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Abstract

This thesis investigates how neurophysiological and behavioral signals can be used
to decode human cognitive states in Human-Computer Interaction (HCI), with a
focus on affect, attention, and expertise. Using Electroencephalography (EEG),
eye movements, mouse movements, facial expressions, and head movements,
the work explores how implicit, continuous measurements can complement or
replace traditional self-reports to enable more adaptive and cognitively aware
interactive systems.

First, the thesis examines efficient decoding of affective states from video-
elicited EEG. By systematically varying signal length, temporal window size, and
frequency bands on two benchmark datasets, it shows that reliable classification of
arousal and valence is possible with recordings as short as 30-42 seconds and with
short analysis windows. Models operating solely on Beta-band activity achieve
accuracy comparable to using all bands, demonstrating that affect decoding can
be both data- and computation-efficient. A second study on affect evaluates
“good” versus “bad” Graphical User Interfaces (GUIs) using multimodal signals.
EEG, eye tracking, and facial activity reveal systematic differences in emotional
response, visual exploration patterns, and neural activation, enabling implicit
discrimination between interface quality levels without explicit user feedback.

The second part of the thesis focuses on attention in web search. It introduces
AdSERP, a large-scale public dataset that combines synchronized eye and mouse
movements, HTML structure, and visual layouts for transactional search engine

results pages. Analyses show that mouse trajectories closely track gaze. Building



on this dataset, the AdSight framework uses a Transformer-based sequence-to-
sequence model to predict gaze-based attention metrics and whether individual
result slots are visually examined, using only cursor data and slot metadata. The
model achieves high accuracy and ranking quality, enabling scalable, low-cost
attention estimation in multi-slot sponsored search.

The third part addresses expertise assessment in medical training. Eye and
head movements recorded during simulated breech deliveries are used to differen-
tiate trained from untrained practitioners. Head motion dynamics and pupil-based
measures are particularly discriminative, supporting the objective and unobtrusive
evaluation of clinical skills.

Finally, the thesis presents Gustav, a cross-device synchronization framework,
and Thalamus, a multimodal user simulation toolkit, which together support
reproducible, temporally precise multimodal experimentation. Overall, the find-
ings demonstrate that multimodal implicit sensing provides a robust foundation
for decoding cognitive states and designing adaptive, user-centered interactive

systems.
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Chapter 1
Introduction

Understanding and interpreting human cognitive states is at the core of numerous
fields, including psychology, neuroscience, and Human-Computer Interaction
(HCI). Advances in neurophysiological and behavioral signal processing have
opened new possibilities for measuring these internal states in ways that were
previously not possible. This thesis explores how such signals—specifically Elec-
troencephalography (EEG) and eye movement data—can be used to decode cog-
nitive states, with a focus on three key areas: affect, attention, and expertise.
These areas are fundamental to the design of adaptive and user-centered systems,
and their accurate measurement is essential for improving human-computer
interactions across various domains, including web search, user interface design,

and medical training.

1.1 Motivation and Focus of the Thesis

The motivation for this thesis stems from the growing need to create interac-
tive systems that not only respond to user actions but also adapt based on an
understanding of users’ cognitive and emotional states. Traditional methods
for assessing user experience, such as questionnaires, interviews, and subjective

ratings, have limitations: they are time-consuming, subjective, and prone to bias.
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Moreover, these methods provide only intermittent snapshots of users’ experi-
ences, often failing to capture the dynamic, real-time nature of human interaction
with technology.

In contrast, neurophysiological and behavioral signals, such as brain activity
measured by EEG and eye movements, offer continuous, objective, and real-
time indicators of users’ cognitive states. These signals allow researchers to
passively monitor users’ attention, affective states, and even expertise, providing
richer and more nuanced insights into user behavior. By decoding these signals,
systems can be designed to respond to users in a more natural, adaptive, and
personalized manner. For instance, understanding users’ emotional states can help
tailor content or interface design to improve user experience; tracking attention
can guide information presentation or highlight areas of interest; and assessing
expertise can inform training systems or feedback mechanisms.

The research presented in this thesis focuses on these three cognitive di-
mensions: affect, attention, and expertise. Each of these areas plays a critical
role in shaping user experience, and each presents unique challenges for both

measurement and interpretation.

1.2 Neurophysiological and Behavioral Signals
Studied

EEG and eye movement signals were chosen as the primary focus of this research
due to their accessibility, noninvasive nature, and relevance to a wide range
of applications in HCI. EEG provides high temporal resolution, capturing real-
time brain activity in response to stimuli, making it particularly well suited for
studying affective and cognitive processes. By analyzing specific frequency bands
of the EEG signal, researchers can gain insights into users’ emotional arousal,
engagement, and mental workload. Furthermore, integrating EEG data with other

modalities, such as eye movements, enables a more holistic understanding of

12



cognitive states.

Eye movement data, on the other hand, offer valuable insights into attention
and visual processing. Eye tracking provides high spatial and temporal precision,
allowing researchers to observe how users allocate their gaze across different
regions of an interface or scene. This information is essential for understanding
how attention is distributed and how users interact with dynamic content. For
example, in the context of Search Engine Results Pages (SERPs), eye movement
patterns can reveal how users focus on advertisements, organic results, and other
visual elements. In addition, pupil dilation has been linked to cognitive load and
emotional arousal, making it a useful measure for assessing attention and affect
in real time.

In addition to EEG and eye movement data, this thesis also examines facial
expressions, head movements, and mouse movements as valuable signals for un-
derstanding cognitive and emotional states. Facial expressions are used to assess
emotional responses and complement affective state decoding, while head move-
ments provide insights into attention and engagement, particularly in training
contexts. Mouse movement patterns help track attention allocation and cogni-
tive effort, especially in dynamic environments with multiple visual elements.
Together, these signals offer a more comprehensive, multimodal approach to

studying user behavior and experience.

1.3 Research Focus Areas
The main focus areas of this research are as follows:

1. Decoding Affect: Affective states, such as emotional arousal and valence,
are fundamental to user experience. Chapter 2 explores how affective
states can be decoded from EEG signals during emotionally evocative video
stimuli, as well as how multimodal signals (e.g., EEG and eye movements)

can be used to evaluate Graphical User Interfaces (GUISs).
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2. Decoding Attention: Attention is a key cognitive process that shapes how
users interact with information-rich environments. Chapter 3 investigates
how users allocate attention on SERPs, examining how eye and mouse

movements can be used to track user attention.

3. Decoding Expertise: Expertise influences how individuals perceive, in-
terpret, and respond to complex tasks. Chapter 4 examines how eye and
head movements can be used to assess medical training skills, focusing
on simulated obstetric scenarios. By modeling behavioral and oculomotor
patterns, this chapter demonstrates how multimodal signals can reveal

underlying skill levels.

4. Applications and Toolkits: To support the empirical studies presented in
this thesis, Chapter 5 introduces two tools developed to advance multimodal
HCI research: Gustav, a framework for precise synchronization of multi-
modal data streams, and Thalamus, a simulation toolkit for prototyping and
testing multimodal experimental setups. These tools address the technical
challenges of collecting and analyzing complex multimodal data, enabling

more efficient and reliable experimentation in HCL

1.4 Objectives of the Thesis

The overarching goal of this thesis is to contribute to the growing body of work
on cognitive state decoding in HCI by developing and applying novel methods for
understanding users’ internal states through neurophysiological and behavioral

signals. Specifically, this research aims to:

« Investigate the efficiency and accuracy of decoding affective states from

EEG data in real-world contexts.

« Develop methods for tracking and predicting user attention in complex,

multimodal environments such as SERP.

14



« Explore the potential of eye and head movement data for assessing expertise

in professional training scenarios.

« Design tools that facilitate the collection, synchronization, and simulation

of multimodal data, supporting future HCI research and applications.

Through these contributions, this thesis aims to push the boundaries of HCI
research by enabling more intuitive, adaptive, and user-centered systems that can

understand and respond to users’ cognitive and emotional experiences.

1.5 Research Questions

Beyond addressing these objectives, this thesis emphasizes the novelty of its
contributions in terms of efficiency, scalability, and ecological validity in cognitive
state decoding, particularly in realistic HCI settings. This thesis is guided by a
set of research questions that aim to investigate how neurophysiological and
behavioral signals can be used to decode human cognitive states in HCI. These
questions reflect the three core focus areas of the thesis—affect, attention, and
expertise—as well as the methodological challenges of multimodal data collection

and analysis.

« RQ1 (Affect): To what extent can affective states be decoded efficiently
from EEG signals under realistic constraints, such as limited signal duration,

reduced temporal windows, and selective frequency bands?

« RQ2 (Attention): Can user attention in complex interactive environments,
such as search engine results pages, be accurately inferred from behavioral

signals, particularly mouse movements, as a proxy for gaze?

« RQ3 (Expertise): Can multimodal behavioral signals, including eye and
head movements, be used to assess user expertise in complex tasks, such as

simulated medical procedures?

15



« RQ4 (Methodology and Tooling): How can multimodal data collection,
synchronization, and simulation be supported to enable reproducible, scal-

able, and efficient research in cognitive state decoding?

Each of these research questions is addressed in a dedicated part of the the-
sis. Chapter 2 investigates affect decoding from EEG signals, Chapter 3 focuses
on attention modeling in web search, Chapter 4 explores expertise assessment
using multimodal behavioral signals, and Chapter 5 presents tools that support
multimodal experimentation. Together, these contributions aim to advance the
understanding of cognitive state decoding and support the design of adaptive,

user-centered interactive systems.

1.6 Structure of the Thesis

This thesis is organized as follows:

« Chapter 2: Decoding Affect. This chapter presents two studies on affective
state decoding using EEG and multimodal physiological signals, focusing

on video-elicited emotional responses and GUI evaluation.

« Chapter 3: Decoding Attention. This chapter examines attention allocation
in SERPs, investigating how eye and mouse movements can be used to

decode users’ attention.

« Chapter 4: Decoding Expertise. This chapter explores the use of eye and
head movements to assess medical expertise during simulated obstetric

training scenarios.

« Chapter 5: Applications and Toolkits. This chapter introduces two key
tools developed in this research: Gustav, a synchronization framework for
multimodal experiments, and Thalamus, a simulation toolkit for prototyping

multimodal setups.
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« Chapter 6: Conclusion, Discussion, and Outlook. This chapter summarizes
the findings from the previous chapters and discusses the broader implica-
tions of this research for the future of adaptive, cognitively aware systems

in HCL.

Through the integration of neurophysiological and behavioral signals, as well
as the development of supportive tools and frameworks, this thesis provides new
insights into the dynamic and complex relationship between human cognition

and technology.

1.7 Publications Resulting from This Thesis

This thesis compiles a series of individual studies, each contributing to a broader
understanding of cognitive state decoding in HCI. These studies have been pub-
lished in peer-reviewed journals and conferences and collectively form the empiri-
cal backbone of this thesis. Each chapter builds upon the findings of these studies,
elaborating on the methods, results, and implications for real-world applications.

Bibliography derived from this thesis include the following seven publications:

1. K. Latifzadeh*, N. Gozalpour*, V.]. Traver, T. Ruotsalo, A. Kawala-Sterniuk,
and L. A. Leiva. “Efficient decoding of affective states from video-elicited
EEG signals: an empirical investigation”. In: ACM Transactions on Multi-
media Computing, Communications and Applications 20.10 (2024), pp. 1-24.
DOI: https://doi.org/10.1145/3663669.

2. S. Haddad*, K. Latifzadeh”, S. Duraisamy, J. Vanderdonckt, O. Daassi, S.
Belghith, and L. A. Leiva. “Good GUIs, Bad GUIs: Affective Evaluation of
Graphical User Interfaces”. In: Proceedings of the 32nd ACM Conference on
User Modeling, Adaptation and Personalization. 2024, pp. 232-243. DOLI:
https://doi.org/10.1145/3627043.3659549.
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3. K. Latifzadeh, J. Gwizdka, and L. A. Leiva. “A Versatile Dataset of Mouse
and Eye Movements on Search Engine Results Pages”. In: Proceedings of
the 48th International ACM SIGIR Conference on Research and Development
in Information Retrieval. 2025, pp. 3412-3421. DOIL: https://doi.org/10.
1145/3726302.3730325.

4. M. Villaizan-Vallelado, M. Salvatori, K. Latifzadeh, A. Penta, L. A. Leiva,
and I. Arapakis. “AdSight: Scalable and Accurate Quantification of User
Attention in Multi-Slot Sponsored Search”. In: Proceedings of the 48th Inter-
national ACM SIGIR Conference on Research and Development in Information
Retrieval. 2025, pp. 255-265. DOIL: https://doi.org/10.1145/3726302.
3729891.

5. K. Latifzadeh*, L. A. Leiva*, K. Copié Pucihar®, M. Kljun, I. Devetak,
and L. Steblovnik*. “Assessing Medical Training Skills via Eye and Head
Movements”. In: Proceedings of the 33rd ACM Conference on User Modeling,
Adaptation and Personalization. 2025, pp. 1-10. DOL: https://doi.org/
10.1145/3699682.3728330.

6. K. Latifzadeh and L. A. Leiva. “Gustav: Cross-device cross-computer
synchronization of sensory signals”. In: Adjunct Proceedings of the 35th
Annual ACM Symposium on User Interface Software and Technology. 2022,
pp. 1-3. DOL: https://doi.org/10.1145/3526114 . 3558723,

7. K. Latifzadeh and L. A. Leiva. “Thalamus: A User Simulation Toolkit
for Prototyping Multimodal Sensing Studies”. In: Adjunct Proceedings of
the 33rd ACM Conference on User Modeling, Adaptation and Personalization.
2025, pp. 109-113. DOIL: https://doi.org/10.1145/3708319.3733687.

The chapters of this thesis are organized around these studies, with each
chapter discussing a specific aspect of cognitive state decoding—affective states,

attention, and expertise.
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Chapter 2

Decoding Affect

2.1 Introduction

Understanding and modeling human affect is fundamental to developing interfaces
that can sense and respond to users’ internal experiences. As illustrated in
Figure 2.1, affect represents the underlying, continuous dimensions of human
feeling, defined by two axes: valence, which indicates the degree of pleasantness
from negative to positive, and arousal, which reflects physiological activation from
calm to excited states. These dimensions form a two-dimensional space divided
into four quadrants: high arousal and high valence (HAHV), high arousal and
low valence (HALV), low arousal and high valence (LAHV), and low arousal and
low valence (LALV). In contrast, emotions correspond to discrete and consciously
perceived states, such as happiness, fear, sadness, or relaxation, that emerge from

combinations of valence and arousal within this affective space.

In the context of HCI, decoding affective states is essential for developing adap-
tive and user-centered systems that go beyond usability to account for how people
feel during interaction. Traditional evaluation methods, such as questionnaires
and interviews, rely on explicit self-reports that are subjective, time-consuming,

and sensitive to bias. In contrast, implicit evaluation uses physiological and behav-
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Arousal Arousal

(high) (high)
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Bored
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Sleepy

(a) Affect. (b) Emotion.

Figure 2.1 Conceptual models of affect and emotion in the valence-arousal framework.
(a) Affect is represented across four quadrants defined by valence and arousal: high
arousal-high valence (HAHYV), high arousal-low valence (HALV), low arousal-high
valence (LAHV), and low arousal-low valence (LALV), where valence spans from negative
to positive. (b) Each quadrant in the emotion model contains a set of corresponding
discrete emotional states.

ioral signals, such as EEG activity, eye movements, or facial expressions, to infer
emotional responses automatically and unobtrusively. These implicit measures
offer continuous and objective access to the user’s affective state without disrupt-
ing the interaction process, enabling a more natural and scalable assessment of

user experience.

The studies presented in this chapter address this motivation from two com-
plementary perspectives. The first [1] investigates how efficiently affective states
can be decoded from EEG signals recorded while participants watch emotionally
evocative videos, with the aim of identifying the minimal data requirements for
reliable classification of arousal and valence. The second [2] explores whether
multimodal physiological signals can reveal users’ emotional responses to GUISs,
allowing the distinction between good and bad interface designs without ex-
plicit feedback. Together, these works advance the broader goal of implicit and

data-efficient affect decoding, contributing to the development of emotion-aware
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systems that can sense and adapt to users’ cognitive and emotional experiences
in real-world HCI contexts. This chapter addresses RQ1 by investigating how
efficiently affective states can be decoded from EEG signals under realistic con-

straints.

2.2 Efficient Decoding of Affective States from
Video-elicited EEG Signals: An Empirical In-

vestigation

Brain-Computer Interfaces (BCls) offer a promising avenue for recognizing users’
emotional states by leveraging non-invasive EEG signals. However, affect decod-
ing in scenarios involving dynamic audiovisual stimuli remains underexplored.
To address this gap, we investigate EEG-based emotion recognition from video
content through arousal and valence classification, examining the effects of signal
duration, feature extraction window size, and EEG frequency bands. We evaluate
both traditional machine learning approaches (Support Vector Machines (SVMs)
and k-Nearest Neighbors (kNNs)) and deep learning architectures (Fully Con-
nected Neural Network (FCNN) and Gated Transformer Networks (GTNs)). Our
findings demonstrate that: (1) reliable affect classification can be achieved with
under one minute of EEG data; (2) window lengths of 6-10 seconds yield optimal
performance for traditional machine learning models, whereas deep learning
models perform best with much shorter windows of approximately 2 seconds;
and (3) models trained exclusively on the Beta frequency band achieve perfor-
mance comparable to, and in some cases exceeding, that of models trained on the
full spectrum. Overall, these results suggest that EEG-based affect decoding is
feasible under more realistic conditions than previously assumed, supporting its

practical application in adaptive interfaces and personalized user modeling.
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Motivation

This study is motivated by the increasing relevance of understanding human affect
in contexts where emotional reactions influence behavior in fundamental ways, as
affect is guided by biologically based action dispositions that shape decisions and
actions [3]. Emotions and mood significantly impact daily life and interpersonal
behavior, including how individuals interact with others [4, 5], how they make
decisions [6], and how they perceive and interpret the world around them [7].
Affect also plays an important role in maintaining physical well-being [8]. As
computing systems increasingly mediate human activity, researchers have focused
on the need to systematically decode affective reactions to digital information in
order to create systems that more naturally respond to users’ internal states [7,
6]. Affective responses have traditionally been measured through subjective
self-reports and different forms of neurophysiological data [4, 9, 10, 6], and recent
research has begun coupling Machine Learning models with insights from neural
mechanisms to decode affective states in computer-mediated environments [11].

EEG has gained particular attention for affect decoding due to its simplicity,
portability, affordability, and user-friendly nature [4, 7], and the availability of
large publicly distributed EEG datasets has accelerated progress by enabling repli-
cation and comparison across studies [12, 13, 14]. Despite this progress, most prior
research emphasizes maximizing classification accuracy rather than understand-
ing how affect decoding can be made efficient. Studies have focused on identifying
subject-specific or cross-subject features that maximize performance [15, 16], de-
veloping feature engineering approaches [17], or improving classification using
advanced Machine Learning techniques [18]. Yet these studies primarily rely
on full-length recordings, assuming that using the maximum amount of data
from EEG signals is necessary for optimal decoding performance, as seen in
state-of-the-art systems that compute features from entire trial durations [19, 20].

This assumption does not reflect real-world scenarios where users interact

with dynamic content, such as videos, in variable ways. People often skip through
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videos, focus only on certain segments, or discontinue viewing before the end. In
practical HCI systems, acquiring long EEG signals is time-consuming and often
impractical. Moreover, affective responses to dynamic content may only emerge
at specific temporal moments rather than being uniformly distributed across
the entire stimulus duration. As prior studies on visual attention demonstrate,
importance evolves dynamically over time [21], and similarly affective experiences
fluctuate in response to environmental events [22]. For dynamic audiovisual
content, the assumption that affect remains stable during exposure to short-term
stimuli may not hold for longer, heterogeneous videos. Understanding which
temporal windows carry affective information is therefore critical.

To address this gap, we investigate how EEG signal length, sampling window
size, and frequency band selection affect the efficiency of affect decoding during
dynamic video viewing. Our goal is to determine whether accurate affect clas-
sification is possible with significantly reduced signal duration, shorter feature
extraction windows, or selective use of EEG frequency bands. Achieving reliable
decoding under these constraints could significantly reduce computational de-
mands, shorten required EEG recordings, and enable real-time affect-adaptive
systems that function more effectively within realistic constraints. This study thus
aims to challenge conventional assumptions and establish empirically grounded

design guidelines for efficient EEG-based affect decoding systems.

Related Work

Previous work in HCI has increasingly examined automated methods for measur-
ing affective responses to support systems that better align with human emotional
experiences [23, 24]. This direction has been enabled by the development of affect
decoding techniques that play a foundational role in user modeling, adaptive
interface systems, and personalized interaction frameworks [25]. EEG-based
affect classification has followed several theoretical models, including discrete

emotional states such as joy or fear [26], appraisal theories linking emotion to
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situational context [27], and dimensional models positioning emotions along
continuous dimensions [28]. Dimensional models, especially the valence-arousal
model, have proven particularly suitable for computational affect decoding due
to their analytic tractability and ability to represent a wide range of human
emotions [29]. In this model, arousal reflects intensity, spanning from calm to
excited, and valence reflects pleasantness, from negative to positive [30]. Research
indicates that all discrete emotions can be approximately localized within this
two-dimensional space [31, 32], which has led many works to focus on valence

and arousal classification.

EEG signals have been shown to reliably reflect affective states in various
studies utilizing BCI and physiological sensing [6, 15, 33, 34]. Behavioral signals
may sometimes be intentionally concealed or distorted through facial expressions
or vocal modulation, whereas EEG signals are less manipulable, making them
attractive for emotion recognition [12]. Consequently, a rapidly growing body
of literature employs EEG-based affect decoding, as documented in recent sur-
veys [35, 4, 36, 37]. Despite its advantages, EEG suffers from nonstationarity and
high variability across individuals and sessions, complicating subject-independent
decoding [12, 13].

Research has differed widely in terms of stimulus design, with earlier works
frequently relying on static images [35] and more recent work considering dy-
namic audiovisual content such as videos [38, 39, 40, 41]. Affect elicited during
video viewing, gaming [42, 43, 43, 44, 45, 46], educational settings [47, 48, 46], or
cognitively demanding tasks such as stock trading [49], suggests that dynamic

stimuli offer richer affective responses.

Although valence and arousal are continuous, many studies binarize them
into low versus high categories due to the difficulty of predicting exact numerical
values [50, 51]. Some studies extend classification to three, four, or eight discrete

classes [52, 53, 39, 54], but binary classification remains the most common choice.

Various Machine Learning techniques have been applied to EEG-based affect
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decoding, including Random Forests with Hjorth features [55] and more recent
deep architectures such as CNNs [56, 49, 57, 53]. Deep models are challenging to
train due to limited EEG data, and collecting sufficient data is costly and time-
consuming [58]. Data augmentation methods such as GANs and contrastive
learning have been explored with varying success [59, 60, 58, 61, 62, 63, 64, 65, 53].
For instance, contrastive learning combined with graph neural networks achieved
moderate improvements on DEAP [14] and MAHNOB-HCI [66] datasets, with
binary accuracies ranging from 64.84% to 71.69% [67]. However, these studies rely
on full-length EEG signals and do not examine how shorter signals or specific

frequency bands influence performance.

Beyond classification models, the extraction of reliable markers from EEG
remains complex due to its multidimensionality, nonlinearity, and sensitivity to
temporal and spatial factors [68, 69]. Frequency bands carry different discrimi-
native information depending on the task, yet many studies restrict analysis to
traditional bands or combine all bands without examining their individual contri-
butions [68, 70, 53]. Recent work using multimodal hybrid systems integrating
EEG with eye tracking shows improved performance [71, 72, 73, 41], though such

methods introduce synchronization challenges [74].

Temporal aspects of EEG processing have received limited attention. Some
studies show benefits from longer signal durations for disease detection [75]
or motor imagery [76, 77], whereas others suggest shorter windows can be
effective [78, 79]. Window sizes from 1 to 30 seconds have been used in emotion
recognition, and no consensus exists [80]. Feature extraction from very short
windows may be computationally expensive [81], while longer windows may
smooth out important temporal fluctuations. One prior study found that the latter
half of EEG signals during video watching was more discriminative for affect than
earlier segments [50], but this assumes full-length signal availability. Because
affective interpretations can be influenced by previous exposure to stimuli [82],

analyzing segments from the onset of a stimulus may be essential for building
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models suitable for real-time systems.

The overarching trend across prior work is a focus on maximizing performance
with full EEG recordings rather than optimizing efficiency for realistic settings.
The present study seeks to shift this focus by systematically evaluating how
signal length, window size, and frequency bands affect decoding performance in

dynamic content viewing contexts.

Methodology

We conducted extensive experiments using two public datasets to examine EEG-
based affect decoding during video viewing. Our methodology systematically
manipulates EEG signal length, temporal windows for feature extraction, and EEG
frequency bands, enabling an exploration of decoding efficiency under varying
conditions.

The datasets used were DEAP [14] and MAHNOB-HCI [66]. DEAP consists
of 1,280 EEG recordings from 32 participants, each corresponding to a 60 second
music video accompanied by self-reported arousal and valence scores on a scale of
1 to 9. The dataset includes 32 EEG channels downsampled to 128 Hz, with EOG
artifacts removed and a 4-45 Hz bandpass filter applied to eliminate low frequency
movement noise and high frequency interference from electromagnetic sources
and muscle contractions. Figure 2.2 visually presents the sample distribution of
DEAP dataset across the valence-arousal space, showing all four affect quadrants
represented.

MAHNOB-HCI includes EEG data from 27 participants who watched 20 videos
lasting between 35 and 117 seconds, with discrete arousal and valence ratings on
a 1to 9 scale. The EEG was originally sampled at 256 Hz across 32 channels. For
comparability, we downsampled all EEG data to 128 Hz, applied Artifact Subspace
Reconstruction (ASR) to remove transient large-amplitude artifacts [83], applied a
4-45 Hz bandpass filter, and performed Common Average Referencing (CAR) [84].
Since DEAP trials are uniformly 60 seconds long, MAHNOB-HCI trials shorter
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than 60 seconds were removed, and trials longer than 60 seconds were truncated
to the first minute, resulting in a final set of 449 standardized trials. Figure 2.3
visually presents the sample distribution of MAHNOB-HCI dataset across the

valence-arousal space, showing all four affect quadrants represented.

Marilyn Manson - The Beautiful People Blur - Song 2

Wilco How Fight loneliness - Girl Interrupted Taylor Swift - Love Story

Figure 2.2 Distribution of EEG samples from the DEAP dataset within the valence-
arousal space. Samples are categorized into high arousal-high valence (HAHV), high
arousal—-low valence (HALV), low arousal-high valence (LAHV), and low arousal-low
valence (LALV). Each point represents the arousal and valence ratings reported by a
participant following exposure to a music video.

The experimental design centers on two temporal parameters: signal length [
and window size w. We consider window sizes of 2, 4, 6, and 10 seconds based on
previous work [85, 86, 78, 79]. Signal length is defined as [ = w - n, where n is the
number of windows into which the signal is partitioned. Thus, for w = 2 seconds,
signal lengths of 2, 4, 6, ..., 60 seconds are possible, while for w = 6 seconds,
signal lengths of 6, 12, 18, ..., 60 seconds are evaluated. Figure 2.4 provides
a visual example of how different signal lengths are derived from a consistent
window size.

Within each window, we extract features from four frequency bands defined

through FFT: Theta (4-7 Hz), Alpha (8-12 Hz), Beta (13-30 Hz), and Gamma (31+
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Figure 2.3 Distribution of EEG samples from the MAHNOB-HCI dataset within the
valence—arousal space. Samples are grouped into high arousal-high valence (HAHV),
high arousal-low valence (HALV), low arousal-high valence (LAHV), and low arousal-
low valence (LALV), corresponding to combinations of high and low arousal and valence.
Because ratings are reported on a 1-9 scale, the radius of each marker reflects the number
of samples at a given coordinate, with larger markers indicating higher frequencies. For
instance, a single sample appears at (valence, arousal) = (2, 9), whereas 10 and 24 samples
are observed at (6, 4) and (5, 1), respectively.

Hz). FFT is applied to each window, and the inverse-transformed band-specific

signals are then used for feature extraction.

We compute five features, consisting of the three classical Hjorth parame-
ters [87] and two additional spectral measures. Hjorth parameters describe a time
series in terms of its power spectrum: activity, mobility, and complexity. For a
signal x(t), the power spectrum is S(m) = | X (m)|?, where X (m) is the discrete

Fourier transform of x(t).

Hjorth activity indicates the variance of the time series:

1 N
Activity = Var(z(t)) = N1 > a — Lo (2.1)
i=1

where z(t) is the EEG signal expressed as a discrete time series with /N values z;,
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Figure 2.4 Extraction of EEG data instances using varying signal lengths within a fixed
sampling window. The figure illustrates how EEG segments of incrementally different
durations are analyzed while maintaining a constant window size (6 seconds in this
example). Green segments indicate the extracted EEG samples used for affect decoding.

and i, is the sample mean.

Hjorth mobility is proportional to the standard deviation of the power

spectrum:
Var(La(t
Mobility = M (2.2)
Var(x(t))
Hjorth complexity quantifies the rate of change in the signal’s frequency
content:
Mobility (4 z(t
Complexity = — (dt ( )), (2.3)
Mobility(z(t))

In addition to the Hjorth parameters, we compute two spectral-domain mea-

sures. The spectral entropy [88] characterizes the distribution of spectral power
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and is computed following Shannon’s definition:
N
— 3" P(m)log, P(m), (2.4)
m=1

where N is the number of frequency points, and for an FFT-discretized signal

X (m), the normalized power distribution (P(m)) is

S(m)

Pim) =750y

(2.5)

Finally, we extract the signal energy, which measures the overall strength of

E:Aﬁﬂmﬂw (2.6)

These five features have demonstrated strong performance in prior EEG

the time series [89]:

emotion-recognition literature [90, 91, 92, 55, 51, 93, 94]. Figure 2.5 illustrates the

extraction of frequency bands and features from EEG data.

Theta (4-7 Hz) Extracted features
‘h Hjorth Hjorth Hjorth Spectral Energy of
| Activity | Mobility | Complexity | Entropy Signal
/f Alpha (8-12 Hz) Extracted features
/ : i =
| AL Il I i \' Hjorth Hjorth Hjorth Spectral | Energy of
. / m il \u N o 1
A chunk (10 s) of the raw signal //‘ I "WM (\ |\N ’”m\"uli\\( i ""“\\ul‘ i HI.I/'.‘“W” *| Activity | Mobility | Complexity | Entropy Signal
p J. J \‘" i v M‘ ‘
M’Mn M %M‘V M N Beta (13-30 Hz) Extracted features
N\
\ \WMW W Hjorth Hjorth Hjorth Spectral Energy of
\\ i W Activity | Mobility | Complexity | Entropy Signal

Gamma (31+ Hz) Extracted features
) Hjorth Hjorth Hjorth Spectral Energy of
Activity | Mobility | Complexity | Entropy Signal

Figure 2.5 Extraction of EEG frequency bands and features. The figure presents an
example of a 10 second segment of raw EEG data from the DEAP dataset, from which
the corresponding frequency components are derived.

Four types of classifiers are used. SVMs incorporate a variety of kernels and
hyperparameters, including C, +, and polynomial degree, optimized via Bayesian

search [95]. kNN classifiers vary in number of neighbors, distance metrics, and
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weighting schemes. FCNNs consist of two hidden layers of 800 tanh-activated
neurons, with batch normalization and a sigmoid output, trained using Adam with
a learning rate of 1072 and early stopping. GTNs, designed for multivariate time
series classification, include spatial and temporal transformer branches whose
outputs are combined through a gating mechanism. GTNs are trained using
Adagrad with scheduled learning rates, dropout, and early stopping.

For classification, arousal and valence scores are normalized to [0, 1] and
binarized at 0.5, following common practice. Data are split into 90% training and
10% testing portions, maintaining class balance. SVM and ANN models use 10-fold
cross-validation for hyperparameter tuning, while FCNN and GTN models use
validation splits from the training set. Balanced Accuracy and F1 scores serve as

evaluation metrics.

Results

The results are presented across Figure 2.6 to Figure 2.9 and Table 2.1 to Table 2.8.
The analysis includes performance comparisons across signal lengths, window
sizes, and frequency bands, as well as statistical tests examining differences
between classifiers and design parameter choices.

In the DEAP dataset for arousal classification, the best performance using
a single frequency band and a partial EEG signal was 70% Balanced Accuracy,
achieved by an SVM trained on the Beta band with a 10-second window and
a 30-second signal length, as described in Table 2.1. Statistical tests revealed
significant differences between classifiers, with GTN performing worse than SVM
but no significant differences among SVM, kNN, and FCNN models. No significant
differences were found between individual frequency bands and the combined
set of bands. Window size exhibited no significant main effects, and signal length
from 10 to 60 seconds also showed no significant differences. Using full-length
signals, Beta and all bands combined achieved competitive results, with Table 2.2

showing Balanced Accuracy values of 69%.
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For DEAP valence classification, the best partial-signal performance among
single bands was 65% Balanced Accuracy, achieved by an SVM trained on the
Beta band with a 6 second window and a 48 second signal length, reported in
Table 2.3. GTN again performed worse than SVM, while SVM, kNN, and FCNN
showed no significant differences. The Beta band matched the performance of
all bands combined, while the remaining bands performed significantly worse,
indicating that valence information is concentrated in the Beta range. As with
arousal, no significant differences existed among window sizes or signal lengths
tested. Table 2.4 shows that full-length signals offered little improvement, with
Balanced Accuracy for the Beta and for all bands combined at 66%.

In the MAHNOB-HCI dataset for arousal classification, the kNN classifier
achieved the highest partial-signal performance, reaching 88% Balanced Accuracy
using the Beta band with a 6 second window and a 42 second signal length, as
detailed in Table 2.5. GTN performed significantly worse than ANN in statistical
tests, while SVM, kNN, and FCNN did not differ significantly. The Beta band again
matched the performance of using all bands combined, while other bands were
significantly worse. Signal lengths of 40 seconds or longer yielded significantly
better performance than shorter segments. Table 2.6 shows that full-length
analysis yielded the highest arousal performance when all bands were used,

reaching 92% Balanced Accuracy.

For MAHNOB-HCI valence classification, the best partial-signal performance
was 85% Balanced Accuracy, achieved by ANN with the Beta band, a 6 second
window, and a 54 second signal length, as presented in Table 2.7. Statistical tests
reveal that GTN performed significantly worse than NN, while no significant
differences appeared among the other classifiers. Again, the Beta band matched
all bands combined in performance, and windows of 6 and 10 seconds did not
differ significantly. Longer signal lengths of around 40 seconds or more signifi-
cantly improved performance. Full-length results in Table 2.8 show that the best

performance for valence classification was achieved using all bands, reaching 93%
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Balanced Accuracy.

Across both datasets and both target variables, the general pattern is that
the Beta band performs as effectively as the combined set of all bands. Classic
Machine Learning classifiers such as SVM and ANN frequently outperform or
match deep models. Signal lengths of approximately 30 to 42 seconds achieve
performance comparable to full 60 second signals, and windows of 6 or 10 seconds
are consistently optimal for traditional models, whereas deep models benefit from

shorter windows.

Window 2 Window 4 Window 6 Window 10
= Arousal classification
70 70 70 70 —o— Theta band (4-7 Hz)
z —=- Alpha band (8-12 Hz)
g A—y AR Beta band (13-30 Hz)
g 60 et - = s | 60 a4 60 " Gamma band (31+ Hz)
< Y v Y All bands combined
E Random classifier
n 50, 50, 0, 0,

2 8 14 20 26 32 38 11 50 56 60 112 20 28 36 44 52 60 6 18 30 42 5460 10 20 30 40 50 60
EEG signal length (s) EEG signal length (s) EEG signal length (s) EEG signal length (s)

Window size: 2s Window size: 4s Window size: 6s Window size: 10s
< Arousal classification
2 T
s 0 0 0 o Theta band (4-7 Hz)
g by —=- Alpha band (8-12 Hz)
2 - [ » Beta band (13-30 Hz)

60 4 60 60 p 4 - 60 A /i
H S = s e S Y % = 3 ANC Gamma band (314 Hz)
o v All bands combined
s !
25 I o o Random classifier
@
2 8 14 20 26 32 38 11 50 56 60 112 20 28 36 44 52 60 6 18 30 42 5460 10 20 30 40 50 60
EEG signal length (s) EEG signal length (s) EEG signal length (s) EEG signal length (s)

Figure 2.6 Balanced accuracy (top) and F; score (bottom) for arousal classification
using support vector machines (SVMs) on the DEAP dataset. Performance is reported
as a function of EEG signal length (horizontal axis, in seconds) under different sliding
window sizes employed for feature extraction.

SVM hyperparams
Freq.band | w kernel & v  Bal. Acc. F; score
Theta 18 6 RBF 1000.000 0.049 0.646 0.635
Alpha 40 10 RBF 371.830 0.136 0.662 0.651
Beta 30 10 RBF 62.657 0.213 0.703 0.695
Gamma 12 4 RBF 1000.000 0.044 0.643 0.636
All bands 30 10 RBF 128.562  0.010 0.682 0.679

Table 2.1 Best-performing support vector machine (SVM) models for arousal classifi-
cation on the DEAP dataset using partial EEG signals (I < 60).
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SVM hyperparams

Freq.band | w kernel C v  Bal. Acc. F, score
Theta 60 10 RBF 109.299  0.235 0.639 0.617
Alpha 60 2 RBF 6.200 1.000 0.609 0.597
Beta 60 10 RBF 14.234  0.558 0.688 0.679
Gamma 60 10 RBF 1000.000 0.056 0.647 0.633
All bands 60 10 RBF 2.001 0.630 0.689 0.681

Table 2.2 Best-performing support vector machine (SVM) models for arousal classifi-
cation on the DEAP dataset using full-length EEG signals (I = 60).
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Figure 2.7 Balanced accuracy (top) and F; score (bottom) for valence classification
using support vector machines (SVMs) on the DEAP dataset. Performance is shown as a
function of EEG signal length (horizontal axis, in seconds) for different sliding window
sizes used in feature extraction.

SVM hyperparams
Freq.band [ w kernel C v  Bal. Acc. F; score
Theta 16 4 RBF 5.264 1.000 0.600 0.591
Alpha 20 10 RB