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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
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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.

10



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 (GUIs).
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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 HCI.

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.
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• 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?
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• 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 HCI.

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. J. 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. DOI:

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
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the 48th International ACM SIGIR Conference on Research and Development

in Information Retrieval. 2025, pp. 3412–3421. DOI: https://doi.org/10.

1145/3726302.3730325.

4. M. Villaizán-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. DOI: https://doi.org/10.1145/3726302.

3729891.

5. K. Latifzadeh∗
, L. A. Leiva

∗
, K. Čopič 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. DOI: 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. DOI: 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. DOI: 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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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 (HAHV), 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 GUIs,

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 (BCIs) 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.

21



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

23



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 1 to 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.
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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 l

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 l = 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)|2, where X(m) is the discrete

Fourier transform of x(t).

Hjorth activity indicates the variance of the time series:

Activity = Var(x(t)) = 1
N − 1

N∑
i=1

|xi − µx|2 , (2.1)

where x(t) is the EEG signal expressed as a discrete time series with N values xi,
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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 µx is the sample mean.

Hjorth mobility is proportional to the standard deviation of the power

spectrum:

Mobility =

√√√√Var

(
d
dt

x(t)
)

Var(x(t)) , (2.2)

Hjorth complexity quantifies the rate of change in the signal’s frequency

content:

Complexity =
Mobility

(
d
dt

x(t)
)

Mobility(x(t)) , (2.3)

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:

H = −
N∑

m=1
P (m) log2 P (m), (2.4)

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

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

P (m) = S(m)∑
i S(i) . (2.5)

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

the time series [89]:

E =
∫ N

0
|x(t)|2 dt. (2.6)

These five features have demonstrated strong performance in prior EEG

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

extraction of frequency bands and features from EEG data.

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 , γ, 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 10−3
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 kNN 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 kNN 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 kNN 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 kNN, 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 kNN 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.
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Figure 2.6 Balanced accuracy (top) and F1 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 l w kernel C γ Bal. Acc. F1 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 (l < 60).
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SVM hyperparams

Freq. band l w kernel C γ Bal. Acc. F1 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 (l = 60).
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Figure 2.7 Balanced accuracy (top) and F1 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 l w kernel C γ Bal. Acc. F1 score

Theta 16 4 RBF 5.264 1.000 0.600 0.591

Alpha 20 10 RBF 1000.000 0.072 0.586 0.584

Beta 48 6 RBF 5.749 1.000 0.656 0.651

Gamma 16 4 RBF 974.833 0.106 0.596 0.596

All bands 54 6 RBF 2.764 0.389 0.668 0.664

Table 2.3 Best-performing support vector machine (SVM) models for valence classifi-
cation on the DEAP dataset using partial EEG signals (l < 60).
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SVM hyperparams

Freq. band l w kernel C γ Bal. Acc. F1 score

Theta 60 4 RBF 464.061 0.203 0.566 0.558

Alpha 60 4 RBF 271.481 0.215 0.572 0.564

Beta 60 10 RBF 14.206 0.477 0.655 0.651

Gamma 60 4 RBF 1000.000 0.475 0.603 0.600

All bands 60 6 RBF 2.887 0.448 0.655 0.649

Table 2.4 Best-performing support vector machine (SVM) models for valence classifi-
cation on the DEAP dataset using full-length EEG signals (l = 60).
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Figure 2.8 Balanced accuracy (top) and F1 score (bottom) for arousal classification
using k-nearest neighbor (k-NN) classifiers on the MAHNOB-HCI dataset. Performance
is reported as a function of EEG signal length (horizontal axis, in seconds) for different
sliding window sizes employed in feature extraction.

k-NN hyperparams

Freq. band l w k p v Bal. Acc. F1 score

Theta 20 10 1.0 1.0 distance 0.711 0.711

Alpha 50 10 4.0 1.0 distance 0.764 0.764

Beta 42 6 1.0 1.0 distance 0.883 0.883

Gamma 48 6 2.0 1.0 distance 0.836 0.836

All bands 48 6 1.0 1.0 distance 0.908 0.908

Table 2.5 Best-performing k-nearest neighbor (k-NN) models for arousal classification
on the MAHNOB-HCI dataset using partial EEG signals (l < 60).
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k-NN hyperparams

Freq. band l w k p v Bal. Acc. F1 score

Theta 60 10 1.0 1.0 distance 0.763 0.763

Alpha 60 10 6.0 1.0 distance 0.796 0.796

Beta 60 6 1.0 1.0 distance 0.860 0.860

Gamma 60 6 1.0 1.0 uniform 0.817 0.817

All bands 60 10 1.0 1.0 uniform 0.919 0.919

Table 2.6 Best-performing k-nearest neighbor (k-NN) models for arousal classification
on the MAHNOB-HCI dataset using full-length EEG signals (l = 60).
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Figure 2.9 Balanced accuracy (top) and F1 score (bottom) for valence classification
using k-nearest neighbor (k-NN) classifiers on the MAHNOB-HCI dataset. Performance
is presented as a function of EEG signal length (horizontal axis, in seconds) under different
sliding window sizes used for feature extraction.

k-NN hyperparams

Freq. band l w k p v Bal. Acc. F1 score

Theta 24 6 1.0 1.0 uniform 0.711 0.711

Alpha 50 10 1.0 1.0 distance 0.756 0.755

Beta 54 6 4.0 1.0 distance 0.854 0.854

Gamma 54 6 2.0 1.0 distance 0.817 0.818

All bands 54 6 2.0 1.0 distance 0.894 0.894

Table 2.7 Best-performing k-nearest neighbor (k-NN) models for valence classification
on the MAHNOB-HCI dataset using partial EEG signals (l < 60).
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k-NN hyperparams

Freq. band l w k p v Bal. Acc. F1 score

Theta 60 10 1.0 1.0 distance 0.770 0.769

Alpha 60 10 1.0 1.0 distance 0.767 0.766

Beta 60 6 4.0 1.0 distance 0.880 0.880

Gamma 60 6 1.0 1.0 distance 0.815 0.815

All bands 60 10 1.0 1.0 distance 0.930 0.930

Table 2.8 Best-performing k-nearest neighbor (k-NN) models for valence classification
on the MAHNOB-HCI dataset using full-length EEG signals (l = 60).

Discussion and Limitations

The findings demonstrate that efficient affect decoding from EEG is possible

without requiring full-length signal processing. Performance reaches its peak

within approximately 30 seconds of data for DEAP and within 40–42 seconds for

MAHNOB-HCI, meaning that reliable affect recognition can be achieved even

when users do not watch entire videos or when real-time adaptive systems cannot

afford full-length analysis. This directly challenges the common assumption that

complete signals must be used for optimal performance. Sampling windows of 6

and 10 seconds produce the most reliable performance for traditional Machine

Learning models, while shorter windows benefit deep models by increasing the

number of training samples, which is particularly important in data-scarce EEG

contexts.

Another significant finding is that the Beta band alone carries enough discrim-

inative information to match models trained on all frequency bands, contrasting

with older assumptions that combining all bands is necessary [53] and aligning

with recent work suggesting that high-frequency components contain strong

affective signals [53]. Focusing on the Beta band alone reduces computational

cost and lowers noise, making it advantageous for real-time systems.

Balanced Accuracy and F1 scores were consistently similar across experiments,

implying that models did not show bias toward either class and that errors in false
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positives and false negatives were balanced, which is valuable for applications

where both misclassification types pose risks.

Despite these promising findings, several limitations temper the generaliz-

ability of the results. Both DEAP and MAHNOB-HCI are curated datasets that

include videos specifically chosen to elicit affective responses. Because of this,

affective responses may arise early in the signal, making short segments unusu-

ally discriminative. In real-world settings with more variable content, affective

responses may occur less consistently. Another limitation is that signal segments

were treated as independent classification instances across both datasets, a com-

mon but potentially problematic practice [80, 78, 79], since dependencies across

trials or participants may influence performance. Although deep models were

included, none outperformed simpler classifiers, likely due to the limited size of

the available datasets, a well-known challenge in EEG research [35, 6]. We note

that additional modalities such as electrodermal activity or heart-rate variability

might improve performance in future hybrid systems. Finally, crowdsourcing

approaches for gathering additional data may be promising but remain method-

ologically underdeveloped, especially regarding how to combine multi-participant

signals to improve reliability.

Future Work

While our results suggest that efficient affect decoding is feasible under realis-

tic constraints, several promising directions remain. First, future work should

validate these efficiency findings in less curated and more heterogeneous view-

ing contexts (e.g., everyday streaming content, short-form clips, or user-driven

skipping), where affective responses may be weaker, delayed, or less consis-

tent than in benchmark datasets. In addition, our current setup treats signal

segments as independent instances; a natural next step is to explicitly model

and evaluate dependencies across participants and videos (e.g., cross-video gen-

eralization, subject-wise splits, or hierarchical models), since participant- and
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stimulus-specific factors can materially shape decoding performance.

Second, expanding the data and sensing assumptions could improve robustness

without sacrificing efficiency. One avenue is to explore scalable data collection

(e.g., crowdsourcing) together with principled methods for fusing signals across

users, including studying the trade-off between number of participants and re-

quired signal length for reliable decoding. Another is multimodal fusion with

peripheral physiology (e.g., heart-rate variability or electrodermal activity) to

compensate for EEG variability and strengthen inference in noisy real-world

settings. Finally, future systems could move beyond fixed windowing by learn-

ing adaptive, content- or event-aware temporal sampling strategies that identify

informative moments online, enabling truly real-time affect-adaptive interfaces.

Conclusion

Affect decoding is becoming increasingly central in HCI, where systems that

respond to users’ emotional states can create richer and more adaptive interactions.

This study addresses a critical gap in the field by examining how affect decoding

can be performed efficiently when users are exposed to dynamic audiovisual

content. Through systematic evaluation of EEG signal length, sampling window

size, and frequency band selection, we demonstrate that affective responses can

be decoded accurately using relatively short EEG segments, larger window sizes

for traditional models, and selective use of the Beta frequency band. These

findings have significant implications for the design of real-time affective systems,

enabling faster data collection, reduced computational overhead, and improved

adaptability to real-world settings. By showing that shorter durations and selective

features suffice for robust decoding, the study opens new pathways for building

efficient, scalable, and practical EEG-based affect recognition models that function

effectively in dynamic HCI environments.
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2.3 Good GUIs, Bad GUIs: Affective Evaluation of

Graphical User Interfaces

Affective computing can play a significant role in enhancing the design and

evaluation of graphical and intelligent user interfaces by enabling emotion-aware

adaptation. Despite this potential, emotional responses are rarely leveraged to

assess whether a GUI design is perceived as effective or ineffective. In this work,

we explore the use of physiological signals as a fast, unobtrusive, and reliable

means of affective evaluation for GUI designs, eliminating the need for explicit user

feedback. We carried out a controlled study involving 29 participants who viewed

20 well-designed and 20 poorly designed GUIs, while simultaneously capturing

eye movements via eye tracking, facial expressions through video recordings,

and neural activity using EEG. Distinct patterns emerged across the collected

modalities, prompting the training and comparison of multiple computational

models to discriminate between good and bad designs. Our results indicate that

each sensing modality exhibits an optimal trade-off between model choice and

signal duration. Overall, the findings demonstrate that physiological data can

effectively differentiate between high- and low-quality GUI designs, opening the

door to implicit, user-centered evaluation approaches based on physiological user

modeling.

Motivation

The question of whether a GUI is good or bad remains central to interface evalua-

tion, since design errors become more costly to repair the later they are discovered,

and early, efficient, and minimally intrusive evaluation methods are needed to

support iterative design processes [96, 87, 97, 98]. Traditional evaluation methods

can be classified according to whether they involve users or not, and whether

they rely on real or represented GUIs [99]. Methods without users have attempted

to automate GUI evaluation using heuristics, guidelines, or computational aes-
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thetics models [100, 101, 102, 103, 104]. Although useful, their results remain

independent of actual users and contexts, and prior studies have shown that aes-

thetic preferences vary substantially with personal taste, psychological traits, and

demographic background [105, 106, 107]. Self-reported evaluations of aesthetics

are also limited due to subjectivity and carry-over effects [98].

Evaluation methods with users provide context-sensitive outcomes but are

often costly, explicit, and conducted too late, requiring users to verbalize or

justify their judgments [108, 109]. At the same time, the emotional impact of

GUI design has gained increasing attention, as aesthetics influence not only

usability judgments but also emotional reactions that contribute to engagement,

brand loyalty, and user retention [110, 111, 112, 113, 114]. Positive aesthetic

experiences are linked to physiological well-being [115] and are known to affect

user perceptions at early stages of interaction. Conversely, poorly designed GUIs

can induce negative emotions that lead to frustration or abandonment [114].

To bridge the gap between subjective aesthetic impressions and objective

evaluation needs, the paper investigates whether implicit affective responses can

serve as early indicators of GUI quality. Neurological and peripheral physiolog-

ical signals, such as facial expressions [116], eye activity [114], and EEG [117],

may reveal rapid, automatic emotional reactions that do not require explicit

self-reporting. Because labeled affect datasets for GUIs are essentially nonexis-

tent [114], building models of affective responses to interface design is challenging.

However, based on intersubjectivity principles suggesting that shared reactions

can become objective indicators [109, 98], the authors hypothesize that physio-

logical signals can reliably distinguish good and bad GUI designs. This research

aims to uncover how users affectively respond to interface aesthetics and content

properties, and whether these responses can support implicit evaluation of GUI

design quality. This study investigates whether multimodal physiological data

can provide early, implicit, and efficient signals for distinguishing good and poor

GUIs, thereby enabling new approaches to evaluating interface design throughout
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the development lifecycle.

Related Work

The research builds on two main areas: GUI aesthetics and emotion recogni-

tion. Within GUI aesthetics research, numerous methods have been proposed

to evaluate interface quality [118], with aesthetics shown to influence perceived

usefulness, credibility, and likelihood of revisiting [119, 120, 121, 122]. Findings

have been mixed regarding whether users consistently distinguish good from

bad designs. Some studies report that both experts and non-experts can reliably

detect poor designs, although experts may sometimes judge good designs more

harshly [119]. Automatic evaluation systems have reinforced that people rely

on similar visual cues regardless of viewing duration [123, 115, 124]. Standard

aesthetic evaluation often uses questionnaires [125, 126] which require explicit

user input. By contrast, physiological measurements provide a way to capture

user responses during natural interaction, addressing limitations of explicit and

model-based methods.

Emotion recognition research is extensive [127, 128, 129, 130, 131] and com-

monly relies on facial expressions, eye tracking, and EEG signals. Facial expression

methods often achieve high accuracy in controlled datasets with actors [132, 133,

134, 135] but are unrealistic for GUI evaluation where users rarely display exag-

gerated emotional expressions [132, 133]. Eye tracking has been used extensively

for GUI evaluation [100, 136, 137] and generation [136], but its use in affect

recognition remains limited, with prior work noting that eye movements alone

are unreliable for emotion detection [138] and are often combined with other

signals such as EEG [139]. However, pupil dilation and fixation patterns have

been shown to correlate with emotional arousal, task efficiency, and aesthetic

appraisal [140, 141, 105]. Still, little is known about how eye movements respond

specifically to GUI design quality.

EEG-based affect recognition has analyzed frequency bands associated with
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cognitive and emotional states [142, 143] and achieved classification results on

popular datasets such as DEAP [14] using methods ranging from unsupervised

learning [102] to wavelet-based decompositions [144] and deep neural architec-

tures [145]. Multimodal approaches combining EEG with eye tracking or voice

have been shown to improve accuracy [146, 147, 148, 41] but also require complex

synchronization setups [97]. The present study departs from prior work by exam-

ining GUI aesthetics rather than audiovisual or affective stimuli and by jointly

considering eye activity, facial expressions, and EEG signals during exposure to

real interface designs.

Methodology

We conducted a controlled within-subjects experiment to determine whether

physiological signals can distinguish good and bad GUI designs. Forty GUI designs

were selected from the LabintheWild dataset [126], which contains aesthetic

ratings for 418 websites from approximately 32,000 participants worldwide. The

top 20 most positively rated designs were categorized as good and the lowest

20 as bad, ensuring a realistic distribution of aesthetic judgments and reflecting

natural variability in user preferences. Figure 2.10 illustrates examples of good

and bad GUI designs. These stimuli were presented to participants across two

sessions to assess affective responses and test–retest reliability.

Twenty-nine participants between ages 18 and 46 completed the experiment,

after excluding three participants due to data quality issues, equipment failures,

or outlier behavior. All participants had normal or corrected-to-normal vision

and most had no formal training in GUI design. We collected three physiological

modalities: facial expressions recorded through a webcam at 30 fps, EEG signals

recorded using an EEG device with 8 electrodes sampled at 250 Hz and notch-

filtered at 50 Hz, and eye-tracking data captured using an eye tracker sampling at

150 Hz and mounted to a 21.5-inch monitor. All electrodes used conductive gel to

ensure high signal quality. Figure 2.11 illustrates the experimental setup.
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Figure 2.10 Examples of good (left) and bad (right) graphical user interface (GUI)
designs. The illustrated cases correspond to the ratings closest to the centroid of each
respective group.

Each trial began with a 5-second resting phase serving as a physiological

baseline, followed by a 10-second exposure to a randomly selected GUI design.

Participants then answered three rating questions: an overall evaluation on a

9-point scale, a valence rating from very unpleasant to very pleasant, and an

arousal rating from very calm to very exciting. Participants could adjust their

answers freely before confirming their responses. Each participant viewed 20

good and 20 bad designs in randomized order, followed by a second session with

the same designs in a different randomized sequence, separated by a 5-minute

break.

Eye activity was analyzed by examining pupil size during different time

windows: the first second, the first five seconds, and the full ten-second exposure.

Missing data due to blinks were interpolated and the signals were smoothed

with a Savitzky-Golay filter [111]. Differences between consecutive smoothed

values were normalized between 0 and 100. Fixation data were extracted for

each time interval and fixation heatmaps were generated. Facial expression data

consisted of frames extracted every 0.5 seconds for the first five seconds and every

two seconds for the full ten seconds of exposure. Faces were detected using a

Haar Cascade [149] classifier, converted to grayscale, and fed to a Convolutional
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Figure 2.11 Experimental setup and apparatus. Participants wore a Unicorn Hybrid
Black EEG cap (5) and were seated in front of a monitor (1) equipped with a Gazepoint
GP3 eye tracker (2) and a webcam (3). A computer mouse (4) was used to provide ratings
(7) after viewing each GUI design (6). User ratings were collected exclusively as a measure
of perceived quality.

Neural Network (CNN) model equipped with activation-map visualization through

feature-extraction hooks.

EEG data were preprocessed through EEGLAB [150] with Impulse Response

(IIR) bandpass filtering between 0.05 and 80 Hz, Independent Component Analysis

(ICA) artifact removal, and baseline correction. EEG was examined in 1-, 5-, and

10-second windows to assess temporal differences in neural responses to GUI

quality. The methodology provided an integrated pipeline for evaluating whether

eye activity, facial expressions, and EEG signals capture affective distinctions

between good and bad GUI designs.

To evaluate whether physiological signals can reliably distinguish good from

bad GUI designs, we trained supervised classification models on each modality.

Trials with inconsistent user ratings across sessions (differences greater than

two points) were removed to ensure label reliability, resulting in less than 10%

discarded data. For all remaining trials, we defined two classes (“good” for ratings

above 6 and “bad” for ratings below 4) and trained modality-specific models opti-
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mized for the characteristics of each signal. Facial expression data were processed

using a fine-tuned CNN architecture [147] originally designed for audiovisual

affect recognition, relying on grayscale face crops, spatial normalization, and data

augmentation. Eye-tracking signals were modeled in two ways: pupil-dilation

time series were classified using kNN models across multiple temporal windows

(1, 5, and 10 s), while fixation sequences were treated as spatiotemporal inputs

to recurrent architectures (Recurrent Neural Network (RNN), Long Short-Term

Memory (LSTM), Gated Recurrent Unit (GRU)). EEG signals were transformed

into spectral representations using FFT, extracting θ, α, β, and γ bands and com-

puting five standard features: Hjorth activity [87], mobility [87], complexity [87],

spectral entropy [88], and signal energy [89]. These features were then classi-

fied using SVM and kNN models, which are suitable for high-dimensional and

low-sample EEG data. This multimodal pipeline enabled a systematic analysis

of which physiological channels and temporal windows provide the strongest

discriminative power for implicit GUI quality assessment.

Results

The subjective ratings demonstrated clear distinctions between good and bad GUI

designs (Figure 2.12). Distributions of overall rating, valence, and arousal differed

significantly between design categories. For bad designs, all rating distributions

fell significantly below their medians, while for good designs, all ratings fell signif-

icantly above their medians. For example, good GUI ratings in session one yielded

a z = 11.90, p < .001 and a moderate effect size r = .47 (n = 640). Ratings for

bad designs remained consistent across sessions, while ratings for good designs

showed some variability. Cronbach’s alpha values indicated acceptable to good

inter-rater consistency across all measures, and Spearman correlation coefficients

between sessions ranged from .57 to .76, indicating strong temporal stability. A

comparison between participants’ ratings and the original LabintheWild dataset

showed a strong correlation (Pearson r(38) = 0.97, p < .0001 ), validating

46



the relevance of the original aesthetic judgments to contemporary participants

(Figure 2.14). The valence–arousal distributions for good and bad GUIs further

revealed clear separation, with bad designs clustering in low-valence and low-

arousal regions, and good designs clustering in high-valence and high-arousal

regions (Figure 2.13).
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Figure 2.12 Distribution of participants’ responses for rating, valence, and arousal
associated with bad and good GUI designs.

Figure 2.13 Distribution of samples in the valence–arousal plane for bad (left) and
good (right) GUI designs. The radius of each circle represents the relative sample density,
while colors denote values associated with each quadrant.

Eye activity analysis revealed distinct early differences in pupil dilation pat-
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(a) Comparison of user ratings. (b) GUI designs in the valence-arousal
plane.

Figure 2.14 Distribution of samples across user ratings (left) and within the valence–
arousal plane (right).

terns (Figure 2.15). Within the first second of exposure, pupil size changes differed

significantly between good and bad designs (p < .05). An initial increase in pupil

dilation occurred around 200 ms, followed by a decrease within the first 500 ms

when viewing bad designs, suggesting rapid cognitive engagement or strain. This

indicates that affective discrimination may be detectable within the first second

of exposure. Fixation counts (Figure 2.16), however, did not reliably differentiate

between good and bad designs. Fixation heatmaps (Figure 2.17) exhibited stronger

symmetry and centralized focus for good designs, consistent with design prin-

ciples of visual consistency and symmetry [151]. Paired samples t-tests showed

significant differences at all durations.

Facial expression analysis showed that CNN activation maps differed sig-

nificantly between responses to good and bad GUIs (Figure 2.18). Feature map

distributions for Conv2 and Conv3 layers showed statistically significant differ-

ences, indicating that facial activity contains discriminative information regarding

users’ affective responses to GUI quality.

EEG data analysis (Figure 2.19 and Figure 2.20) revealed temporal and spec-
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Figure 2.15 Normalized pupil change for good and bad GUIs across different trial
durations. Shaded regions denote 95% confidence intervals.
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Figure 2.16 Average number of fixations for good and bad GUI designs across various
trial durations. Error bars indicate 95% confidence intervals.

Figure 2.17 Heatmaps of eye fixations for good and bad GUI designs across different
trial durations.

tral differences associated with GUI quality. Although detailed results provide

modality-specific distinctions, EEG signals contributed meaningful differences
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(a) Good GUI example (b) Bad GUI example

Figure 2.18 Visualization of facial expression activation maps during the viewing of
GUI designs.

between conditions and supported the multimodal analysis presented in the paper.

(a) First second (b) First 5 seconds (c) First 10 seconds

Figure 2.19 Brain topographic maps illustrating the distribution of power across
different trial durations.

(a) First second (b) First 5 seconds (c) First 10 seconds

Figure 2.20 EEG spectral activity across different trial durations.

Collectively, these results indicate that subjective ratings, early visual re-

sponses, facial expressions, and EEG activity all contain evidence that users

respond affectively to GUI quality. Each modality exhibits its own performance

characteristics depending on the temporal window of analysis.

Classification performance varied across modalities, confirming that each

physiological signal exhibits its own performance sweet spot. Facial expressions
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Modality Accuracy AUC Optimal window Model

Facial expressions 74% 74% 10 s CNN

Pupil dilation 73% 71% 5 s 7-NN

EEG (β band) 67% 67% 5 s 1-NN

Fixations 54% 53% 5 s GRU

Table 2.9 Summary of best-performing classification models across different modali-
ties.

produced the strongest results, with the CNN reaching 72% accuracy (71% AUC)

in the first 5 seconds and up to 74% accuracy (74% AUC) over the full 10 second

exposure. Pupil dilation also proved highly discriminative: a 7-NN classifier

achieved 73% accuracy (71% AUC) using only the first 5 seconds of data. EEG-

based models performed moderately well, with the best configuration, a 1-NN

classifier using the β band, achieving 67% accuracy and AUC. In contrast, fixation-

sequence models based on recurrent networks performed poorly (approximately

54% accuracy), indicating that gaze trajectories alone do not reliably differentiate

GUI quality. Table 2.9 summarizes the best-performing models for each modality

and highlights the temporal windows that yielded optimal results.

Discussion and Limitations

The findings demonstrate that users exhibit clear affective responses to GUI de-

signs, measurable across subjective ratings, eye activity, facial expressions, and

EEG signals. Physiological signals revealed reliable early distinctions between

good and bad designs, indicating that implicit affective evaluation is feasible.

The early pupil dilation differences, observable within the first 500 ms, suggest

that cognitive and emotional responses to GUI quality occur rapidly and auto-

matically, supporting the possibility of efficient real-time affective evaluation.

Fixation heatmaps further revealed that good designs induce more structured and

symmetrical visual scanning patterns, reinforcing established design principles

regarding layout clarity and symmetry [151]. Facial expression models captured
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differences not visible to human observers, demonstrating that microexpression

analysis provides a sensitive and implicit indicator of user experience. EEG results

contributed additional evidence that neural dynamics differ between good and

bad GUI exposure.

Despite these promising findings, the study includes several limitations. The

dataset used consisted of static GUI screenshots rather than interactive interfaces,

which may limit ecological validity since affective responses during active use

may differ from passive viewing. The exposure duration of 10 seconds was fixed,

which may not reflect natural browsing patterns. Although the LabintheWild

dataset provided ground truth judgments, it is a decade old, raising questions

about temporal relevance, although correlations with current ratings mitigate

this concern. Physiological recordings were performed in a controlled laboratory

environment, which may not generalize to real-world settings where noise and

device variability can affect signal quality. The sample size of 29 participants,

while adequate for a within-subjects design, may limit generalizability across

demographic groups or cultures, especially since aesthetic preferences can vary

with psychological and demographic factors [105, 106, 126]. The study did not

include multimodal fusion models, leaving open questions about how best to

integrate physiological data for affective GUI evaluation.

Future Work

Several promising directions emerge from this work. A natural extension is

to move beyond static screenshots and investigate affective responses during

interaction with fully functional and dynamic GUIs. Studying affect under realistic

tasks such as navigation, form completion, and error recovery would improve

ecological validity and allow the analysis of how aesthetics, usability, and affect co-

evolve over time. Future studies could also vary exposure duration and interaction

complexity to better reflect real-world usage patterns. Expanding the participant

pool to include more diverse cultural, demographic, and expertise backgrounds
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would further clarify how individual differences modulate affective responses to

interface design.

From a modeling perspective, future work should explore multimodal fusion

strategies that integrate eye activity, facial expressions, and EEG signals within a

unified framework, potentially leveraging late or hybrid fusion to accommodate

modality-specific temporal characteristics. Personalized or adaptive models that

account for individual baselines and preferences may improve robustness and

predictive power. Finally, translating these findings into practical design tools such

as real-time affect-aware prototyping systems or implicit evaluation dashboards

could enable designers to receive rapid and non-intrusive feedback early in the

design lifecycle, bridging the gap between affective computing research and

everyday HCI practice.

Conclusion

The study provides strong evidence that good and bad GUI designs elicit distin-

guishable affective responses measurable through eye activity, facial expressions,

and EEG signals. Subjective ratings validated the original dataset categorization

and revealed consistent distinctions between design groups. Eye activity revealed

immediate differentiation, with pupil dilation changes emerging within the first

500 ms, suggesting that affective appraisal of GUI design occurs rapidly and

automatically. Fixation patterns and heatmaps aligned with established design

principles, while facial expression analysis showed that subtle emotional cues

can be detected through CNN feature activation maps. EEG analysis further

demonstrated that brain activity differs across design quality categories.

Together, these results indicate that implicit physiological evaluation of GUI

designs is feasible, and that each modality exhibits an optimal temporal window

for effective discrimination. This suggests that affective evaluation tools can be

integrated into early stages of design, providing rapid, non intrusive feedback

without requiring explicit user input. The research contributes a foundation for
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building multimodal affect aware evaluation systems and opens pathways for

future work in interface design, affective computing, and HCI.

54



Chapter 3

Decoding Attention

3.1 Introduction

Understanding how humans allocate attention is central to advancing HCI re-

search. Attention manifests through observable behavioral and physiological

signals that reveal cognitive processes otherwise hidden from direct inspection.

As technology increasingly mediates how people search, learn, and make deci-

sions, decoding attentional processes becomes essential not only for evaluating

user experience but also for building adaptive and intelligent systems that respond

to users’ cognitive demands.

In digital information environments such as SERPs, attention is a scarce and

valuable resource. Organic search results, advertisements, and interactive mod-

ules compete simultaneously for the user’s focus, shaping decision-making and

influencing both user satisfaction and commercial outcomes. Accurate model-

ing of visual attention therefore serves a dual purpose: it informs the design of

interfaces that efficiently guide the user’s perceptual flow, and it supports the

development of scalable computational models capable of approximating human

gaze behavior using accessible interaction data such as mouse movements.

A unifying motivation in this part of the thesis is the need for objective, con-
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tinuous, and scalable decoding of attentional processes. Traditional self-reports,

click logs, or aggregated behavioral metrics lack temporal precision and provide

only indirect insights into moment-to-moment focus. In contrast, behavioral and

physiological sensing—particularly eye and mouse tracking—offers rich, time-

resolved data for inferring how users distribute their attention in complex visual

environments. The studies presented in this chapter address these challenges by

combining controlled experimental designs with machine learning methods that

transform implicit user behavior into interpretable measures of attention alloca-

tion. This line of work contributes toward the development of attention-aware

systems capable of supporting more adaptive interfaces and human-centered

computational models. This chapter addresses RQ2 by examining whether user

attention can be inferred from behavioral signals, particularly mouse movements,

in web search environments.

3.2 A Versatile Dataset of Mouse and Eye Move-

ments on Search Engine Results Pages

We present AdSERP as a comprehensive dataset designed to support research on

user attention and purchasing behavior within SERPs. Prior studies have often

employed mouse interaction data as a scalable behavioral surrogate while relying

on post-task self-reported labels as ground truth, an approach that can suffer

from inaccuracy and response bias. To overcome these limitations, we employ

eye-tracking technology to derive an objective and continuous measure of visual

attention. The dataset consists of 2,776 transactional queries issued on Google

SERPs by 47 participants and includes: (1) HTML source files with associated

CSS and images; (2) rendered SERP screenshots; (3) eye-tracking recordings; (4)

mouse interaction logs; (5) bounding boxes for both direct display and organic

advertisements; and (6) scripts to facilitate data preprocessing. In addition, we de-

scribe the dataset in detail and report baseline classification experiments intended
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to illustrate its utility and to encourage future research directions.

Motivation

Understanding how users allocate attention on SERPs is essential for optimizing

design, relevance modeling, advertisement placement, and the general structure

of SERP interfaces. Designers and researchers have long relied on eye tracking to

measure human visual attention on SERPs, since gaze patterns provide a direct

indicator of what users notice, inspect, and consider relevant when performing

web search tasks [152, 153, 154, 155]. Despite its value, eye tracking requires

specialized hardware and controlled laboratory settings, which limits scalability

and makes large-scale deployment impractical. Consequently, mouse movements

have been widely adopted as a scalable proxy for gaze, especially for large online

experiments, because they can be collected unobtrusively and at very low cost

while users browse in natural environments [156, 157, 158, 159, 107].

Earlier work attempting to decode user attention from mouse data on SERPs

has depended heavily on self-reported ground-truth labels or post-task question-

naires, which are prone to inaccuracy and bias [160, 161, 162]. Post-hoc responses

do not reliably represent continuous attention over time nor capture fast, subtle

moments of visual engagement. This gap reinforces the need for datasets that pro-

vide objective, fine-grained, continuous ground-truth measurements for attention,

ideally through eye fixations.

Many existing datasets contain mouse movement logs but lack correspond-

ing eye-tracking information, or contain only small samples of eye and mouse

data that were not publicly shared. Some contain screenshots of SERPs but no

programmatic AOI segmentations or HTML source code, making large-scale

semantic analysis difficult. Because of these constraints, the field has lacked a

comprehensive dataset pairing dense eye and mouse movement recordings with

detailed SERP-level structural information, especially for transactional queries

that play a central role in commercial search and online purchasing behavior.
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This study addresses these gaps by introducing AdSERP, a large, publicly

available in-lab dataset containing synchronized mouse trajectories, eye move-

ments, SERP screenshots, HTML source code, advertisement bounding boxes,

and preprocessing scripts for AOI computation. Its primary motivation is to

enable the research community to model and understand user attention with

objective labels, to revisit prior assumptions about mouse–eye coordination, and

to build predictive models that can infer attention from inexpensive behavioral

signals on real SERPs. The dataset is especially valuable because it focuses on

transactional search queries, where ad positions and user goal-directed behavior

directly affect commercial outcomes. Grounding machine learning models in

eye-based attention labels helps researchers overcome the issues of bias, noise,

and unreliability associated with previous self-reported approaches.

Related Work

Mouse movements have served as a rich behavioral signal revealing many aspects

of user behavior, including demographics [163], identity [164], satisfaction [165,

166], preferences [167, 168], experience [169, 170], decision making [171, 172],

future activity [173, 174], and visual attention [160, 159]. Some studies explored

whether mouse trajectories can predict gaze patterns. Smucker et al. [175] exam-

ined mouse movements during relevance judgments but found that for simple

tasks they did not reliably indicate attention. Other studies proposed models

incorporating clicks, attention, and satisfaction to improve behavioral predic-

tion [165].

Certain prior work demonstrated that mouse signals can outperform tradi-

tional click-based models in predicting user engagement with SERP modules [156]

and can enhance click prediction and relevance estimation [176]. Horizontal

mouse movement patterns have been linked to reading direction and engage-

ment [177, 178]. More recent work has explored LSTM-style models for predicting

user behavior from cursor data [179].
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Alignment between mouse and eye movements remains inconsistent across

studies. Johnson et al. [180] showed high correspondence, but only because

participants were explicitly instructed to move the mouse in synchrony with

their gaze. Other studies using naturalistic search tasks showed substantial

divergence between gaze and cursor position, with eye and mouse behaviors

often decoupled [157, 181, 182, 183].

Few datasets systematically combine eye tracking and mouse tracking on

SERPs. Datasets by Guo and Agichtein [184] and Huang et al. [157] contained

both modalities but were small and not publicly released. Mao et al. [185] included

both signals but did not release the dataset. Liu et al. [186] provided a dataset

with eye and mouse data but lacked AOI segmentation and HTML files. Chen

et al. [187] collected mouse information for satisfaction prediction but did not

release data. The Attentive Cursor Dataset [160, 159] was larger and publicly

shared but lacked eye movement data and relied on self-reported attention labels.

No existing publicly available dataset offers transactional queries, large scale

logs, both eye and mouse data, HTML for AOI derivation, and programmatic AOI

identification simultaneously (Table 3.1). AdSERP is the first dataset to meet all

these requirements.

Ref. Transactional Large Eye Mouse AOIs HTML Availability

[184] ✗ ✗ ✓ ✓ ✗ ✗ ✗

[157] ✗ ✓ ✓ ✓ ✗ ✗ ✗

[185] ✓ ✗ ✓ ✓ ✗ ✗ ✗

[186] ✗ ✓ ✓ ✓ ✗ ✗ ✓
[187] ✗ ✓ ✗ ✓ ✗ ✗ ✗

[160, 159] ✓ ✓ ✗ ✓ ✓ ✓ ✓
Ours ✓ ✓ ✓ ✓ ✓ ✓ ✓

Table 3.1 Summary of prior studies, ordered by publication year. The Large column
denotes studies that analyzed more than 1,000 log files.
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Methodology

The dataset was constructed through a controlled laboratory experiment with

47 participants. Demographics include ages 19–44, gender distribution of 27

male and 20 female participants, and English proficiency at B2 or above. Partici-

pants had varied shopping preferences, with many preferring Amazon, and all

reported normal or corrected vision. Figure 3.1 illustrates the demographics of

our participants.

0
20
40
60
80

100

%
 p

ar
tic

ip
an

ts

gender age English
level 

education
level

preferred
device

preferred
shopping website

online shopping
frequency

Figure 3.1 Demographic characteristics of the user sample (N = 47 participants).

Transactional search queries were generated from product titles in the Amazon

Product Reviews dataset [188] by prepending the word “buy” to each title. This

yielded 3,020 unique English-language SERPs containing mixtures of organic

results and direct display advertisements. SERP layouts followed consistent

patterns, with organic ads appearing at the top or bottom of SERPs and direct

display ads appearing at top-left or top-right. Figure 3.2 shows examples of these

layouts.

The SERPs were batched into 302 sets of 10 SERPs, with each participant view-

ing exactly one unique set. Two additional batches were used for familiarization

and were the same for all participants. The apparatus included a 17-inch Dell

LCD monitor at 1280×1024 px and 60 Hz, a Gazepoint GP3 HD eye tracker at

150 Hz, and a Dell MS116 mouse. SERPs were displayed full-screen. A custom

web-based application guided participants through each trial.

As illustrated in Figure 3.3, each trial began with a product title and query.

Participants were instructed to imagine they intended to purchase the item, after

which they viewed the SERP for up to one minute. They could scroll freely, inspect
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results, and click an option. After clicking, they could confirm their selection or

continue browsing for another minute.

The dataset includes HTML files with embedded CSS and images, full-page

SERP screenshots, XML logs describing trial metadata, and programmatically

derived AOI bounding boxes for ads. AOI coordinates were extracted using Se-

lenium WebDriver
1

and stored as (x, y, w, h) tuples. Eye tracking was recorded

both as pupil size streams (timestamp t, coordinates x, y, and pupil diameters) and

as fixations (timestamp t, coordinates x, y, duration d). Mouse events included

timestamp t, cursor position x, y, event type e, and DOM XPath. Preprocessing

scripts include visualization tools for eye and mouse data such as heatmaps, tra-

jectory plots, and combined overlays following prior work [160]. Additionally,

screen recordings (Figure 3.5) are provided for every trial. Moreover, we incorpo-

rated a set of mouse-movement visualizations (Figure 3.4) that were proposed in

a previous study by Arapakis and Leiva [160]. Of the 2,820 trials, 2,776 remained

after removing malformed logs. These represent combinations of ad placements.

The dataset also includes scripts for computing AOIs beyond advertisements,

enabling custom segmentation of SERP components.

To evaluate whether mouse movements can reliably predict visual attention

on SERPs, we conducted baseline classification experiments that map cursor

trajectories to fixation-derived attention labels. Each trial was assigned a binary

label indicating whether users attended to a specific advertisement AOI, computed

via the fixation-duration based attention metric. A simple attention metric was

introduced:

Attentiontrial =
∑

Fixation DurationAOI∑
Fixation Durationtotal

(3.1)

where Attentiontrial is a value ranging from 0 to 1. This measure can also be

transformed into a binary indicator to assess whether an AOI received relatively

1https://www.selenium.dev/
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sufficient attention or not:

labeltrial =


1 if Attentiontrial > τ,

0 otherwise.
(3.2)

where τ is a user-defined cutoff value, typically derived from the collected data and

influenced by the AOI type as well as the input duration. For example, Figure 3.6

illustrates how attention values vary across different exposure lengths for DD

ads. Thus, the choice of threshold is a tunable parameter that can be adjusted

according to the specific context or objectives of the study. In our study, τ was

set to the median value of the attention scores for each experiment.

We tested multiple input representations, including Mouse2Vec [174] embed-

dings and raw mouse time series concatenated with AOI bounding box coordi-

nates, and examined how predictive performance varies with different temporal

windows (first 5, 10, 15, and 20 seconds of interaction). Three model families

were implemented: SVM, kNN, and GRU-based recurrent networks, using strati-

fied train and test splits and early stopping for optimization. This methodology

enables systematic comparison of traditional machine-learning approaches and

sequence-based neural models in predicting fine-grained attentional states from

inexpensive cursor data.

Results

The analysis covers 2,776 valid trials. The mean trial duration was 22.16 seconds

with a median of 20 seconds. Most trials (97.4%) were completed with a single

click, 2.4% with a second click, and 0.2% with three clicks. Left-aligned direct

display ads were selected in 8.61% of trials, right-aligned direct display ads in

3.78%, and organic ads in 5.19%. Non-ad clicks constituted 82.42% of selections.

Fixation counts (Figure 3.7) on ad and non-ad areas were computed across

layout conditions, showing that direct display ads attract substantial attention.
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Organic ads attracted less attention. Fixation duration (Figure 3.8), an indicator

of attentional depth [189], showed a right-skewed distribution consistent with

prior findings [190]. The dataset contained an average of 84.42 fixations per trial

and an average fixation duration of approximately 218 ms.

Heatmaps (Figure 3.9) comparing eye and mouse distributions across SERP

layouts demonstrated differing degrees of alignment between modalities. Mutual

information between mouse and eye behavior remained low across all layouts:

0.02 for SERPs with right-aligned direct display and organic ads, 0.01 for SERPs

with only organic ads, and 0.06 for SERPs with left-aligned direct display and

organic ads. ANOVA testing revealed no statistically significant differences.

KL divergence values were 19.89, 21.90, and 17.27 respectively, with significant

differences across conditions. Post-hoc tests showed greater divergence between

eye and mouse for SERPs with only organic ads.

Distances between gaze and cursor positions (Figure 3.10) were also analyzed.

Euclidean distance averaged 372.89 px, substantially larger than findings reported

by Huang et al. [158]. Divergence was greater in the vertical axis than the

horizontal axis.

Classification results (Table 3.2 and Table 3.3) show that early-stage mouse

trajectories contain strong signals for inferring visual attention. GRU models

consistently outperformed SVM and kNN baselines across all durations and input

types, achieving the best performance when using only the first five seconds

of cursor data. For SERPs with organic ads, the GRU reached an F1 score of

93%, while performance for direct-display ads was lower but still strong (F1 =

73%). SVM and kNN models performed noticeably worse, especially when relying

on Mouse2Vec embeddings, likely due to a domain mismatch between SERP

cursor behavior and the embedding model’s pretraining corpus. These results

demonstrate that attention can be predicted accurately and very early in the

interaction, well before users complete the task, highlighting the potential of

sequence-based models for scalable, low-cost attention inference.
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Model type Duration (s) F1 score AUC

SVM 5 0.67 0.71

k-NN 5 0.57 0.57

GRU 5 0.70 0.78

SVM 10 0.63 0.67

k-NN 10 0.54 0.55

GRU 10 0.73 0.82

SVM 15 0.59 0.59

k-NN 15 0.54 0.54

GRU 15 0.72 0.77

SVM 20 0.60 0.60

k-NN 20 0.55 0.55

GRU 20 0.69 0.74

Table 3.2 Performance of baseline models under different input representations and
mouse trajectory durations on SERPs containing various combinations of DD ads.

Model type Duration (s) F1 score AUC

SVM 5 0.89 0.94

k-NN 5 0.86 0.84

GRU 5 0.93 0.97

SVM 10 0.92 0.95

k-NN 10 0.85 0.82

GRU 10 0.93 0.97

SVM 15 0.88 0.90

k-NN 15 0.77 0.76

GRU 15 0.90 0.96

SVM 20 0.86 0.91

k-NN 20 0.71 0.71

GRU 20 0.89 0.95

Table 3.3 Performance of baseline models under different input representations and
mouse trajectory durations on SERPs containing only organic ads.

Discussion and Limitations

The AdSERP dataset provides the first large-scale combination of eye tracking,

mouse trajectories, SERP HTML, and AOI segmentation for transactional queries.
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The results reveal expected and unexpected properties of mouse–eye coordina-

tion. Direct display ads attract strong visual attention. Organic ads receive less

attention, which may affect commercial outcomes.

Cursor–gaze agreement is limited and varies by layout. Mouse signals often

diverge significantly from eye fixations, especially vertically, confirming earlier

findings [157, 182, 183] at a larger scale and with objective attention labels.

Early mouse movements proved highly predictive of visual attention, with

GRU models outperforming SVM and kNN approaches. Mouse2Vec performed

less effectively due to domain mismatch.

The dataset has limitations. It includes only desktop browsing with a physical

mouse and does not represent trackpad behavior or mobile interactions. Mobile

devices lack cursor data, which limits comparability. Most participants preferred

Amazon, which may influence browsing strategies. Queries were fixed rather than

user-generated. The one-minute trial limit may restrict observations of extended

search behavior. The dataset focuses exclusively on transactional queries, leaving

out informational or navigational ones.

Future Work

The AdSERP dataset opens several promising directions for future research on

attention modeling and user behavior on SERPs. A natural extension is to move

beyond advertisement-level AOIs toward finer-grained (see Figure 3.11), element-

level attention prediction, such as isolating prices, images, ratings, or textual

descriptions within ads and organic results. Leveraging the provided HTML and

DOM structure enables precise semantic segmentation, allowing researchers to

study how visual attention aligns with content relevance, visual saliency, and

commercial attributes. Additionally, combining gaze data with computer vision

techniques applied to SERP screenshots could support multimodal models that

jointly reason over layout, visual features, and interaction signals.

Future modeling work could also explore representation learning approaches
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that better adapt to the SERP domain. For instance, pretraining or fine-tuning

cursor embeddings such as Mouse2Vec on AdSERP data may improve gener-

alization compared to off-the-shelf embeddings trained on non-search tasks.

More expressive architectures, including transformer-based sequence models

or multimodal fusion networks integrating mouse, eye, and visual inputs, may

further enhance early attention prediction. Beyond modeling, extending data

collection to include different input devices (e.g., trackpads), mobile interactions,

user-generated queries, and non-transactional search intents would broaden the

ecological validity of findings and enable comparative studies across devices,

intents, and interaction paradigms. Together, these directions position AdSERP

as a foundation for advancing attention-aware systems in search and advertising

research.

Conclusion

The paper introduces AdSERP, a comprehensive publicly available dataset for

analyzing user attention on SERPs through combined eye and mouse tracking (see

Figure 3.12 for illustrative examples). Its contributions include complete HTML

source files, fine-grained AOI boundaries, SERP screenshots, and continuous eye-

based attention signals. Analyses provide new insights about user engagement,

including strong attention capture by direct display ads and limited agreement

between mouse and eye behavior. Baseline models show that visual attention can

be predicted from early mouse movements with high accuracy, particularly for

organic ads.

This dataset enables research into computer vision on SERP screenshots, DOM-

level semantic analysis, AOI modeling, and improved representation learning for

mouse trajectories. It provides a foundation for attention-aware models in search,

advertising, and user modeling. The dataset has been publicly released
2

in full

and is intended as a versatile resource for the Information Retrieval (IR) and HCI

2https://zenodo.org/records/15236546
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communities.

3.3 AdSight: Scalable and Accurate Quantifica-

tion of User Attention in Multi-Slot Sponsored

Search

Modern SERPs feature increasingly complex layouts in which multiple elements

compete for user attention. Accurate attention modeling is essential for improv-

ing web design and computational advertising, as attention-related metrics can

guide advertisement placement and monetization strategies. We present AdSight,

a scalable and precise approach for estimating user attention in multi-slot en-

vironments such as SERPs by leveraging mouse cursor trajectories. AdSight is

built upon a novel Transformer-based sequence-to-sequence (Seq2Seq) architec-

ture in which the encoder processes embeddings of cursor movements and the

decoder integrates slot-specific features, allowing reliable attention prediction

across diverse SERP configurations. We evaluate the proposed method on two

machine learning tasks: (1) regression, aimed at predicting fixation durations

and counts; and (2) classification, focused on identifying whether specific slot

types attracted attention. The results demonstrate that AdSight achieves highly

accurate attention predictions, providing valuable insights for both research and

practical applications.

Motivation

The increasing complexity of modern SERPs has transformed how user attention

must be understood, modeled, and quantified. Early web pages were largely static

and text based, where saliency was primarily driven by textual relevance. As web

interfaces evolved to include images, logos, banners, interactive elements, and

dynamic content, attention became influenced not only by content but also by
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layout and visual hierarchy [191]. Contemporary SERPs now contain heteroge-

neous elements such as organic results, direct display advertisements, featured

snippets, and side panels, all competing simultaneously for user attention. This

competition makes accurate attention modeling essential for effective web design

and computational advertising.

The importance of attention modeling is particularly pronounced in sponsored

search, where advertising revenue underpins a large portion of search engine

business models. Ads contribute roughly one third of advertising revenue for

major search engines, amounting to tens of billions of dollars annually [192].

However, complex SERP layouts introduce challenges such as good abandon-

ments, where users obtain sufficient information without clicking, complicating

traditional metrics like clicks and impressions [193, 194]. As a result, clicks alone

no longer provide a reliable proxy for user attention or ad effectiveness.

Accurate attention prediction enables more strategic ad placement, reduces

intrusive advertising experiences, and improves monetization efficiency. It also

supports emerging paradigms such as pay-per-attention auction schemes, which

charge advertisers based on whether users actually noticed ads rather than

whether they clicked them [195]. Despite the promise of these approaches, exist-

ing attention measurement methods often rely on eye tracking, which is expensive,

intrusive, and impractical at scale. Consequently, scalable alternatives are required

to support large-scale deployment.

Mouse cursor tracking has emerged as a viable proxy for visual attention, as

cursor movements correlate with gaze behavior on SERPs and can be collected

unobtrusively at scale [196, 197, 157, 158, 159, 198]. Nevertheless, existing mouse-

based approaches typically analyze single ads in isolation, fail to account for

multiple slots simultaneously, or rely on simplified models that do not generalize

well across different SERP layouts. Moreover, many approaches lack objective

ground truth labels derived from eye tracking.

This study introduces AdSight to address these challenges. AdSight is de-
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signed to quantify user attention in multi-slot sponsored search environments

using mouse cursor trajectories while maintaining scalability and accuracy. By

leveraging a Transformer-based Seq2Seq architecture that integrates cursor dy-

namics with slot-specific metadata, the method aims to predict attention across

heterogeneous SERP layouts. The motivation is to provide a low-cost, scalable

alternative to eye tracking that delivers precise attention estimates suitable for

real-world advertising systems.

Related Work

Research on mouse cursor analysis has a long history across experimental psychol-

ogy, cognitive science, and information retrieval. Mouse trajectories have been

used to study motor control, decision making, consumer choice, and cognitive

processes during everyday tasks such as e-shopping [199, 200, 201, 202, 203, 204].

In information retrieval, eye tracking has traditionally been used to analyze user

behavior and relevance judgments [205, 206, 207, 208, 209], but its reliance on

specialized hardware limits scalability.

Mouse tracking offers a cost-effective alternative that can be deployed in

natural browsing environments without additional equipment [210]. Prior work

has demonstrated that mouse movements can serve as a reasonable proxy for gaze,

particularly on SERPs [156, 197, 157, 158, 159, 198]. Mouse data have been used

to inform usability testing [211], predict user engagement and intent [212, 213,

214], detect frustration and abandonment [193, 215, 216], and model open-ended

behaviors [179].

Within user modeling, early approaches relied on coarse-grained cursor fea-

tures to infer user interest [217, 218], while later work employed fine-grained

features that improved prediction accuracy [213, 219]. Mouse data have been

used to predict search satisfaction and success [184, 220], and to extend click

models for improved relevance estimation [221, 158]. Mouse cursor motifs have

also been introduced to capture recurring behavioral patterns associated with
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attention and relevance [222, 220].

Several studies specifically investigated visual attention inference from mouse

movements. Mouse trajectories have been used to predict reading behavior [223],

hesitation patterns [224], and whether users are looking at the content pointed

to by the cursor [225]. Research on direct displays has shown that mouse data

can support attention measurement and enable pay-per-attention advertising

models [196, 195]. However, these studies typically focus on individual elements

rather than jointly modeling attention across multiple slots.

In sponsored search, earlier scanning models assumed linear top-to-bottom

exploration, but this assumption no longer holds due to heterogeneous SERP

components [226, 227, 228]. More recent models incorporate ancillary modules

and non-linear scanning behavior [229, 221, 198]. Liu et al. [230] showed that

users often skim SERPs before reading, proposing a two-stage examination model

that can be predicted from mouse movements.

The closest prior work to AdSight is by Arapakis and Leiva [231], who devel-

oped diagnostic technologies to measure attention to direct displays using mouse

data [196, 231, 195]. However, these approaches analyze one slot at a time and

do not support simultaneous attention prediction across multiple slot types. The

present work differs by introducing a Transformer-based framework that models

attention to multiple slots jointly and by using eye tracking to provide objective

ground truth labels for training and evaluation.

Methodology

The study is based on AdSERP dataset [232], as described in section 3.2. Attention

prediction is formulated as two learning problems. The regression task predicts

Total Fixation Time (TFT) and Total Fixation Count (TFC) for each individual

slot. The classification task predicts whether a user noticed each of the four slot

categories.

Mouse cursor data are represented using both temporal and visual encodings.
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For time-series representations, each mouse event is encoded using normalized

cursor coordinates (x, y) ∈ [0, 1], the time spent at that location, a categorical

feature indicating the slot type at the cursor position (outside= −1, direct-top= 0,

direct-right= 1, organic-top= 2, organic-bottom= 3), and a normalized sequence

index in [0, 1]. Cursor events are asynchronous, and consecutive duplicate co-

ordinates are removed. Transformer-based models operate on variable-length

sequences, while LSTM-based models use fixed-length sequences of 250 timesteps,

obtained via truncation or zero-padding.

Visual representations (see Figure 3.13) of cursor behavior include heatmaps,

color-coded trajectories, and slot-aware trajectory images, which are processed

using Vision Transformer (ViT) embeddings. These embeddings serve as alterna-

tives to time-series cursor representations within the same modeling framework.

Each slot is described using metadata consisting of its normalized center

coordinates (xc, yc) and its categorical slot type. To improve spatial granularity

when the cursor is outside predefined slots, auxiliary slots are introduced in the

main vertical results area and the right column using heuristic placement. The

number of auxiliary slots is tuned experimentally, with the best performance

achieved using three auxiliary slots.

Ground truth attention labels are derived from eye-tracking data. For regres-

sion, TFT is computed as the sum of fixation durations within a slot, and TFC

as the total number of fixations within the slot; fixations shorter than 100 ms

are excluded. For classification, fixations within each slot are clustered using a

density-based procedure, and clusters are characterized by TFT and TFC. A slot

is labeled as noticed if its cluster exceeds the median TFT and TFC thresholds; a

slot category is labeled positive if at least one slot within that category is noticed.

The resulting fixation rates are 42% for direct-top, 46% for direct-right, 44% for

organic-top, and 29% for organic-bottom slots.

AdSight employs an encoder–decoder Transformer architecture (see Fig-

ure 3.14) to map cursor behavior to slot-level attention predictions. Cursor
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features are first projected into a latent space of dimension l ∈ {16, 32, 64}
using a shared multilayer perceptron, and then processed using either a two-layer

bidirectional LSTM or a two-layer Transformer encoder with two attention heads

and a feed-forward dimension of 512. For visual inputs, a frozen ViT backbone is

used, with only the final layers trained and the hidden width scaled by a factor

k ∈ {2, 4, 8}. Slot metadata are embedded via a shared network, concatenated,

and projected back to dimension l. The decoder attends over the encoded cur-

sor representations and produces slot-level predictions via a shared Multilayer

Perceptron (MLP) readout. ReLU activations ensure non-negative outputs for

fixation time and count.

Models are trained using either mean squared error loss or listwise rank

loss for regression, and binary cross-entropy loss for classification. Losses from

auxiliary slots are weighted by a factor α ∈ [0, 1], with best results obtained using

a moderate value of α = 0.33. Training uses the Adam optimizer with learning

rates in {10−3, 10−4, 10−5}, batch sizes in {16, 32, 64}, and a maximum of 100

epochs with early stopping after 25 epochs. Hyperparameters are optimized via

Bayesian optimization with 3-fold cross-validation. Baselines replace the Seq2Seq

decoder with an MLP readout sized to the maximum of 14 slots per SERP and

filtered to the actual slots present. Regression performance is evaluated using

mean squared error and Normalized Discounted Cumulative Gain (NDCG), while

classification is evaluated using area under the ROC curve (AUC) and F1 score.

Results

Across all cursor representations and embedding strategies, Seq2Seq models con-

sistently outperform MLP readout baselines. The best-performing configuration

uses time-series cursor data with a Transformer encoder and a Seq2Seq decoder.

For TFT prediction, this model achieves an average MSE of 2.86 ± 0.02, corre-

sponding to an average absolute error of approximately 1.69 seconds per slot, and

an NDCG of 96.07±0.04. For TFC prediction, the same configuration achieves an
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MSE of 50.07 ± 0.04 and an NDCG of 96.36 ± 0.05. Models optimized using list-

wise rank loss consistently achieve higher NDCG scores than those trained with

mean squared error. Wilcoxon signed-rank tests confirm that Seq2Seq models

significantly outperform MLP baselines across all evaluated settings (p < 0.05).

In the classification task, the Seq2Seq Transformer with time-series cursor

embeddings achieves the best overall performance, with an average AUC of

81.24 ± 0.06 and an average F1 score of 76.25 ± 0.05. Performance varies across

slot categories: direct-top ads achieve an AUC of 80.79 and F1 of 73.90, direct-

right ads an AUC of 81.72 and F1 of 75.07, organic-top ads an AUC of 71.87 and

F1 of 67.27, and organic-bottom ads an AUC of 85.85 and F1 of 82.57. Time-

series representations perform best for direct-display ads, while visual cursor

representations are particularly competitive for organic-bottom slots. Previously

proposed baselines based on BiLSTM and ResNet architectures are consistently

outperformed.

Ablation studies demonstrate the importance of slot metadata, with the re-

moval of slot type causing the largest performance degradation. Among cursor

features, the normalized sequence index is particularly influential. The inclusion

of auxiliary slots yields consistent improvements, with performance increasing as

the number of auxiliary slots grows from zero and peaking at three auxiliary slots.

Moderate weighting of auxiliary-slot loss further improves accuracy, confirming

the benefit of jointly modeling attention transitions across the entire SERP.

Discussion and Limitations

The results demonstrate that user attention on complex SERPs can be accurately

quantified using mouse cursor trajectories when combined with appropriate

modeling techniques. AdSight shows that attention prediction is feasible at scale

and can achieve precision comparable to eye tracking for both regression and

classification tasks. The use of a Transformer-based Seq2Seq architecture allows

the model to capture complex relationships between cursor behavior and SERP
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structure.

The findings highlight the importance of modeling multiple slots jointly rather

than in isolation. Slot metadata and auxiliary slots enable the model to generalize

across diverse layouts and improve robustness. The superior performance of

Seq2Seq models over multilayer perceptron baselines underscores the value of

sequence-aware architectures for attention modeling.

The study has limitations. The dataset was collected in a laboratory setting,

which may differ from real-world browsing behavior. The focus on desktop

SERPs limits applicability to mobile environments, where cursor data may not

be available. While mouse movements correlate with gaze, they do not perfectly

capture visual attention. The approach also relies on eye tracking data for training,

which may limit applicability where such data are unavailable.

Future Work

Several promising directions emerge from this work. First, future research should

validate AdSight in real-world, large-scale deployment settings to assess robust-

ness under naturalistic browsing behavior, diverse user populations, and evolving

SERP designs. Extending the approach to mobile and touch-based interfaces

represents another important avenue, requiring alternative interaction signals

such as touch gestures or scrolling dynamics in the absence of mouse cursor data.

Additionally, incorporating richer contextual signals such as query intent, task

complexity, or temporal session information could further improve attention pre-

diction and personalization. From a modeling perspective, exploring multimodal

architectures that jointly leverage cursor data, page content embeddings, and

lightweight visual features may enhance generalization across heterogeneous

layouts. Finally, reducing or eliminating the reliance on eye-tracking supervision

through weakly supervised or self-supervised learning would increase practicality

and facilitate broader adoption of attention-aware advertising and search systems

building on AdSight.
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Conclusion

We introduced AdSight, a scalable and accurate method for quantifying user at-

tention in multi-slot sponsored search environments. By leveraging mouse cursor

trajectories, slot metadata, and a Transformer-based Seq2Seq architecture, the

approach achieves strong performance in predicting fixation time, fixation count,

and slot noticeability. AdSight consistently outperforms traditional multilayer

perceptron baselines and demonstrates robustness across diverse SERP layouts.

The work advances attention modeling for sponsored search by enabling

low-cost, scalable inference of user attention suitable for real-world deployment.

It provides a foundation for improved ad placement, pay-per-attention models,

and future research on attention-aware search interfaces. The findings indicate

that mouse-based attention modeling combined with modern sequence modeling

techniques can serve as a practical alternative to eye tracking in complex web

environments.
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(a) Organic and right-aligned DD ads

(b) Organic and left-aligned DD ads

(c) Organic ads

Figure 3.2 Examples of SERPs containing advertisements. Organic ads are highlighted
in light red, left-aligned DD (direct-display) ads in light green, and right-aligned DD
(direct-display) ads in light blue.
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Figure 3.3 Example of an experimental trial. Participants are first presented with
information about the product and its associated query (1). They then examine the
SERP (2). Upon clicking an item, participants may choose to terminate the current trial
or continue (3). Finally, they proceed to the next trial when ready (4).
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Figure 3.4 Different types of mouse movement visualizations, as proposed by Arapakis
and Leiva [160], which are also provided in this work.

Time

Figure 3.5 Example frames from a screen recording. Gaze locations and cursor positions
are overlaid on the displayed page.
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Figure 3.6 Distribution of attention on RDD and LDD advertisements across all trials.
Dashed red lines indicate the median values.

%
 N

um
be

r o
f f

ix
at

io
ns

Only RDD ad  RDD ad and organic ad LDD ad and organic ad Only LDD ad Only organic ad
  

0

20

40

60

80

100

visit revisit visit revisit
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refers to the first fixation within an advertisement, whereas revisit denotes a subsequent
fixation on the same advertisement after fixating elsewhere.
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MouseEye

(a) Only organic ads

MouseEye

(b) LDD and organic ads

MouseEye

(c) RDD and organic ads

Figure 3.9 Heatmaps of eye gaze and mouse cursor locations within a 1280×1024 px
viewport for different advertisement combinations.
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Figure 3.10 Coordination between mouse and eye movements across all SERPs.

Figure 3.11 Examples of fine-grained areas of interest (AOIs) with associated metadata.
For DD (direct-display) ads, image content and price information can be extracted. For
organic items, the corresponding links, descriptions, ratings, and review information can
also be extracted.
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Figure 3.12 Visualization of mouse cursor trajectories and eye fixations from a single
participant’s trial at three time points: 5, 10, and 15 seconds after trial onset. The
boundary of the right-aligned advertisement is outlined in blue. Fixations within the
advertisement region are shown as green circles, while fixations outside this region are
shown as red circles; circle size reflects fixation duration. Mouse movement is depicted
by a continuous black trajectory, with a star indicating the starting position and a square
marking the endpoint. The lower panels display the corresponding mouse and eye screen
coordinates, along with pupil size, for each time interval.

(a) Heatmap (b) Color trajectories (c) Color trajectories and
slot-specific color

Figure 3.13 Visual encodings of mouse movement data used to train the ViT models,
all incorporating slot placeholders.
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Figure 3.14 Comparison between the MLP baseline (Figure 3.14a) and the Seq2Seq
approach (Figure 3.14b). The baseline maps cursor data into a dense latent representation
via an MLP configured for the maximum number of slots per document, combined with
metadata-driven filtering. In contrast, the Seq2Seq model embeds cursor data and
metadata into a shared latent space, employing a Transformer Encoder–Decoder to
capture sequential dependencies. Regression heads predict quantities (TFT/TFC), while
classification aggregates type-wise scores and applies a sigmoid to obtain probabilities.
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Chapter 4

Decoding Expertise

4.1 Introduction

Understanding how humans develop expertise is central to advancing HCI re-

search, especially in domains where perceptual and motor skills shape perfor-

mance. Expertise reveals itself through behavioral and physiological signals that

uncover internal cognitive processes not directly observable. As digital technolo-

gies increasingly mediate professional training and complex decision-making,

decoding expertise becomes crucial for evaluating learning progression and for

building intelligent systems that provide meaningful, individualized feedback.

In professional training contexts such as medicine, expertise emerges through

the refinement of perceptual strategies, sensorimotor coordination, and decision-

making under pressure. Subtle variations in gaze patterns, head movements,

and physiological effort can reliably distinguish novices from experts, offering

objective markers of skill acquisition that go beyond traditional instructor-based

evaluations. Such multimodal signals capture how experienced practitioners per-

ceive and prioritize information, how they anticipate events, and how efficiently

they interact within simulated clinical environments.

A unifying motivation in this chapter is the need for objective, continuous, and
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scalable measures of expertise. Conventional assessments are subjective, episodic,

and often insensitive to the nuanced behavioral signatures that indicate growing

mastery. In contrast, multimodal sensing—through eye tracking, head tracking,

and physiological monitoring—provides fine-grained data enabling the inference

of underlying skill levels. The study in this chapter combine controlled simulation

environments with machine learning approaches that transform implicit behavior

into interpretable indicators of expertise. Taken together, this research advances

the development of expertise-aware systems capable of supporting personalized

feedback, adaptive training, and more precise evaluation of professional compe-

tencies. This chapter addresses RQ3 by exploring whether multimodal behavioral

signals can be used to assess expertise in complex tasks.

4.2 Assessing Medical Training Skills via Eye and

Head Movements

We investigated eye and head movement patterns to better understand skill acqui-

sition in clinical environments. Twenty-four practitioners took part in simulated

childbirth training sessions. We extracted several key measures, including pupil-

lary response rate, fixation duration, and angular velocity. The analysis shows

that eye- and head-tracking data can reliably distinguish between trained and

untrained practitioners, particularly during labor-related tasks. For instance,

head-based features achieved an F1 score of 85% and an AUC of 86%, while pupil-

based features reached an F1 score of 77% and an AUC of 85%. These findings

establish a foundation for computational approaches to implicit skill assessment

and training support in clinical contexts, using affordable eye-tracking glasses as

a complement to conventional evaluation methods such as subjective scoring.
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Motivation

Simulation-based training plays an essential role in preparing medical profession-

als for high stakes clinical procedures, offering a safe environment to practice tech-

nical and non-technical skills while receiving immediate feedback from instructors.

However, traditional assessment methods remain subjective, time-consuming,

and potentially biased. To complement subjective evaluation, biosignals such

as eye and head movements provide an unobtrusive and objective means of as-

sessing performance that can be recorded using lightweight wearable devices

like eye-tracking glasses, which are increasingly used in clinical research envi-

ronments [233, 234, 235, 236, 237]. Although eye and head tracking have been

explored extensively in many areas of simulation training, their ability to assess

skill acquisition in specific medical contexts remains insufficiently understood.

In particular, the relative impact of various metrics such as fixations, saccades,

pupil dilation, angular velocity, and cumulative rotation remains unclear, espe-

cially across different phases of complex procedures [238]. This gap is especially

relevant for breech delivery, a challenging and high-risk childbirth scenario that

has not previously been analyzed using these signals.

The study aims to investigate whether eye and head movement data can

reliably indicate the development of expertise during simulation-based breech

delivery training. By analyzing two training sessions for each practitioner and

relating eye- and head-movement-derived metrics to expert-assigned skill scores,

we seek to determine whether these signals can differentiate trained from un-

trained practitioners. The motivation further includes enabling scalable, objective,

and implicit skill assessment, providing medical educators with tools that support

more efficient quality assurance and personalized feedback using commodity-

level sensing technology. The study also introduces a new dataset
1

including

synchronized signals, video, annotated time segments, and post-session skill

scores, intended to serve as a foundation for future computational models of

1https://zenodo.org/records/15163456
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medical skill assessment.

Related Work

The paper reviews prior work on eye tracking, head tracking, and their applica-

tions to clinical training, highlighting both potential and limitations. Eye-tracking

glasses have become widely used in medical research to analyze practitioner be-

havior during procedures, capturing key metrics such as fixations, saccades,

and pupil size to infer attention and decision-making [239, 240]. Prior research

has demonstrated the value of fixation-related metrics for evaluating cognitive

load, visual focus, and expertise development in procedures such as epidural

blocks [241] and needle insertion [242], as well as complex tasks requiring situ-

ational awareness [243, 244]. However, most eye-tracking studies rely on AOI-

based measures, which are difficult to automate in dynamic environments due

to constant viewpoint changes caused by head motion, making AOI annotation

particularly challenging when using head-mounted eye trackers [245, 246, 247].

Beyond fixations, cognition-related metrics such as the Task-Evoked Pupillary

Response (TEPR) have been associated with cognitive load and clinical perfor-

mance [248, 249], while Eye Blink Rate (EBR) correlates with cognitive flexibility

and abilities related to learning [250, 251]. Saccadic metrics, including amplitude,

velocity, and acceleration, have been linked to visual attention and expertise in

medical tasks such as neonatal intubation [252]. Yet, studies show mixed results

regarding whether training reliably affects saccadic behavior [253].

Head movements have also been used to assess surgical skill, with metrics such

as head acceleration helping distinguish novices from experts during laparoscopic

suturing [254]. Angular velocity and cumulative rotation offer further behavioral

indicators that can reflect efficiency and concentration during tasks [255, 256].

Despite extensive research, the literature lacks a detailed comparison between

eye- and head-tracking metrics across different phases of obstetric emergency

training, and no prior work examines breech delivery in particular. This study
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positions itself to fill these gaps by analyzing multiple eye- and head-movement

features across five expert-defined segments of breech delivery, testing explicit

hypotheses derived from prior literature, and training machine-learning models

to evaluate their predictive power.

Methodology

The study was conducted as a controlled simulation experiment during a full-day

obstetric training program held at the Medical Simulation Centre in Ljubljana.

As part of this training, participants took part in a simulated breech delivery, a

childbirth scenario. The simulation followed a standardized educational protocol

using a high-fidelity childbirth manikin and was designed to combine predefined

clinical procedures with realistic, moment-to-moment decision making.

Twenty-four practitioners participated, all holding a 6-year medical degree and

working in obstetric settings, at various stages of a 5-year specialization program.

Each completed two simulation sessions, each approximately seven minutes long,

separated by roughly 60 minutes of other training activities. Participants wore

Tobii Pro Glasses 2, which recorded eye movements, pupil size, blinks, saccades,

and fixations at 100 Hz, as well as six-degree-of-freedom inertial head-motion data,

synchronized with a high-definition scene-camera video stream. The simulated

delivery room setup included a NOELLE S550 manikin, CTG monitor, infusion

pump, medical trolley, and supporting staff, including a midwife and an expert

doctor who operated the manikin and provided post-session feedback. Two

ceiling-mounted cameras captured panoramic environmental video. Figure 4.1

shows the experimental setup.

Each practitioner’s performance was graded by an expert doctor on a 1–5

scale for each of 14 clinical skills covering communication, preparation, judg-

ment, and technical execution. To analyze temporal dynamics, we collaborated

with the expert to segment each simulation into five standardized phases (see

Figure 4.2): Anamnesis, Vaginal examination, Preparation, Awaiting, and Labor.
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Figure 4.1 Apparatus and delivery room setup. Left: Configuration including a manikin,
controller, CTG monitor, infusion pump, and sterile equipment arranged on a trolley.
Right: An expert physician providing feedback to a participant following simulation-
based training.

These reflect sequences of semantically coherent medical actions and align with

typical breech-delivery workflows. All eye and head signals within each segment

were normalized to span time 0–1 for comparability.

The analysis quantified fixation count, fixation duration, TEPR (based on

min-max-normalized pupil size), EBR (excluding blinks under 100 ms [257, 258]),

saccade amplitude, velocity, and acceleration, as well as head angular velocity and

cumulative rotation. Paired two-tailed t-tests compared first-session (untrained)

and second-session (trained) metrics within each segment.

To investigate predictive power, we built machine-learning classifiers using

SVMs with Bayesian-optimized hyperparameters. For each modality (pupil, fixa-

tion, saccade, blink, head), the time series were divided into fixed-length sampling

windows, from which handcrafted statistical features (Table 4.1) were extracted.

Segment codes were appended to inform models of contextual task phase. Labels

indicated session number (0 = untrained, 1 = trained). Separate SVMs were trained

on each segment and on all segments combined, using 80 percent training, 10

percent validation, and 10 percent testing splits.
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Figure 4.2 Example screenshots from a recorded breech delivery video, ordered chrono-
logically from top to bottom across different time segments.

Results

Participants showed a clear improvement in expert-assigned skill scores (Fig-

ure 4.3) between sessions, with significantly higher overall ratings in the second

session (M = 4.67 vs. M = 4.13; t(23) = −5.08, p < .001). Time-on-task analysis

(Table 4.2) indicated that practitioners completed Anamnesis, Vaginal examina-

tion, and Preparation significantly faster in the second session, while taking more

time during Labor, suggesting greater deliberation or deeper engagement in the

most critical phase.

For fixation-related metrics, neither fixation count (Figure 4.5) nor fixation du-
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Modality Features Sampling window

Pupil

Timestamp

100 data points (1 s)

10751 feat vectors

X and Y coordinates

Normalized pupil size

Segment code

Fixation

Timestamp

10 successive

fixations

3361 feat vectors

X and Y coordinates

Duration

Segment code

Saccade

Timestamp

10 successive

saccades

8729 feat vectors

Amplitude

Peak velocity

Peak acceleration

Segment code

Blinks

Timestamp

10 successive blinks

1051 feat vectors

Duration

Segment code

Head

Timestamp

100 data points (1 s)

15107 feat vectors

Rotational speed in X, Y, Z

Segment code

Table 4.1 List of handcrafted features used for support vector machine (SVM) classi-
fiers.

Segment Mean Mdn SD

S1 S2 S1 S2 S1 S2

Anamnesis 56.79 41.67 54.5 42 14.14 12.24

Vaginal exam. 44.08 31.08 40.5 31.5 15.28 13.72

Preparation 81.12 58.04 79.5 56.5 19.11 12.48

Awaiting 105.5 101.12 108.5 106.5 33.29 39.79

Labor 39.04 67.92 30 64.5 16.50 17.89

Table 4.2 Duration (in seconds) of each segment for both training sessions (S1: first
session; S2: second session).

ration (Figure 4.6) differed significantly across sessions for any segment. Heatmaps

(Figure 4.4) show visually denser fixations during Vaginal examination in the
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second session, though statistical tests revealed no reliable differences.

For cognition-related indices, TEPR (Figure 4.7) was significantly higher only

during Labor (t(23) = −2.41, p = .017), indicating increased cognitive load

or engagement. EBR (Figure 4.8) showed no significant differences across any

segment.

Saccade amplitude (Figure 4.9) and acceleration (Figure 4.11) were significantly

higher in the first session during the Awaiting segment (amplitude: t(23) = 2.95,

p < .01; acceleration: t(23) = 2.78, p < .01), suggesting more abrupt or less

controlled eye movements early in training. Saccade velocity (Figure 4.10) did

not yield significant differences.

Head-movement metrics revealed the strongest differences. Angular veloc-

ity (Figure 4.12) was significantly higher in the first session during Anamnesis

(t(23) = −2.897, p < .01). Cumulative rotation (Figure 4.13) was significantly

larger in the first session for Anamnesis, Vaginal examination, and Preparation (all

p < .001), whereas during Labor cumulative rotation was significantly lower in

the first session (t(23) = −12.08, p < .001), suggesting that trained participants

made fewer extraneous head movements.

Machine-learning results (Table 4.3) show that head-based features provided

the best discriminative performance. For the Labor segment, head-movement

models achieved 85% F1 and 86% AUC, the strongest overall. Eye-movement

features were also effective, with pupillary responses achieving 77% F1 and 85%

AUC in Labor. Fixations, saccades, and blinks achieved moderate performance,

with fixations reaching up to 81% AUC in Preparation. Across modalities, Labor

consistently produced the highest predictive accuracy, indicating its importance

for automated skill assessment.

Discussion and Limitations

The results demonstrate that while many low-level metrics do not significantly

differ across sessions, specific metrics, particularly TEPR during Labor, saccadic
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Figure 4.3 Comparison of skill scores across sessions (S1: first session; S2: second
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Figure 4.4 Heatmaps of eye fixations.
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Figure 4.5 Fixation count across different segments. Shaded regions represent the
standard error of the mean.
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Figure 4.6 Fixation duration across different segments. Shaded regions represent the
standard error of the mean.

indices during Awaiting, and multiple head-movement measures, successfully cap-

ture behavioral differences between trained and untrained practitioners. Greater

pupil dilation and longer Labor durations suggest that trained practitioners en-

gage in more focused decision-making during the most critical phase. The head-
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Figure 4.7 Pupil size across different segments. Shaded regions represent the standard
error of the mean.
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Figure 4.8 Blink rate across different segments. Shaded regions represent the standard
error of the mean.
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Figure 4.9 Saccade amplitude across different segments. Shaded regions represent
the standard error of the mean.
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Figure 4.10 Saccade velocity across different segments. Shaded regions represent the
standard error of the mean.
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Figure 4.11 Saccade acceleration across different segments. Shaded regions represent
the standard error of the mean.
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Figure 4.12 Angular velocity of head movements. Shaded regions represent the stan-
dard error of the mean.
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Figure 4.13 Cumulative rotation of head movements. Shaded regions represent the
standard error of the mean.

movement findings indicate that trained practitioners exhibit more stable and

efficient motion patterns, with reduced unnecessary rotation except during Labor,

where more precise movements may be required.

The study confirms that head-movement patterns can be particularly powerful

indicators of skill development and may complement eye-movement metrics in

future multimodal models. The machine-learning results further show that even

without AOI annotations, statistical summaries of gaze and head motion can

reliably classify practitioner expertise.

Limitations include the modest sample size of 24, a common issue in medical-

simulation research. Time normalization assumes comparable relative progression

through segments, though Awaiting displayed variability. Eye-tracking glasses

operated at 100 Hz, which is lower than the recommended 200 Hz for precise

saccade analysis, though results still proved meaningful. Additionally, RNN and

XGBoost models underperformed relative to SVMs, likely due to insufficient data

length per time series. Future work may include data augmentation, multimodal

fusion, higher-frequency sensors, analysis of specific head-motion types, and

application to other clinical tasks.

94



Future Work

Future work should explore richer multimodal models that integrate eye move-

ments, head movements, and additional physiological signals to improve robust-

ness and generalizability of automated skill assessment. In particular, multimodal

fusion strategies, both early and late, may capture complementary aspects of

perceptual attention, motor efficiency, and cognitive load that are only partially re-

flected in individual modalities. Increasing the temporal resolution of eye tracking

and incorporating fine-grained head-movement descriptors, such as directional

patterns or task-specific motion primitives, could further enhance sensitivity to

subtle changes in expertise. Expanding the dataset to include more participants,

repeated sessions over longer training trajectories, and varying levels of clini-

cal complexity would also enable the use of data-hungry models such as deep

sequence learners and support longitudinal analyses of skill acquisition.

Beyond technical improvements, future research should investigate how in-

ferred expertise signals can be translated into actionable feedback for trainees and

instructors. Integrating expertise-aware models into simulation platforms could

enable real-time feedback, adaptive scenario difficulty, or targeted debriefing

based on detected performance patterns. Additionally, validating the proposed

methods across other medical procedures and clinical domains would help estab-

lish the external validity of eye- and head-movement-based assessment, ultimately

contributing to scalable, objective, and personalized training systems that com-

plement expert judgment rather than replace it.

Conclusion

This study investigated eye- and head-movement signals to assess skill develop-

ment during breech-delivery simulation training. The results demonstrate that

these signals can distinguish between trained and untrained practitioners, espe-

cially during the Labor segment, and that head-movement features are particularly
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discriminative. The findings suggest that commodity eye-tracking glasses can

support implicit, objective, and scalable medical skill assessment, complementing

traditional evaluation methods. The provided dataset offers a foundation for

future computational models, enabling more efficient, data-driven feedback and

reducing the burden on instructors while minimizing bias. The study contributes

toward developing automated systems that enhance both medical training and

patient safety.
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Modality Segment Hyperparameters Adj. F1 AUC
kernel C γ

Pupil

Anamnesis linear 47.35 0.01 0.68 0.74

Vaginal exam. linear 12.58 0.01 0.58 0.69

Preparation linear 100.0 10.0 0.70 0.79

Awaiting RBF 25.21 0.58 0.67 0.74

Labor linear 100.0 0.85 0.77 0.85

All segments RBF 19.46 0.40 0.65 0.70

Fixation

Anamnesis linear 6.64 0.01 0.62 0.64

Vaginal exam. RBF 1.70 6.29 0.44 0.54

Preparation linear 54.39 0.01 0.62 0.81

Awaiting RBF 32.98 0.01 0.59 0.61

Labor linear 73.52 0.80 0.67 0.80

All segments RBF 13.50 0.01 0.56 0.58

Saccade

Anamnesis linear 44.23 10.0 0.59 0.63

Vaginal exam. linear 27.37 0.62 0.61 0.64

Preparation linear 56.50 0.01 0.63 0.69
Awaiting RBF 100.0 0.02 0.54 0.56

Labor linear 27.36 0.62 0.64 0.69

All segments RBF 93.19 0.01 0.55 0.57

Blink

Anamnesis RBF 49.38 0.32 0.42 0.52

Vaginal exam. RBF 0.64 9.89 0.42 0.44

Preparation RBF 100.0 7.33 0.52 0.48

Awaiting polynomial 21.58 2.83 0.39 0.58

Labor RBF 15.92 0.03 0.66 0.84

All segments RBF 27.36 0.62 0.46 0.52

Head

Anamnesis linear 77.60 9.97 0.63 0.69

Vaginal exam. linear 81.10 0.01 0.65 0.72

Preparation linear 100.0 0.56 0.77 0.84

Awaiting RBF 0.1 0.49 0.47 0.48

Labor linear 31.76 10.0 0.85 0.86

All segments RBF 100.0 0.15 0.55 0.58

Table 4.3 Classification performance results. The best result is highlighted in bold,
and the second-best result is underlined.

97



98



Chapter 5

Applications and Toolkits

5.1 Introduction

The increasing sophistication of multimodal sensing in HCI has enabled re-

searchers to decode complex cognitive states by combining neurophysiological

and behavioral signals. However, these methodological advances also introduce

practical challenges. Multimodal data are difficult to collect, synchronize, and

validate, particularly when several recording devices, platforms, and operating

systems are involved. This chapter presents two tools developed to address these

challenges: Gustav [74] and Thalamus [259], which together form the method-

ological foundation supporting the empirical studies of this thesis.

Both tools emerged from the need to make multimodal research more repro-

ducible, accessible, and efficient. While the earlier chapters focused on decoding

affect, attention, and expertise from real-world experiments, this chapter turns

to the instrumentation layer that made such experiments technically possible.

Gustav provides precise temporal synchronization across devices and computers,

ensuring data integrity in multimodal experiments. Thalamus extends this func-

tionality by offering a simulation environment for multimodal signal generation

that allows researchers to prototype, test, and refine their experimental setups
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before collecting real data. Together, they contribute to a broader vision of open,

scalable, and reliable multimodal experimentation in HCI. This chapter addresses

RQ4 by introducing tools that support reproducible and scalable multimodal

experimentation.

5.2 Gustav: Cross-device Cross-computer Syn-

chronization of Sensory Signals

Achieving precise temporal alignment of behavioral and physiological data

streams collected from multiple devices, and in some cases across different

computers, has long been a challenge in HCI, neuroscience, psychology, and

related fields. Existing solutions typically rely on dedicated hardware, specialized

software, or post hoc signal alignment algorithms. However, these approaches are

often vendor dependent, lack generality, or are difficult to deploy in real-world

settings. We propose a simple yet highly effective alternative that instruments the

stimulus presentation software by inserting supervisory event-related timestamps,

followed by a post-processing phase applied to the recorded log files. Building on

this mechanism, we introduce Gustav, a framework for coordinating the acqui-

sition of sensory signals across devices and machines. Gustav guarantees that

all recorded signals are precisely aligned with the duration of each experimental

condition, achieving millisecond-level accuracy. The system is released as open

source software for public use.

Motivation

The collection of behavioral and physiological signals is central to understanding

human cognition, interaction, and motor control across fields such as human

computer interaction, neuroscience, and psychology. Signals such as brain ac-

tivity, heart rate variability, keystrokes, mouse movements, and eye movements
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Figure 5.1 Gustav injects a supervisory timing signal t to coordinate experimental
conditions across devices and computers, supporting configurations ranging from sim-
ple (a) to complex (c). During post-processing, temporal offsets among recorded signals
are corrected, and uniform start and end timestamps are assigned, thereby ensuring
precise synchronization across all signals.

provide complementary views of cognitive and motor processes and are often

recorded simultaneously to support richer inference and analysis [260, 261, 262,

263, 264, 265]. However, when these signals are collected through multiple devices

and sometimes across multiple computers, temporal synchronization becomes

a critical challenge. If signals are not accurately aligned in time, analyses may

produce contradictory or misleading interpretations of user behavior and mental

state.

Temporal misalignment can result in situations where different signals appear

to indicate conflicting cognitive states, even though they originate from the same

experimental condition. For example, neural signals may indicate resting states

while eye tracking signals simultaneously suggest high cognitive processing,

solely due to offset timestamps. As a result, precise temporal synchronization

is essential to ensure valid multimodal interpretation and to avoid erroneous

conclusions [266, 267, 268].
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Existing solutions to synchronization typically rely on dedicated hardware,

specialized software, or alignment algorithms that attempt to match signals post

hoc. These approaches often suffer from limitations such as vendor lock-in,

lack of generality, operating system restrictions, or difficult adoption in real

experimental workflows. The motivation of this paper is to provide a general,

simple, and hardware-agnostic solution that can be integrated into virtually any

experimental setup without altering existing recording pipelines.

This work introduces Gustav, a software-level approach designed to orches-

trate the recording and synchronization of sensory signals across devices and

computers. Gustav aims to standardize timelines, remove irrelevant data segments

outside experimental conditions, and correct timestamp offsets with millisecond

precision. By focusing on instrumenting stimulus presentation software rather

than the sensing hardware, the approach seeks to offer a practical, scalable, and

open solution for multimodal experiments regardless of their complexity.

Related Work

Prior research on multimodal synchronization has followed three main strategies:

using dedicated hardware, relying on dedicated software environments, or apply-

ing signal alignment algorithms after data collection. Hardware-based approaches

include systems that synchronize specific sensor combinations, such as EEG and

Electromyography (EMG), but these solutions are often limited in scope and sup-

port only a narrow range of signals [7]. More comprehensive toolkits have been

proposed, but they are frequently restricted to specific operating systems, such as

Windows, which limits their applicability in diverse research environments [269,

270].

Other hardware-based techniques involve sending synchronization signals

through cables or external devices, such as light-emitting diodes or transistor-

transistor logic triggers, to align data streams [271, 272]. While effective, these

methods require additional equipment and careful calibration, increasing setup
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complexity and reducing accessibility.

Software-based solutions have also been proposed, but many are tightly cou-

pled to specific platforms or lack support for heterogeneous sensors. Some re-

searchers have developed custom synchronization programs without releasing

technical details, making replication and reuse difficult [273].

Algorithmic approaches attempt to synchronize signals by identifying com-

mon patterns or landmarks across modalities. Examples include cross-correlation

of temporal amplitudes, frequency-domain alignment, blink detection in eye track-

ing data, and extraction of characteristic events from EEG or driving simulator

signals [274, 275, 276, 277, 278]. These methods assume the presence of shared

signal features across devices, which is not always guaranteed, and they often

require complex signal processing pipelines.

In contrast to these approaches, Gustav is positioned as an offline, software-

agnostic solution that can be integrated with any existing recording software. By

avoiding reliance on hardware triggers or signal-specific alignment assumptions,

it offers a general and practical alternative for synchronizing sensory signals

across diverse experimental setups.

Methodology

Gustav’s approach to temporal synchronization consists of two independent com-

ponents (Figure 5.1): an event logger and a file post-processor. The event logger

is integrated into the stimulus presentation software and records event-related

timestamps using Unix time format, representing the number of milliseconds

elapsed since January 1, 1970. This standardized time format is widely supported

across operating systems and programming languages, enabling consistent com-

putation of time differences across devices.

The logged events are user-defined, although typical use involves recording the

beginning and end of each stimulus or experimental condition. These timestamps

are stored in a CSV file on the computer running the stimulus presentation
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software. The event logger is implemented in multiple programming languages,

including Python, JavaScript for both browser and NodeJS environments, and

Java, allowing it to be embedded into a wide range of experimental platforms.

The file post-processor operates offline and takes as input the event timestamp

file along with any number of log files produced by the recording devices. These

log files contain the sensory data and are expected to be in CSV format. For

devices that output data in other formats, Gustav provides a conversion utility to

transform tabular data such as Matlab or EDF files into CSV. The post-processor

performs synchronization in two main steps. First, it slices each log file according

to the event-related timestamps, retaining only the data corresponding to each

experimental condition. Second, it corrects timestamp offsets so that all signals

share identical start and end times for each condition.

The post-processor is implemented in Python to ensure platform indepen-

dence. It can automatically detect whether a column contains Unix timestamps.

If timestamps are missing, the tool can infer them using file creation times or

device-specific timing information, such as elapsed time since calibration or de-

vice startup. This design allows Gustav to synchronize signals even when devices

do not natively record absolute timestamps.

Results

We demonstrated the effectiveness of Gustav through a multi-device, multi-

computer use case experiment based on the Posner cueing task, a well-established

paradigm for assessing visual attention [279]. In this experiment, participants

respond to targets appearing on either side of the screen following directional

cues. The setup involved recording EEG signals, eye movements, and mouse

movements using separate devices connected to two different computers.

The stimulus presentation software was implemented in PsychoPy and instru-

mented with Gustav’s event logger by inserting logging hooks before and after

stimulus events. EEG signals were recorded on one computer using dedicated
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recording software, while eye tracking, mouse tracking, and stimulus presenta-

tion were conducted on a second computer. After data collection, the Gustav

post-processor was applied to the recorded logs.

The results show that Gustav successfully sliced and synchronized all recorded

signals so that they aligned precisely with the duration of each experimental

condition. Timestamp offsets were corrected with millisecond precision, and

all data streams shared the same temporal boundaries. The synchronized data

enabled coherent multimodal analysis without the inconsistencies that would

arise from unsynchronized recordings.

Discussion and Limitations

Gustav provides a general solution to a longstanding problem in multimodal data

collection. By focusing on stimulus-level event logging rather than sensor-level

triggers, the approach simplifies experimental setup and reduces dependency on

specific hardware or software ecosystems. The offline post-processing design

allows researchers to conduct experiments as usual and apply synchronization

afterward, minimizing disruption to existing workflows.

However, the approach has limitations. Gustav requires manual insertion of

logging hooks into the stimulus presentation software, which may introduce some

overhead for experimenters. Gustav cannot compensate for hardware-induced la-

tencies, although such delays are typically small, often under 10 milliseconds, and

below the sampling resolution targeted by the system [278]. In multi-computer se-

tups, Gustav relies on accurate system clocks across machines. This requirement

is generally satisfied through network time protocol synchronization, provided

that the computers have internet access. The approach also operates offline,

meaning it does not provide real-time synchronization. While real-time operation

is outside the current scope, the authors suggest that it could be achieved in the

future through socket-based data streaming to a centralized server.
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Future Work

Future work will focus on further reducing the integration effort required to adopt

Gustav in real-world experimental workflows. In particular, developing native

plugins for popular experiment design platforms such as PsychoPy, PsychoJS,

and OpenSesame would eliminate the need for manual insertion of logging hooks

and lower the barrier for non-technical researchers. Another promising direction

is extending Gustav toward optional real-time synchronization by streaming

event logs and sensor data to a centralized server, enabling online monitoring

and adaptive experimental paradigms. Additionally, future versions could incor-

porate systematic estimation and reporting of device-specific latencies, providing

researchers with clearer bounds on temporal accuracy. Finally, broader empirical

validation across diverse sensing modalities and large-scale deployments would

help further characterize Gustav’s robustness, scalability, and applicability in

complex multimodal research settings.

Conclusion

We introduced Gustav, a simple yet effective approach for synchronizing sensory

signals across devices and computers in multimodal experiments. By injecting

event-related timestamps into stimulus presentation software and applying of-

fline post-processing, Gustav ensures that all recorded signals are temporally

aligned with millisecond precision. The approach is hardware-agnostic, software-

independent, and compatible with a wide range of experimental setups, from

single-device systems to complex multi-device, multi-computer configurations.

Gustav is released as open source software, making it accessible to the research

community. The approach addresses key limitations of existing synchronization

methods and provides a practical foundation for accurate multimodal data col-

lection and analysis in human-centered computing, neuroscience, and related

fields.
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5.3 Thalamus: A User Simulation Toolkit for Pro-

totyping Multimodal Sensing Studies

User studies involving physiological and behavioral data collection are often

costly and time intensive, as they require careful experimental design, device

calibration, and extensive software testing. We introduce Thalamus, a software

toolkit for collecting and simulating multimodal signals that enables researchers

to prepare for unforeseen scenarios prior to recruiting participants and even

before installing or purchasing specific sensing devices. Thalamus supports the

modification, synchronization, and broadcasting of physiological data streams

originating from multiple devices, which may be distributed across different

locations. The toolkit is cross-platform, device agnostic, and easy to use, making

it a practical and valuable resource for HCI research.

Figure 5.2 Conceptual diagram of the Thalamus toolkit, illustrating its ability to
simulate multiple types of recording devices and to synchronize heterogeneous data
streams, such as neural signals and eye movements. The toolkit can receive feedback
from any connected device; in this example, client #1 also operates as a recording device
(Recording Device #5), enabling real-time multimodal data acquisition and analysis.
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Motivation

Human computer interaction research increasingly relies on multimodal behav-

ioral and physiological signals to capture the complex and dynamic nature of

user interaction with technology. Collecting data such as eye movements, brain

activity, facial expressions, mouse movements, and other physiological signals

simultaneously allows researchers to develop richer and more nuanced inter-

pretations of user behavior that cannot be achieved through a single modality

alone [280, 281, 282, 283]. These multimodal measurements support the design

and evaluation of interactive systems by revealing how different sensory channels

interact during user engagement.

Despite their benefits, multimodal studies are challenging to conduct, par-

ticularly when data collection occurs in real time. Experimental setups require

careful planning, device calibration, and extensive software testing, and errors

during data collection can lead to significant financial and time costs related

to lab preparation, participant compensation, and post-processing [284]. These

challenges are amplified when dealing with heterogeneous devices that generate

data streams with different formats, sampling rates, and reliability characteris-

tics. As a result, researchers face substantial risks when conducting multimodal

experiments without first validating their setups.

Simulation provides an effective strategy to mitigate these risks. By simulating

data streams before running a real experiment, researchers can test whether their

equipment, data pipelines, and analysis methods function as intended. Simulation

also enables researchers to identify corner cases such as missing data, device

disconnections, noise, and synchronization issues early in the design process.

Prior work has demonstrated the value of simulation for prototyping, training,

and evaluating interactive systems in a controlled and cost-effective manner [285,

286].

Thalamus addresses the lack of dedicated software for simulating multimodal

sensing studies in HCI. Existing solutions focus primarily on data collection
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rather than simulation, forcing researchers to rely on ad hoc tools that are time-

consuming to build and difficult to replicate [277, 287, 269, 273, 271, 276, 278, 275,

274, 272, 270]. To address this gap, we introduce Thalamus, a toolkit designed to

capture, simulate, modify, synchronize, and broadcast multimodal data streams

without requiring early access to real users or physical sensing devices. Thalamus

aims to support cross-platform and cross-device experimentation and reduce the

cost and complexity of preparing multimodal studies.

Related Work

Previous research has highlighted the importance of multimodal sensing for un-

derstanding user behavior and mental states in interactive systems [288, 283].

Simultaneous collection of physiological and behavioral signals has been ap-

plied in domains such as affective computing, autonomous driving, learning

environments, and gaming [280, 282, 273]. However, collecting and synchroniz-

ing such data streams remains technically challenging, especially in real-time

settings [284].

Many researchers have relied on ad hoc solutions to record multiple signals si-

multaneously, often combining eye tracking, EEG, ECG, and interaction logs [277,

287, 269, 273, 271, 276, 278, 275, 274, 272, 270]. While these approaches can solve

specific experimental problems, they often lack generalizability and reproducibil-

ity, making them difficult to reuse across studies [74]. Other work has proposed

software systems for multimodal data acquisition, but these systems typically

focus on recording real sensor data rather than simulating signals [284, 270].

Simulation has been recognized as a valuable tool for HCI research, enabling

researchers to test interfaces, train users, and explore system behavior before full

deployment [285, 286]. In physiological computing, publicly available datasets

such as DREAMER [289], MAHNOB [66], and SEED [53] have been used to

study emotional responses and cognitive states. However, there has been no

widely adopted toolkit that integrates simulation, synchronization, and real-time
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streaming of multimodal signals in a unified framework.

This work positions Thalamus as a novel contribution that fills this gap by

offering a general-purpose toolkit for simulating and coordinating multimodal

data streams. Unlike prior solutions, Thalamus is designed to be cross-platform,

device-agnostic, and capable of integrating both real and simulated data sources

within the same experimental setup.

Methodology

Thalamus is implemented as a modular software toolkit consisting of three main

components (Figure 5.2): a central coordination hub called Thalamus Core, a

set of recording devices that may be real or simulated, and a set of clients that

receive and process data streams. The toolkit is implemented in Python and uses

socket-based communication over the TCP/IP protocol to support real-time data

transfer across devices and operating systems.

Thalamus Core functions as the central hub that receives, organizes, syn-

chronizes, and broadcasts data streams. Inspired by the biological thalamus, it

coordinates information flow between recording devices and clients. Devices send

data to the Core in JSON format, which provides cross-platform compatibility and

self-describing data structures. Each data sample includes a coordinated universal

time timestamp, ensuring consistent temporal alignment across devices.

Recording devices can be physical sensors or simulated sources. Simulated

devices inject data from public datasets through controllers that parse and refor-

mat the data to match the expected transport format. When real devices do not

provide coordinated universal time timestamps or direct access to data streams,

custom controllers can be implemented to extract samples from files or proprietary

formats and forward them to Thalamus Core.

Clients connect to Thalamus Core via socket connections and can subscribe

to specific signals based on experimental needs. Clients are not restricted by

operating system or programming language. In addition to consuming data
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streams, clients can also act as recording devices by sending signals back to the

Core, enabling bidirectional data sharing such as broadcasting mouse movements

between participants.

The toolkit includes built-in features for handling common issues in mul-

timodal data collection. These include simulating missing values by sending

placeholder values, applying filters such as Savitzky Golay [290] and Kalman

filters [291], synchronizing signals based on Unix timestamps, injecting noise

of various types, and simulating delays. Temporal synchronization operates

at millisecond precision, which is sufficient for most human computer interac-

tion studies. These features allow researchers to stress-test their experimental

pipelines and analysis methods before conducting real experiments.

Results

We demonstrate the functionality of Thalamus through several illustrative use

cases rather than formal quantitative evaluation. Visual examples show how the

toolkit handles missing values in eye-tracking data, applies filters to mouse cursor

trajectories, synchronizes EEG and pupil diameter signals, injects Gaussian noise,

and simulates delayed signals. These demonstrations illustrate the toolkit’s ability

to manipulate and align multimodal data streams effectively.

Several practical scenarios are presented to showcase the benefits of simu-

lation. In one example, researchers simulate delays and noise to test real-time

applications subject to unstable network conditions. In another scenario, re-

searchers use Thalamus to evaluate different EEG devices by simulating data from

public datasets such as DREAMER [289], MAHNOB [66], and SEED [53] before

purchasing hardware. Additional use cases include device stress-testing, remote

data collection for online lectures, and broadcasting identical physiological signals

to multiple clients in telemedicine studies.

Across these examples, Thalamus enables researchers to validate experimental

designs, optimize data processing pipelines, and anticipate potential failures. By
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performing these evaluations before involving real participants, the toolkit helps

reduce costs and improve experimental reliability.

Discussion and Limitations

Thalamus enables researchers to perform dry runs of multimodal experiments,

reducing the risk of technical failures and wasted resources. By integrating

simulation, synchronization, and signal manipulation in a single toolkit, Thalamus

provides a streamlined approach to preparing complex studies. Its cross-platform

and open-source design further supports adoption and extensibility.

However, the toolkit has limitations. Thalamus currently supports simulation

from structured data sources such as CSV and JSON files and does not natively

support relational databases, though this is planned for future work. Writing

custom controllers for proprietary devices may require programming expertise,

which could be a barrier for some researchers. Additionally, while Thalamus

provides millisecond-level synchronization, it relies on accurate system clocks

across devices.

Future Work

Future work can extend Thalamus along several complementary directions. First,

the toolkit could be expanded to support additional data backends and formats

such as relational databases and streaming platforms, enabling seamless integra-

tion with large-scale or longitudinal datasets. Second, higher-level simulation

capabilities could be introduced, including generative models that synthesize

realistic multimodal signals based on configurable user states or interaction sce-

narios, allowing researchers to explore hypothetical conditions beyond existing

datasets. Third, improving usability remains an important goal, and a graphical

user interface for configuring devices, pipelines, and simulations would lower

the barrier to adoption for researchers with limited programming experience.
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Finally, future research could systematically evaluate Thalamus in real-world

studies to quantify its impact on experimental reliability, setup time, and cost,

and to establish best practices for simulation-driven preparation of multimodal

HCI experiments.

Conclusion

In this work, we introduce Thalamus, a user simulation toolkit designed to support

prototyping and preparation of multimodal sensing studies in HCI. By enabling

researchers to simulate, synchronize, modify, and broadcast physiological and

behavioral signals across devices, Thalamus addresses a critical gap in exper-

imental preparation tools. The toolkit reduces costs, improves reliability, and

supports flexible experimentation without requiring early access to participants

or hardware.

Thalamus is released as open-source software, making it accessible to the re-

search community. Its design supports cross-device and cross-platform operation,

providing a practical and extensible solution for multimodal experimentation.

The toolkit represents an important step toward more robust, efficient, and repro-

ducible multimodal studies in human-centered computing.
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Chapter 6

Conclusion, Discussion and

Outlook

This thesis examined how neurophysiological and behavioral signals can be lever-

aged to decode three fundamental cognitive states, namely affect, attention, and

expertise, during human–computer interaction. Across a series of empirical publi-

cations, the thesis demonstrated that these signals provide continuous, objective,

and scalable alternatives to traditional explicit measures such as questionnaires

and self-reports. In parallel, the work addressed methodological challenges inher-

ent to multimodal experimentation by introducing dedicated toolkits that support

synchronization, simulation, and reproducibility.

Taken together, the contributions of this thesis advance the understanding of

how cognitive states manifest across modalities including EEG, eye movements,

mouse behavior, facial expressions, and head movements. Beyond individual

results, the work establishes a coherent methodological perspective showing that

cognitive state decoding in HCI can be both efficient and practically deployable

when guided by principled design choices and supported by appropriate tooling.
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6.1 Summary of Findings

This thesis investigated how neurophysiological and behavioral signals can be

used to decode human cognitive states in HCI. The novelty of this work lies not

only in improving performance, but in systematically demonstrating how cogni-

tive states can be decoded efficiently and at scale under realistic constraints using

multimodal signals. In particular, the thesis emphasizes efficiency, scalability, and

ecological validity, which are often overlooked in prior research.

Decoding Affect (Chapter 2). The first set of contributions focused on affective

state decoding, with an emphasis on efficiency and ecological validity. The

results showed that reliable classification of arousal and valence does not require

long EEG recordings or exhaustive feature sets. Instead, affective information

emerged early and could be captured using relatively short signal segments.

Across two benchmark datasets, EEG-based affect decoding remained accurate

with approximately 30 to 42 seconds of data, and short temporal windows were

sufficient for robust feature extraction. Importantly, the Beta frequency band alone

consistently provided discriminative power comparable to models trained on all

frequency bands, indicating that affective neural signatures are more concentrated

than commonly assumed.

The second affective study extended this perspective to interface evaluation.

By combining EEG, eye tracking, facial expressions, and pupillometry, the work

demonstrated that users’ affective responses to good versus bad GUI designs can

be differentiated implicitly. Early pupil dynamics, fixation patterns, and neural

activity revealed systematic differences between interface quality levels, even

without relying on explicit judgments. Together, these findings establish that

affect can be decoded efficiently and unobtrusively in realistic HCI settings.

Decoding Attention (Chapter 3). The second core contribution addressed

attention allocation in information-rich environments, focusing on web search.
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The AdSERP dataset provided a large-scale multimodal resource combining syn-

chronized eye movements, mouse trajectories, and page structure information.

Analyses of this dataset confirmed a strong relationship between gaze and cursor

behavior, while also revealing differences in how users attend to different types

of advertisements.

Building on this dataset, the AdSight framework demonstrated that Transformer-

based sequence-to-sequence models can infer fine-grained gaze-based attention

metrics using mouse data alone. The results showed that direct-display advertise-

ments attract substantially more visual attention than previously assumed, and

that slot-centered representations enable robust generalization across heteroge-

neous search engine results page layouts. These findings indicate that scalable

behavioral sensing can approximate attention with high accuracy, significantly

lowering the cost and complexity associated with eye-tracking-based approaches.

Decoding Expertise (Chapter 4). The third empirical contribution examined

expertise assessment in a medical training context. By analyzing eye and head

movements during simulated obstetric procedures, the study demonstrated that

trained and untrained practitioners exhibit systematically different behavioral

signatures. In particular, head movement dynamics, including angular velocity

and cumulative rotation, emerged as highly discriminative features. Oculomotor

measures further reflected differences in cognitive load and task structure across

training phases.

These results show that expertise manifests not only in task outcomes but also

in stable, measurable patterns of perception and motor behavior. The findings

support the use of multimodal sensing as an objective and continuous means of

assessing skill acquisition, complementing traditional instructor-based evalua-

tions.

Applications and Toolkits (Chapter 5). Finally, the Gustav and Thalamus

toolkits addressed a recurring challenge across all empirical studies, namely the

117



technical difficulty of collecting, synchronizing, and validating multimodal data.

Gustav enables precise cross-device synchronization, while Thalamus supports

simulation and prototyping of multimodal sensing pipelines. Together, these

tools improve reproducibility, reduce setup costs, and facilitate experimentation

under controlled and simulated conditions, directly supporting the empirical

contributions of this thesis.

6.2 Discussion

Across the empirical studies presented in this thesis, several overarching themes

emerge that cut across cognitive states, sensing modalities, and application do-

mains. These themes highlight not only what can be decoded from neurophysio-

logical and behavioral signals, but also how such decoding should be approached

in realistic HCI settings.

Multimodality as a necessary but flexible design principle

A central insight of this thesis is that cognitive states are inherently multimodal

phenomena. Affect, attention, and expertise are not expressed through a single

channel, but are distributed across EEG activity, eye movements, head dynamics,

facial expressions, and interaction behavior such as mouse trajectories. Each

modality captures a different facet of internal cognitive processing, and their

combination enables richer and more robust inference than any single signal

alone.

At the same time, the results show that multimodality does not necessarily

imply maximal sensor complexity. In several cases, partial modality substitu-

tion proved effective. For example, mouse movements approximated gaze-based

attention with high accuracy on search engine results pages, reducing reliance

on eye tracking hardware. Similarly, affective EEG decoding achieved compet-

itive performance using a single frequency band rather than the full spectrum.
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These findings suggest that multimodality should be treated as a design space in

which modalities can be selectively combined or replaced depending on practical

constraints, rather than as a fixed requirement to collect all possible signals.

Efficiency as a first-class objective in cognitive decoding

Another recurring theme is the importance of efficiency in both data collection

and modeling. Across affective, attentional, and expertise-related tasks, the

studies consistently demonstrated that reliable decoding can be achieved under

constrained conditions. Short EEG segments, limited temporal windows, and

reduced feature sets were sufficient for robust inference, and in many cases

performed comparably to more exhaustive configurations.

This challenges a common assumption in physiological computing and ma-

chine learning research, namely that performance necessarily scales with longer

recordings, larger feature spaces, or more complex models. Instead, the results

indicate that cognitive signals often contain early and concentrated informative

patterns, particularly in dynamic interaction scenarios. From an HCI perspective,

this emphasis on efficiency is critical, as systems requiring long calibration phases

or heavy sensing infrastructure are unlikely to be adopted outside laboratory

settings.

Implicit sensing versus explicit self-report

A further important discussion point concerns the relationship between implicit

sensing and traditional explicit measures. Throughout the thesis, physiological

and behavioral signals revealed distinctions in affect, attention, and expertise that

either preceded or complemented subjective reports. This suggests that implicit

signals provide access to continuous and often pre-conscious processes that are

not fully captured by post-hoc self-assessment.

Rather than replacing self-reports, the findings support a hybrid evaluation
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paradigm in which implicit sensing augments traditional methods. Such an

approach is particularly valuable in adaptive systems that require continuous

assessment while minimizing user burden and interaction disruption.

Domain-specific manifestations of cognitive states

While the thesis adopts a unifying framework around affect, attention, and ex-

pertise, the results also demonstrate that cognitive states manifest differently

depending on task and context. Affective decoding relies heavily on neural

dynamics and autonomic responses, attentional allocation emerges through co-

ordinated visual and interaction behavior, and expertise is reflected in stable

perceptual-motor strategies.

These observations highlight the importance of domain-sensitive modeling.

Head movement dynamics proved especially informative in the medical training

scenario, whereas cursor behavior played a central role in web search. This cau-

tions against overly generic decoding models and motivates approaches grounded

in task structure and environmental context.

Methodological robustness and reproducibility

Finally, the thesis highlights the importance of methodological infrastructure in

multimodal cognitive research. Synchronization errors, inconsistent pipelines,

and limited opportunities for pre-study validation can undermine experimental

validity. By introducing Gustav and Thalamus, this work treats synchroniza-

tion, simulation, and reproducibility as first-class research concerns rather than

implementation details, supporting more rigorous and transferable HCI research.
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6.3 Outlook

The findings of this thesis point toward several promising directions for future

research and application.

Short-window models and efficient feature sets enable real-time cognitive-

aware systems that can adapt dynamically to users’ affective states, attentional

focus, or expertise level. Such systems could adjust content presentation, feedback,

or interface complexity without requiring intrusive sensing or long calibration

phases.

As eye trackers, inertial sensors, and interaction logging become increas-

ingly common in consumer devices, the methods developed in this thesis can

be integrated into real-world applications. Mouse-based attention modeling, in

particular, offers a practical pathway for large-scale deployment in web search

and online advertising.

Future work should also extend these approaches beyond controlled labo-

ratory settings to more naturalistic environments. The combination of Gustav

for synchronized data collection and Thalamus for simulation-based preparation

provides a foundation for conducting robust in-the-wild studies that capture

greater behavioral variability.

Finally, as cognitive state decoding becomes more powerful and accessible,

ethical considerations will become increasingly important. Transparent data

handling, privacy-preserving modeling, and responsible interpretation of inferred

cognitive states will be essential to ensure user trust and societal acceptance.

Overall, this thesis demonstrates that multimodal implicit signals provide a fea-

sible, efficient, and reliable foundation for decoding human cognition, supporting

the development of adaptive and user-centered interactive systems.
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