact on reading behavior and cognitive pro-
cesses.

The study primarily focused on user-independent and user-dependent valida-
tion techniques but did not extensively investigate individual differences in atten-
tion and distraction. Factors such as cognitive capacity, reading proficiency, and
prior knowledge may influence how participants respond to distraction. Future re-
search could incorporate these individual differences to develop more personalized
and adaptive models for distraction and interest detection.

Finally, while the machine learning models demonstrated promising results, par-
ticularly for interest detection, there is room for improvement in feature engineering
and model design. Incorporating additional features, such as semantic or contextual
information from the text, could enhance the models” ability to detect distraction
and interest. Furthermore, exploring advanced deep learning architectures, such as
attention-based models, may provide better performance and generalizability.

In summary, addressing these limitations in future work will not only improve
the robustness of the findings but also contribute to the development of more ef-
fective systems for monitoring and mitigating distraction in real-world scenarios.
Future work should focus on collecting larger datasets to improve model perfor-
mance and exploring additional features, such as contextual or semantic informa-
tion, to enhance the detection of distraction and interest. Investigating the role of in-

dividual differences in attention and distraction could provide deeper insights into
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user-specific patterns and improve the personalization of attention-monitoring sys-
tems [187].

4.1.6 Conclusion

This study introduced a novel approach to capture and model distraction during
reading tasks using eye-tracking data. A semi-automated method for gathering
ground truth was developed by employing a counting distractor, where partici-
pants were asked to count seconds in their minds while reading. This approach
minimized reliance on traditional self-reported measures, providing a more objec-
tive framework for studying the effects of distraction on cognitive processes. The
experiment analyzed the correlation between participants” subjective ratings of in-
terest and difficulty under distracted and non-distracted conditions. The findings
revealed that distraction significantly influenced participants’ reading behavior, re-
ducing their interest levels and increasing their perceived difficulty of the text. To
predict distraction and interest levels, machine learning models were implemented
using different cross-validation techniques. The results demonstrated that the MLP
model with document-independent validation achieved the best performance for
distraction detection, while the Random Forest model with user-independent vali-
dation outperformed others for interest detection. This research contributes to the
growing body of work on understanding and modeling distraction during reading
tasks. The proposed approach provides a foundation for developing systems that
can monitor and mitigate distraction in real-world scenarios, such as educational or

professional environments [187].
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4.2 Cognitive Control Training for Digital Distraction Man-

agement

This section is adapted from our published work “Digital Distractions in Reading: In-
vestigating Impact of Cognitive Control Training on Reading Behavior and Outcomes” [159].
The presence of digital notifications and pop-ups in modern reading environments
poses a significant challenge to maintaining focused attention and achieving effec-
tive reading comprehension [35]. These interruptions disrupt the natural flow of
reading, reduce comprehension, and increase frustration, making it essential to un-
derstand their impact on digital reading behaviors [118]. Notifications vary in fre-
quency, placement, and content type, with some, such as reminders, eliciting quick
acknowledgments, while others, like advertisements, demand prolonged attention.
Distraction management remains a critical challenge, particularly in learning envi-
ronments where digital devices are increasingly used [159].

This study investigates the effects of various types of distractions, including no-
tifications, alerts, ads, and reminders, on reading comprehension, eye movements,
and reader experience. Through an experiment involving 22 participants reading 10
documents under varied distraction conditions, we collected eye-tracking metrics
and survey responses to assess the impact of these interruptions. The results re-
vealed significant disruptions to reading flow, reduced comprehension, and height-
ened frustration levels among participants exposed to distractions. These findings
underscore the need for strategies to mitigate the adverse effects of digital interrup-
tions on reading performance [159].

Building on prior research [17, 136], we explored the potential of cognitive con-
trol training to enhance distraction management and improve reading outcomes.
Participants were divided into two groups: a control group that received no train-
ing and an experimental group that underwent a 15-minute cognitive control train-
ing session before reading texts with varied notification types. The results demon-
strated that cognitive control training improved reading comprehension and focus,
even in environments with frequent distractions. This suggests that training in cog-
nitive control can enhance individuals” ability to manage task-switching demands
and maintain attention during reading [159].

The primary goal of this research is to understand natural reading behavior un-
der the influence of distractions and to evaluate the role of cognitive control training
in mitigating their effects. To achieve this, the study addresses the following research
questions:

* How do varied distractions, such as notifications and pop-ups, impact reading

behavior, comprehension, frustration levels, and document readability?

* What insights can be gained from eye-tracking data to better understand the
relationship between distractions and reading performance?
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¢ Can cognitive control training improve readers’ ability to manage distractions
and enhance comprehension in digital reading environments?

These findings have important implications for designing digital reading inter-
faces that minimize disruptions and promote a more seamless and productive read-

ing experience.

4.2.1 Data Collection

The data collection process involved monitoring participants” reading behavior un-
der controlled conditions while introducing distractions in the form of notifications
and pop-ups. Eye-tracking data, subjective feedback, and comprehension scores
were collected to analyze the impact of distractions and evaluate the effectiveness
of cognitive control training. This section is based on the procedures detailed in our
published work [159].

Participants

A total of 22 university students (14 female and 8 male, aged 23-32, M=26.48, SD=3.20)
were recruited for this study. All participants provided informed consent before join-
ing the experiment and were free to withdraw at any point. Detailed information
about data consent, sensor usage, and the experiment sessions was communicated
to all participants prior to their involvement [159].

Experimental Design

Participants were instructed to read ten texts, each approximately 500 words in
length, covering general topics to ensure no prior knowledge advantage. Eye move-
ments during reading were recorded using a Tobii Pro remote eye-tracker with a
sampling frequency of 90 Hz. The texts were displayed on a desktop computer with
the eye-tracker mounted on the screen in a controlled environment, ensuring consis-
tent screen size and resolution for all participants.

The study employed a mixed-method approach to investigate the effect of cogni-
tive control training (CCT). Eleven participants (experimental group) performed an
adaptive version of the Paced Auditory Serial Addition Test (PASAT) before reading
the texts, while the remaining 11 participants (control group) did not undergo any
training. During the reading sessions, notifications and pop-ups, such as sales ad-
vertisements, emails, or reminders, appeared at random intervals and locations (e.g.,
the corner or top margin of the display). Participants were not instructed on whether
to close the notifications, allowing for natural responses. To assess reading perfor-
mance, participants completed both objective and subjective comprehension ques-
tionnaires after reading each text. Additionally, document-wise subjective measures
of distraction, comprehension, frustration, and overall readability were collected on
a 5-point scale, with 1 being the lowest and 5 the highest value [159].
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FIGURE 5: Comparison of gaze scanpaths between (a) a highly distracted participant who
did not receive cognitive control training and (b) a less distracted participant who received
cognitive control training. Both participants viewed the same document.

4.2.2 Methodology

The methodology of this study involved recording participants” eye gaze data dur-
ing reading sessions to assess their comprehension, distraction, frustration, and over-
all document readability. A Tobii Pro remote eye-tracker with a pro license was used
to capture gaze coordinates and pupil diameters at a sampling rate of 90 Hz, provid-
ing robust data for analysis. The methodology is based on our published work [159].
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Data Preprocessing

The raw gaze data collected from the eye-tracker was preprocessed to identify fix-
ations and saccades, which were then used to generate document scanpaths. The x
and y gaze coordinates, along with left and right pupil diameters, served as primary
features for predicting distraction, comprehension, and frustration levels. A sliding
window approach with a length of 10 seconds and 50% overlap was applied to seg-
ment the data for analysis. Figure 5 illustrates a comparison of gaze data from two
participants reading the same document, one of whom without cognitive control
training (Figure 5a) while the other who underwent the training (Figure 5b) [159].

Models

To analyze and classify participants” distraction, comprehension, and frustration
levels, three neural network models were employed: CNN-LSTM, InceptionTime,
and Transformer. The CNN-LSTM model combined convolutional neural networks
(CNN’s) for extracting spatial features with long short-term memory (LSTM) net-
works to capture temporal dependencies in the gaze data. This hybrid approach
allowed the model to effectively classify reading patterns based on both spatial and
temporal characteristics. InceptionTime, on the other hand, utilized an ensemble of
inception blocks, where each block consisted of convolutional layers designed to ex-
tract multiscale temporal features from the gaze data. This model was particularly
effective in identifying patterns across varying time scales. Lastly, the Transformer
model leveraged self-attention mechanisms to identify dependencies and relation-
ships within the gaze data, enabling a deeper understanding of the participants’
reading behavior. Together, these models provided a comprehensive framework for
analyzing the complex dynamics of gaze data [159].

Classification

The neural networks were designed to predict three primary outcomes: distraction,
comprehension, and frustration. Participants rated their experiences regarding each
outcome using a 5-point Likert scale, with 1 indicating ‘very low” and 5 indicating
‘very high’. The self-reported ratings were subsequently classified into binary cate-
gories to simplify the classification process. Ratings from 1 to 3 were combined as
‘Low’, whereas ratings of 4 and 5 were merged as ‘High’. This binary classification
method enabled the models to differentiate between low and high levels of distrac-
tion, comprehension, and frustration, offering insights into how participants reacted

to digital distractions while reading [159].
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Evaluation Protocol

To assess the models” performance, two techniques for data partitioning were uti-
lized: participant-independent and document-independent methods. The participant-
independent method, commonly known as leave-one-participant-out (LOPO), in-
volved selecting one participant’s data as the test set while utilizing the data from
the other participants to train the model. This procedure was conducted repeatedly
for each participant, and the overall model performance was evaluated by calculat-
ing the average accuracy across all iterations. Similarly, the document-independent
approach, called leave-one-document-out (LODO), involved using one document as
the test set while the rest of the documents served to train the model. This process
was also repeated for each document, with the average accuracy computed across
all iterations. These evaluation protocols ensured that the models were evaluated
on previously unseen participants and documents, thereby providing a thorough
assessment of their generalizability and efficacy in real-world applications [159].

TABLE 4.3: Comparison of Models with LOPO and LODO validation methods

Distraction Comprehension Frustration
Acc F1  Acc F1 Acc F1
LOPO 072 0.67 0.75 0.67 0.79 0.70

Models Validation

CNN-LSTM LODO 0.79 0.71 0.80 0.72 0.81 0.74
InceptionTime  LOPO 070 065 072 063 075 069
LODO 0.73 0.68 0.77 0.69 0.79 0.71

Transformers LOPO 074 068 076 0.66 079 0.72

LODO 0.80 0.73 0.83 0.75 0.85 0.77

4.2.3 Results and Analysis

This study utilized binary classification to predict participants” distraction, com-
prehension, and frustration levels using three deep neural network models: CNN-
LSTM, InceptionTime, and Transformer. The performance of these models was eval-
uated using two validation methods: leave-one-participant-out (LOPO) and leave-
one-document-out (LODO). The results, summarized in Table 4.3, indicate that the
models performed better overall with the LODO approach, suggesting that the mod-
els generalized more effectively when tested on unseen documents compared to
unseen participants. Among the three models, the Transformer consistently out-
performed the others across all labels, demonstrating its ability to capture complex
dependencies in the gaze data. The results and analysis are based on our published
work [159].

Specifically, the Transformer model achieved the highest accuracy and F1-scores
for all three outcomes. For distraction, it achieved an accuracy of 0.80 and an F1-
score of 0.73. For comprehension, the model achieved an accuracy of 0.83 and an
Fl-score of 0.75. Similarly, for frustration, it achieved an accuracy of 0.85 and an
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Fl-score of 0.77. These results highlight the effectiveness of the Transformer model
in identifying patterns in gaze data that are indicative of participants’ cognitive and

emotional states during reading tasks [159].
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FIGURE 6: The correlation heatmap of the survey responses

In addition to model performance, a correlation analysis was conducted to ex-
plore the relationships between the key variables: distraction, comprehension, frus-
tration, and readability. The correlation plot in Figure 6 revealed several significant
relationships. A strong negative correlation was observed between comprehension
and distraction (r = -0.85), indicating that as distraction levels increase, compre-
hension decreases. This finding aligns with expectations, as higher levels of dis-
traction disrupt the reading flow and impair the ability to process and retain infor-
mation. Conversely, lower distraction levels are associated with better comprehen-
sion, emphasizing the importance of minimizing interruptions in reading environ-
ments [159].

A moderate positive correlation was observed between frustration and distrac-
tion (r = 0.39), suggesting that as participants experience more distractions, their
frustration levels also tend to rise. This relationship underscores the emotional toll
that frequent interruptions can have on readers, further impacting their overall read-
ing experience. Interestingly, a weak positive correlation was found between com-
prehension and readability (r = 0.22). While this indicates that higher comprehen-
sion is generally associated with better readability, the relationship is not as strong as
the other correlations, suggesting that readability may be influenced by additional
factors beyond comprehension alone. These findings have important implications
for the design of digital reading environments and learning materials. The results
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highlight the need to minimize distractions and frustration to promote better com-
prehension and readability. By addressing these factors, designers and educators
can create more effective and user-friendly reading interfaces that support focused
and productive reading experiences [159].

4.2.4 Discussion

The findings of this study highlight the significant impact of cognitive control train-
ing as an intervention on improving reading comprehension and managing distrac-
tions in digital reading environments. While the study also demonstrates the effec-
tiveness of deep neural networks in predicting cognitive and emotional states, the
primary focus remains on the role of cognitive control training in mitigating the ad-
verse effects of distractions. Distractions, such as pop-ups and notifications, were
shown to hinder comprehension and document readability while increasing frustra-
tion levels, as observed in both objective and subjective measures. The discussion is
based on our published work [159].

To investigate the impact of cognitive control training, participants were divided
into two groups: one group read documents without any prior training (P01-P11),
while the other group underwent cognitive control training (P12-P22) before read-
ing. The results clearly indicate that participants who received training exhibited
significantly improved comprehension and reduced distraction levels compared to
the untrained group. This supports the hypothesis that cognitive control training
can enhance an individual’s ability to manage distractions and maintain focus dur-
ing reading tasks [159].

The analysis of both objective and subjective questionnaires further validated
these findings. As shown in Figure 7, the trained group demonstrated a notable
decrease in distraction levels (Figure 7a) and an increase in comprehension levels
(Figure 7b). Statistical analysis revealed that the training had a significant positive
effect on comprehension (p-value = 0.0059) and distraction levels (p-value = 0.021).
However, the training did not have a significant impact on frustration levels (p-value
= 0.899), suggesting that while cognitive control training helps participants focus
better and comprehend more effectively, it may not directly alleviate the emotional
response to distractions. Figure 8 further illustrates the average ratings for com-
prehension, frustration, readability, and distraction across documents, showing that
documents with higher comprehension and readability scores were generally asso-
ciated with lower distraction and frustration levels [159].

These findings have important implications for the design of personalized learn-
ing systems and digital reading environments. By incorporating cognitive control
training into educational tools, it may be possible to help users better manage dis-
tractions and improve their reading outcomes. This is particularly relevant in to-
day’s digital age, where frequent interruptions from notifications and pop-ups are
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FIGURE 7: Comparison of (a) distraction and (b) comprehension ratings for participants
with and without cognitive control training.

common. The results suggest that cognitive control training could serve as a valu-
able intervention for enhancing focus and comprehension in such environments.

4.2.5 Limitations and Future Work

While this study provides valuable insights into the impact of cognitive control train-
ing on reading behavior, there are several limitations that should be addressed in
future research. First, the small sample size of 22 participants limits the generaliz-
ability of the findings. Recruiting a larger and more diverse sample in future studies
would help validate these results across different populations and contexts. Ad-
ditionally, the study primarily relied on self-reported measures of comprehension,
frustration, and readability, which may be subject to biases. Incorporating more ob-
jective measures, such as task performance metrics or physiological data (e.g., heart
rate variability or skin conductance), could provide a more comprehensive under-
standing of the effects of cognitive control training.

Another limitation is the lack of control for individual differences in cognitive
abilities, reading habits, and prior exposure to digital distractions. These factors may

have influenced participants” responses and outcomes, and future studies should
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FIGURE 8: The average comprehension, frustration, readability, and distraction across each
document as reported by the participants

consider more rigorous experimental designs to account for such variables. For ex-
ample, stratifying participants based on their baseline cognitive control abilities or
prior experience with digital reading environments could provide deeper insights
into the effectiveness of the training.

Future work could also explore the long-term effects of cognitive control training.
This study focused on the immediate impact of a single training session, but it re-
mains unclear whether the benefits of training persist over time or require repeated
sessions to maintain effectiveness. Additionally, expanding the scope of the study
to include different types of reading tasks, such as academic or technical reading,
could help determine whether the training is equally effective across various con-
texts. Finally, integrating cognitive control training into real-world digital reading
platforms and evaluating its impact in naturalistic settings would provide practical
insights for its implementation in educational and professional environments.

In summary, while this study demonstrates the potential of cognitive control
training to improve reading outcomes and manage distractions, addressing these
limitations and exploring new directions will be essential for advancing this research

and its applications [159].

4.2.6 Conclusion

This study highlights the disruptive impact of notifications and pop-ups on read-
ing comprehension, frustration levels, and the overall reading experience. Through
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an experiment involving 22 university students reading ten documents under vary-
ing distraction conditions, the findings demonstrate that frequent interruptions sig-
nificantly hinder comprehension and increase frustration. The use of deep neural
networks, including CNN-LSTM, InceptionTime, and Transformer models, proved
effective in predicting distraction, comprehension, and frustration levels based on
eye-tracking data, offering valuable insights into reading behavior in digital envi-
ronments. A key contribution of this research is the evidence supporting the effec-
tiveness of cognitive control training in mitigating the negative effects of distrac-
tions. Participants who underwent cognitive control training exhibited significantly
improved comprehension and reduced distraction levels compared to those who
did not receive training. These results underscore the potential of cognitive control
training as a practical intervention to enhance focus and reading performance in en-
vironments prone to frequent interruptions. The findings also emphasize the need
for effective notification and pop-up management strategies to minimize disruptions
and promote optimal reading experiences. This study provides a foundation for fu-
ture research into personalized interventions and adaptive systems that can help
users navigate the challenges of digital reading in increasingly distraction-heavy en-
vironments. This research demonstrates the importance of both cognitive control
training and thoughtful interface design in improving reading outcomes. By com-
bining these approaches, it is possible to create digital reading environments that
foster focus, comprehension, and a more seamless reading experience [159].
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4.3 Emotion and Engagement Interventions

This section is adapted from our published work titled “Toward an Interactive Read-
ing Experience: Deep Learning Insights and Visual Narratives of Engagement and Emo-
tion” [160] and “Real-Time Feedback on Reader’s Engagement and Emotion Estimated by
Eye-Tracking and Physiological Sensing” [138]. In the context of personalized interven-
tions, understanding and addressing user engagement and emotional states is criti-
cal for creating effective and adaptive systems [200]. Engagement and emotion are
key factors that influence the quality of user interaction, particularly in e-learning
environments where sustained focus and motivation are essential for success [38].
This section explores an innovative approach to monitoring and enhancing user en-
gagement and emotional states through a personalized, interactive dashboard. By
leveraging predictive models and user-dependent approaches, the system provides
feedback and interventions to optimize the user’s experience. The goal is to ensure
a deeper connection between the user and the task, ensuring both emotional well-
being and sustained engagement.

The proposed system integrates advanced deep learning models to predict en-
gagement levels and emotional states, presenting the results through an intuitive
user interface. The dashboard not only visualizes these metrics but also incorpo-
rates an alert and motivational system to actively guide users toward maintaining
optimal engagement. This section builds upon the data collection, methodology and
model evaluation processes discussed in Section 3.4 [138, 160].

4.3.1 Architecture

The architecture of the proposed system is designed to seamlessly integrate sensor
data, model prediction, and user feedback. It consists of the following key compo-
nents [138, 160]:

* Data Module: This module gathers sensor data from users, such as physiologi-
cal signals and gaze data. These inputs are essential for predicting engagement
and emotional states.

¢ Prediction Engine: At the core of the system lies a deep learning-based pre-
diction engine. This engine processes the data to estimate two key metrics:

— Engagement Level: Predicted as a continuous value ranging from 0 to 100,
representing the user’s focus and involvement in the task.

— Emotional State: Predicted using a two-dimensional model of emotion (va-
lence and arousal), which categorizes emotions such as happiness, frus-
tration, or boredom.

¢ Feedback and Alert System: The system generates real-time feedback based

on the predictions. Alerts are triggered when engagement levels drop below a
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threshold, while motivational messages are displayed during periods of high
engagement.

¢ User Interface: The dashboard serves as the primary medium for user interac-
tion, providing visual and textual feedback to enhance the user’s experience.

This modular architecture ensures scalability and adaptability, allowing the sys-
tem to be tailored to individual users and specific tasks.

Engagement and Emotion Feedback Dashboard

[pos .
Cancel Running Job!

Engagement Gauge Emotion

= =]
o 0

(A) Dashboard after selecting participant to display predicted engagement and emotion

Message:

Please concentrate!! Read mindfully

(B) Dashboard notifying the participant to concentrate on text as it detected a fall in engagement level

Message:

Good work!! Keep it up.

(c) Dashboard motivating the participant to continue doing the good work since the engagement levels
are high over a consistent period

FIGURE 9: Visualizations of the engagement monitoring dashboard: (a)displaying
predicted engagement and emotion for a selected participant, (b) notifying low
engagement, and (c) motivating high engagement.
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4.3.2 Model Selection and Integration

The effectiveness of the system relies on the selection and integration of predictive
models. A user-dependent approach was adopted to ensure personalized predic-
tions, as engagement and emotional responses can vary significantly between indi-
viduals. The following steps were taken to identify and integrate the best-performing
models:

* Model Selection: Various deep learning models were evaluated for their abil-
ity to predict engagement and emotional states. The models were trained and
tested on user-specific datasets to account for individual differences. Metrics
such as accuracy, precision, and recall were used to identify the most reliable
models.

¢ Integration: The selected models were integrated into the system, enabling
real-time predictions. The engagement model outputs a probability distribu-
tion over engagement levels, which is then mapped to a 0-100 scale for visu-
alization. Similarly, the emotion model predicts valence and arousal values,

which are used to generate an appropriate emotion emoji.

¢ Threshold Calibration: Thresholds for engagement alerts and motivational
messages were calibrated based on user feedback and experimental results.

This ensures that the system’s interventions are both timely and meaningful.

By prioritizing personalization and accuracy, the system delivers highly relevant
feedback to users, enhancing their overall experience [138, 160].

4.3.3 Interactive User Interface Design

The user interface (UI) plays a pivotal role in the success of the intervention, which
is shown in Figure 9. The dashboard was designed to be intuitive, engaging, and
informative, with the following features [138, 160]:

* Engagement Gauge: A visual gauge displays the user’s engagement level on
a scale of 0 to 100. This provides a clear and immediate representation of the
user’s focus and involvement.

¢ Emotion Emoji: A dynamic emoji reflects the user’s emotional state, based on
the predicted valence and arousal values. This feature adds a humanized and
relatable element to the feedback.

¢ Alert System: When engagement levels drop below a predefined threshold,
the dashboard displays an alert message, prompting the user to refocus. For
example, Figure 9b illustrates an alert notifying the user to concentrate on the
text.
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¢ Motivational Messages: During periods of high engagement, the dashboard
displays motivational messages to reinforce positive behavior. Figure 9c demon-
strates a motivational message encouraging the user to maintain their elevated

engagement levels.

¢ Customizability: Users can adjust the dashboard settings, such as the thresh-

olds for alerts and motivational messages, to suit their preferences and needs.

The UI design prioritizes simplicity and clarity, ensuring that users can easily
interpret the feedback and take appropriate actions.

4.3.4 Discussion and Limitations

The proposed system represents a significant advancement in personalized inter-
ventions for engagement and emotion. By combining predictive modeling with an
interactive dashboard, the system addresses key challenges in maintaining user fo-
cus and motivation. This approach has the potential to transform how engagement
is monitored, particularly in e-learning environments where maintaining student fo-
cus is a persistent challenge. By providing real-time feedback and interventions, the
dashboard can enhance learning outcomes and reduce dropout rates.

In professional settings, the system could be used to monitor and improve em-
ployee focus during tasks, leading to increased productivity and job satisfaction.
Additionally, the emotion prediction feature could be extended to identify signs
of stress or frustration, enabling timely interventions to support mental well-being.
These applications highlight the versatility of the system in addressing engagement
and emotional challenges across various domains.

However, there are limitations to consider. The accuracy of the predictions de-
pends heavily on the quality of the input data, which may vary across users and
contexts. For instance, physiological or behavioral signals used for prediction can
be influenced by external factors such as environmental noise or user fatigue, po-
tentially reducing the reliability of the system. Furthermore, the user-dependent
approach, while effective in personalization, requires sufficient data for each indi-
vidual, which may not always be feasible in real-world scenarios.

Real-time monitoring, while a key goal of the system, presents additional chal-
lenges. Latency, real-world distractions, and user interruptions can hinder the sys-
tem’s ability to provide accurate and timely insights. Achieving true real-time feed-
back may require seamless integration into users’ routines, which could be difficult
to implement in diverse and unpredictable environments [160].

The effectiveness of the alert messages also warrants further investigation. While
the system provides customized alerts to notify users of engagement drops or to
motivate them during high engagement periods, the impact of these messages on
user behavior and emotional regulation remains uncertain. User responses to alerts
may vary significantly, and their ability to understand and act on these messages
should be carefully assessed in future studies [160].
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Despite these limitations, the system provides a promising foundation for per-
sonalized interventions in engagement and emotion. Future research will focus on
refining the prediction models, addressing real-time monitoring challenges, improv-
ing the effectiveness of alert messages, and exploring its applications in diverse real-
world settings. By addressing these challenges, the system can be further optimized
to enhance user experiences and outcomes across various domains [138, 160].

4.3.5 Conclusion

This section presented a novel system for monitoring and enhancing user engage-
ment and emotional states through personalized interventions. By leveraging ad-
vanced predictive models and an interactive dashboard, the system provides feed-
back that is both intuitive and actionable. The architecture of the system integrates
data collection, machine learning-based predictions, and user feedback mechanisms
to create a seamless and adaptive experience. The use of a user-dependent approach
ensures that the predictions are tailored to individual users, offering a high degree
of personalization that is critical for accurately capturing fluctuations in engagement
and emotional states.

The interactive dashboard serves as the integral part of the system, offering users
a clear and engaging way to visualize their engagement levels and emotional states.
Features such as the engagement gauge, emotion emoji, and alert system provide im-
mediate feedback, helping users to better understand their cognitive and emotional
responses during tasks. The motivational messages further enhance the user ex-
perience by reinforcing positive behaviors and encouraging sustained engagement.
These features collectively make the system not only a tool for monitoring but also
an active participant in improving user focus and emotional well-being. The sys-
tem’s potential applications extend across various domains, including e-learning,
workplace productivity, and mental health. In e-learning environments, the ability
to provide personalized feedback and maintain high engagement levels can signifi-
cantly improve learning outcomes and reduce dropout rates. This personalized and
interactive approach represents a meaningful step in the design of systems that pri-
oritize user engagement and emotional health, offering a foundation for more adap-
tive and user-centered technologies in the future [138, 160].
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4.4 Real-Time Gaze Based Adaptive Learning System

This section and the related contents are adapted from our published work titled
“Gaze-Driven Adaptive Learning System With ChatGPT-Generated Summaries” [156]. In
the rapidly changing field of educational technology, the primary objective remains
to improve student involvement and educational outcomes [141, 170]. Both engage-
ment and comprehension are essential elements of successful learning, directly im-
pacting a learner’s capacity to grasp, remember, and utilize knowledge [23, 69]. Al-
though online learning platforms have transformed access to educational resources,
they also introduce challenges like limited customization, lower engagement, and
inadequate feedback. Tackling these issues requires the creation of adaptive learn-
ing systems that can utilize real-time data to deliver personalized support and inter-
ventions [156].

Recent developments in artificial intelligence and real-time data analysis present
promising prospects for establishing more responsive and adaptable learning envi-
ronments [197]. Adaptive e-learning systems aim to customize educational materials
to fit the unique needs, preferences, and learning styles of individual students [132,
173]. However, numerous current systems depend on fixed models of learner be-
havior, which do not adequately reflect the dynamic and intricate nature of human
learning. Moreover, these systems frequently lack the capability to deliver real-time
feedback, which is crucial for sustaining engagement and motivation [3, 20]. En-
gagement itself is a complex concept influenced by both emotional and cognitive
states, and the capacity to monitor these states in real time can provide valuable in-
sights into the learning experience. Such insights allow for timely interventions that
can help re-engage learners and redirect their focus when necessary [156].

Even with these developments, creating efficient systems for real-time moni-
toring and intervention in engagement poses considerable challenges [75]. Con-
ventional approaches often fail to effectively identify and react to the immediate
emotional and cognitive states of students, especially during times of disengage-
ment. Additionally, incorporating real-time analytics into educational models neces-
sitates tackling issues surrounding privacy, ethics, and technological infrastructure.
Although adaptive systems have shown promise in enhancing learning outcomes,
their constraints in precisely evaluating and addressing fluctuating levels of engage-
ment underscore the necessity for more innovative strategies [156].

To tackle these challenges, this study presents an innovative adaptive learning
system driven by gaze. In contrast to prior methods that depend on delayed or in-
direct indicators of engagement, this system employs real-time gaze tracking as a
continuous and non-intrusive approach to monitor student involvement. By exam-
ining gaze behaviors, the system is able to identify subtle fluctuations in engagement
and offer prompt, customized interventions. These interventions are provided in the
form of summaries generated by ChatGPT, aimed at re-engaging students and im-
proving their understanding of the content [156].



4.4. Real-Time Gaze Based Adaptive Learning System 119

The system utilizes real-time data to adaptively cater to the distinct requirements
of every learner. When signs of disengagement are identified, the system takes ac-
tion by producing brief, context-sensitive summaries of the educational content,
which aids in redirecting the learner’s focus and enhancing their comprehension.
This study investigates two primary questions [156]:

* RQ1. How well can real-time gaze tracking data be employed to assess and

monitor student engagement levels within adaptive learning environments?

* RQ2. To what degree do Al-generated adaptive interventions, initiated by
real-time predictions of engagement, enhance student learning outcomes and

understanding?
o ~ Interventions
//, \\\\
/ \
/ \
» [CEIS| » EIQ'
4
-
Eye-Tracker ‘ U SR « « Engagement
<:> — User Interface Predictor
‘ - Generator
Gaze Data 9

Adaptive Learning Module

End User

FIGURE 10: Architecture of the gaze-driven adaptive learning system, illustrating its key
components

The system architecture, depicted in Figure 10, features a user interface that
tracks eye movements and analyzes gaze data to assess levels of engagement. When
signs of disengagement are identified, the system employs a ChatGPT-based API to
create summaries of the learning content, which are presented to the learner in real
time. This method addresses significant shortcomings of current adaptive learn-
ing systems, such as the absence of immediate intervention abilities and the failure
to recognize subtle fluctuations in engagement. Through a controlled experimental
study, this research establishes the effectiveness of the proposed system in enhancing
learning outcomes. Participants who received adaptive interventions demonstrated
improved comprehension and maintained higher engagement levels compared to
those in a control group. Furthermore, the system was noted to reduce visual strain
while keeping learners focused. These results highlight the promise of real-time
adaptive interventions in enriching the educational experience and set the stage for
future developments in adaptive e-learning technologies [156].



120 Chapter 4. Personalized Interventions

The contributions of this study are outlined as follows [156]:

* Creation of an innovative adaptive learning framework that combines real-
time gaze-based engagement predictions with Al-generated text summaries.

* Comprehensive assessment of the system’s efficacy in enhancing student en-

gagement and comprehension, utilizing gaze tracking and survey data.

¢ Insights regarding the connection between cognitive processing, visual exer-

tion, and interventions in adaptive learning.

By tackling the issues of real-time engagement assessment and support, this
study pushes forward the field of personalized learning and showcases the potential
of Al-enhanced adaptive systems to revolutionize educational experiences [156].

4.4.1 User Study and Data Collection

A user study was conducted to evaluate the effectiveness of the adaptive learn-
ing system in enhancing learners” comprehension, engagement, and self-confidence
within a controlled learning environment. The study aimed to explore whether the
system, which integrates gaze tracking and ChatGPT-generated summaries, could
improve learners’ understanding and retention of material, increase their engage-
ment and motivation, and boost their confidence in their ability to learn. The user
study and data collection process are based on our published work [156].

Participants

The research involved 22 university students (11 male and 11 female) aged between
22 and 29 years (M = 25, SD = 2.5). All participants were selected based on their
high proficiency in English, verified through standardized language assessments
and self-reported language usage, to ensure that language skills did not affect their
understanding or reading experience. The study received approval from the DFKI
Ethics Committee and was carried out following its ethical guidelines. Participants
gave informed consent before taking part in the study and had the option to with-
draw at any time [156].

Experimental Design

The research utilized a between-subjects design, with participants randomly allo-
cated to either an experimental group (n=11) or a control group (n=11). The exper-
imental group was provided with real-time engagement forecasts and summaries
generated by ChatGPT, whereas the control group did not receive any adaptive mea-
sures. Participants were instructed to read a curated set of ten documents, each
chosen to provoke different levels of engagement and comprehension. During the

reading activity, gaze patterns and eye movements were captured using a Tobii 4C
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eye tracker with a professional license, functioning at a sampling rate of 90 Hz and
attached to a display monitor. This configuration allowed accurate monitoring of
participants’ visual attention and engagement levels.

Participants took a quiz comprising four comprehension-based questions to eval-
uate their objective understanding of the material after reading each document. In
addition, a post-survey was conducted to gather self-reported assessments of com-
prehension, engagement, and self-confidence regarding their responses to the quiz
questions. The survey made use of a 7-point Likert scale, ranging from 1 (lowest
level) to 7 (highest level), allowing participants to consider their perceived under-
standing, interest, and confidence. The questions from the survey are outlined in
Table 4.4. By merging the objective comprehension scores from the quizzes with the
subjective self-assessments, the research sought to deliver a thorough assessment of
the system’s influence. This combined method reduced possible biases inherent in
self-reported data and provided a better understanding of the variations in compre-
hension, engagement, and confidence levels between the experimental and control
groups [156].

TABLE 4.4: Post-Survey for Experiment Participants: Questions 1-3 were administered to
all participants, while Questions 4-6 were specific to the experimental group.

No ‘ Question ‘ Type Scale

1. | Rate the overall intensity of your engagement while Engagement 1-7
reading the document.

2. | Rate the overall level of comprehension or under- | Comprehension | 1-7
standing while reading the document.

3. | Rate your self-confidence while answering the | Self-Confidence | 1-7
comprehension-based questionnaire.

4. | How well do you think your gaze behavior pre- | Gaze-Reflect 1-7
dicted by the system reflects your level of interest
or engagement with the document?

5. | Rate the helpfulness of the summary in capturing | Summary-Help | 1-7
the main points of the document.

6. | How often did you refer back to the summary while | Summary-Refer | 1-7
reading?

44.2 Methodology

This research utilized a mixed-methods approach to develop and assess a gaze-
driven adaptive learning system that incorporates LLM-generated summaries. The
system was aimed at delivering personalized learning experiences by responding
to each learner’s unique affective states. To accomplish this, eye-tracking was com-
bined with a ChatGPT-based summary generation system, allowing for real-time

interventions and assistance for learners. This subsection outlines the methodology
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employed to design and develop the system, covering the system architecture, en-
gagement prediction model, integration of the ChatGPT API, gaze feature metrics,
and the training and evaluation of the model. The methodology and its associated
subsections are based on our published work [156].

System Architecture

The adaptive learning system consists of four main components: a gaze tracking
module, an engagement prediction model, a ChatGPT API integration, and a user
interface. The system flow is as follows [156]:

Gaze Tracking Module The gaze tracking module gathers data from learners as
they use the system. This information consists of the x and y coordinates of the
learner’s gaze point, along with additional data such as timestamps and pupil size.
The raw gaze information is analyzed to extract fixation data, which indicates the
points where the learner’s gaze remains stable for a specified duration. This anal-
ysis includes filtering out noise and determining fixation points based on gaze be-
havior. The fixation data, which includes both gaze coordinates and pupil diameter
measurements, is stored in an array and continuously updated in real time. The
system utilizes raw gaze data to develop a real-time visual depiction of the user’s
gaze, while the fixation data serves to predict engagement levels, offering a deeper
understanding of learner behavior and focus. Fixation data is sent at 5-second in-
tervals, enabling the system to timely assess the user’s engagement level and react
accordingly [156].

Engagement Prediction Model The engagement prediction model is a deep learn-
ing algorithm that has been initially trained using data from prior studies related
to interest and engagement detection [157]. This model utilizes fixation data and
pupil diameter measurements as its inputs and generates an engagement score as
the output. It has been trained on a collection of labeled instances, each consisting
of fixation points, pupil diameter statistics, and an associated level of engagement.
Engagement scores are predicted as binary outcomes, with ‘0" indicating low en-
gagement and ‘1’ signifying high engagement. The computed engagement score is
transmitted to the user interface, where it is presented on an interactive dashboard.
This dashboard provides real-time feedback to learners regarding their engagement
levels, allowing them to monitor and adjust their focus as needed [156].

ChatGPT-Based Summary Generation To create summaries of the learning mate-
rials, the system utilizes an API based on ChatGPT. The gpt-3.5-turbo model from
OpenAl was chosen for its capability to generate high-quality text outputs quickly.
When summarizing a paragraph, the API is triggered with a structured prompt that
centers on the given content. Summaries are capped at 80 tokens to maintain con-

ciseness and informativeness. The temperature parameter is adjusted to 0.5, striking
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a balance between creativity and clarity. The produced summaries go through a re-
fining process to eliminate unnecessary elements (such as URLs) and to ensure they
are comprehensive. The final summary is chosen based on its coherence and rele-
vance and is presented to the learner when their engagement levels are low. The
summary generation process can be mathematically represented as follows [156]:

Stinal = Process(S;) where S; € {S1,S2,...,5,} 4.1)

Where:

® Sfinal is the final selected summary.

e §;is the i-th generated summary.

e {51,52,...,5,} is the set of all generated summaries.

* Process(S;) is the function that includes the following steps:

— Input Processing: The ChatGPT API processes the input paragraph with
the prompt.

— Summary Generation: The model generates multiple summaries based
on the input.

- Refinement: The generated summaries are processed to remove unwanted
parts (e.g., URLs) and ensure they end with complete sentences.

— Selection: The final summary is selected based on criteria such as coher-
ence and relevance.

User Interface The user interface, built with React.js, ensures a smooth and in-
tuitive experience for users. Participants start by reviewing the instructions and
choosing their learning materials. After activating eye-tracking, fixation data and
pupil diameter are transmitted to the engagement predictor every 5 seconds. The
predicted level of engagement is displayed on a dashboard as either “high” or “low’.
If the engagement level is indicated as ‘low,” the system shows a summary of the
content next to the paragraph being read. The layout of the system interface is il-
lustrated in Figure 11. When high engagement is identified, the interface appears
as shown in Figure 11(a). In contrast, when low engagement is detected, the system
offers a summary of the content, as represented in Figure 11(b). This adaptive ap-
proach aims to re-engage learners and enhance comprehension by providing timely

and relevant summaries [156].

Gaze Feature Metrics

In order to gain a deeper understanding of gaze behavior and attention trends, var-
ious features were derived from the raw gaze data. These features were chosen to
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Engagement Level
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Artificial Intelligence (Al) has undergone a remarkable transformation from a speculative notion in science
fiction to a pivotal force in contemporary technology. Initially conceptualized by John McCarthy in 1956, Al
involves the creation of computer systems capable of tasks that typically require human intelligence, such asI

visual perception, speech recognition, decision-making, and language translation. This evolution has been

driven by the exponential growth in computational power, the availability of massive datasets, and advances

in algorithms.

In recent years, significant progress has been made in machine learning (ML), neural networks, and deep
learning. Machine learning, which includes supervised learning, unsupervised learning, and reinforcement
learning, has revolutionized data analysis and predictive modeling. Supervised learning algorithms, like
support vector machines and decision trees, rely on labeled data to predict outcomes, while unsupervised
learning techniques, such as k-means clustering and principal component analysis, find hidden patterns in
unlabeled data. Reinforcement learning, exemplified by algorithms like Q-learning, trains agents to make

sequences of decisions by rewarding desired behaviors.
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in algorithms.

In recent years, significant progress has been made in machine learning (ML), neural networks, and deep
learning. Machine learning, which includes supervised learning, unsupervised learning, and reinforcement
learning, has revolutionized data analysis and predictive modeling. Supervised learning algorithms, like
support vector machines and decision trees, rely on labeled data to predict outcomes, while unsupervised

learning techniques, such as k-means clustering and principal component analysis, find hidden patterns in

unlabeled data. Reinforcement learning, ified by i like Q-I g, trains agents to make

sequences of decisions by rewarding desired behaviors.
(B) Low engagement detected
FIGURE 11: The system interface with real-time engagement prediction dashboard and
ChatGPT-based summary generation feature. (a) The system interface when high

engagement is detected. (b) The system interface when low engagement is detected for a
learning material.

highlight distinctions in gaze behavior and offer insights into both the experimental
and control groups.

The extracted features included:

¢ Fixation metrics: mean fixation duration, standard deviation of fixation du-
ration, fixation count, and mean pupil diameter, which provide information

about the participant’s ability to focus and maintain attention.
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* Saccade metrics: mean saccade length, mean saccade angle, mean saccade ve-
locity, and their standard deviations, which capture eye movement patterns,

including speed and direction.

¢ Blink metrics: blink count and blink rate, which provide information about
fatigue, distraction, or disengagement.

The analysis of these metrics aimed to detect patterns and trends that could guide
the enhancement of adaptive learning systems. By examining these features, the
study sought to understand how gaze behavior correlates with engagement and
comprehension levels, and how the adaptive interventions influenced these met-
rics [156].

Model Training and Evaluation

To predict engagement and comprehension levels, two deep learning models were
utilized: an InceptionTime network and a Transformer network. These models were
chosen for their capability to analyze sequential data and identify both local and
global patterns within time series data. The InceptionTime network adopts a multi-
branch convolutional strategy to capture various temporal patterns. Each inception
module consists of parallel branches consisting of convolutional layers with differ-
ent kernel sizes, batch normalization, and activation functions. The modules are
arranged in layers, followed by a global average pooling layer and a dropout layer
to mitigate overfitting. The output layer at the end utilizes a sigmoid activation
function for binary classification [156].

The Transformer network makes use of a multi-head attention mechanism to
identify intricate temporal dependencies. It incorporates layers for multi-head at-
tention, feed-forward processing, and residual connections, concluding with dense
layers for classification. Dropout is used to prevent overfitting, and the final out-
put layer employs a sigmoid activation function. To assess model performance,
stratified group K-fold cross-validation with K = 5 was implemented. This tech-
nique ensures that each fold maintains the class proportions (low vs. high engage-
ment/comprehension) while honoring the group structure (experimental vs. con-
trol). This method guarantees that the models are tested on representative samples
and are applicable to both groups [156].

4.4.3 Results and Analysis

This subsection presents the findings of the study, focusing on the effectiveness of
the adaptive learning system in enhancing learner engagement, comprehension, and
self-confidence. The results are organized into three parts: gaze metrics analysis,
survey response analysis, and predictive modeling analysis. The results and analysis

are based on our published work [156].
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FIGURE 12: Correlation matrices of eye-tracking metrics, comprehension, engagement, and
confidence for experimental and control groups.

Gaze Metrics Analysis

Eye-tracking metrics offer quantitative insights into how participants in both the
experimental and control groups visually processed information. We extracted a va-
riety of features to identify differences in gaze patterns between the groups. These
features included average fixation duration, average saccade length, average sac-
cade angle, average saccade velocity, standard deviation of fixation duration, stan-
dard deviation of saccade length, standard deviation of saccade angle, standard de-
viation of saccade velocity, average pupil diameter, number of fixations, number of
saccades, number of blinks, and blink rate. These metrics provide a detailed view of
participants’ visual behavior during the experiment [156].

Figure 12 presents correlation matrices that illustrate the relationships between
eye-tracking metrics and cognitive outcomes (comprehension and engagement) for
both the control and experimental groups. In the experimental group, the correla-
tions between gaze metrics and engagement or subjective comprehension are weaker.
This suggests that the adaptive interventions change the typical relationship be-
tween eye movements and cognitive responses. For instance, while longer fixation
durations correlate with better comprehension and engagement in the control group,
the interventions in the experimental group seem to promote more strategic reading
patterns. Additionally, saccade length shows a positive correlation with objective
comprehension in the experimental group, indicating that participants who used
the generated summaries achieved higher comprehension levels compared to those
in the control group [156].

Figure 13 presents a detailed analysis of gaze metrics across different compre-
hension and engagement levels. The control group exhibits increased mean fixation
duration alongside higher engagement and comprehension, with saccade length de-
creasing indicative of typical reading behaviors. Conversely, the experimental group
displays more consistent metrics, such as relatively stable fixation durations and
gradual saccade length trends. This suggests the intervention helps stabilize these
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FIGURE 13: Comparison of eye-tracking metrics between control and experimental groups
across engagement and comprehension levels (1-7)

metrics, maintaining participant focus on relevant content. The experimental group
shows elevated fixation counts and larger pupil diameters when comprehension and
engagement are lower, pointing to greater cognitive effort and arousal resulting from
the adaptive interventions [156].
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FIGURE 14: The transition of fixations between the actual text and generated summary for a
participant in the experimental group detected with low engagement.

Figure 14 illustrates how a participant in the experimental group shifted their



128 Chapter 4. Personalized Interventions

focus between the original text and the summaries generated for them. This visual-
ization highlights the effectiveness of the summaries in capturing the participant’s
attention and encouraging a return to the main content with better focus [156].

Survey Response Analysis
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FIGURE 15: The distribution of subjective comprehension, engagement, and confidence
levels by group (control vs. experimental)

After the reading sessions, participants completed surveys to rate their compre-
hension, engagement, and confidence. Figure 15 presents the distribution of these
ratings for both the control and experimental groups. Participants using the adap-
tive learning system reported greater engagement and confidence, with some im-
provement in perceived comprehension. T-tests confirmed statistically significant
differences between the groups [156]:

* Engagement: t = 3.12,p = 0.0021
¢ Confidence: t = 8.22, p < 0.0001
¢ Comprehension: ¢t = 3.17, p = 0.0018

Figure 16 illustrates the mean values and variability in subjective ratings. It re-
veals that participants using the adaptive system reported greater engagement and
confidence, with a slight increase in comprehension. The range of responses in-
dicates that while the system generally worked well, individual experiences var-
ied [156].

To rigorously test our hypothesis that the adaptive learning system enhances
objective comprehension and to mitigate potential biases from subjective compre-
hension ratings, we administered an objective comprehension quiz for each docu-
ment. Each quiz consisted of four questions specific to the document’s content. The
results from these objective assessments indicated notable performance differences
between the control and experimental groups, largely supporting our hypothesis.
Figure 17a illustrates the distribution of total correct answers for both groups, while
Figure 17b presents the overall distribution of correct answers across the groups. A
greater proportion of participants in the experimental group achieved perfect scores
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FIGURE 16: Mean and standard deviation of Comprehension, Confidence, and Engagement
by group.

(4/4), suggesting that the adaptive interventions effectively boosted comprehension
for a substantial segment of this group. Although the experimental group demon-
strated an overall improvement, some participants within this group still had lower
scores (1/4 or 2/4). This variability indicates that the adaptive interventions, par-
ticularly the generated summaries, may not have had a consistent impact across all
participants. Several factors could explain this inconsistent effectiveness, including
individual learning preferences, prior familiarity with the subject matter, or vary-
ing degrees of engagement with the adaptive features, all of which could influence
how participants benefited from the summaries. Despite these variations, the higher
incidence of perfect scores in the experimental group supports our hypothesis that
the adaptive learning system generally enhances objective comprehension. These
findings not only validate the potential of our approach but also highlight areas for
future refinement to ensure more consistent benefits across diverse learners [156].

Predictive Modeling Analysis

To predict engagement and comprehension ratings, two deep learning models were
employed: InceptionTime and a Transformer network. These models were trained
using raw gaze data, including x and y coordinates, as well as pupil diameter mea-
surements. The task was structured as a binary classification problem, where ratings
from 1 to 4 were categorized as ‘low” and ratings from 5 to 7 were classified as ‘high’.
To ensure a balanced representation of both groups and classes in each fold, we uti-
lized a 5-fold StratifiedGroupKFold cross-validation strategy [156].

Table 4.5 presents a summary of the evaluation metrics for both models. The
Transformer model consistently showed better performance than the InceptionTime
model, with higher accuracy and F1-scores in predicting both engagement and com-
prehension. Specifically, the Transformer model achieved 68.15% accuracy and a
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FIGURE 17: Distribution of total correct answers (out of 4 questions) for objective
comprehension across control and experimental groups.

65.82 Fl-score for engagement prediction, while the InceptionTime model reached
62.71% accuracy and a 60.45 Fl-score. For comprehension prediction, the Trans-
former model attained 69.60% accuracy and a 64.32 Fl-score, whereas the Incep-
tionTime model achieved 60.32% accuracy and a 59.18 Fl-score. The engagement
accuracy for both models over the 5-fold cross-validation is illustrated in Figure 18.
Throughout every fold, the Transformer model consistently outperformed the per-
formance of InceptionTime. This highlights the Transformer model’s capability to
understand long-range dependencies in sequential data, making it especially effec-
tive for examining gaze patterns over time [156].
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TABLE 4.5: Summary of evaluation metrics for Engagement and Comprehension

Engagement Comprehension
Models
Accuracy Fl-score Accuracy Fl-score
InceptionTime 62.71 60.45 60.32 59.18
Transformers 68.15 65.82 69.60 64.32

Model Accuracy Comparison Across 5-Fold Cross-Validation
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T 69.3 68.5 66.9 68.2
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FIGURE 18: Model Accuracy Comparison Across 5-Fold Cross-Validation

4.4.4 Discussion and Implications

This section delves into the study’s significant contributions, results, and insights,
combining both the theoretical implications and practical uses of the research. It
emphasizes the novel real-time adaptive system’s influence on learning results and
its relevance to current discussions in the field. Furthermore, the study’s challenges
and limitations are critically assessed. The discussion and implications are based on
our published work [156].

Gaze-Based Real-Time Engagement Prediction

The user interface was designed to capture participants” gaze data in real time and
dynamically display predicted engagement levels. An interactive dashboard visu-
ally represented these engagement levels, which were predicted every 5 seconds
using pre-processed gaze data, including fixation and pupil diameter metrics. To
evaluate the system’s effectiveness, the number of summaries displayed to partici-
pants in the experimental group was recorded after they read each document. This
allowed for a direct correlation between the number of summaries and user-reported

engagement ratings, as well as an analysis of how post-survey responses aligned
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with the number of summaries generated. Additionally, participants in the experi-
mental group rated the system’s ability to predict gaze behavior in the post-survey,
providing insights into their perceived engagement with the documents [156].

Distribution of Gaze Reflect Values
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Strongly Disagree

Slightly Agree
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FIGURE 19: Distribution of ratings provided by participants reflecting the system’s
effectiveness in predicting gaze behavior for engagement prediction.

Figure 19 illustrates participant feedback on the system’s ability to predict gaze
behavior for engagement, using a scale of 1 to 7 (where 1 = “strongly disagree’ and 7 =
‘strongly agree’). The results indicate that a large portion of participants—approximately
37% (rating of 6, indicating agreement) believed the system effectively captured
their gaze patterns and accurately predicted their engagement. An additional 19%
strongly agreed, and 20% slightly agreed with the system’s predictive capabilities. In
contrast, only a small minority expressed disagreement, with 2% strongly disagree-
ing and 3% disagreeing. Overall, these findings suggest that most participants found
the system to be effective in predicting their real-time engagement levels based on
gaze behavior [156].

The number of summaries used by the experimental group for each document
was tracked and analyzed in relation to their self-reported engagement levels. Fig-
ure 20 reveals that the most summaries were, on average, accessed when partici-
pants reported the lowest engagement (level 1). This suggests that the system ef-
fectively provided support when participants were struggling. As engagement in-
creased from levels 1 to 7, the average number of summaries used decreased. This
indicates that more engaged participants relied less on the extra support, likely be-
cause they understood the material better on their own. The fewest summaries were
used at the highest engagement levels (6 and 7), suggesting that participants at these
levels were confident in their comprehension and didn’t need additional assistance.
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FIGURE 20: The average summary count corresponding to different levels of engagement
as rated by participants.

This inverse relationship highlights the system’s adaptive nature, providing support
based on real-time engagement and demonstrating the importance of monitoring
engagement to effectively tailor educational interventions [156].

The system’s accuracy in predicting engagement from gaze data reached 68.15%,
with an Fl-score of 65.82. This performance is on par with other current methods
in the field. For instance, Chen et al. used a multi-modal deep neural network
(MDNN) that combined gaze direction and facial expressions to predict student
engagement in collaborative settings, achieving high accuracy [30]. Sharma et al.
developed an engagement index based on eye movements, head movements, and
facial emotional cues, which effectively classified students into varying engagement
levels [169]. While Gupta et al. attained higher accuracy rates using deep learning
architectures like ResNet-50 for facial emotion analysis, these techniques often de-
mand intricate setups and are constrained by strict front-facing requirements [63].
Our system, however, depends solely on gaze data, providing comparable accuracy
without being affected by head position or orientation. This makes it especially use-
ful in authentic learning environments [156].

In contrast to studies that focus solely on model accuracy, our system employs a
dual validation strategy. This includes technical validation via model performance
metrics and user-centered validation, where a substantial majority of participants
(76%) agreed with the system’s engagement predictions. Our system offers real-
time visualization through an interactive dashboard, providing continuous engage-
ment monitoring at 5-second intervals. This contrasts with prior research that used
longer intervals or post-hoc analysis. This immediate feedback, coupled with auto-
mated interventions, establishes a learning loop where users can instantly confirm
and benefit from the system’s assessments. Despite achieving slightly lower techni-
cal accuracy compared to multimodal approaches, the high rate of user agreement
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suggests that real-time feedback and immediate interventions may offer more practi-
cal value in learning environments than the incremental gains in prediction accuracy

achieved by more complex systems [156].

Impact of the System on Learning Outcomes

The system was developed to provide summaries only when it detected low levels
of real-time engagement, offering tailored assistance to learners. This method aimed
to reengage participants during periods of disengagement and enhance both en-
gagement and comprehension through customized interventions. While earlier re-
search on adaptive e-learning environments [50] showed significant advancements
in student engagement through personalization based on learning styles, our system
adopts a different method by applying real-time, engagement-based interventions
via automated summary generation. The summaries, created using a ChatGPT-
based API, delivered brief, contextually relevant information to assist learners in
understanding the material better. This approach is particularly beneficial for learn-
ers who may struggle with maintaining focus or comprehending complex content,
as it provides immediate support tailored to their current engagement levels [156].
Feedback collected through surveys indicated that the experimental group, which
utilized the adaptive learning system, experienced greater engagement and confi-
dence compared to the control group, along with some improvement in subjective
comprehension. Statistical analysis validated these observations, revealing signif-
icantly greater engagement (t = 3.12,p = 0.0021) and confidence (t = 8.22,p <
0.0001) levels in the experimental group, as well as a significant enhancement in
comprehension (t = 3.17, p = 0.0018). These results are consistent with the findings
of Liu et al. [111], which identified positive relationships between learning achieve-
ment, engagement, and learning attitudes. However, the variability in responses
implies that while the adaptive system proved advantageous for numerous partic-
ipants, its effectiveness varied among learners. Some individuals found the sum-
maries especially beneficial, while others did not perceive the same level of advan-
tage. This variability underscores the necessity of customizing educational interven-
tions to accommodate a range of learner needs and preferences, ensuring that adap-
tive systems can effectively support diverse learning styles and requirements [156].
An analysis of gaze metrics was conducted to quantitatively assess the gaze be-
havior of learners in both the experimental and control groups. Participants in the
experimental group frequently utilized the summaries as interventions when their
engagement levels were low, suggesting that these summaries helped shift their
focus. The pupil diameter and fixation durations in the experimental group were
substantially higher during periods of lower engagement and comprehension than
those in the control group. This increase suggests that participants in the experi-
mental group experienced elevated cognitive processing when interacting with the
generated summaries. The larger pupil diameter often correlates with increased
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cognitive load and arousal, indicating active participation with the material to en-
hance understanding. When engagement levels drop, the introduction of summaries
seems to enable participants to concentrate more on the content, facilitating their
ability to extract relevant information effectively. The prolonged fixation duration
indicates a deeper engagement with the summaries, as participants devote more
time to process the information for better comprehension. This cognitive effort,
driven by the summaries, functions as a beneficial intervention that aids in reen-

gaging learners and reinforces their grasp of the material [156].
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FIGURE 21: Variation in pupil diameter across control (P02) and experimental (P18)
participants over the learning material, with reported engagement and computed objective
comprehension scores.

Figure 21 shows the variation in mean pupil diameter for participants in the con-
trol (P02) and experimental (P18) groups. The experimental participant (P18) gener-
ally showed a larger average pupil diameter, suggesting increased cognitive effort or
sustained focus, which is consistent with their higher engagement and comprehen-
sion scores. Conversely, the control participant (P02) displayed smaller pupil diam-
eters and more fluctuating engagement and comprehension scores, indicating vari-
able involvement. These differences highlight the potential advantages of the adap-
tive interventions received by the experimental group, which may have contributed
to more consistent cognitive engagement and better learning outcomes [156].

Although statistical significance was not achieved in the gaze metric compar-
isons between the experimental and control groups, the observed patterns offer
valuable insights into participant behavior. Gaze metrics, such as fixation dura-
tion and pupil diameter, suggested that participants in the experimental group in-
teracted with the generated summaries, potentially indicating increased cognitive
processing, even though the differences were not statistically significant. This lack
of statistical significance may reflect the variability in individual responses to the
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summaries, suggesting that while the adaptive learning system’s impact on gaze be-
havior may not have been uniform across all participants, it still shows promise as
a tool for enhancing engagement and comprehension. Overall, these findings high-
light the potential benefits of adaptive learning interventions in promoting deeper
cognitive engagement and improving learning outcomes, even in challenging con-
texts [156].

Visual effort and cognitive outcomes

To understand the connection between cognitive processing, visual effort, and adap-
tive learning, it’s crucial to pinpoint key metrics that reflect cognitive and visual en-
gagement. Fixations, saccade patterns, and gaze transitions each provide unique in-
sights into a reader’s cognitive processes and visual strategies. Research has demon-
strated that eye-tracking metrics like fixations, saccades, and pupil diameter are re-
liable indicators of visual attention and cognitive workload [176] [156].

Our study uses control and experimental groups to compare how people read
and solve problems. Similar designs exist, but we go further. Prior work used eye-
tracking to understand problem-solving [76] or cognitive effort during tests [174].
Unlike these post-hoc analyses, we predict engagement in real-time and adapt the
learning experience using gaze patterns. The control group reads naturally, estab-
lishing baseline behaviors. The experimental group receives personalized help to
optimize their learning [156].

Since the experimental group alone received adaptive interventions, we expect
their interactions with the learning materials to differ. Consequently, we anticipate
variations in gaze patterns, fixation times, and visual exploration compared to the
control group. The control group’s eye movements should reflect conventional read-
ing, while the experimental group may show more focused visual strategies due to
the adaptive interventions [156].

Figure 22 presents heatmaps showing fixation points and gaze transitions for a
participant from the control group and one from the experimental group as they
read the same material, both reporting low engagement afterward. The experimen-
tal group’s heatmap shows fixations on the summaries (indicated by red dots within
the green dashed lines), a feature absent in the control group’s data. This differ-
ence directly reflects the adaptive intervention. For the experimental participant,
this adaptive feature provides targeted support by offering a concise overview of
key information when engagement drops, allowing for a personalized learning pace
and enabling participants to quickly catch up for better content understanding and
engagement recovery. These summary fixations suggest that participants are using
this additional resource for potentially more efficient comprehension when their en-
gagement level decreases. Conversely, the control group’s gaze patterns likely reflect
a more uniform but potentially less responsive interaction with the material. This
contrast highlights the potential of adaptive interventions to deliver timely, targeted
support based on real-time engagement levels [156].
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Heatmap with fixation points and gaze transitions for control group participant
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FIGURE 22: Heatmaps of fixation points and gaze transitions for control and experimental
group participants reading the same material with low reported engagement levels.

The patterns of visual effort and cognitive processing diverge significantly be-
tween the control and experimental groups. The participant in the control group
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(Figure 22a) displays more focused fixations and briefer gaze transitions, suggest-
ing a potentially reduced visual effort but also a more conventional, linear reading
style. This pattern may indicate a consistent level of cognitive demand through-
out the task. Conversely, the participant in the experimental group (Figure 22b) ex-
hibits a broader distribution of fixations and longer gaze transitions resulting from
the interventions, indicating potentially greater visual effort as they explore more of
the content. This heightened visual exploration likely corresponds to more varied
cognitive strategies and fluctuating levels of cognitive demand. The adaptive inter-
ventions provided to the experimental group seem to encourage a more dynamic
interaction with the content, potentially leading to deeper cognitive engagement.
While the experimental group may expend more visual effort, this increased activity
could signify more thorough information processing and potentially more effective
learning. The relationship between visual effort and cognitive processing in this
context suggests that the adaptive interventions may be fostering a more active and
comprehensive approach to learning, albeit with increased visual demands [156].

Potential Impact on Educational Practice

This study’s results offer significant implications for educational settings, especially
in online and self-directed learning. By providing customized, real-time support,
the system caters to diverse student requirements, offering extra help or advanced
material as needed. Educators can use the system to identify struggling students, en-
abling timely adjustments to teaching methods. Engagement and gaze data can in-
form curriculum design and support teacher development. The system’s monitoring
of engagement and comprehension offers a detailed view of learning, complement-
ing traditional assessments. By adapting to varied learning needs, the system sup-
ports students with different attention levels, promoting inclusive education [156].
By merging eye-tracking with Al-generated summaries, this system provides
adaptable learning assistance that can be scaled and complements standard evalua-
tions. This method can promote deeper cognitive involvement and enhance learn-
ing results, especially for students with attention difficulties or those needing cus-
tomized support. The system’s monitoring of engagement and comprehension of-
fers a detailed view of learning, supplementing traditional assessments. By adapting
to varied learning requirements, the system aids students with differing attention
spans, fostering inclusive education. This approach has the potential to transform
educational practices by making learning more responsive and personalized, ulti-

mately leading to improved student outcomes and satisfaction [156].

4.4.5 Limitations and Future Work

The adaptive learning system utilizing eye-tracking technology provides important
insights, but several limitations were recognized, each opening opportunities for
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future research. The limitations and potential future directions are discussed below.
The limitations and future work are based on our published work [156].

Sample Size and Representation: A significant limitation of this research is the
limited sample size (N=22). This limitation may impact the ability to generalize our
findings to larger populations. The challenge is to obtain a sample that is sufficiently
large and diverse to accurately reflect various learning styles, backgrounds, and cog-
nitive abilities [156].

Content and Real-Time Engagement Detection: The specific tasks or content
employed in this study may not be equally engaging or challenging for all partici-
pants, which could have a bias in the findings. The task of producing uniformly ap-
propriate content for different skill levels and interests presents a notable challenge.
The precision and responsiveness of the system in detecting decreased engagement
in real-time may be constrained by relying solely on gaze data; integrating mul-
timodal data, including facial expressions and physiological indicators, could en-
hance accuracy. Creating algorithms capable of reliably interpreting eye movements
as signs of engagement across varying individuals remains a complicated task [156].

Adaptive Intervention Strategy and Long-term Effects: The use of summaries
as the only method of intervention for low engagement may have limitations. De-
signing interventions that are effective for all learning styles and preferences is a
challenging task. Furthermore, this study primarily focuses on immediate outcomes
without taking into account long-term learning results. The difficulty lies in creating
longitudinal studies that can evaluate the impact of these interventions on knowl-
edge retention and application over time [156].

LLM-based Summaries: The quality and relevance of the Al-generated sum-
maries may vary, potentially affecting their effectiveness as learning aids. Ensuring
that these summaries are accurate, concise, and contextually appropriate is a signif-
icant challenge. The reliance on Al-generated content also raises concerns about the
potential for misinformation or oversimplification of complex topics, which could
hinder rather than help learning [156].

Individual Differences and Participant Responses: Individual differences in
learning preferences, prior knowledge, and cognitive abilities may influence how
participants respond to the adaptive interventions. The challenge is to design a sys-
tem that can effectively accommodate these differences and provide personalized
support that meets the unique needs of each learner [156].

Future work should address several key areas to enhance the adaptive learning
system. Increasing the sample size and ensuring a more diverse participant pool
will improve the generalizability of the findings. Future studies should also explore
a broader range of content types and difficulty levels to better understand how dif-
ferent materials impact engagement and comprehension. Integrating multimodal
data sources, such as facial expressions and physiological signals, could improve
the accuracy of real-time engagement detection. Developing more sophisticated al-

gorithms that can interpret eye movements in conjunction with other indicators of
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engagement will be crucial [156].

Furthermore, future studies could explore a wider variety of adaptive interven-
tion strategies beyond summaries, such as interactive quizzes, visual aids, or per-
sonalized feedback. Longitudinal studies are needed to assess the long-term effects
of these interventions on learning retention and application. Ensuring the quality
and relevance of Al-generated content will be essential, potentially involving hu-
man oversight or validation processes. Finally, future research should focus on un-
derstanding and accommodating individual differences in learning styles and cog-
nitive abilities to create a more personalized and effective adaptive learning experi-
ence [156].

4.4.6 Conclusion

This study demonstrates the potential of an eye-tracking-based adaptive learning
system to enhance student engagement and comprehension through real-time in-
terventions. By leveraging gaze data to predict engagement levels, the system pro-
vides personalized support in the form of Al-generated summaries when engage-
ment drops. The experimental group, which utilized this adaptive system, reported
higher engagement and confidence levels, along with improved comprehension com-
pared to the control group. Gaze metrics indicated that participants in the experi-
mental group exhibited increased cognitive effort when interacting with the sum-
maries, suggesting that these interventions effectively reengaged learners and fa-
cilitated deeper information processing. These findings highlight the promise of
integrating eye-tracking technology with adaptive learning strategies to create more
responsive and personalized educational experiences. However, the study also ac-
knowledges limitations such as sample size and the need for diverse content, sug-
gesting avenues for future research to further refine and validate this approach [156].



141

Chapter 5

Conclusion

This chapter provides a conclusion to the thesis by summarizing its key aspects and
outlining future directions. Section 5.1 offers a brief overview of the thesis, high-
lighting its main findings. Section 5.2 details the contributions made to the field
through this research. Section 5.3 discusses the limitations of the research and pro-
poses potential directions for future research to build upon this work.

51 Summary

This thesis explored the enhancement of digital learning through three intercon-
nected phases: detection, intervention, and adaptation. These phases were guided
by three key research questions, each addressing a critical aspect of personalized
e-learning. The following sections summarize how each research question was an-

swered through the research conducted in this thesis.

5.1.1 How can sensor data and deep learning be utilized to effectively

detect learners” affective and cognitive states?

The first research question was addressed by developing a comprehensive frame-
work for detecting learners” affective and cognitive states using multimodal sensor
data and deep learning models. Chapter 3 presented the development of advanced
deep learning architectures designed to process data from multiple sensors, includ-
ing eye-trackers, physiological signals, and computer interaction patterns to detect
learners’ affective and cognitive states.

Section 3.1 investigated stress detection using sensor-based physiological data
from the WESAD and SWELL-KW datasets (public), focusing on evaluating and
comparing traditional machine learning approaches and deep learning approach.
For the WESAD dataset, a Fully Convolutional Network (FCN) outperformed tradi-
tional models, achieving 93.54% accuracy and 91.39% F1-score for binary stress clas-
sification using chest-worn physiological signals. This demonstrated the strength of
deep learning in automatically learning complex patterns from high-dimensional
data without manual feature extraction. For the SWELL-KW dataset, the analy-
sis revealed that combining multiple modalities improved performance, achieving
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91.24% accuracy for three-class classification in user-dependent scenarios. A sig-
nificant performance gap (approximately 45%) between user-dependent and user-
independent approaches underscored the highly individualized nature of stress re-
sponses. These findings demonstrate the effectiveness of deep learning with rich
sensor data for detecting affective and cognitive states while also emphasizing the
challenges of user variability and the need for personalized approaches.

Section 3.2 demonstrated the effectiveness of deep learning models, ResNet and
LSTM, in detecting stress levels (easy, medium, hard) in a controlled environment
using physiological signals from an Empatica E4 wristband. ResNet achieved 95.05%
accuracy with KFold, while LSTM reached 91.17% accuracy with 20% fine-tuning
with LOPO. User-specific fine-tuning consistently improved performance, highlight-
ing its importance for personalized stress detection and the potential of deep learn-
ing in this domain.

Section 3.3 investigated interest detection while reading newspaper articles us-
ing a multimodal approach combining gaze data and physiological signals. A CNN-
LSTM model achieved 82.3% accuracy for binary classification, outperforming man-
ual feature extraction methods. A person-dependent approach further improved
accuracy, highlighting the importance of personalized predictions. These findings
demonstrate the potential of deep learning and multimodal data for understanding
interest, with applications in personalized learning and educational settings.

Section 3.4 addressed the detection of engagement and emotion levels during
reading tasks using deep learning models and multimodal data from an eye-tracker
and E4 wristband. The study demonstrated that deep learning models, such as
Transformers and ResNet, effectively predict engagement, valence, and arousal, with
Transformers achieving 80.38% accuracy for engagement in user-independent set-
tings and ResNet excelling in user-dependent settings with 93.56% accuracy. The
findings revealed strong correlations between engagement and emotions, highlight-
ing the unique affective responses evoked by different texts.

Section 3.5 explored how sensor data, specifically gaze features and fixation heatmaps,
can be used to assess document readability and understand cognitive states during
reading. The study demonstrated that features such as saccade length, regression ra-
tio, and fixation duration provide valuable insights into reading behavior and docu-
ment difficulty. By integrating gaze data with text features, the research highlighted
the potential of sensor-based approaches to detect cognitive states like readability
and engagement.
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5.1.2 How to design and deliver personalized interventions that effec-
tively address learners” mental states and improve their learning ex-

perience?

The second research question was addressed by developing personalized interven-
tion strategies tailored to learners’ cognitive and emotional states. Chapter 4 ex-
plored methods for designing and delivering interventions that leverage real-time
predictions of mental states, such as stress, engagement, and interest, to enhance
learning experiences. These strategies included controlled distraction, cognitive
training, emotional engagement, and adaptive systems, ensuring that interventions
dynamically respond to individual needs and improve user interaction and perfor-
mance.

Section 4.1 introduced a novel approach to detect and model distraction dur-
ing reading tasks using eye-tracking data. A counting distractor task objectively
captured distraction, revealing its impact on reducing interest and increasing per-
ceived difficulty. Machine learning models predicted distraction and interest levels,
providing insights for designing interventions to monitor and mitigate distraction,
enhancing focus and engagement in real-world settings.

Section 4.2 investigated the impact of notifications and pop-ups on reading com-
prehension and frustration, demonstrating that frequent interruptions significantly
hinder comprehension and increase frustration. Cognitive control training emerged
as a key intervention, significantly improving comprehension and reducing distrac-
tion levels. These findings highlight the potential of cognitive training and thought-
ful interface design as personalized interventions to enhance focus and reading per-
formance in distraction-heavy digital environments.

Section 4.3 introduced a personalized feedback system that enhances user en-
gagement and emotional states through an interactive dashboard and tailored in-
terventions. The system integrates data collection, machine learning predictions,
and user feedback, using a user-dependent approach for high personalization. The
dashboard provides real-time feedback through features like an engagement gauge,
emotion emoji, and motivational messages, actively improving focus and emotional
well-being. This system has applications in e-learning, workplace productivity, and
mental health, offering a foundation for adaptive technologies that prioritize user

engagement and emotional health.

5.1.3 How to adaptlearning materials to learners’ real-time mental states?

The third research question was addressed by developing an adaptive learning sys-
tem capable of dynamically adjusting learning materials based on learners’ real-time
mental states. This approach ensures that learning experiences are personalized, re-
sponsive to individual needs, and optimized to improve overall engagement and

performance.
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Section 4.4 demonstrated the effectiveness of integrating real-time gaze tracking
with Al-driven adaptive learning interventions to enhance engagement and learning
outcomes. Adaptive interventions, triggered by detected low engagement, signifi-
cantly improved both engagement and comprehension levels. Deep learning mod-
els, including a Transformer network, successfully predicted post-reading engage-
ment and comprehension from gaze patterns, with the experimental group achiev-
ing higher comprehension scores compared to those without adaptive interventions.
This research highlights the feasibility of using gaze data for real-time engagement
prediction and provides a framework for integrating eye-tracking with Al-driven
adaptive learning systems, advancing personalized and responsive educational tech-
nologies.

5.2 Contributions to the Field

This research makes significant contributions to the field of e-learning by advancing
the understanding, modeling, and application of adaptive learning systems tailored
to individual learners’ needs. The integration of deep learning approaches and sen-
sor fusion techniques has enhanced the accuracy of predicting learners’ affective and
cognitive states, which are critical for creating personalized and effective learning
experiences. By refining the computation of these states, the research achieves robust
results in both generalized and personalized validation approaches, demonstrating
the potential for scalable and adaptable solutions in diverse learning environments.

The development of personalized intervention techniques and adaptive learning
systems represents an impactful step in the e-learning ecosystem. These contribu-
tions enable a smooth interaction between the learner and the environment, pro-
viding a more engaging and supportive learning experience. By addressing indi-
vidual differences in learning behavior, the research motivates learners to overcome
challenges, reduce stress, and maintain motivation, ultimately improving learning
outcomes.

The visual feedback system, developed based on sensor data and affective/cognitive
states, provides a novel application to enhance user engagement and self-awareness
in the learning process. This application incorporates features such as engagement
and stress indicators, alert messages, emotion-based visual elements, and motiva-
tional messages, offering learners a reflective tool to better understand their own
learning behaviors and emotional states. This system serves as a valuable resource
for learners to analyze their interactions and emotional responses during the learn-
ing process. Additionally, it provides educators and system designers with insights
into learner behavior, enabling them to design more effective and personalized learn-
ing strategies.

This work contributes to the growing body of knowledge in adaptive e-learning
by bridging the gap between advanced computational techniques and practical ap-
plications. By leveraging real-time gaze data, the system detects engagement levels
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using a pre-trained model, enabling Al-driven adaptations to the content in real
time. This real-time adaptability ensures that learners remain engaged and receive
personalized support as they progress through the learning process. The research
lays the foundation for future advancements in personalized learning by offering
a framework for creating systems that are both effective and learner-centric. These
contributions have the potential to shape the future of e-learning, making it more
inclusive, efficient, and enjoyable for learners across diverse contexts. By integrat-
ing real-time feedback and adaptive interventions, this work represents a significant
step toward creating dynamic and responsive learning environments that cater to

individual needs.

5.3 Limitations and Future Work

The presented work has certain limitations, leaving scope for improvement and op-
portunities for further research in the following areas.

Sample Size and Generalizability: A common limitation across the studies is
the relatively small and specific sample sizes, which may limit the generalizability
of the findings to broader populations. Participants often represent a narrow de-
mographic, such as university students, which may not account for variations in
age, cultural backgrounds, educational levels, or cognitive abilities. Future studies
should aim to include larger and more diverse participant pools to improve external
validity and ensure the findings are applicable across different user groups.

Data Quality and Sensor Limitations: The quality and reliability of the data col-
lected from sensors, such as gaze trackers and physiological devices, present chal-
lenges. Issues such as low sampling frequencies, calibration errors, noise, and in-
consistencies in the data can impact the accuracy of predictions and model perfor-
mance. For example, physiological data from devices like the Empatica E4 may not
fully capture the complexity of cognitive or affective states. Future work should ex-
plore the use of more advanced sensors with higher sampling rates and improved
calibration techniques to enhance data quality.

Feature Integration and Model Performance: The integration of multimodal
features, such as gaze, physiological signals, and text, has not consistently yielded
the expected improvements in model performance. This may be due to redundant or
irrelevant information or insufficient preprocessing. Additionally, the deep learning
models used in these studies often require extensive computational resources and
large datasets, which can be a limitation when working with smaller or imbalanced
datasets. Future research should focus on optimizing feature selection, exploring
alternative model architectures, and addressing data imbalances to improve perfor-
mance.

Generative Al for Adaptive Interventions: While the system effectively uses
real-time gaze-based engagement detection and LLMs to generate summaries when
engagement is low, there is room to expand the role of generative Al in adaptive
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learning. Future research could explore how GenAl can provide more diverse inter-
ventions, such as rephrased explanations, interactive quizzes, or visual aids, tailored
to the learner’s needs. Integrating multimodal data (e.g., gaze, facial expressions,
and physiological signals) with GenAl could enable more context-aware and per-
sonalized interventions. Ensuring the accuracy, fairness, and explainability of Al-
generated content remains a critical challenge that must be addressed to build trust
and maximize learning outcomes.

Real-Time Feedback and Scalability: While the system provides real-time feed-
back, scaling it to larger and more diverse learning environments presents chal-
lenges. Future work should investigate how the system can handle increased user
diversity, including variations in reading habits, engagement patterns, and content
complexity.

Short-Term Focus and Long-Term Effects: Most studies focus on short-term
tasks and immediate outcomes, limiting insights into long-term engagement, learn-
ing retention, and behavioral patterns. The lack of longitudinal studies makes it
difficult to assess the impact of adaptive interventions on learning outcomes. Fu-
ture research should explore the long-term effects of these systems, including their
influence on knowledge retention, motivation, and overall learning effectiveness.

Ethical and Practical Considerations: The use of real-time data, such as gaze
tracking and physiological signals, raises ethical concerns related to privacy, trans-
parency, and user consent. The reliance on Al-generated content, such as summaries,
introduces risks of oversimplification, inaccuracies, or biases in the information pro-
vided. Ensuring data security, explainability of Al-driven decisions, and the quality
of Al-generated outputs are challenges that need to be addressed in future work.
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