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Abstract

HCI research often uses questionnaires and observations to study user experience.
These methods give useful results, but they do not show users” mental states in a
direct and continuous way. Electroencephalography (EEG) can provide such infor-
mation, but it is difficult to use in practice. EEG interfaces are designed for experts
and are hard to use. They require deep knowledge of signal processing and offer
little support for typical HCI workflows. This makes it difficult for HCI researchers
with limited EEG experience to use EEG in user studies.

This thesis presents the design and implementation of an interactive interface for
EEG data analysis. The interface is designed for HCI researchers with little prior
EEG knowledge. It focuses on easy setup, transparent preprocessing, and clear vi-
sualizations. The interface was developed using a user-centered design process.
Interviews with HCI researchers were conducted to understand their needs and
challenges. Based on these insights, design principles and interface requirements
were defined. The final interface lowers the entry barrier for EEG-based user stud-
ies. It supports HCI researchers in recording, analyzing, and understanding EEG
data in a clear and accessible way.
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Uberblick

In der HCI-Forschung werden haufig Fragebdgen und Beobachtungen eingesetzt,
um die Interaktionen zwischen Mensch und Computer zu untersuchen. Diese
Methoden liefern zwar niitzliche Ergebnisse, zeigen jedoch nicht direkt und kon-
tinuierlich die mentalen Zustinde der Benutzer. Die Elektroenzephalographie
(EEG) kann solche Informationen liefern, ist jedoch in der Praxis schwer anzuwen-
den. EEG-Software ist fiir Experten konzipiert und schwer zu bedienen. Sie
erfordern fundierte Kenntnisse der Signalverarbeitung und bieten wenig Unter-
stiitzung fiir typische HCI-Studienabldufe. Dies erschwert es HCI-Forschern mit
begrenzter EEG-Erfahrung, EEG in Benutzerstudien zu integrieren.

Diese Arbeit prasentiert den Entwurf und die Implementierung eines interak-
tiven Interfaces fiir die EEG-Datenanalyse. Das Interface ist fiir HCI-Forscher mit
geringen Vorkenntnissen im Bereich EEG konzipiert. Der Schwerpunkt liegt auf
einer einfachen Nutzung, transparenten Verarbeitung und klaren Visualisierungen.
Die Interface wurde unter Verwendung eines nutzerzentrierten Designprozesses
entwickelt. Es wurden Interviews mit HCI-Forschern durchgefiihrt, um ihre
Bediirfnisse und Herausforderungen zu verstehen. Basierend auf diesen Erkennt-
nissen wurden Designprinzipien und Interfaceanforderungen definiert. Das finale
Interface senkt die Einstiegshiirde fiir EEG-basierte Nutzerstudien. Sie unterstiitzt
HCI-Forscher dabei, EEG-Daten auf klare und zugéngliche Weise aufzuzeichnen,
zu analysieren und zu verstehen.
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Conventions

Throughout this thesis we use the following conventions:

* The thesis is written in American English.
* The first person is written in plural form.

¢ Unidentified third persons are described in female form.

Where appropriate, paragraphs are summarized by one or
two sentences that are positioned at the margin of the page.

This is a summary of a
paragraph.






Chapter 1

Introduction

Human-Computer Interaction (HCI) research is largely
based on empirical user studies that aim to under-
stand, evaluate, and improve interactive systems [Lazar
et al,, 2017]. These studies typically rely on self-report
methods, such as questionnaires or think-aloud protocols,
as well as behavioral measures observed during interac-
tion, including reaction times or error rates, to assess us-
ability, user experience, and satisfaction. Although these
methods are well established, they often provide only indi-
rect or delayed insights into users’ cognitive and emotional
states and are prone to bias [Frey et al., 2016].

As interactive systems become more adaptive and cogni-
tively demanding, HCI researchers increasingly seek meth-
ods that allow for a more continuous and objective assess-
ment of users’” mental states during interaction [Cherng
et al., 2016; Frey et al., 2013; Kumar and Kumar, 2016]. In
this context, physiological sensing and in particular brain
sensing techniques have gained relevance for evaluating
user interfaces and experiences, where neural data can
serve as an additional source of information [Aggarwal
et al., 2014; Frey et al., 2016; Putze et al., 2022]. Within neu-
roergonomics, such approaches are, for example, applied
to study how task difficulty, mental effort, and fatigue are
reflected in brain activity [Miiller-Putz et al., 2015].

Among brain sensing techniques, electroencephalography

HCl is often based on
self-report methods
with indirect or delayed
insights.

Brain sensing
techniques gain
relevance.

EEG is used as an
evaluation tool in HCI
research.



1 Introduction

EEG integration
remains challenging.

Current EEG interfaces
lack usability and
workflow support for
HCI researchers.

We designed a
low-entry EEG
recording and analysis
interface

(EEG) is the most widely used method in HCI research. A
large-scale review of HCI publications reports EEG usage
in 78% of studies involving neural data, which makes it the
dominant technique in the field [Putze et al., 2022]. EEG is
increasingly used not as a direct control mechanism as in
classical brain computer interface (BCI) research, but as an
evaluation tool to assess cognitive workload, attention, or
responses during interaction [Cherng et al., 2016]. This re-
flects a shift from classical BCI research toward using EEG
as a supportive evaluation tool in HCI [Putze et al., 2022].

Despite this growing interest, integrating EEG into HCI re-

search remains challenging. It requires interdisciplinary ex-
pertise in neuroscience, signal processing, and experimen-
tal methodology [Putze et al., 2022].

Many existing EEG recording and analysis interfaces are
primarily designed for experts and do not prioritize us-
ability, transparency, or integration into typical HCI work-
flows. Consumer-grade EEG devices only partially lower
the entry barrier. Although these devices enable EEG stud-
ies to be conducted outside controlled laboratory settings
and reduce cost and setup time, they do not address the
challenges of data preprocessing, analysis, and interpreta-
tion. In particular, accessible and transparent interfaces that
support HCI researchers within a user study with limited
prior EEG knowledge remain largely absent. As a result,
HCI researchers face difficulties when attempting to inte-
grate EEG into user studies, despite the increasing avail-
ability of consumer-grade devices.

This thesis addresses this gap by designing and imple-
menting a low-entry EEG recording and analysis interface
tailored to the needs of HCI researchers with limited prior
EEG experience. The proposed interface supports EEG-
based user studies by emphasizing easy setup, transparent
preprocessing, visualizations, and a clear workflow.

The focus lies on enabling HCI researchers to easily acquire,
preprocess, and visualize EEG data from consumer-grade
devices, compare conditions or participants within user
studies, and understand the underlying processing steps in
a transparent and reproducible way.



The research follows a user-centered design process in-
formed by qualitative interviews with HCI researchers. The
interviews explored current research practices, opportuni-
ties, and challenges of integrating EEG into user studies
and expectations regarding an interface, data visualization,
and analysis. The results informed the definition of design
requirements and guided the development of the interface.

This thesis is structured as follows: Chapter 2 introduces
the theoretical background of EEG relevant to this work.
This includes preprocessing and feature extraction meth-
ods. Chapter 3 reviews related work, with a focus on the
use of EEG in HCI research and existing EEG recording
and analysis interfaces. Chapter 4 presents qualitative in-
terviews with HCI researchers, which inform the design re-
quirements for the implemented interface. Chapter 5 de-
scribes the design and implementation of the EEG interface
and provides a detailed walkthrough of its core functional-
ities. Chapter 6 proposes an evaluation study planned for
future work. Chapter 7 concludes the thesis and outlines
directions for future work.






Chapter 2

Theoretical Background

This chapter provides the theoretical foundation for this
work. Scetion 2.1 first introduces the physiological bases of
EEH, the spacial characteristics, different EEG devices and
the device used in this work. Section 2.2 describes differ-
ent EEG analysis perspectives. Section 2.3 then presents the
EEG data processing pipeline. Finally, the interpretation of
EEG frequency bands and ratio-based metrics is discussed
in Section 2.4.

2.1 EEG Data Collection

Following the classification by Tan and Nijholt [2010],
methods for measuring brain activity can be divided into
invasive and non-invasive methods. Invasive methods in-
volve sensors that are implanted directly on or into the
brain. They provide high temporal and spatial resolution,
but they are impractical for HCI research because they re-
quire surgical implantation, involve medical risks, offer
limited spatial coverage, and allow little flexibility in elec-
trode placement. Non-invasive technologies use external
sensors to measure brain activity.

As argued by Tan and Nijholt [2010], electroencephalog-
raphy (EEG) and functional near-infrared spectroscopy

Brain sensing devices
can be divided into
invasive and

non-invasive.

FNIRS and EEG are
main methods in HCI.



2 Theoretical Background

EEG measures
summed cortical
electrical activity at the
scalp.

Basic principles of
neuronal signal

transmission.

EEG reflects
synchronous
postsynaptic activity of

many neurons.

(fNIRS) are the only methods that meet the requirements
of cost, portability, and safety for HCI-focused research.
FNIRS measures brain activity by detecting changes caused
by variations in blood oxygenation and blood volume.
It has a high spatial resolution but low temporal reso-
lution. This work focuses on EEG, as it is the most
widely used brain-sensing method in HCI research [Putze
et al., 2022; Tan and Nijholt, 2010]

2.1.1 Physiological Basis of EEG

EEG uses electrodes to measure weak electrical potentials
(5-100 1V) generated by synchronous cortical neuronal ac-
tivity, at the scalp [Tan and Nijholt, 2010]. To understand
the origin of these signals, it is necessary to review how
neural activity generates electrical potentials.

Neurons are the basic cells of the nervous system. They
send and receive signals using electrical and chemical pro-
cesses. A neuron consists of dendrites, a cell body called
soma, and an axon. Dendrites receive signals from other
neurons. These signals are combined in the cell body. If the
signal is strong enough, the neuron produces an action po-
tential, which is a short electrical signal. The action poten-
tial travels along the axon and causes the release of neuro-
transmitters at connections called synapses. When the neu-
rotransmitter binds to receptors on the dendrites of the next
neuron, they create postsynaptic potentials. Postsynaptic
potentials are temporary changes in the electrical state of
the receiving neuron [Rao, 2013].

Action potentials are essential for neural communication,

but they are too brief and localized to substantially con-
tribute to scalp EEG. In contrast, postsynaptic currents
last longer and occur synchronously across many neurons.
Only when many neurons are temporally aligned and sim-
ilarly oriented, their electrical fields sum and become de-
tectable at the scalp [Jackson and Bolger, 2014]. Hence,
EEG signals reflect the summation of postsynaptic poten-
tials from many thousands of neurons [Rao, 2013].



2.1 EEG Data Collection

2.1.2 Spatial Characteristics of EEG

EEG has a low spatial resolution because the signals
recorded on the scalp come from a mixture of activity
in many different brain areas. Because electrical signals
spread through the brain and skull and become weaker
with distance, EEG mainly detects activity from the cere-
bral cortex (the outer layer of the brain). Activity from
deeper brain structures has only a small influence on the
recorded signal [Holsheimer and Feenstra, 1977; Rao, 2013].

As described by [Kumar and Bhuvaneswari, 2012], the
brain is divided into the left and right hemispheres, each
subdivided into four main lobes. The individual lobes are
statistically linked to distinct cognitive functions.

The frontal lobe, located behind the forehead, is primar-
ily involved in higher cognitive functions such as planning,
decision making, problem solving, attention, impulse con-
trol, and the regulation of behavior and emotions [Kumar
and Bhuvaneswari, 2012]. The prefrontal cortex, in partic-
ular, plays an important role in research on cognitive load
and engagement [Sarno et al., 2016; Sawangjai et al., 2019].
The temporal lobe, located on the sides of the brain, is in-
volved in auditory processing, language comprehension,
and memory functions [Kumar and Bhuvaneswari, 2012].
The parietal lobe, behind the frontal lobe, integrates sen-
sory information from different parts of the body and is
relevant for spatial awareness and body perception [Kumar
and Bhuvaneswari, 2012]. The occipital lobe, located at the
back of the head, is primarily responsible for visual pro-
cessing and perception [Kumar and Bhuvaneswari, 2012].

This shows that the number and placement of electrodes
define what can be measured. Which leads to a distinction
between high-density and low-density EEG devices, which
differ in spatial coverage, usability, and typical use cases.

EEG has low spatial
resolution.

EEG signals are
interpreted using broad
brain regions.

Electrode placement
determines spatial
coverage



2 Theoretical Background

Standard EEG
electrode placement
follows the 10-20

system.

High-density EEG uses
many electrodes for
high spatial resolution.

Low-density EEG
trades spatial resolution

for usability and cost.

Figure 2.1: International 10-20 system for electrode place-
ment which shows the standard electrode locations on the
scalp [Al-Fahoum and Al-Fraihat, 2014].

2.1.3 High-Density, Low-Density, and Consumer
EEG Devices.

The EEG electrodes are typically placed using the interna-

tional 10-20 system, as can be seen in Fig. 2.1. It defines
standard electrode positions based on 10% and 20% dis-
tances of the head size. Electrodes are labeled by letters
indicating the brain region as in Section2.1.2 and by num-
bers or the letter z. Odd numbers refer to the left hemi-
sphere, even numbers to the right, and z indicates midline
positions [Miiller-Putz et al.].

High-density (HD) EEG devices use 64 to 256 electrodes.
The high number of electrodes enables higher spatial reso-
lution and enhances the localization of brain activity. How-
ever, the use of HD-EEG is limited by practical constraints
like higher equipment costs, higher need for data process-
ing, and longer setup and recording times. As a result, HD-
EEG is primarily applied in specialized settings where high
spatial precision is required [Stoyell et al., 2021].

Low-density (LD) EEG devices use way fewer electrodes
(typically 19 to 25) [Stoyell et al., 2021]. This limits spatial
coverage but makes these devices more affordable and eas-
ier to use. Bach Justesen et al. [2019] suggests that increas-
ing electrode density beyond standard low-density EEG
provides only limited additional benefit, while recording
duration may have a stronger influence on EEG diagnostic
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outcomes. That indicates that LD devices can be sufficient
in many cases.

Recent technological advances have enabled the devel-
opment of portable, affordable, and wearable consumer-
grade EEG devices. They range from single-channel to
multi-channel devices, which are mainly marketed for ev-
eryday and personal use. They represent a practical ver-
sion of LD devices and typically focus on frontal and tem-
poral regions. This reflects a practical trade-off between
signal quality and usability [Putze et al., 2022; Sawangjai
et al., 2019]. They are commonly used in applied research
such as cognition research, brain-computer interfaces, and
domains including education and gaming, in contrast to
purely methodological studies [Sawangjai et al., 2019].

Consumer-grade EEG devices can record useful brain sig-

nals in some situations. However, they usually have fewer
electrodes and are more sensitive to movement and envi-
ronmental noise, which can reduce data quality and relia-
bility. Therefore, it is important to consider these limita-
tions and clearly report what the devices can and cannot
do when interpreting results from consumer-grade EEG de-
vices [Sawangjai et al., 2019].

2.1.4 Device Used in This Work: Muse

This work uses the consumer grade EEG device Muse!
from InteraXon Inc. . The device has a sampling rate of
256 Hz with a 12-bit resolution and supports wireless data
transmission via Bluetooth. The Muse has four dry elec-
trodes located at TP9, TP10, AF7, and AF8, with a reference
electrode at FPz (Figure 2.2).

The frontal electrodes are positioned over scalp regions
commonly associated with attentional processes. The tem-
poral electrodes are placed over regions that are considered
sensitive for capturing signals typically linked to memory
and emotional processing [Sawangjai et al., 2019].

1 choosemuse.com/products/muse-2, last accessed 26.01.2026

Consumer EEG devices
balance usability and
signal quality.

Consumer EEG devices
have practical limits in

data quality.

Muse has four dry
electrodes and wireless

data streaming.
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Muse is easy to use and
suitable for HCI studies.

Muse has limitations in
signal quality and
stability.

TP9+

Figure 2.2: Muse device (left) and its electrode placement
(right) [Sawan and Awad, 2023].

The Muse is a consumer EEG device originally designed
for wellness applications, but it has been increasingly used
in research due to its accessibility and open data stream-
ing capabilities [Krigolson et al., 2017]. The use of dry elec-
trodes allows for a fast setup without conductive gels. This
makes the Muse suitable for exploratory usage outside con-
trolled laboratory settings.

Despite its practical advantages, the Muse device has sev-
eral limitations. The use of dry electrodes and a small num-
ber of channels can lead to higher noise levels, reduced sig-
nal stability, and increased sensitivity to eye movements
and blinks [Kyriaki et al., 2024; Sawangjai et al., 2019]. Also,
individual factors such as head shape, hair characteristics,
and electrode adjustment can further affect signal quality.
In addition, wireless data transmission can introduce tim-
ing uncertainty, which should be considered when design-
ing event-related experiments [Sawangjai et al., 2019].

2.2 EEG Analysis Perspectives

EEG can be divided into two main brain wave types,
which are analysed in different ways. Continuous (also
called spontaneous) EEG activity and event-related poten-
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tials (ERPs). These two approaches differ in how EEG sig-
nals are interpreted and which cognitive processes they
capture [Miiller-Putz et al., 2015].

Event-related potentials (ERPs) are EEG signals that ap-
pear after a stimulus. They show up as voltage changes at
specific time points following the stimulus. ERPs are an-
alyzed in terms of amplitude and latency, not frequency
[Kosch et al., 2023]. The amplitudes of ERP components
are usually much smaller than those of continuous EEG ac-
tivity, so they are often not visible in the raw EEG signal.
Therefore, ERPs are obtained by averaging EEG signals that
are time-locked to repeated events or stimuli. This aver-
aging reduces the continuous background EEG and makes
the ERP components visible [Teplan et al., 2002]. Although
ERPs are well suited for studying stimulus-driven cogni-
tive processes, they require repeated, time-locked trials.
This makes them less suitable for continuous or natural in-
teraction settings [Nuamah et al., 2017].

Continuous EEG activity refers to the ongoing electrical
brain activity that is present at all times. It is not tied to
a specific event or stimulus. Continuous EEG signals are
commonly analyzed in the frequency domain by examining
changes in spectral power across different frequency bands.
Because it does not require repeated, time-locked stimuli,
it is particularly suitable for studying sustained cognitive
states and continuous interaction scenarios [Miiller-Putz
et al., 2015].

Besides ERPs, events can also cause changes in the fre-
quency domain of the EEG signal. These changes are called
event-related desynchronization (ERD) and event-related
synchronization (ERS). Unlike ERPs, ERD and ERS are not
obtained by trial averaging and do not appear as distinct
voltage deflections in the time domain. Instead, they are
analyzed as frequency-specific decreases or increases in
spectral power relative to a baseline period. ERD and ERS
are therefore conceptually positioned between continuous
EEG and ERP analysis. They rely on event timing like ERPs,
but are analyzed in the frequency domain like continuous
EEG. They require a clearly defined baseline period right

ERPs measure brain
responses to specific
stimuli.

Continuous EEG is
used to study ongoing
cognitive states.

ERD and ERS describe
event-related changes
in the frequency

domain.
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2 Theoretical Background

EEG signals are
preprocessed and then
analysed in time,
spectral, and spatial
domain.

Preprocessing removes
noise and non-neural
artifacts.

Resampling and
re-referencing prepare
EEG data for analysis.

before the stimulus, which increases the complexity while
recording [Pfurtscheller and Da Silva, 1999].

This work focuses on continuous EEG activity for capturing
cognitive states, while ERD/ERS are very promising future
work.

2.3 EEG Data Processing

The following section outlines the signal processing
pipeline used to extract features from continuous EEG
recordings. EEG data analysis typically follows a multi-
step pipeline (Figure 2.3). The raw data is preprocessed to
reduce noise and artifacts. Then, features are extracted, in-
cluding time, spectral, and spatial features [Rao, 2013]. As
this work uses a consumer-grade EEG device with limited
electrode coverage, only time- and frequency-domain fea-
tures are included.

2.3.1 Preprocessing

Preprocessing reduces noise and non-neural activity in the

EEG data and is therefore essential to improve signal qual-
ity and interpretability. Because EEG signals have very low
amplitudes, recordings are highly susceptible to artifacts.
Artifacts are signal components that do not originate from
neural activity but contaminate EEG recordings. These in-
clude external artifacts like line noise or poor electrode con-
tact, as well as internal artifacts caused by eye movements,
muscle activity, clenching, chewing, swallowing, or body
motion [Fatourechi et al., 2007; Kyriaki et al., 2024]. For
more detailed information about different artifact types, see
Fatourechi et al. [2007].

Before removing artifacts, EEG data is often resampled to
reduce data size. However, the sampling rate must remain
high enough to prevent aliasing [Kyriaki et al., 2024; Lan-
dau, 2005]. EEG does not measure absolute voltage, but
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EEG Data Processing Pipeline

Resampling /Re-referencing — Filtering — Artifact Removal (ICA) — Feature
Extraction (Temporal, Spectral, Spatial) — Analysis

Figure 2.3: EEG Data Processing Pipeline

voltage differences between electrodes on the scalp. There-
fore, choosing a reference is essential [Dhole et al., 2025].
Re-referencing means expressing each signal relative to a
selected reference electrode. A common method is com-
mon average referencing (CAR), which subtracts the av-
erage signal across all channels and helps reduce overall
noise [Kyriaki et al., 2024].

Filtering

Filtering is a fundamental step in EEG preprocessing.
High-pass filters (commonly 0.1-1 Hz) are used to re-
move slow signal drifts caused by sweat, electrode move-
ment, or baseline fluctuations. Low-pass filters (commonly
30-100 Hz) reduce high-frequency noise like muscle ac-
tivity and environmental interference [Niedermeyer and
da Silva, 2005]. Band-pass filters combine both approaches,
and notch filters are commonly applied at 50 Hz or 60 Hz
to suppress line noise [Newson and Thiagarajan, 2019].

Although filtering can improve data quality, overly aggres-
sive settings may distort neural signals or remove relevant
information. Artifacts often overlap with high-frequency
EEG components, which makes it difficult to separate noise
from brain activity using frequency-based filtering alone
[Miiller-Putz et al.]. An optimal and automated filtering
process across cognitive load studies remains an ongoing
debate [Kyriaki et al., 2024].

Independent Component Analysis

Independent Component Analysis (ICA) is widely used

Filtering removes slow
drifts and
high-frequency noise.

Filtering must balance
noise removal and

signal preservation.

ICA separates neural
signals from artifacts.
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2 Theoretical Background

ICA relies on
assumptions and must

be used carefully.

Time features describe
signal amplitude over
time.

as a standard approach for artifact correction [Gkintoni
and Halkiopoulos, 2025]. It decomposes multichannel EEG
recordings into a set of components that are as statistically
independent as possible, where some components primar-
ily reflect artifacts such as eye movements or muscle activ-
ity. By identifying these components (either through visual
inspection or automated ), they can be removed from the
data [Rao, 2013].

ICA has been shown to be particularly effective for re-
moving eye artifacts and muscle activity, which are com-
mon in computer-mediated and interactive tasks [Kyriaki
et al., 2024].

ICA is based on assumptions such as linear signal mixing

and statistical independence between sources. These as-
sumptions are only approximately valid for EEG data. As
a result, careless or fully automated component rejection
can lead to unintended removal of neural signals [Dhole
et al., 2025].

2.3.2 Time Features

After preprocessing, features can be extracted. The sim-
plest approach is to describe the signal directly in the time
domain.

Basic statistical descriptors such as mean, variance, stan-
dard deviation, RMS, and amplitude range summarize
the distribution of EEG signal amplitudes and are com-
monly used as baseline features in EEG analysis [Stancin
et al., 2021]. Amplitude-based measures, including min-
imum and maximum values, have been applied in clin-
ical EEG research to capture pathological alterations, for
example, by showing systematic differences between pa-
tient groups and healthy controls. Variance and standard
deviation describe how strongly signal amplitudes fluctu-
ate around the mean. Lower variability has been associ-
ated with reduced brain activity dynamics, while unusu-
ally high variance can indicate artifacts. [Rodrigues and
Rodrigues, 2024].
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Metric Formula Meaning
Min / Max X min, Xmax Range of amplitudes
Mean u = % Zfil Xi Central tendency, baseline shift
Variance =% SN (i — w)? Dispersion of the signal around the mean
Standard Deviation ¢ = Vo2 Strength of fluctuations
RMS ~ >N x2 Magnitude of the EEG signal
Peak-to-Peak Ayp = max(x) —min(x) Amplitude range

Table 2.4: Basic time-domain metrics [Rodrigues and Rodrigues, 2024].

In addition to descriptive time-domain metrics, the SNR is
used as a simple indicator of overall recording quality.

The Signal-to-Noise Ratio (SNR) is a measure used to quan-

tify data quality by comparing the desired information (the
signal) to unwanted interference (the noise). The SNR is
essential for determining how useful a signal is and how
much noise limits its performance. On a linear scale, the
SNR is defined as the ratio of the root-mean-square (RMS)
amplitude of the signal to the RMS amplitude of the noise
[Semmlow, 2012]:

RMSSignal

SNRjinear = m '

The SNR is commonly expressed in decibels (dB):

SNRgg = 20 loglo XSNRjinear-

2.3.3 Spectral Estimation

EEG signals are complex time-series data. When viewed
in the time domain, they show voltage fluctuations over
time. However, many cognitive processes are not defined

SNR indicates overall
EEG recording quality.

Frequency analysis
links EEG rhythms to
cognitive states.
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Spectral Estimation Pipeline

Preprocessed EEG — Segmentation/Windowing — Fast Fourier
Transformation — Power Spectral Density — Bandpower — Features

Segmentation divides
EEG into short, stable
time windows.

Windowing reduces
spectral leakage at
segment boundaries.

Figure 2.5: EEG Spectral Estimation Pipeline

by single voltage peaks, but by rhythmic activity in spe-
cific frequency ranges [Miiller-Putz et al.]. Therefore, in-
stead of only analyzing amplitude changes over time, it is
often more informative to examine the signal in the fre-
quency domain. The transformation from time-domain
EEG to frequency-domain features consists of several steps
as shown in Figure 2.5.

Step 1: Segmentation

EEG signals are continuous and change over time. How-
ever, most spectral estimation methods assume that the
analyzed signal is approximately stationary, which means
that its statistical properties do not change within the ana-
lyzed time window [Rao, 2013]. To meet this assumption,
the continuous EEG recording is divided into short time
segments. Each segment is treated as approximately sta-
tionary [Miiller-Putz et al.]. The segment length determines
a trade-off between temporal and frequency resolution [Al-
Fahoum and Al-Fraihat, 2014]. With longer segments hav-
ing a better frequency resolution and shorter segments hav-
ing better temporal resolution. In practice, segment lengths
between 1 and 2 seconds are common in cognitive EEG re-
search. In addition, overlapping segments reduces variabil-
ity in spectral estimates and allows smoother tracking of
changes over time [Kyriaki et al., 2024; Miiller-Putz et al.].

Step 2: Windowing

When dividing a signal into segments, abrupt edges are
created at the boundaries of each segment. These sharp
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edges can introduce artificial frequency components, a phe-
nomenon known as spectral leakage Al-Fahoum and Al-
Fraihat [2014]. To reduce this effect, each segment is mul-
tiplied by a smooth weighting function before frequency
transformation. This process is called windowing. Win-
dowing reduces distortion at segment boundaries and im-
proves the reliability of the subsequent spectral estimate
[Miiller-Putz et al.].

Step 3: Transformation to the Frequency Domain (FFT)

Once segmentation and windowing are applied, each
segment can be transformed from the time domain into
the frequency domain using the Fast Fourier Transform
(FFT), which is the standard method [Al-Fahoum and Al-
Fraihat, 2014; Rao, 2013].

The EEG signal is decomposed into its underlying fre-
quency components, represented as a sum of sine and co-
sine waves, each characterized by a specific frequency and
amplitude. For each frequency, it provides the Amplitude
(how strong the oscillation is) and the Phase (its timing rel-
ative to other oscillations) [Rao, 2013].

However, the raw FFT output cannot be directly used
for cognitive analysis. Instead of amplitude alone, signal
power is more relevant because it represents the energy at
each frequency. The FFT, therefore, serves as a computa-
tional step that enables power-based analysis [Al-Fahoum
and Al-Fraihat, 2014; Rao, 2013].

Step 4: Power Spectral Density

Although the FFT provides information about amplitude
and phase, cognitive EEG analysis is primarily concerned
with signal power. Therefore, the next step is to compute
the Power Spectral Density (PSD), which describes how sig-
nal energy is distributed across frequencies. It is typically
expressed in units of power per Hertz (V2/Hz) [Al-Fahoum
and Al-Fraihat, 2014; Rao, 2013].

FFT converts EEG
signals from time to

frequency domain.

PSD shows how signal
power is distributed

across frequencies.
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Bandpower
summarizes power
within specific

frequency ranges.

A simple PSD can be computed from a single FFT segment
(periodogram). However, this estimate can be noisy. There-
fore, a more robust method is often used: Welch’s method
[Welch, 2003]. Welch’s method estimates the power spec-
tral density by first splitting the signal into overlapping
segments like in Section 2.3.3. Each segment is smoothed
with a window function like in Section 2.3.3 and then trans-
formed into the frequency domain using the FFT. From
this, a power spectrum is calculated for each segment.
These power spectra are then averaged, which reduces
variability and leads to a more stable estimate of the PSD
[Welch, 2003].

The PSD is a common intermediate result in spectral esti-
mation, and many subsequent frequency-domain features
can be derived from it [Rao, 2013].

Step 5: Bandpower

The bandpower summarizes the power within specific fre-
quency ranges and is computed by integrating the PSD
over a chosen frequency band f — f5:

f2
Bandpower[ﬁ,fz]:/f P(f)df.
1

where P(f) denotes the PSD at frequency f [Al-Fahoum
and Al-Fraihat, 2014; Rao, 2013].

Bandpower reduces the detailed frequency spectrum into
a single value per band. This simplification makes it eas-
ier to compare conditions and interpret results in rela-
tion to cognitive processes. Absolute bandpower refers
to the raw power within a band. Relative bandpower ex-
presses bandpower as a proportion of total power across a
broader frequency range and can be computed as RBP =
Bandpower; . /Bandpower, . ..

The interpretation of bandpower depends on the frequency
range over which it is computed. Bandpower is there-
fore calculated with respect to predefined EEG frequency
bands that are associated with distinct neurophysiological
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and cognitive processes [Kosch et al., 2023; Kumar and Ku-
mar, 2016].

2.4 EEG Data Interpretation

After extracting spectral features from the preprocessed
EEG (Section 2.3.3), the next step is to interpret what these
values mean in terms of cognitive states. The following sec-
tions summarize the main frequency bands and their cog-
nitive associations and introduce the ratio indices used in
this work.

2.4.1 Frequency Bands and Cognitive Associations

Frequency bands differ in their typical frequency range,
amplitude, and functional associations. Changes in the
bandpower of these bands have been associated with men-
tal states such as attention, cognitive load, fatigue, and
emotional engagement [Miiller-Putz et al., 2015]. The fre-
quency band boundaries are not fixed constants. Individ-
ual differences in brain anatomy, age, and cognitive strate-
gies can lead to variability in peak frequencies, and exact
band limits therefore vary across studies and are subject to
ongoing debate in the literature [Norman Donald, 2013].

Delta (0) and gamma ()’) activity are not considered in fur-

ther detail in this work. Delta activity is dominant during
deep sleep and unconscious states and is largely irrelevant
to task-related cognitive processing in awake users [Miiller-
Putz et al., 2015]. Gamma activity is sometimes linked to
arousal and attention but has very low amplitude, and is
highly susceptible to noise [Miiller-Putz et al., 2015]. This
makes it difficult to measure reliably with consumer-grade
EEG devices [Cannard et al., 2021]. Therefore, this work
focuses on theta, alpha, and beta power, which are domi-
nantly used for workload assessment [Kosch et al., 2023].

Theta (0) power has been linked to increased mental ef-
fort and focused attention on task-relevant stimuli, which

Frequency bands differ
in range and meaning
and vary across
individuals.

Delta and gamma are
excluded due to limited
relevance and reliability.

Theta power increases
with mental effort and

working memory load.
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Band Frequency Range Primary Functional Associations
Delta (0) 0.5-4 Hz Deep sleep, unconsciousness, pathological

Theta (0) 4-8 Hz

Alpha () 8-13 Hz

states, motivational salience

Memory encoding, cognitive control, drowsi-
ness, emotional processing

Relaxed wakefulness, attention, concentra-
tion, mental workload

Beta () 13-30 Hz Active thinking, motor planning, focus, anxi-

Gamma (y) >30Hz

ety, cognitive processing

Perceptual binding, consciousness, attention,
sensory processing

Table 2.6: EEG frequency bands and their primary functional associations.
Adapted from Gkintoni and Halkiopoulos [2025] and expanded.

Alpha power decreases
during cognitive
demand.

Beta power reflects
active concentration
and cognitive
processing.

makes it a reliable indicator of working memory demands
[Gevins and Smith, 2000]. An increase in theta power is
therefore commonly interpreted as reflecting increased cog-
nitive load [Gkintoni and Halkiopoulos, 2025]. In partic-
ular, frontal-midline theta power (measured at Fz) is as-
sociated with mental effort and focused attention during
task performance and increases with the number of items
maintained in working memory [Gkintoni and Halkiopou-
los, 2025; Miiller-Putz et al., 2015].

Alpha (a) activity is most prominent during relaxed
wakefulness, for example with eyes closed.  Alpha
power typically decreases during cognitively demanding
tasks [Gevins and Smith, 2000; Gkintoni and Halkiopou-
los, 2025]. Whereas higher alpha power has been asso-
ciated with reduced concentration and higher error rates
in detection tasks [Rao, 2013]. Reduced alpha power has
also been linked to fatigue and declining alertness [Smith
and Gevins, 2005]. Overall, alpha-band measures are
commonly used to assess vigilance, attention, alertness,
and mental workload [Fernandez Rojas et al., 2020; Puma
et al., 2018].

Beta () activity is linked to active concentration, alert-
ness, and task engagement. [Miiller-Putz et al., 2015] In-
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creased beta power has been associated with effortful at-
tention [Miiller-Putz et al.] and has been used to study
visual attention and short-term memory [Fernandez Rojas
etal., 2020]. It is also commonly associated with active cog-
nitive processing, including visual attention, motor plan-
ning, and executive control [Baradari et al., 2025].

2.4.2 Ratio Indices

While individual EEG frequency bands are informa-
tive, many applied studies use ratios of bandpowers to
summarize cognitive states. Ratio metrics can reduce
inter-individual differences and are computationally effi-
cient, which makes them attractive for applied and real-
time settings [Gkintoni and Halkiopoulos, 2025; Raufi and
Longo, 2022].

Importantly, there is no single, universally accepted EEG

ratio that uniquely represents engagement or cognitive
load. Instead, the literature proposes a range of ratio def-
initions and naming conventions, and identical labels may
refer to different formulations across studies. Commonly
used ratios include B/(a + 0), 8/, and 0/ as indicators
related to attention, workload, or cognitive demand [Fer-
nandez Rojas et al., 2020].

In this work, two ratios are implemented an Engagement In-
dex defined as 8/(a + 0) and a Cognitive Load Index defined
as 0/a.

Cognitive Load Index

In HCI and applied workload research, the terms cognitive

workload, cognitive load, and mental workload are often used
interchangeably, even though they originate from different
theoretical models and are not conceptually identical. This
reflects the absence of a unified definition and the lack of
a gold standard measurement for such constructs [Kosch
etal., 2023].

Bandpower ratios
summarize cognitive
states in a compact
form.

There is no single
standard EEG ratio.

Cognitive load
terminology is
inconsistent across
disciplines.
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The Cognitive Load
Index is defined as
theta divided by alpha

power.

The Engagement Index
is defined as beta
divided by alpha plus
theta.

EEG measures vary

across individuals.

In this thesis, cognitive load is used as an umbrella term to

describe the cognitive capacity allocated to accommodate
the demands imposed by a task [Paas et al., 2016]. The im-
plemented index is based on the ratio between theta and
alpha band power, which has been widely used as a com-
pact indicator of cognitive demand in EEG studies [Gkin-
toni and Halkiopoulos, 2025; Mazher et al., 2017; Miiller-
Putz et al., 2015]. The Cognitive Load Index is defined as:

CLI=Q
a

where a and 0 denote the band power in the respective
frequency range. This formulation reflects the observa-
tion that cognitive load is associated with increased theta
power and decreased alpha power as described in Section
2.4.1. Accordingly, a higher Cognitive Load Index indicates
higher mental effort and increased task demands.

Engagement Index

The Engagement Index is defined as:

p

E =
NG a+06

where a, §, and 0 denote the band power in the respective
frequency range, and was introduced by Pope et al. [1995]
in the context of adaptive systems to estimate task engage-
ment from EEG. Higher values are commonly interpreted
as increased attentional focus or engagement. Studies
have validated the engagement index across a wide range
of experimental examples [Apicella et al., 2022; Baradari
et al.,, 2025; Eldenfria and Al-Samarraie, 2019; Hassib
etal., 2017; Kosmyna and Maes, 2019]. This index combines
increased beta power, associated with active concentration,
with reduced alpha and theta power, associated with re-
laxed or drowsy states as described in Section 2.4.1.

2.4.3 Limitations of EEG Interpretation

A fundamental limitation of EEG lies in its strong inter-
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individual variability. Differences in skull and scalp prop-
erties, brain anatomy, electrode placement, as well as de-
mographic and physiological factors such as age, fatigue, or
arousal level, affect how neural signals are measured at the
scalp and limit direct comparability between participants
[Miiller-Putz et al.].

EEG does not measure the activity of individual neurons
but primarily reflects synchronized postsynaptic activity
from large populations of cortical neurons as described in
2.1.1.

EEG signals are highly susceptible to artifacts such as
eye movements, muscle activity motion, and environmen-
tal noise [Kyriaki et al., 2024]. Consequently, EEG analysis
strongly depends on preprocessing choices, including fil-
tering, referencing, and artifact handling. As no universally
accepted preprocessing standard exists, different method-
ological decisions can lead to different results [Triibutschek
et al., 2024]. Moreover, EEG does not directly measure cog-
nitive constructs such as attention or cognitive load. In-
stead, interpretations rely on statistically established asso-
ciations between signal characteristics and mental states,
which may vary across theoretical perspectives and re-
search contexts [Putze et al., 2022].

EEG reflects distributed
brain activity, not
precise locations.

EEG results depend on
preprocessing and
interpretation choices.
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Chapter 3

Related Work

This chapter reviews prior work relevant to designing ac-
cessible EEG systems for HCI research. First, Section 3.1
summarizes how EEG is used in HCI. Section 3.2 then dis-
cusses the role of consumer-grade devices in applied re-
search. Section 3.3 reviews the current EEG software land-
scape from the perspective of HCI-oriented user studies.
It includes commercial software, open-source frameworks,
and graphical user interfaces. Finally, Section 3.4 examines
existing systems that attempt to address parts of the identi-
fied gaps.

3.1 EEG as an Evaluation Tool in HCI

The use of brain signals in HCI is a research area that is re-
lated to, but clearly distinct from, classical brain—computer
interface (BCI) research. Studies are often exploratory, in-
volve small sample sizes, and are conducted under less
controlled conditions [Putze et al., 2022]. The review by
Putze et al. [2022] shows that most EEG-based HCI studies
do not use EEG for control of interfaces. Instead, EEG is pri-
marily used as an evaluation tool that provides continuous
and objective insights into users’ cognitive and experiential
states during interaction. Within this evaluation-oriented

EEG in HCl is used
mainly for evaluation,
not control.
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Cognitive load
measures in HCI are
methodologically

diverse.

Bandpower ratios are
used as compact
indicators in HCI.

Consumer-grade EEG
devices are widely used
in HCI research.

research, EEG is commonly applied to examine constructs
such as cognitive load, attention, and engagement.

It is important to note that those constructs are method-
ologically heterogeneous. A survey by Kosch et al. [2023]
highlightes for example, that the terms used in cognitive
load studies vary in their theoretical foundations and mea-
surement approaches. EEG studies have a variety of eval-
uation approaches, including different frequency band ra-
tios (see Section 2.4.2) or ERP measures. We will focus on
frequency-domain approaches, particularly power changes
in the theta, alpha, and beta bands.

In a wide range of studies, increased cognitive de-
mands have consistently been associated with higher
theta activity and reduced alpha activity, especially in the
frontal and parietal regions [Anderson et al., 2011; Anto-
nenko et al.,, 2010; Fernandez Rojas et al., 2020; Gevins
and Smith, 2003; Holm et al.,, 2009; Tasmi et al., 2023].
Based on these findings the cognitive load index O/«
is used in applied studies [Ahmed et al., 2020; Bacevi-
ciute et al., 2020, Hassib et al., 2017]. Aswell as the
engagement index f/(a + 0) [Ahmed et al., 2025; Api-
cella et al., 2022; Baradari et al., 2025; Eldenfria and
Al-Samarraie, 2019; Kosmyna and Maes, 2019; Nuamah
etal., 2017].

3.2 Consumer-grade EEG Devices in Ap-
plied Research

Consumer-grade EEG devices are widely used in HCI re-
search due to their accessibility and low setup effort [Putze
et al., 2022]. While these devices are limited by sparse
electrode coverage and increased sensitivity to artifacts
[Sawangjai et al., 2019], prior work indicates that they pro-
vide sufficient signal quality for frequency-domain analy-
ses such as power spectral density and bandpower com-
putation [Gkintoni and Halkiopoulos, 2025]. From an HCI
perspective, the main challenge is not only data quality,
but ensuring that the strengths and limitations of these de-
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vices are clearly understood and properly interpreted in the
study context.

Validation studies indicate that the Muse can reliably cap-

ture low-frequency spectral features, including bandpower
and power spectral density, while higher-frequency activ-
ity is less consistent [Cannard et al., 2021]. Beyond spec-
tral analyses, large-scale and methodological studies have
shown that Muse can also support event-related EEG mea-
sures [Krigolson et al., 2017, 2021]. Several studies have
applied the Muse in classification-based settings to exam-
ine cognitive or mental states from spectral features [Bak-
shi, 2018; Bashivan et al., 2016; Rohit et al., 2017].

While consumer devices make EEG technically accessible,
the software for recording and analyzing the data is still a
major limitation.

3.3 EEG Software Landscape

This section reviews existing EEG software from the per-
spective of HCI user studies. Instead of giving a complete
overview of all tools, it focuses on common strengths and
weaknesses that are important for researchers without ex-
pert knowledge. The section is grouped into commercial
software, open-source frameworks, and GUI-based tools.

3.3.1 Commercial Software

Several commercial EEG software is available for data
recording and analysis. Scientifically oriented software
such as BESA Research! , BrainVision Analyzer’ , Acg-

! besa.de, last accessed 26.01.2026
2 brainproducts.com/solutions/analyzer, last accessed 26.01.2026

Muse supports
frequency-domain
analysis despite
limitations.

Commercial EEG

software is powerful but

closed and proprietary.
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Proprietary software
limits transparency and
reproducibility.

Open source EEG
frameworks offer
flexible, code-based

pipelines.

Knowledge® , LabChart* , NeuroPype® and Bitbrain® of-
fer advanced signal processing, artifact handling, and vi-
sualization features. However, these softwares are not free,
not open source, and closely tied to proprietary hardware,
which limits their accessibility and flexibility. Commer-
cial consumer-oriented applications provided with devices
such as the Muse App’ or NeuroSky® mainly target end
users. They support only predefined use cases, such as
meditation or basic feedback, and provide limited access
to raw data or customizable analysis workflows.

So a central limitation of commercial EEG software lies
in its restricted transparency and reproducibility. Several
studies note that proprietary software often provide insuffi-
cient documentation of their internal signal processing, fil-
tering, artifact correction, or classification methods, making
it difficult for researchers to fully understand or validate
the results [Chevallier et al., 2024; Gilmore et al., 2017; Paul
et al., 2021]. Closed data formats and limited export
options further complicate independent verification and
cross-study comparison. As a result, reproducing anal-
yses or extending existing workflows is often not feasi-
ble for other researchers [Niso et al., 2022]. These char-
acteristics stand in contrast to current open science princi-
ples, which emphasize transparency, accessibility, and well-
documented analysis pipelines as prerequisites for repro-
ducible and trustworthy research [Brito et al., 2020; Gor-
golewski and Poldrack, 2016].

3.3.2 Open Source Frameworks

In addition to commercial software, a large num-
ber of open-source EEG and BCI frameworks are avail-
able. Prominent examples include FieldTrip [Oostenveld

3 biopac.com/product/acqknowledge-software, last accessed

26.01.2026

adinstruments.com/products/labchart, last accessed 26.01.2026
neuropype. io, last accessed 26.01.2026
bitbrain.com/neurotechnology-products/software/sennslab,
last accessed 26.01.2026

choosemuse . com/pages/app, last accessed 26.01.2026
store.neurosky.com/pages/mindwave, last accessed 26.01.2026
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et al., 2011], BCILAB [Kothe and Makeig, 2013], BioSig
[Vidaurre et al., 2011], BrainFlow, MNE-Python [Gramfort
et al., 2013], BCI2000 [Schalk et al., 2004] and NeuroKit2°.
These frameworks offer functions for EEG signal process-
ing, feature extraction, classification, and statistical analy-
sis. The frameworks are designed as programming libraries
rather than end-user applications with graphical interfaces.
Users are expected to build custom analysis pipelines us-
ing code. While basic visualization is often available (see
Figure 3.1), none of these frameworks provides a fully in-
tegrated, visual workflow that covers guided setup, struc-
tured recording, and comparative analysis within a single
system.

As a result, many studies use custom preprocessing and
analysis pipelines tailored to individual projects [Cowley
et al,, 2017; Schummer et al., 2025]. Large-scale repli-
cation efforts such as EEGManyPipelines by Triibutschek
et al. [2024] show that differences in preprocessing and
analysis choices can directly influence reported results.

Those findings highlight the importance of transparency
and clear documentation of all steps in EEG data process-
ing. Overall, open source EEG frameworks are powerful
and offer alot of options and functions. However they
mainly target technically skilled users and rely on script-
based workflows. While this supports flexible and cus-
tomizable analysis, it provides limited support for non-
expert users, which are common in EEG oriented HCI re-
search.

3.3.3 Graphical User Interfaces

Graphical User Interface (GUI) based EEG interfaces aim
to make EEG recording and analysis more accessible by
providing visual and interactive workflows. In contrast to
script-based frameworks, these interfaces reduce the need
for programming and support direct interaction with EEG
data through graphical interfaces.

9 pypi.org/project/neurokit2/, last accessed 01.02.2026

Pipeline choices
influence EEG results.

Open frameworks lack
guided workflows for

non-expert users.

GUI simplify analysis
but separate recording
from analysis.
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Recording GUIs lack
integrated analysis and

comparison.
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Figure 3.1: The BCILAB graphical user interface, including
the main menu, a model visualization window, a parameter
configuration dialog for a BCI approach, a method configu-
ration window, and the MATLAB editor workspace. [Brun-
ner et al., 2012].

Some GUI based platforms focus primarily on the analysis
of previously recorded EEG data. Most popular examples
include EEGLAB [Delorme and Makeig, 2004] and Brain-
storm [Tadel et al., 2011]. These interfaces provide visual
analysis and support a wide range of preprocessing and
feature extraction methods, but they require that record-
ings are conducted externally and imported afterwards. As
a result, they do not support integrated study workflows
that combine recording, condition management, and anal-
ysis within a single interface.

Other GUI based interfaces focus on EEG recording and
real-time monitoring, but provide little or no built in analy-
sis functionality. LabRecorder!? for example supports syn-
chronized recording of multiple data streams but does not
include signal processing. OpenSignals!'! and the Open-

10 github.com/labstreaminglayer/App-LabRecorder, last accessed
26.01.2026

11 pluxbiosignals.com/pages/opensignals, last accessed 26.01.2026
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BCI GUI'? (see Figure 3.2 ) similarly support mainly data
recording and not including analysis.

System ControlPanel 4 30 fps

@ OPENBCI

S Sk Settings | Layout

Update  Shop Issues Help &

200 ~ 050 - -k ~lon  -loss -
o i
° -
i e 2) >
) )
Sz i 4 = SN
o e /
48 rms /
= : == —
Ao (
[ R v
s
o s L~ =/
() U4
I & o
547 0f 7035 Time (5) 12:23:56 @ 6/‘ -
K 1 T
FFT Plot - Focus Widget
3 00w - L 098 - Fiteod Gron - oFF -
2 2
< /’\4/ A\
A \§
1 VAN A : A
7 MMW
/i R\
o m P w P ®
Frequency (H2)
Coyout (2] selected.

Figure 3.2: Overview of the OpenBCI GUL

Although the OpenBCI GUI has similar visuall components
to the interface presented in this work, both interfaces dif-
fer in scope. The OpenBCI GUI is designed primarily for
device control, real-time monitoring, and raw data acqui-
sition for subsequent processing in external environments
such as MATLAB or Python. It provides live visualizations
(e.g., time series and FFT plots) but does not include struc-
tured preprocessing, condition-based comparison, or inte-
grated cognitive metric computation within the same inter-
face. Furthermore the OpenBCI GULI is officialy only com-
patible with OpenBCI hardware!3.

Simply combining recording and analysis GUIs does not
address core methodological challenges. Existing interfaces
lack a shared representation of conditions, explicit links
between recording and analysis, and support for system-
atic comparison across sessions. For inexperienced HCI

12 docs.openbci.com/Software/OpenBCISoftware/GUIDocs, last ac-
cessed 26.01.2026

13 docs.openbci.com/Software/OpenBCISoftware/GUIDocs, last ac-
cessed 26.01.2026

Fragmented GUI
provide little guidance
for HCI researchers.
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High Entry Barrier for
HCI Researchers.

Limited Support for
Transparent,
GUI-Based Processing.

Missing Study Logic for
HCI User Studies.

researchers, this fragmentation offers little guidance and
leaves the complexity of EEG analysis largely unchanged.

3.3.4 Identified Gaps

Current EEG softwares are primarily designed for expert
users rather than HCI researchers. Open-source frame-
works require programming and many methodological de-
cisions. Commercial software reduces coding effort, but it
is expensive and often tied to proprietary hardware. GUI-
based tools lower technical effort, yet they still offer lit-
tle step-by-step guidance. As a result, non-expert HCI re-
searchers face a high entry barrier when setting up EEG
studies and collecting reliable data.

A second gap is the lack of interfaces that combine trans-
parency with ease of use. Commercial tools often function
as black boxes, while code-based pipelines are transparent
but difficult for non-experts and vary across studies. Ex-
isting GUIs typically focus either on recording or on post-
hoc analysis, without integrating preprocessing and metric
computation in one clear workflow. As a result, few tools
provide a visual and understandable processing pipeline
that users can inspect and reproduce.

Finally, existing tools are not structured around the needs

of HCI user studies. There is little support for represent-
ing study conditions consistently or for comparing results
across participants and sessions. Instead, many tools fo-
cus on device control, BCI development, or specific appli-
cations. This leaves a gap for a general-purpose interface
that supports structured HCI study workflows.

3.4 Existing Systems Addressing Identi-
fied Gaps

Several prototypes and systems improve accessibility,
transparency, or workflow integration. However, none of
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them solves all identified gaps. They still offer useful de-
sign ideas and show alternative ways to approach these
challenges.

3.4.1 Interfaces to Lower the Entry Barrier

A first group of interfaces focuses on making EEG stud-
ies more accessible through web-based or remotely usable
workflows. Sans Tracas by Desai et al. [2022] is a cross-
platform interface for conducting online EEG experiments
and aims to enable participants to run studies outside the
lab with guided instructions. This supports low-threshold
data collection. MYND by Hohmann et al. [2019], for exam-
ple, also focuses on easier data collection, enabling smart-
phone recordings in field settings. EEG Collect by Stingl
and Knierim [2024] is an open source, web-based platform
that reduces the need for expert supervision during setup
and recording including time feedback and impedance
checks that help participants adjust electrodes until signal
contact is acceptable.

Those interfaces do not provide preprocessing or feature of
the data analysis but align with the goal of lowering setup
friction for non-experts and, therefore, lowering the entry
barrier.

3.4.2 Interfaces with Open and Transparent Data
Processing

While open-source frameworks offer transparency through
code-based pipelines, a smaller number of systems attempt
to provide transparent EEG data processing within graphi-
cal interfaces.

OpenViBE is an open source platform that enables the
construction of EEG processing pipelines through a fully
graphical interface. Its core concept is the Scenario De-
signer, a visual programming environment in which users
connect modular processing blocks for data acquisition,

Web-based interfaces
lower setup effort for
EEG studies.

OpenViBE offers
transparent pipelines
but targets BCI use.
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Applied systems
demonstrate EEG use
in concrete application

contexts.

Existing systems are
tailored to specific use
cases and goals.

Interface gap motivates
a qualitative study of
HCI researchers’
needs.

filtering, feature extraction, classification, and feedback.
This approach supports very visual, transparent, and mod-
ular signal processing without requiring direct program-
ming and makes individual processing steps explicitly
visible[Brunner et al., 2012; Renard et al., 2010]. How-
ever, OpenViBE is primarily designed for BCI development
rather than for structured HCI user studies. Study elements
such as participant handling, condition-based recording,
and standardized comparison must be set up manually,
which is difficult for non-expert users [Brunner et al., 2012].

3.4.3 Application Specific Systems

Application-specific systems demonstrate practical value
in concrete HCI contexts. Aggarwal et al. [2014] presents
a prototype that combines EEG recording with a visual
analysis of screen recording and mouse cursor postitions
to evaluate user experience during interface interaction,
and links EEG-derived measures to the interface context.
The EngageMeter by Hassib et al. [2017] is used on mea-
sure group engagement during presentations. Research by
Ahmed et al. [2020, 2025] investigates cognitive load and
engagement in learning environments and video games.
NeuroChat by [Baradari et al., 2025] integrates EEG-based
metrics directly into an adaptive tutoring system.

While these systems demonstrate the potential of EEG-
driven evaluation and adaptation, they are built around
predefined use cases and fixed analysis goals. The process-
ing logic and computed metrics are tightly coupled to the
specific application context.

Taken together, the reviewed literature shows that EEG is
widely used in HCI as an evaluation tool and that accessi-
ble hardware is available. However, existing software so-
lutions either require expert knowledge, lack transparent
processing workflows, or are tailored to specific applica-
tion contexts. To better understand the practical needs of
HClI researchers, the next chapter presents qualitative inter-
views with HCI researchers. These interviews aim to com-
plement the literature-based analysis with first-hand per-
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spectives in order to derive concrete design requirements
for an HCI oriented EEG interface.
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Chapter 4

Empirical Study and
Design Implications

This chapter presents the empirical foundation of the in-
terface design. To understand how HCI researchers with-
out prior EEG experience perceive, interpret, and imag-
ine integrating EEG into their research practice, five semi-
structured interviews were conducted.

The chapter first describes the participants in Section 4.1,
interview design in Section 4.2, and the analytic approach
in Section 4.3. It then presents the key themes derived
from the interviews in Section 4.4. Based on these find-
ings, higher-level design principles are defined in Section
4.5, which translated into concrete interface requirements
in Section 4.6.

4.1 Participants

Participants were five HCI researchers from different HCI
research fields with no prior experience in EEG, BCI, or
neuroscience. Their research fields include shape-changing
interfaces, deceptive patterns, spatial computing and vir-
tual reality, generative Al in creative processes, and design
for textile interfaces. All participants were PhD candidates.

Participants represent
non-expert HCI
researchers as target

users.
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Semi-structured
interviews explore
perceptions and
expectations of EEG.

Reflexive Thematic
Analysis was used for

qualitativ analysis.

This participant group represents the interface’s target au-
dience: HCI researchers who conduct user studies but have
limited familiarity with EEG methodology.

4.2 Interview Design

Semi-structured interviews were used to combine open
exploration with some level of consistency across partici-
pants. Because participants had no prior EEG experience,
open-ended questions were chosen to reveal implicit needs
and possible use cases that a fixed questionnaire might
miss. The interview guide included four main topics: (1)
participants” research background and data practices, (2)
their familiarity with and perception of EEG, (3) possible
areas of application and (4) their views on trust and trans-
parency regarding EEG. The whole guide can be found in
Appendix A.

All interviews were conducted individually and in person.
They lasted 2540 minutes, and were audio recorded with
prior consent. The interviews were conducted in german to
avoid language barriers. The recordings were transcribed,
anonymized, and assigned participant codes (P1-P5). They
were then translated into English while preserving the orig-
inal meaning.

4.3 Analytic Approach

The interviews were analyzed using Reflexive Thematic
Analysis (RTA) following Braun and Clarke [2006]. The
analysis focused on how participants described their expec-
tations and views, rather than on how often certain state-
ments were made.RTA was chosen because it makes it pos-
sible to find common patterns across interviews while ac-
knowledging that the researcher plays an active role in in-
terpreting the themes. This approach was suitable for ex-
ploring how HCI researchers without EEG expertise under-
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stand EEG and express their needs regarding recording and
analysis tools.

All interviews were designed, conducted, and transcribed
by the author. That ensured close familiarity with the data.
No second coder was involved. Instead, quality was en-
sured through repeated checks for consistency and critical
reflection. Transcription supported the identification of re-
curring patterns. Themes were iteratively reviewed, com-
pared with the data, and refined to reduce overlap. The
codebook can be found in appendix B.

4.4 Interview Findings

The following section presents the resulting themes based
on the RTA analysis of the interviews. Each of the following
themes describes a key aspect of how participants view the
use of EEG in HCI research and what they expect from a
recording and analysis interface.

1. Competence boundaries and resulting uncertainty
2. Motivation driven by perceived usefulness

3. EEG as an supportiv source of insight

4. Low-friction integration into user study routines

5. Trust through transparency and methodological
grounding

6. Comprehensibility and accessibility of the interface

7. Interest profiles regarding cognitive states

Each theme is explained in detail below with representa-
tive quotations and interpreted in relation to the overall re-
search context.

Findings summarize
key themes.
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EEG is mainly
associated with medical
contexts, not with HCI
research.

Participants do not
understand what EEG
measures or how to
interpret the data.

EEG is not seen as a
common method in HCI

literature.

441 Competence Boundaries and Resulting Un-
certainty

Most participants associated EEG with medical contexts.
“I would definitely have thought of a hospital” [P1], “of
those caps [...] and somehow of those tubes people are put
into” [P2]. No one knew what EEG actually measures or
how the data can be interpreted: “I don’t really have a clear
idea” [P1], “because I simply have no clue about this kind
of data” [P5], “What the data itself actually says [...] I can’t
tell” [P3].

Because of this uncertainty, participants found it difficult
to see the value of the EEG for their own research. As P1
explained: “I hadn’t considered it for my studies before,
and I still find it hard now. I don’t really know yet what
we could do with it in the future.” [P1]. This uncertainty
reflects less a lack of interest than a lack of understanding
of how EEG could be integrated into their research practice.

One possible reason is that participants were not famil-
iar with HCI literature, which includes EEG: “I've seen
very few papers in the literature [...] especially about brain
measurements” [P1]. P4 replied when asked whether he
had seen any work involving brain activity, “None at all, I
think.” [P4]. Similarly, P5 said: “From what I know of the
literature so far, it hasn’t really been done much, or at all, in
that way.” [P5].

Overall, this theme shows a clear knowledge gap between
HClI researchers and EEG methods. Participants did not re-
ject EEG, but they did not know what it measures, how the
signals are processed, or what conclusions can be drawn
from it. EEG was seen as medical, technically complex,
and not part of their usual research practice. This made
it hard for them to imagine how it could be used in their
own work. Researchers need clear explanations of how the
EEG works, how the data is processed, and what its limits
are.
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4.4.2 Motivation Driven by Perceived Usefulness

Even though there were uncertainties, participants were
generally open to working with EEG data. However, their
openness seemed tightly connected to the perceived use-
fulness. P3 described this relationship clearly: “I'm always
open. I think it depends on whether I feel it's worth it. [...]
If T knew it could really give me new perspectives that I
didn’t have before and couldn’t get otherwise, then defi-
nitely.” [P3] P5 emphasized: “Absolutely. Because if it’s
data that makes me feel like it gives us a new perspective on
a topic, then yes.” [P5] Similarly, P2 said: “...to see whether
it would lead me in directions I couldn’t measure or didn’t
consider before.” [P2]

At the same time interest could quickly decline if the en-
try barrier was too high or the purpose unclear. Some par-
ticipants also expressed doubts about whether they would
actually integrate EEG into their own work. P1 said: “I'd
like to say yes right away, but you realize there are alter-
natives beyond questionnaires that I've known about for
years and still haven’t used.” [P1] This shows that open-
ness alone does not automatically lead to adoption. Exist-
ing routines and uncertainty act as barriers, even when the
general interest is present. P3 said: “I probably wouldn’t
read up on it for hours, but if I see potential for my studies,
then definitely, I'd invest more time.” [P3]

To assess early on whether EEG fits their work, partici-
pants wanted clear and realistic guidance. P3 described
this need: “A list of possibilities or just an example so I
know what’s even possible with it.” [P3] Across interviews,
participants emphasized the importance of realistic expec-
tations and avoiding overselling. They wanted to under-
stand not only what an EEG interface can do, but also what
it cannot.

This theme shows a practical, usefulness-focused attitude
toward EEG integration. Participants are motivated by
the expectation of clear benefits. Learning was seen as an
investment that needs to pay off, rather than something
driven by curiosity alone. This shows the need for an in-

Participants are open to
EEG, but only if it
clearly benefits their
research.

Interest in EEG
depends strongly on
whether it offers clear

new insights.

Participants want clear
examples and realistic

expectations.

The interface must
quickly show value and

clearly explain its limits.
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Participants describe
EEGasa
complementary and
objective data source.

Only one participant
imagined applications
beyond user studies.

EEG may capture
states that
questionnaires cannot

measure.

terface that offers guidance, quick initial benefits, and clear
communication about what it can and cannot do.

4.4.3 EEG as an Supportiv Source of Insight

The interviews were designed to support open reflection
on possible use cases, without adding technical or concep-
tual limits. Across the interviews, the usage of EEG was
mainly described as an additional and objective source of
data for user studies.

Only P5 mentioned applications outside of user studies:
“If you had a measurement that detects when someone is
highly focused, you could, for example, have a small light
at the door turn on "focus zone.” for office enviornment
and they also imagined using EEG in their own data analy-
sis workflow, by defining commands to trigger quick vi-
sualizations on screen. All other participants mentioned
possible applications only in the context of user studies.
They were not encouraged to think beyond the ideas they
brought up themselves. This was intentional, as the goal
was to understand their current and realistic view of EEG.
Their answers reflect their existing research practices rather
than future or speculative ideas. Since all participants reg-
ularly conduct user studies, it is not surprising that they
mainly placed EEG within this context.

Within the context of user studies, EEG was primarily
seen as an observational, objectiv and complementary mea-
surement method: “Where such data could be added and
somehow complement what we already have” [P4]. P2 de-
scribed EEG as an opportunity “to really gain study results
or insights [...] things that you can’t easily ask with a
questionnaire.”[P2]. So, EEG could help research “rely on
more than just the subjective perception of a person.” [P1].
And capture “Something the participant might not even be
aware of [... ] that you gain new perspectives from that][...]
I find that very exciting.” [P3]. P1 also highlighted EEG’s
potential to overcome recall bias and retrospective uncer-
tainty: “People forget a lot or have problems in places they
aren’t even aware of themselves. [...] Seeing a bit more
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continuously what’s going on in people, I find that inter-
esting.” [P1].

A recurring motiv was the interest in time points: “Tim-
ing points are probably the most relevant.” [P4] Similarly,
P2 described the desire “to see over time when the person
was in flow and how confident the interface is about those
specific moments.” [P2].

Several participants suggested combining EEG data with
other data sources. P2 proposed displaying EEG data
alongside video recordings, describing “a kind of brain in-
tensity track underneath, appearing in the same timeline”.
P5 suggested linking EEG with eye tracking data “to relate
specific observed states to individual interface elements.”
These ideas further support the view of EEG as an additi-
nal data source.

Only P2 imagined EEG as a potential feedback mechanism

for active system control in user studys: “It would be very
interesting to let the system react to that.” [P2] In contrast,
“Whether we really need to control shape-changing inter-
faces with the brain or with thoughts. I don’t think that’s
so interesting.” [P3] Among all other participants, the topic
of active control or feedback loops did not emerge.

This theme presents EEG as a supporting source of evi-
dence. It is seen as an extension of existing research meth-
ods rather than replacing them. Researchers described EEG
as having a validating role, especially for mental states that
are hard to express or remember later.

4.4.4 Low Friction Integration into User Study Rou-
tines

For all participants, it was important that an EEG interface
could be easily integrated into existing study workflows.
Most participants described their studies as a series of tasks
carried out under different conditions. An interface there-
fore should be quick to set up, unobtrusive, and require
little configuration. Time and effort were repeatedly men-

Time-based information

was of interest.

Participants want EEG
to be combined with
video or eye tracking
data.

Active system control is
rarely considered and
not a main interest.

EEG should extend
existing methods, not
replace them.

EEG must integrate
smoothly into existing

study workflows.
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EEG should not distract
participants or change
their behavior.

During the study, only
basic feedback is
needed.

The interface should
minimize interaction
during recording.

Trust depends on
transparency and
methodological
grounding.

tioned as key factors for acceptance. P3 noted that using an
EEG interface would become problematic “if it significantly
increases the overall study effort.” [P3]

Several participants emphasized that the device should
not cause distraction or irritation, as this could influence
participant behavior and thereby compromise data qual-
ity. In this context, P5 expressed concern about a possible
reinforcement of the Hawthorne effect, that is, behavioral
changes resulting from participants” awareness of being ob-
served. EEG should therefore not become the focus of the
study but rather be included into an existing setup.

There was also a clear interest in immediate feedback dur-
ing data collection. Researchers wanted to ensure that the
interface was functioning properly without having to per-
form detailed analyses during the session. P2 said: “that
it’s not a complete blind flight, but that while the study is
running, I can already see some parameters showing that
I'm measuring meaningful values and a short visualization,
like what the person’s current emotional or concentration
state is.” [P2] Similarly, P4 emphasized interest in a partial
real-time view, as “it could be exciting to have some kind
of semi-live stream of it,” enabling “more specific follow-
up questions if needed.” [P4] There was agreement that
detailed analysis should take place only after data collec-
tion. During the study, a “quick and dirty estimate” [P2]
was considered sufficient to ensure that the measurements
were valid.

This theme shows that acceptance of an EEG interface de-

pends on how smoothly it fits into existing research prac-
tice. The EEG interface should be reliable, unobtrusive, and
easy to integrate without changing existing study designs.
It should required little setup time and minimal attention
during experiments.

4.4.5 Trust through Transparency and Methodolog-
ical Grounding

Insight into data processing and data quality was seen as
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essential. P1 said they need all the processing infos and
"want to be able to calculate it myself.” Similarly, P2 ex-
plained: “If it gives me a result, it has to explain how it got
there, because I have to explain that in the end too.” These
statements show a strong rejection of black box behavior
and a clear demand for verifiable analysis steps.

P2 also proposed “something like a certainty score” [P2]
to better judge the reliability of results and reduce uncer-
tainty. Trust was further linked to established scientific
practice. P1 noted that trust increases “if people from out-
side HCI maybe from a more medical or professional back-
ground use this methods. That would build a lot of trust
for me.” and added that he would “mainly rely on external
resources to build basic trust.” P2 similarly stated feeling
“most confident when the analysis is based on published
work by experts in the field, ideally in reputable journals,
that show how such data are analyzed.” P5 added that trust
arises “when using a device that is already known from
other research fields to produce reliable results.”

Participants also expressed a need for predefined, recom-
mended configurations as starting points: “I usually like
having some defaults that are recommended, what the pro-
fessionals do, so I don’t have that fear, but I can still change
and inspect things if I want more control.” [P3]

Overall, this theme shows that trust in EEG analysis inter-
faces is built through transparency, traceability, and clear
documentation.

4.4.6 Comprehensibility and Accessibility of the
Interface

Regarding the visual interface itself P1 preferred mini-
mal displays: “Basically just a line that shows, for exam-
ple, mental demand or stress.” [P1]. Several participants
stressed the importance of controlled information density.
P2 said: “If the visualization doesn’t overload you with
data, but first shows something simple that can become
more complex once you understand it.” [P2]. “Not too

Participants reject
black-box systems and
demand traceable

analysis steps.

Participants want
recommended defaults.

Participants prefer
simple visuals with
optional depth.
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A low entry barrier is
important.

Participants prefer short
tooltips.

Comprehensibility
directly influences

usability and trust.

Participants mention
both general cognitive
states and
context-specific
emotions.

much displayed at once, maybe separate tabs for different
variables.” [P3]. A reduced and well-structured interface
was therefore seen as important, especially for first-time
users: “I'm definitely in favor of even professional software
being a bit simpler at the beginning. [...] There always has
to be the possibility to then look a bit deeper.”, “If you sud-
denly have to configure everything, I would feel a bit less
comfortable with it, because I simply have no idea about
that stuff.” [P5].

P2 described the ideal interface as “easy to learn, hard
to master,” suggesting a low entry barrier with optional
depth. P5 added that an interface should have a short
“time to blink,” meaning it should provide immediate vis-
ible feedback after interaction. Both statements emphasize
the importance of fast responsiveness and progressive com-
plexity.

To support onboarding, participants preferred short, con-

text sensitive help. P2 suggested “that when you hover
over certain areas, it has a small help window in the lower
left corner, and there’s always an explanation of what
you're currently hovering over.”

Overall, this theme shows that comprehensibility is cen-
tral to both usability and trust. Participants favored inter-
faces that are simple at first, avoid overload, and still allow
deeper analysis when needed.

4.4.7 Interest Profiles Regarding Cognitive States

Certain cognitive and emotional states were especially rel-
evant to the interviewed researchers. The most frequently
mentioned state was cognitive load, also referred to as men-
tal effort or mental workload. Other states were more con-
text specific, including stress, flow, creativity, affect, creepi-
ness, fatigue, or motion sickness, as well as emotions such
as nervousness or surprise.

P5 suggested that EEG could be used to “obtain a direct
measurement to determine baseline stress levels”. Simi-
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larly, P1 expressed interest in establishing a baseline of gen-
eral arousal to better track changes across sessions.

4.5 Design Principles based on Interview
Findings

The seven themes reveal recurring patterns that extend be-

yond individual statements. Based on the themes derived
from the interviews, design principles are defined (Table
4.1) by clustering the seven interview themes into higher-
level, goals for the interface. Themes related to limited
EEG knowledge and the need to understand results (com-
petence boundaries, trust through transparency) were con-
solidated into Transparency and Methodological Trust (DP1).
Themes describing the need for a low entry barrier and
gradual complexity (motivation driven by usefulness, com-
prehensibility, and accessibility) informed (Progressive) Ac-
cessibility (DP2). Concerns about reliable recordings and
uncertainty during data collection (low friction integration,
data-related uncertainty) led to Reducing Uncertainty in Data
Collection (DP3). Finally, the repeated focus on fitting EEG
into existing study routines (EEG as supportive insight,
workflow integration) resulted in Seamless Integration into
User Study Workflows (DP4).

These principles define the foundation of the interface and
guide the definition of concrete functional requirements.

Themes are
summarized into
higher-level design

principles.
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Principle

Design Implication

(DP1) Transparency and Analysis steps, parameters, and assumptions are visi-

Methodological Trust

ble, documented, and reproducible. The interface pro-
vides scientifically grounded defaults that users can in-
spect and change

(DP2) (Progressive) Ac- The interface supports quick first results and optional

cessibility

depth through progressive disclosure

(DP3) Reducing Uncer- The interface supports data quality with electrode pre-
tainty in Data Collection checks

(DP4) Seamless

Inte- The workflow minimizes interaction during recording

gration into User Study and avoids distraction

Workflows

Table 4.1: Interface design principles derived from the interviews.

Design principles are
translated into concrete
requirements.

Core requirements
implement the design

principles.

4.6 Interface Requirements based on De-
sign Principles

Based on the design principles, concrete interface require-
ments were derived. These requirements translate the prin-
ciples into implementable features and system properties.
A focused subset was selected to guide the first functional
implementation of the interface (Table 4.2). Additional re-
quirements identified during analysis but not implemented
in this work are included in Appendix C.

The requirements directly support the defined design prin-
ciples in Table 4.1. Electrode contact check (R2) and artifact
handling (R3) support DP3. Visible processing steps (R6),
export of processed data (R9) and recommended defaults
(R5, R7) support DP1. A step-by-step workflow mode (R8)
supports DP2, while easy device connection (R1) and event
marking (R4) support DP4.

Together, these requirements form the bridge between the
empirical insights and the interface design described in the
next chapter. The interviews informed design principles.
These principles guided the selection of core requirements.
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Requirement

Rationale

R1: Fast device connec-
tion

R2: Electrode contact
quality check

R3: Basic artifact detec-
tion and cleaning

R4: Event marking dur-
ing live recording

R5: Recommended de-
faults for processing pa-
rameters

R6: Display of data
(pre)processing steps

R7: References to estab-
lished methods

R8: Guided step-by-step
workflow

R9:  Export of (pro-
cessed) data

R10: Clear communica-
tion of interface capabil-
ities and limitations

Reduces setup time and lowers the barrier for non-
expert users during study preparation

Ensures collected data is usable and reduces uncer-
tainty about electrode placement

Detection of common artifacts such as eye blinks and
motion to remove obvious noise and improve the us-
ability of recorded data

Allows mapping EEG activity to specific events, sup-
porting time-based analysis

Offers validated presets that reduce configuration effort
and user uncertainty

Increases methodological transparency by showing
how results are generated

Builds confidence through methodological grounding
and alignment with validated approaches

Guides non-expert users through EEG usage

Enables further analysis and integration with question-
naires or log data

Prevention of overinterpretation and support for realis-
tic expectations.

Table 4.2: Interface core requirements derived from the design principles.

The final interface implements these requirements. This
chapter provided the empirical grounding for the interface
design. The derived design principles and requirements
serve as the conceptual and functional foundation for the
implementation presented in the following chapter.
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Chapter 5

Design and
Implementation of the
Final Interface

This chapter presents the final designed and implemented
Interface based on the findings in Chapter 3 and Chapter
4. Section 5.1 first defines the scope of the final interface.
Section 5.2 then describes the prototyping process and ex-
plains how the workflow structure and navigation concept
were developed and refined. Section 5.3 outlines the fi-
nal system architecture and data management. Section 5.4
presents the final interface workflow from the user’s per-
spective and describes the five main screens of the inter-
face. Section 5.5 concludes with implementation details of
the data processing and Section 5.6 discusses the method-
ological and technical limitations of the final interface.

5.1 Scope of the Final Interface

The final interface is designed as a guided EEG workflow
for conducting user studies. It primarily targets researchers
in Human—-Computer Interaction (HCI), but can also be
used by researchers from other fields who apply EEG for
study evaluation.
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Interface supports an
end-to-end workflow for
non-experts in HCI

study contexts.

Interface assumes
low-noise, stationary
recordings.

Interface implements a
basic preprocessing
pipeline with filtering

and ICA.

Analysis focuses on
continuous
frequency-domain
features.

Interface computes
engagement and

cognitive load indices.

The system is intended for non-expert users with limited
prior knowledge of EEG. It supports the full study work-
flow: defining an experiment, connecting a device, check-
ing electrode quality, recording data, and analyzing results.
The application context is the evaluation of user studies,
not clinical diagnosis or pure BCI control.

5.1.1 Intendet Experiment Condition

The current implementation is designed for low-noise
recordings. Participants should be seated and should move
as little as possible. The study should avoid strong mo-
tion, typing, and speaking during recording. In high-noise
contexts, muscle activity and motion can dominate the sig-
nal. In such cases, simple frequency-domain metrics be-
come less reliable [Kyriaki et al., 2024].

5.1.2 Preprocessing and Data Analysis

For low noise experiments, a common preprocessing
approach includes manual rejection of noisy segments,
band-pass filtering, and ICA as summarized by Kyriaki
et al. [2024]. So the interface supports two preprocessing
steps: frequency-based filtering and ICA.

The analysis of the data focuses on the continuous
frequency-domain. Frequency-based features are compar-
atively robust to noise and temporal variability, which is
especially important when working with consumer-grade
EEG devices or in less controlled study environments [Kyr-
iaki et al., 2024].

Building on the frequency-domain analysis, the interface
computes a cognitive load index and an engagement index
as defined in Section 2.4.2. These measures were selected
because they can be calculated with a small number of elec-
trodes [Conrad and Bliemel, 2016; Kumar and Kumar, 2016]
and are widely used in applied EEG research, as shown in
Chapter 3.
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Overall, the interface is intended for exploratory and
comparative analysis across tasks, conditions, and partic-
ipants. Its scope prioritizes accessibility, transparency, and
methodological clarity over analytical breadth. The limita-
tions are stated explicitly in Section 5.6 to reduce the risk of
overinterpretation.

5.2 Prototyping of the Interface

The interface was developed using a human-centered de-
sign approach following Norman Donald [2013]. The pro-
totyping phase translated the defined design principles and
core requirements from Chapter 4 into a clear and guided
workflow suitable for HCI user studies. The prototypes are
intentionally simple and, due to time constraints, focused
on validating the workflow structure rather than the visual
design.

The first prototype explored the overall workflow of the
interface using low-fidelity paper sketches. Based on the
interview findings, it became clear that the interface should
support all major phases of an EEG study in a structured
way. First, users need a setup phase where they can con-
nect the device and define basic information about the
recording. Before starting the actual recording, a electrode
contact check is required to reduce uncertainty and en-
sure usable data (DP3, R2). After that, the recording it-
self should be simple and require minimal interaction so
that it does not disturb the user study (DP4). Since the in-
terface aims to support an end-to-end workflow, the inter-
face should also include an analysis phase where recorded
data can be inspected and preprocessed. This structure im-
plements requirement R8 (Guided step-by-step workflow)
Based on these considerations, the prototype resulted in a
linear workflow with five main screens: start screen, exper-
iment setup and device connection, electrode contact check,
recording, and analysis. The fixed order was chosen to en-
sure that critical steps occur in the correct sequence, such as
verifying signal quality before recording. Figure 5.1 shows
the start, recording and analysis screens of this initial pa-

Scope prioritizes
accessibility and

transparency.

Prototyping translated
interview-based
requirements into a
guided workflow
structure.

Early prototype includes
a linear, step-by-step
workflow.
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Exploratory
walkthrough suggested
the workflow is
understandable for

non-expert users.
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per prototype. The whole prototype can be found in the
Appendix D.

The prototype was used in an exploratory walkthrough
with two HCI researchers. Although the small sample size
does not allow general conclusions, the walkthrough did
not reveal any major problems in the workflow. It showed
that a clear step-by-step process helps users work correctly
and reduces uncertainty, especially for non-experts.
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Figure 5.1: Start screen (left), recording screen (middle) and analysis screen (right)
of the initial paper prototype.

Workflow adapted to
support consecutive

recording sessions.

Users requested
optional detail and time
marker options.

Navigation changed
from top bar to sidebar
to improve orientation

and prevent errors.

The walkthrough also revealed the need to support con-
secutive recording sessions. In real studies, multiple partic-
ipants are often recorded in sequence. So they do not need
to analyse the data right away and want to avoid unneces-
sary repetition. At the same time, from a technical point of
view, a new device connection should be required for each
new recording to avoid issues caused by device inactivity
or unplanned disconnection. Therefore the workflow was
adapted so that users do not have to analyse the dataset af-
ter recording, but can navigate back to the start screen to
start a new recording.

The analysis view was perceived as clear and easy to un-
derstand. However, participants requested optional access
to more detailed information and explicit event markers to
support time-based analysis.

During the walkthrough, one participant clicked on the
“Start” item in the top bar in Figure 5.1 instead of the main
start button that was meant to move to the next step. This
showed that the navigation structure was confusing and
could lead to errors. Different navigation concepts were
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explored using low-fidelity digital mockups. The top nav-
igation was replaced with a left-aligned sidebar, as shown
in Figure 5.2. The sidebar is no longer meant for active nav-
igation. Instead, it indicates the current screen of the work-
flow. This helps users understand where they are in the
process and reduces the risk of skipping important steps. In
addition, the top bar can now be used to display constant
information, such as the experiment name and recording
number.

ceg.ab Start  StudySetup Signal Calibration  Live Recording  Analysis

Record New Session

Analyze Existing

%

Figure 5.2: Start screen mockups with top navigationbar (left) and side navigation-
bar (right).

Overall, the prototyping phase validated the linear work- Prototyping informed
flow structure and informed key interaction and navigation key navigation
decisions. Building on this validated workflow and naviga- decisions and validated
tion concept, the following section presents the implemen- the linear workflow.

tation of the final interface.

5.3 Final Interface System Architecture
and Data Management

This section describes the technical foundation of the inter-
face, including its software architecture, data acquisition,
and storage model. The interface is implemented as a web-
based application building on related work from Section
3.4.1 to lower setup effort and improve accessibility. The
frontend is built with Vue 3 and TypeScript. The backend
is implemented using FastAPI, which was chosen for the
asynchronous processing. The code is publicly available to
support reproducibility.
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LSL acquisition runs in
a separate process to
ensure stable
synchronized
streaming.

Offline processing uses
MNE library.

Local CSV-based
storage keeps data
readable.

Separate files for raw,
events, cleaned data,
and metrics improve
traceability and
comparison.

The EEG data acquisition is handled through the Lab
Streaming Layer (LSL)! and runs in a separate operating
system process. This splitting isolates the data streaming
from the frontend and backend load and ensures stable,
time-synchronized acquisition. LSL also allows the inter-
face to be extended to additional devices in the future with-
out adding big changes to the interface logic.

The data is offline processed and analysed using the MNE
Python library? which is widely used in research [Gram-
fort et al., 2013]. It provides all the main processing steps,
from preprocessing to statistical analysis. It also supports
advanced analysis methods like supervised learning. This
allows the analysis pipeline in the interface to be extended
without changing the software framework. Because MNE
is fully based on Python and does not rely on MATLAB or
other proprietary software, it improves accessibility and re-
producibility. In addition, MNE data objects are compati-
ble with other Python-based libraries such as NeuroKit2?3,
which allows additional analyses to be added in the future.

All recorded data is stored locally in a fixed directory struc-
ture:

/data/
experimentName/

RecordingN/
metadata.csv
raw_samples.csv
events.csv
cleaned_samples.csv
metrics_output.csv

Each experiment contains one or more recordings, which
could be logically mapped to a participant. Each recording
includes raw data, metadata, event markers, cleaned data,
and a metrics file. The interface runs locally, so the data is

1 labstreaminglayer.org/#/, last accessed 05.02.2026
2 mne.tools/stable/index.html, last accessed 05.02.2026
3 pypi.org/project/neurokit2/, last accessed 01.02.2026


https://labstreaminglayer.org/##/
https://mne.tools/stable/index.html
https://mne.tools/stable/index.html
 https://pypi.org/project/neurokit2/
https://labstreaminglayer.org/##/
https://mne.tools/stable/index.html
 https://pypi.org/project/neurokit2/
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not shared externally, which supports data privacy and se-
curity. The metadata file stores experiment and recording
parameters such as device name, sampling rate, channel
names, and defined conditions. The raw EEG samples are
stored separately from event markers. Event files contain
recording starts and stops, and manually set markers. Af-
ter preprocessing, the cleaned data is saved separately. De-
rived metrics and the processing parameters used to com-
pute them are stored in a metrics output file. This separa-
tion supports transparency and enables clear comparison
between raw, cleaned, and derived data. CSV files were se-
lected as the main format for storing data since they can be
read by humans and are simple to review and export. This
supports accessibility for HCI researchers who may not be
familiar with specialized EEG formats.

The whole folder containing the above files can be ex-
ported at the end of the analysis. This makes the data and
analysis process transparent and reproducible, which sup-
ports design principle DP1 (Transparency and Methodolog-
ical Trust) and implements requirement R9 (Export of (pro-
cessed) data).

5.4 Final Interface Workflow

After outlining the technical foundation, this section de-
scribes the interface from the user’s perspective. The final
interface is organized into five main screens that follow the
workflow evaluated through the prototypes in Section 5.2:

Start Screen: Create a new recording or open and analyze
an existing dataset.

Setup Screen: Define the experiment and conditions and
connect the Muse device.

Electrode Contact Check Screen: Record a baseline and
verify electrode contact quality with live feedback.

Recording Screen: Record EEG for each condition.

Export supports
reproducibility.

Interface is split into five
screens.
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Tooltips support
guidance.

Continuous feedback
and safeguards reduce

errors and uncertainty.

Documentation explains
interface, processing
choices and limitations
to manage
expectations.

Analysis Screen: Preprocess data and inspect bandpower,
PSD, and index results.

Each screen displays only the functions required at that
stage, which implements requirement R8 (Guided step-by-
step workflow). Once all actions on a screen are completed,
users can proceed to the next screen. This provides a clear
sense of progress and completion, which supports Shnei-
derman [2003] rule to design dialogs to yield closure.

While the clear workflow supports first-time users, it is
intentionally designed to avoid becoming obstructive for
recurring use. So instead of always visible explanations, the
guidance is primarily delivered through contextual tooltips
that appear when hovering over headings and key interface
elements. These tooltips explain the purpose of functions
and provide a brief background, which should help users
to understand what actions are required.

The interface also provides continuous status feedback.
For example, displaying the remaining recording time. But-
tons are also automatically disabled while required inputs
are missing or while processing is running, which prevents
invalid actions and reduces errors. The interface is respon-
sive and adapts to different screen sizes, for example, by
collapsing the sidebar into a burger menu on smaller dis-
plays. Error handling is implemented through clear and
informative messages that notify users when problems oc-
cur and explain how they can be resolved. This supports
robust interaction and reduces uncertainty during use.

The documentation screen (Figure 5.3) provides an
overview of the interface workflow and detailed descrip-
tions of the implemented data processing functions. It
also explicitly states what the interface can and cannot
do, which manages users expectations and reduces the
risk of overinterpretation, implementing R10 (Clear com-
munication of interface capabilities and limitations). All
default settings of the underlying MNE functions and
processing parameters are documented, supporting DP1
(Transparency and Methodological Trust) and implement-
ing requirement R6 (Display of data (pre)processing steps).
It also includes a section with references to papers and
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books, which could be useful, and on which the processing
pipeline is oriented, implementing R7 (References to estab-

lished methods).

‘ eeg.workflow

Contents

1. Overview
2. Use Cases & Limits
3. Interface Workflow

4. Architecture & Data Model

5. Preprocessing (Exact Pipeline)

6. Feature Extraction (Exact Pipeline)

7. Interpretation help

8. Export

8. Troubleshooting

9. References

This interface is designed to support research workflows where EEG is collected. It provides an whole path from defining the experiment
with different conditions, through recording and quality checking, to preprocessing and feature extraction. It is compatible with the Muse

from Interaxon and designed to be used in low noise scenarios
2. Use Cases & Limits
hat this interface is f

What the interface provides
quided workflow
Tools to view, compare, and inspect EEG data
Support for EEG preprocessing and frequency-domain
analysis
Filters: bandpass, lowpass, highpass, and notch filtering
Independent component analysis (ICA)
Power spectral density (PSD) and bandpower computation
Engagement and cognitive load measures over time
Literature-based default parameters

Interactive time- and frequency-domain visualizations

3. Interface Workflow

Recording workflow

1. Session setup: Create a new session. Select or create an
experiment

2. Condition setup: Define the experiment conditions

3. Device connection: Connect Muse. Continue only on

Hard limits
Not for clinical use. No medical diagnosis or treatment.
Compatible with the Muse
No Artifact reduction technuigs beyond ICA - Movement
and eye-blink artifacts may affect the data.
High-frequency signals (gamma range) are often unreliable
on consumer EEG devices.

No event-related or time-locked (ERP) analysis.

Analysis workflow

1. Select: Choose experiment and recording

2. Inspect: View raw EEG data and delete data parts if
needed.

3. Preprocess: Apply filters and ICA.

Figure 5.3: The interface dokumentation screen includes.....

5.4.1 Screen 1: Start

The Start screen (Figure 5.4 ) serves as the entry point of the
interface. Users can either start a new recording or analyze
an existing dataset. The screen provides an overview of
stored recordings on the local server and allows users to
upload data as a ZIP file. A demo data set for a first data
analysis exploration is also provided.

5.4.2 Screen 2: Experiment Setup

During the setup, users must create a new experiment with
aname and conditions (with optional duration) or select an
experiment and its conditions from the server. This sup-
ports consistent experiment and condition naming across
recordings and prevents label drift.

Start screen supports
creating new recordings
and loading or
uploading datasets.

Setup screen defines
experiments and
conditions and
manages device
connection.
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‘ eeg.workflow

Start New Recording Analyse Existing Dataset

nect device

Start setup

calibrat

ta recording (or upload a new one) to jump straight into the analysis workspace

Figure 5.4: On the Start Screen, users can start a new recording session, analyze an
existing dataset, or upload previously recorded data.

A baseline condition is added by default for every record-
ing and is used as a reference for metric comparison and for
computing the electrode contact check on the next screen.
That reduces setup effort and prevents missing compar-
isons. The term baseline follows Nielsen [1994] heuristic
of matching the interface to the real world by reflecting es-
tablished terminology that is familiar to HCI and EEG re-
searchers. Although the primary use cases are user studies,
the term experiment was chosen intentionally. This more
general wording makes the interface applicable to a wider
range of contexts and follows Shneiderman [2003] rule to
cater to universal usability.

To connect a device, the users have to first scan for available
devices and select the target device from all devices listed.
Once the device is successfully connected, key device pa-
rameters such as sampling rate and channel configuration
are stored as part of the recording in the metadata csv file.
The clear scan—select—connect flow minimizes setup over-
head and supports DP4 (Seamless Integration into User
Study Workflows) and implements R1 (Fast device connec-
tion).
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Figure 5.5: On the experiment setup screen the experiment
can be defined and the EEG device can be connected.

5.4.3 Screen 3: Electrode Contact Check

The electrode contact is the next mandatory step before
data can be recorded. The screen (Figure 5.6) provides a
live EEG plot that allows users to verify that a data stream
is present and stable. It also includes a short video tuto-
rial* from InteraXon’s YouTube channel that explains how
to properly fit the Muse headset. This supports users with
little EEG experience and reduces setup errors.

On this screen, users are required to record a baseline. This
baseline serves as the data source for computing the elec-
trode contact quality, which implements R2 (electrode con-
tact quality check). The results are shown via a graph and
color-coded indicators. That provides an immediate and
easy-to-understand feedback, and users can quickly iden-
tify problematic channels, adjust the headset if necessary,
and rerecord the baseline. By separating the electrode con-
tact check from recording, the interface reduces the risk of

4 yww.youtube.com/watch?v=v8xUYqqJAIg, last accessed 01.02.2026

Electrode contact check
screen records a
baseline and provides
feedback on electrode
contact quality.
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Reconnect device Experiment: Dummy Dataset  Recording: Recording3

‘ eeg.workflow

MJMJMUMJM A ) {"c—-ﬁf‘w
Put on the Muse correctly Baseline recording

Wear the headband level on your forehead (not tilted).Ensure Record the baseline with eyes closed.Sit relaxed and keep headjaw still. Avoid talking, chewing, or touching the
good skin contact at the forehead sensors (AF7/AF8) and headset.Prefer a quiet Avoid strong and You are able to re-record the
behind both ears (TP9/TP10). Move hair away from contact baseline,

areas.The headset should not slip or wobble during recording

[ERCETEERIEY :aseline recorded (30 s)

Electrode contact

TP e—— 40% (600D

AF7 75% | GREAT
AF8 77% | GREAT
TPIO 47% | GOOD

Figure 5.6: The electrode check screen shows a live stream of the EEG data and
includes the baseline recording.

collecting unusable data and supports DP3 (Reducing Un-
certainty in Data Collection).

5.4.4 Screen 4: Live Data Recording

Recording screen On the recording screen, users can record EEG data for
minimizes interaction the different predefined conditions (Figure 5.7). The screen
and supports is intentionally simple to minimize interaction and distrac-
condition-based tion during the recording. It displays a live view of the in-
recording with markers. coming EEG signal, the currently selected condition, start

and stop controls, a marker button, and the current record-
ing time. By plotting live data and showing the recording
time, it follows Nielsen [1994] principle of visibility of inter-
face status. A lost device connection is immediately visible
because the live signal stops updating. The device can then
be reconnected. Also, users can navigate back to the Elec-
trode Contact check if a recheck is needed.

Disabling non-essential Once a recording starts, non-essential interface elements

elements during are visually disabled. Only functions required for monitor-
recording reduces
operator load and

prevents errors.
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Figure 5.7: The recording screen (left) and during active EEG recording (right). The
screen provides a live view of the EEG signal, displays the current condition and
recording status, and supports manual event marking. During active recording,

non-essential screen elements are visually disabled.

ing and event marking are then available (as can be seen in
Figure 5.7). This reduces the risk of accidental interaction
and lowers operator load during the study, which supports
DP4 (Seamless Integration into User Study Workflows). If a
recording duration is defined, the recording stops automat-
ically. This supports standardized recording and reduces
the risk of inconsistent recording lengths. Automatic stop-
ping also removes the need for manual interaction at the
end of a recording, also supporting DP4.

The interface only includes Start and Stop controls and
does not provide a pause function. This reduces complex-
ity and avoids unclear recording states during live studies.
Instead of pausing, users can start and stop recordings mul-
tiple times within the same condition. This allows the same
flexibility as a pause function, while keeping each record-
ing segment clearly defined and easier to manage during
analysis.

During recording, users can place event markers either by
clicking a button or by using a keyboard shortcut. Optional
event labels can be defined in advance. These markers al-
low later alignment of EEG data with events and imple-
ment requirement R4 (Event Marking During Live Record-

ing).

EEG data is only stored in the CSV while a recording is ac-
tive. Data received from the EEG device outside an explicit

Simplified control logic
avoids ambiguous
recording states.

Event markers enable
alignment of EEG and

study events.

Data storage is strictly
bound to active
recording phases.
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Automatic device
disconnection ensures
clean session
boundaries.

Analysis screen
includes preprocessing
and feature
computation.

Step-wise structure
enforces deliberate
preprocessing and

supports transparency.

recording phase is not stored. This prevents the accumula-
tion of irrelevant data and ensures that all saved samples
are clearly associated with a specific condition and record-
ing session. If a recording was started too early, assigned to
the wrong condition, or something happened in the record-
ing, the recorded data for a condition can be deleted di-
rectly within this screen and then be rerecorded.

After the recording is finished and the user leaves the
recording screen (either to return to the start screen or
to proceed to data analysis), the EEG device is automati-
cally disconnected. This prevents unintended background
streaming and ensures that each recording session starts
with a fresh device connection. This behavior is intentional,
as the Muse headset tends to disconnect after longer peri-
ods. Forcing a clean disconnect helps ensure reliable recon-
nection for the next recording.

5.4.5 Screen 5: Analysis of the Data

The analysis screen supports the EEG data processing. The
theoretical processing pipeline described in Chapter 2 is
translated into the following steps. The analysis screen is
designed to help users understand how the data is pro-
cessed and how the metrics are computed. Preprocessing
and feature computation are intentionally placed on the
same screen. This design allows users to visually connect
preprocessing steps with their effects on the data and de-
rived features. At the same time, it enables users to revisit
and adjust preprocessing parameters after inspecting the
computed features.

The preprocessing part is organized into clear steps that
lead to an overview of the frequency-domain features
and computed metrics. This explicit step structure sup-
ports DP1 (Transparency and Methodological Trust) be-
cause users can clearly see how each processing step affects
the data. At the same time, it supports progressive acces-
sibility (DP2) and implements R3 (Basic Artifact Detection
and Cleaning). By making the processing steps explicit and
requiring users’ confirmation, the interface makes it clear
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that preprocessing changes the data and should be handled
consciously.

Users can rely on the provided default settings to get quick
results. To further support exploration without risk, all pre-
processing and feature computation settings provide a reset
to default option.

Preprocessing Step 1: Raw Data Inspection

In the first step (Figure 5.8), users can inspect the raw EEG

data for each recorded condition. Manual data cleaning is a
common but subjective and time-consuming EEG prepro-
cessing method based on visual inspection, often used to
remove segments affected by artifacts such as eye move-
ments or muscle activity [Kyriaki et al., 2024]. The interface
supports manual deletion of user-defined time ranges, for
example, when disturbances occur during a study.

STEP 1: INSPECT RAW DATA AND REMOVE UNWANTED SECTIONS

INB v

t(s): -- [JTP9: -- [1AF7: -- [JAF8: -- [ITP10: -
Window (s) (10 Y

Parameter defaults are
available.

Manual inspection
enables controlled
artifact rejection before
processing.

Select segment to delete |2

| ‘j‘” il

Figure 5.8: Interface Preprocessing Step 1 - Inspection. In this step, users can in-
spect the recorded raw EEG data for each condition and manually remove time

ranges, as well as open the graph in full screen.

Preprocessing Step 2: Filter Application

In the second step (Figure 5.9) users can apply frequency

filters to the raw EEG data. Recommended filter settings
are enabled by default, implementing requirement R5 (Rec-

Default filters offer
guidance.
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ommended Defaults for Processing Parameters). Users can
adjust these settings if needed.

STEP 2: FILTER THE DATA

INB v Select segment to delete | | 2

Bandpass
rasie @

Lowpass

<30 Hz

Highpass
=1Hz

Notch

sonz @

t(s): -- [1TP9: -- [IAF7: -- [JAF8: -- [JTPI0: --
Reset to defaults Window (s) | 10 [}

Figure 5.9: Interface Preprocessing Step 2 - Filter. In this step, users can apply filters
and see the changes immediately.

Preprocessing Step 3: ICA Application

In the third step, the filtered EEG data is automatically de-
composed into independent components using ICA. Users
then have to inspect the resulting components in the image,
as can be seen in Figure 5.10 and manually decide which
components to exclude. Tooltips provide guidance to sup-
port this decision.

STEP 3: SELECT IC COMPONENTS

None ' w\‘.lww\‘\‘-*WMMMWMWr‘“H“M\\«,WM' ‘WWM(WMJ"‘M‘v,“M'M"I‘WW‘VWWN\V‘I‘N,\‘n""‘,‘\*".‘-“ﬂ“‘V"M"W
O ico ‘ ‘ ‘

Del MW\W#'M’WﬁW\WAM‘rWV‘MWMA“\WWWMmlVN/JW{»\WWMMWJWJM’M’“
O s WW;WWM\WM,W{«&*,W,/JWWM\‘,«wW‘,w,m;wJMMWw‘mwwmwwMm,w

MWMMWM'\'L&ﬁ»»ytzvﬂM%“f,’frn(évMfw.mww'wWWmMmW'I,Mw%«”ﬁ%;%~*‘ﬁ%‘Mﬁ%W

IC components

Figure 5.10: Interface Preprocessing Step 3 - ICA. Here the
IC components are displayed to visually examine them and
choose the ones to be excluded.
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Manual component exclusion was chosen because the effec-
tiveness of ICA depends on the number of electrodes and
is therefore limited for consumer-grade devices such as the
Muse. In such settings, fully automatic component rejec-
tion is often unreliable [Kyriaki et al., 2024]. Despite this
limitation, ICA was included because Blind Source Separa-
tion methods, and especially ICA, are the dominant artifact
removal technique in EEG-based cognitive load research
[Kyriaki et al., 2024].

Preprocessing Step 4: Preprocessing Settings Application

After Steps 1 to 3 are completed, the user must apply
the processing settings by pressing the "Apply preprocess-
ing settings" button (see Figure 5.11). The step also shows
which settings are about to apply to the data. This de-
sign ensures that preprocessing is performed deliberately.
When Filters or ICA changes, the users have to reapply the
processing settings and receive a clear notification for that
(Figure 5.12) supporting Shneiderman [2003] rule of infor-
mative feedback.

STEP 4: APPLY

Apply preprocessing settings

Figure 5.11: Interface Preprocessing Step 4 — Apply set-
tings. In this step users have to aplly the settings

The preprocessing pipeline displayed in the sidebar
(Figure 5.12) makes the sequence of processing steps ex-
plicit and implements requirement R6 (Display of Data
(Pre)processing Steps).

An explicit application
step ensures that data
changes are applied
consciously while
keeping the interface

responsive.

Sidebar pipeline
visualizes the
preprocessing steps.
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Separation of raw and
cleaned data ensures

transparency.

Direct raw—cleaned
comparison supports
transparency.

(1) Rawdata

( i\/‘ Filter data

Filters changed. ICA will be

Raw data different.

®

~
@ Rawdata Filter data @ o

(2) Filter data Reinspect IC components
e (filters changed)

,
AN

(@) (s
©

(3) IcA Apply settings . Apply settings

N IC selection changed. Apply After reselect ICs, Apply
@D g
(a) Apply settings preprocessing preprocessing.

Figure 5.12: Overview of the processing pipeline across
three stages.

The decision to require explicit application of preprocess-
ing settings is motivated by both performance and data in-
tegrity considerations. To keep the raw data, the interface
generates a separate cleaned data file. So, preprocessing
EEG data from the CSV can be computationally expensive
for larger datasets. Automatically reapplying preprocess-
ing would introduce unnecessary latency and reduce inter-
face responsiveness.

Once preprocessing is applied, the interface computes
frequency-domain features and ratio metrics as described
in Chapter 2 and visualizes them at different levels of de-
tail.

Raw vs. Cleaned Data Visualization

After preprocessing is complete, the user can inspect the

cleaned EEG data here. For an easy visual comparison,
the raw data and cleaned data are plotted in one graph
(Figure 5.13). This allows the users to clearly see how fil-
tering and artifact removal affect the signal.
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RAW VS. CLEANED DATA

2
5

Raw [ Cleaned

t(s): -~ CIRaw-TP9: -- []RawAF7: -- [IRaw -AF8: -- []RawTP10: -~ []Cleaned - TP9: -- [ Cleaned - AF7: -- [] Cleaned - AF8: -~ [] Cleaned - TP10: -~

Window (s) | 10 °
TIME METRICS AND SNR
Al ~

Samples Min Max Peak-to-Peak Mean Variance std RMS SNR (dB) SNR (lin)
RAW 67481 -136.719 138.672 275.391 28.265 196.841 14.030 31.599 0776 1.196

CLEANED 67481 -48.697 55.959 104.656 -0.013 16.414 4.051 4.051 21.857 153.363

Figure 5.13: Graph which enables a comparison of the raw and cleaned EEG data.
Visually and through the displayed time metrics.

In addition to the visual comparison, time-domain metrics Time-domain metrics
are calculated for both the raw and the cleaned data. These and SNR provide
include the number of samples, minimum and maximum quantitative quality
values, peak-to-peak amplitude, mean, variance, standard indicators.

deviation, and root mean square (RMS). The SNR is also
computed and shown here for direct comparison between
raw and cleaned data in both dB and linear units.

Engagement and Cognitive Load over Time

The engagement index and the cognitive load index can Time-resolved indices
be viewed over time (Figure 5.14). Both indices are calcu- enable interpretation of
lated from the cleaned EEG data and shown as continuous cognitive changes.

curves for the selected condition. This view helps users
see how engagement and cognitive load change during the
task. It makes it easier to identify trends, peaks, or changes
across different phases.
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ENGAGEMENT - COGNITIVE LOAD - BANDPOWERS .
[inB ] [Computed Indexes v/| Segment Length (s): [1 ]

t: -- [JEngagement (B/(a+6)): -- [ Cognitive Load (8 /a): --

Window (s) | 20 Y

Figure 5.14: This graph shows the time-resolved engagement and cognitive load
indices.

Window length The time resolution depends on the Segment Length pa-
parameter controls rameter which defines the length of the analysis window.
temporal resolution and Shorter windows react faster to changes but are more noisy.
noise trade-off. Longer windows create smoother curves but may hide

short-term fluctuations.

Indices Summary per Condition

Aggregated summaries Below the time graph, an aggregated summary of the en-
support condition-level gagement and cognitive load indices is shown for each con-
comparison. dition (Figure 5.15). In addition to the mean index value

per condition, the interface also displays the difference rel-
ative to the baseline. This allows users to compare cognitive
states across conditions.

INDEXES SUMMARY

® Engagement ® Cognitive Load
Condition Mean A to baseline Mean A to baseline
Baseline 0.4994 - 0.7620 -
TNB 0.6740 +0.1745 1.7047 +0.9428
2NB 0.7422 +0.2427 1.6145 +0.8525

Figure 5.15: Overview of engagement and cognitive load
indices per condition.
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Furthermore, the indices can be compared across multiple
recordings within the same experiment (Figure 5.16).

EXPERIMENT WIDE COMPARISON

Recording1 Recording2
Condition

ENG ENG
Baseline 0.3139 0.5653 0.4994 0.7620
1NB 0.56386 1.9863 0.6740 1.7047
2NB 0.6500 1.8422 0.7422 1.6145

Figure 5.16: Comparison of engagement and cognitive load
indices across recordings

Bandpower over Time

By switching from Computed Indices to Frequency Bands in
the time graph, the bandpower values for individual fre-
quency bands over time (Figure 5.17) are displayed. This
makes it possible to inspect the individual frequency bands
in detail.

ENGAGEMENT - COGNITIVE LOAD - BANDPOWERS
[1nB | [Frequency bands v| Segment Length (s)

t: - []DELTA power (1-4 Hz): -~ []THETA power (4-8 Hz): -  [] ALPHA power (8-13 Hz): -- BETA power (13-30 Hz): —-

Window (s) | 20 Y

A_AA/.\JA‘ =

Cross-recording
comparison supports
experiment-level

analysis.

Bandpower level time
series allow inspection

beyond computed

indices.

GAMMA power (30-100 Hz): --

Figure 5.17: This graph shows the bandpower over time for all frequency bands.

PSD and Bandpower Exploration

The collapsible exploration section includes a PSD graph
and a bandpower summary and is intentionally hidden by

Collapsible exploration
section implements

progressive disclosure
for advanced analysis.
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EXPLORATION | Hie PSD Settings v Bands Limits v
POWER SPECTRAL DENSITY 2 BANDPOWER .7
1NB ~ MEAN  CHANNELS

— DELTA THETA ALPHA BETA GAMMA
f(Hz): -- [1TP9: -- [JAF7: -- [JAF8: -- [JTP10: --

Figure 5.18: The left graph shows the PSD for the selected condition. The right
graph shows the overall bandpower.

default to support DP2 (Progressive Accessibility). The
PSD and bandpower shown here summarize longer seg-
ments of data (the full condition), whereas the index-over-
time and bandpower-over-time plots operate on short non-
overlapping windows.

PSD visualization The PSD graph (Figure 5.18) shows the power spectral den-
supports spectral sity across frequencies for the selected condition and for
analysis and channel each EEG channel.
comparison.

Users can adjust the PSD parameters which are hidden by
default and can be expanded when needed, supporting
DP2 (Progressive Accessibility). When users change these
PSD settings, both the PSD plot and the calculated band-
power values update automatically. This direct connection
helps users see how changes in spectral estimation influ-
ence the resulting bandpower measures.

BANDPOWER

All v

Condition @ delta @ theta ® alpha beta gamma

' 7.01 3.34 4.48 3.89 0.67
Baseline 75, 7.7% 21.9% 21.0%  3.5%
INB 469 3.91 2.04 310 0.56

32.3%  27.3%  14.2% 226%  3.8%
5.67 3.39 192 3.45 0.57
2NB 36.0%  229%  13.1% 24.5%  3.6%

Figure 5.19: This table displays the bandpower for every
frequency band for every condition.



5.4 Final Interface Workflow

73

The bandpower is shown either as bar charts (for one
selected condition) or as a table for comparison between
conditions as shown in Figure 5.19. Absolute bandpower
shows the total power within each frequency band. Rel-
ative bandpower divides the bandpower by the overall
power, which makes it easier to compare results.

By default, bandpower values are averaged across chan-
nels to provide a robust and easy-to-read overview for non-
expert users. For more detailed inspection, channel-wise
visualizations are available as shown in Figure 5.20. This
option is included because, as discussed in Chapter 2, cer-
tain oscillatory patterns are more commonly reported over
specific scalp regions. With Muse’s limited electrodes the
interface therefore offers channel-wise views to help users
assess whether observed effects are localized to specific
electrodes.

ssssssss s

Figure 5.20: This graph displays the bandpower for every
individual channel for the selected condition.

A consistent color scheme is used throughout the inter-
face. The same colors are applied for each channel, each
frequency band, and for the engagement and cognitive load
indices across all visualizations. This consistency supports
visual continuity, reduces cognitive load when comparing
plots, and helps users quickly recognize corresponding sig-
nals and features in different views.

Overall, the analysis screen combines guided preprocess-
ing with transparent feature computation, enabling both

Bandpower summarie
provide absolute and
relative spectral

measures.

Channel-wise
visualization supports
spatial interpretation
with limited montages.

Consistent color coding
supports cross-view

comparability.

Interpretation help
provides guidance and
warns against
overinterpretation.
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Impedance-based
quality checks are
replaced by
signal-based heuristics
due to hardware

constraints.

Variance and standard
deviation serve as
pragmatic stability

indicators.

Baseline variability is
used as a qualitative
contact indicator.

quick inspection and deeper exploration. To help users in-
terpret the shown bandpower and ratio-based indices, the
analysis screen includes a small “Interpretation Help” but-
ton at the bottom of the page. On hover, it shows short
qualitative hints and reminds users that EEG metrics are
correlational and depend on the context.

5.5 Final Interface Functionality Imple-
mentation details

This section explains how the main functions of the in-
terface are implemented on a technical level. It describes
the concrete methods and parameter choices that are used
for the electrode contact check, preprocessing, and feature
computation.

5.5.1 Electrode Contact Check

Direct impedance-based electrode checks are the stan-
dard in EEG systems but require specialized hardware
and interrupt recording [Casadei and Ferrero, 2022; Tautan
et al., 2014; Zhao et al., 2018]. They are not available on the
device used in this work. When impedance measures are
unavailable, EEG systems typically rely on indirect signal-
quality indicators such as signal variability or noise charac-
teristics.

Each signal metric captures different aspects. Signal vari-

ance and standard deviation describe amplitude fluctua-
tions around the mean and are commonly used as simple
indicators of signal stability and data quality in applied
EEG systems [Kyriaki et al.,, 2024]. Several studies dis-
card data segments when channel values deviate strongly
from their typical distribution, often defined relative to the
mean and standard deviation [Nakamura et al., 2021; Ortiz
et al., 2020].

Following this practice, the interface uses baseline signal
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variability as an indicator of electrode contact quality. As-
suming the participant remains still, good electrode con-
tact produces stable signals, while poor contact increases
variability. Since variability can have multiple causes, this
check is treated as a qualitative indicator rather than a strict
acceptance criterion.

The computation method and threshold ranges are
adopted from Desai et al. [2022]. Let x.[f] be the raw EEG
signal of channel c at sample ¢, with N samples in the base-
line recording. Each channel is first normalized by remov-
ing its mean:

1 N
Telt] = xe[t] = 5 ) el
t=1

This removes constant offsets. The standard deviation of
the zero-mean signal is then computed:

Each channel is then mapped to a qualitative contact cat-
egory using fixed thresholds: Great (0. < 15uV) , Good
(15 < o, < 30uV), Okay (30 < o, < 45uV), and Poor

(0. > 45uV). Channels with 0. < 45uV are considered ac-
ceptable for recording.

The fixed thresholds are hardware dependent and influ-
enced by sampling rate, referencing, electrode type, and
amplification. They should therefore be understood as
setup-specific heuristics. Future work should investigate
adaptive or device-independent quality metrics.

5.5.2 Processing Pipeline

The following section provides details on the technical im-
plementation of the processing pipeline. It is important
to note that there are no standardized optimal process-
ing pipelines across tasks, devices, and study contexts for

Contact quality is
computed via mean
removal and
channel-wise standard
deviation.

Processing pipeline
reflects literature-based
defaults but no
universal standard

exists.
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Parameter defaults
provide orientation but
do not define a gold
standard.

Resampling and
re-referencing are
excluded due to fixed

device configuration.

Filtering relies on
MNE'’s zero-phase FIR
implementation.

ICA relies on MNE’s
implementation.

preprocessing [Kyriaki et al., 2024] and feature extraction
[Rabbi et al., 2009].

Instead, studies report a wide range of pipelines adapted
to specific constraints [Putze et al., 2022]. So default param-
eters can give a first direction, but should still be used care-
fully, as well as the implemented feature extraction pipeline
is just one of many, and should be extended in the future.

Resampling and re-referencing as explained in 2.3.1 are not
implemented, as the Muse headset uses a fixed sampling
rate of 256 Hz and a predefined reference configuration that
is sufficient for the frequency ranges analyzed in this work.

Filter

Aband pass filter is applied by default with cutoff frequen-

cies of 1-45 Hz which is based on related work [Ahmed
et al., 2025; Stingl and Knierim, 2024]. If the band pass filter
is disabled, optional high pass and low pass filters can be
applied. Also, a notch filter at 50 Hz is applied by default.
All filters rely on MNE’s filter functions mne filter filter_-
data’® and its default settings (zero phase FIR filtering, au-
tomatic filter length, and automatic transition bandwidth
selection). For notch filtering, MNE defaults uses zero-
phase FIR filtering with automatically determined notch
width and transition bands centered on the specified line
noise frequency. Related work identified FIR as the dom-
inant filter in cognitive load studies and for artifact re-
duction [Dhole et al., 2025; Kyriaki et al., 2024; Stingl and
Knierim, 2024].

ICA

ICA is implemented using mne.preprocessing.ICA®. The
parameters used for the ICA computation are:: ICA(n_-

5 me. tools/stable/generated/mne.filter.filter_data.html, last

accessed 01.02.2026
mne.tools/stable/generated/mne.preprocessing.ICA.html, last
accessed 01.02.2026

6


https://mne.tools/stable/generated/mne.filter.filter_data.html
https://mne.tools/stable/generated/mne.filter.filter_data.html
https://mne.tools/stable/generated/mne.preprocessing.ICA.html
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components=4, max_iter="auto", random_state=97).
The parameter n_components=4 defines the number of
independent components to be estimated. For the Muse
device, which provides four EEG channels, this uses the
maximum possible number. The setting max_iter="auto"
lets MNE automatically control convergence by stopping
the algorithm once convergence is reached or an internal
iteration limit is exceeded, with a max of 1000. The fixed
random_state=97 ensures reproducible results by keeping
the random initialization of the ICA solver constant across
runs. All other MNE defaults were retained. After that, the
function mne.preprocessing.ICA.apply” is used to exclude
the components selected by the user.

Time Metrics

The time-domain metrics are computed directly from the
EEG time series. For each channel, the following metrics
are calculated based on the full data of one condition: mini-
mum value, maximum value, mean, variance, standard de-
viation, root mean square (RMS), and peak-to-peak ampli-
tude. The variance is computed as the population variance,
and the standard deviation is derived as its square root.
The RMS value is calculated as the square root of the mean
squared signal amplitude. All metrics are first computed
individually for each channel and each condition. Aggre-
gate metrics are derived by averaging the channel-wise val-
ues except of min, max, and peak-to-peak which are com-
puted jointly across all channels or all conditions.

Signal to Noise Ratio

The SNR is computed separately for each EEG channel c.
The signal component S. is defined as the band-pass fil-
tered EEG in the 1-30 Hz range, which covers the main fre-
quency bands relevant for cognitive load and engagement
as explained in Chapter 2. The noise component N, is ob-

7 mne. tools/stable/generated/mne.preprocessing.ICA . html#

mne.preprocessing.ICA.apply, last accessed 01.02.2026

Time-domain metrics
summarize amplitude
and variability
characteristics.

SNR is calculated via
RMS ratio.
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PSD estimation uses
MNE Welch’s method.

User-adjustable
parameters control
spectral resolution and
range.

Bandpower integrates
PSD values within
configurable frequency
limits.

tained by subtracting the filtered signal from the original
data. The linear SNR is calculated as the ratio of the root-
mean-square (RMS) amplitudes:

RMS(S.)

SNR, = ———=.
©” RMS(N,)

and converted to decibles:

SNR, 45 = 201og,, XSNR,.

PSD Computation

The PSD is computed using Welch’s method with seg-
mentation and windowing as described in Chapter 2 and
is implemented with the MNE function: mne.time_fre-
quency.psd_array_welch8

In the PSD graph, users can adjust fmin (default: 0 Hz),
fmax (default: 45 Hz), Segment length (default: 5 sec-
onds), and Overlap (default: 50%). The parameter Segment
length defines the Welch segment length, and Overlap con-
trols how much Welch segments overlap. The choice of
fmax=45 Hz reflects the limited reliability of consumer-
grade EEG at higher frequencies and the focus on theta, al-
pha, and beta bands. Beyond these parameters, the MNE
defaults are used. These include a Hann window, removal
of the DC offset, constant detrending of each segment, and
averaging PSD estimates across segments using the mean.

Bandpower Computation

Bandpower is computed from the PSD by integrating
power within a defined frequency band. Default frequency
band limits are provided based on Teplan et al. [2002],
but users can adjust them in the Bandpower graph. This
is important because frequency band boundaries can vary
between individuals (see Chapter 2) and differ in related
work like in Hassib et al. [2017].

8

mne.tools/stable/generated/mne.time_frequency.psd_array_
welch.html, last accessed 01.02.2026
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All frequency bins within the selected band are extracted,
and the PSD values are integrated over this range us-
ing: scipy.integrate.simpson’ with a spacing of integration
points defined as dx=freq_res. For the bandpower bar
chart, bandpower is computed from the PSD (using the
PSD settings described above) over the full data of the se-
lected condition. This yields one bandpower summary per
band and condition (and optionally per channel), which is
then displayed in the bar chart or in the condition table.

Engagement, Cognitive Load and Frequency Bands Over
Time

For the time-series visualization (indices over time and
bandpower over time), the cleaned EEG data is divided into
non-overlapping time windows with the length of the Seg-
ment Length parameter set by the user in the graph. The
default value is 1 second, following Hassib et al. [2017]. For
each time window, the PSD is computed, following related
work such as Ahmed et al. [2020, 2025].

The PSD is computed using the same function as in Sec-
tion 5.5.2, but with fixed settings chosen specifically for
time-resolved estimation: fmin=1, fmax=45, and FFT win-
dows the same size as the segment length parameter. This
means that the PSD is computed on each window without
an additional inner-window Welch overlap (as in Hassib
etal. [2017]).

From the PSD of each window, bandpower is calculated us-
ing the current frequency band limits (the same limits that
are configurable for the bandpower bar chart). Bandpower
values are then averaged across all channels for each win-
dow and displayed as bandpower-over-time when the user
selects Frequency Bands.

When the user selects Computed Indices, the interface uses
the same window-wise bandpower values to compute two

9 docs. scipy.org/doc/scipy/reference/generated/scipy.
integrate.simpson.html, last accessed 01.02.2026

Time-resolved features
are computed using
fixed-length
non-overlapping

windows.

Engagement and
cognitive load indices
are computed as
bandpower ratios.


https://docs.scipy.org/doc/scipy/reference/generated/scipy.integrate.simpson.html
https://docs.scipy.org/doc/scipy/reference/generated/scipy.integrate.simpson.html
https://docs.scipy.org/doc/scipy/reference/generated/scipy.integrate.simpson.html

80

5 Design and Implementation of the Final Interface

Median filtering
stabilizes index against
short artifacts.

Condition-level
summaries aggregate
window-wise index
values.

Design principles are
implemented through
deliberate scope
limitations and
trade-offs.

System is not intended
for clinical use or
advanced spatial

analysis.

System is limited to
low-noise recording
environments.

ratio metrics for each time window:

Engagement =
538 a +

Cognitive Load =

=
LD )

To reduce the effect of short artifacts, a moving median
filter with a window length of 5 seconds is applied to
both indices, following Szafir and Mutlu [2013] and Hassib
et al. [2017]. The filtered index values are the values shown
in the index-over-time plot.

For the values shown in the INDEX SUMMARY card, the
mean of all time-resolved index values over the full condi-
tion duration is computed, based on similar aggregation in
Hassib et al. [2017]. This yields one engagement value and
one cognitive load value per condition.

5.6 Final Interface Limitation

The final interface translates the previously defined de-
sign principles and core requirements from Chapter 4 into
a coherent and functional system. However, these princi-
ples, such as accessibility, transparency, and methodolog-
ical clarity, also imply deliberate trade-offs. The focus on
non-expert HCI researchers, consumer-grade EEG devices,
and frequency-domain metrics results in a limited analyti-
cal scope. The following section therefore outlines the con-
ceptual, technical, and methodological limitations of the
current implementation.

The interface is not intended for clinical use or diagno-
sis. Due to the focus on consumer-grade EEG devices (cur-
rently only supporting the Muse) and does not support
source localization or spatial analyses. It also does not sup-
port event-related potential (ERP) analysis. ERP analysis
requires precise stimulus timing, strict control of noise, and
careful trial-based processing. This is outside the target set-
ting of this work.

The system is designed for low-noise recordings and there-
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fore provides only limited support for high-noise scenar-
ios (e.g., speaking, typing, walking, or mobile studies). In
such contexts, motion and muscle artifacts can dominate
the signal, and simple bandpower and ratio-based metrics
risk misinterpretation even after basic filtering and ICA.

The current design does not include a real-time (live) in-
dicator even though mentioned in the interviews in Chap-
ter 4. Real-time indicators have been proposed in previ-
ous work (e.g., Hassib et al. [2017]) and are also included
in tools such as the OpenBCI GUIL However, OpenBCI doc-
umentation does not explain how this indicator is calcu-
lated 1° and there is only a community forum post explain-
ing it 1 which also raises uncertainty about the imple-
mentation. Several decisions have to be made for a live
indicator. For example, whether averaging amplitudes or
bandpower is a good approach. How sampling rate or FFT
length affects frequency resolution and stability. Since there
is no clearly validated and transparent implementation that
works across devices and study contexts, adding a fixed
live indicator could lead to overinterpretation and would
conflict with the transparency goals of this interface. There-
fore, such features should be tested extensively and are left
for future work.

The interface does not provide classification or machine
learning approaches. These often require training data and
should also be tested extensively. Leaving it for future
work.

Fully automated end-to-end analysis pipelines were con-
sidered during development. However in low-noise set-
tings with consumer-grade devices, artifact handling of-
ten depends on visual inspection and manual rejection, be-
cause automatic correction is difficult when only a few elec-
trodes are available [Cannard et al., 2021]. For this reason,
the interface does not apply a fixed, fully automated pre-
processing pipeline. Instead, it guides users step by step
through the preprocessing process.

10 docs.openbci.com/Software/OpenBCISoftware/GUIDocs/, last ac-
cessed 26.01.2026

1 openbci.com/community/focus-visualization-widget, last ac-
cessed 26.01.2026

Real-time indicator
excluded due to
methodological
uncertainty and

transparency concerns.

No machine learning or
classification models

are implemented.

Fully automated
preprocessing was
considert but excluded
in favor of guided
interaction.


https://docs.openbci.com/Software/OpenBCISoftware/GUIDocs/
https://openbci.com/community/focus-visualization-widget/
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Performance is not
optimized for large
datasets or high-density
EEG.

Default settings reflect
common practice but
require critical reflection
by researchers.

The interface is not optimized for runtime performance or

large-scale data processing. Since it works with CSV files,
some actions can take a relatively long time to complete.
For longer recordings or EEG devices with more channels
and higher data density, additional performance optimiza-
tions would be necessary.

Most importantly, there is no clear gold standard for mea-
suring engagement or cognitive load from EEG data. Stud-
ies employ varying preprocessing steps, frequency band
limits, ratio formulas, window lengths, and normalization
methods. Because of this, a single default setting cannot be
correct for all tasks, devices, or research questions. The de-
fault settings in this interface are based on commonly used
methods in the literature, but represent only one possible
way to calculate these measures. This is a general chal-
lenge in the research field. Therefore, researchers should
carefully consider the chosen parameters and adjust them
if necessary to fit their specific study.

Despite these limitations, the interface provides a transpar-
ent and accessible starting point for EEG-based user studies
in HCI contexts.
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Chapter 6

Planned Evaluation
Study

This chapter presents the planned evaluation study for the
interface. The goal of this evaluation is to examine whether
the interface is usable, understandable, and transparent for
HCI researchers with limited EEG experience.

First, the evaluation goals and research questions are de-
fined in Section 6.1. Next, the target participants are de-
scribed in Section 6.2. The evaluation method is then ex-
plained in Scetion 6.3. After that, the two main tasks repre-
senting the core workflows of the interface are presented in
Section 6.4. Section 6.5 then describes the study setup and
procedure. Finally in Section 6.6, the planned data analysis
is outlined.

6.1 Evaluation Goal

The evaluation assesses the usability, clarity, and workflow
transparency of the interface. The evaluation focuses on the
following research questions:

RQ1: Can HCI researchers complete the full workflow (ex-
periment setup to data analysis) without help?

Evaluation focuses on
usability, clarity, and
workflow transparency.
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Study targets HCI
researchers with limited
EEG experience.

Mixed-method
evaluation combines
tasks, SUS, and

interviews.

Think Aloud captures
understanding of the
interface.

RQ3: Do users understand the preprocessing and analysis
pipeline (e.g., segment deletion, filtering, ICA, PSD, band-
power) and see it as transparent?

These questions directly reflect the design principles and
interface requirements from Chapter 4.

6.2 Participants

Participants are HCI researchers who have experience con-
ducting user studies but little or no prior experience with
EEG. This group reflects the intended users of the interface.
A sample size of five participants was chosen following
Virzi [1992]. Although the “rule of five” is debated [Lazar
et al., 2017], usability sample sizes depend on study goals
and constraints [Lazar et al., 2017]. Because this evaluation
is exploratory and qualitative, it does not aim for statistical
generalization. Instead, it focuses on identifying recurring
usability issues and misunderstandings in the workflow.

6.3 Evaluation Method

Participants will complete two tasks from Section 6.4, then

complete the System Usability Scale (SUS), and be inter-
viewed in semi-structured interviews. The whole interview
guide can be found in appendix E. The SUS was chosen
because it is a short, widely validated measure of overall
usability and fits the goal of evaluating whether the work-
flow is understandable, learnable, and usable. Broader user
experience questionnaires and workload measures (NASA-
TLX) were not considered because they focus on hedonic
aspects or task workload, which are not the focus of the
study [Lazar et al., 2017].

During task execution, participants are encouraged to
think aloud and verbalize their thoughts as they interact
with the interface. The Think-Aloud approach is partic-
ularly suitable for early-stage design evaluations [Lazar



6.4 Tasks

85

et al., 2017]. Think Aloud is used as it is a well-established
HCI method for identifying usability problems, misun-
derstandings, and users’ mental models that are diffi-
cult to capture with quantitative measures alone [Lazar
et al.,, 2017]. It was chosen in addition to the SUS be-
cause the research questions focus on understanding, trans-
parency, and perceived control rather than efficiency or per-
formance. Measures such as task completion time would
not capture whether users understand, for example, the
EEG preprocessing steps.

6.4 Tasks

The two workflows represent the two main phases of the
interface: the recording phase and the data analysis phase.
To avoid order effects, the order of the two tasks will be
counterbalanced [Lazar et al., 2017].

Task A: Experiment Setup and Recording

1. Start the setup process from the Start screen.

2. Create a new experiment named Cognitive Load Pilot
Study.

3. Define two experimental conditions:

e Task1: fixed duration of 60 seconds.

e Task2: no fixed duration.
4. Connect the Muse EEG headset.

5. Perform the electrode contact check until all elec-
trodes reach at least the status Good.

6. Start a recording for the Task1 condition and wait un-
til it stops automatically.

7. Start a recording for the Task2 condition, set one
event marker named "Test Marker", and manually
stop the recording.

Two tasks represent the
core recording and

analysis workflows.



86

6 Planned Evaluation Study

8. End the recording session without proceeding to data
analysis.

Each step is considered successfully completed if the partic-
ipant reaches the intended interface state without help from
the evaluator. This workflow directly maps to Phases 1-3 of
the interface (Sections 5.4.2,5.4.3,5.4.4).

Task B: Data Analysis

1. From the start screen, open the dataset ‘Dummy
Dataset — Recording 01"

2. Change the bandpass filter to 1-30 Hz.

3. Inspect the IC components and exclude on. Solution:
ICO

4. Apply the preprocessing settings.
5. Inspect the resulting analysis output.
6. Answer the following questions:

¢ Under which condition was the cognitive load
the highest? Solution: 1NB

* Which frequency band has the highest band-
power at 10 seconds of the baseline recording?
Solution: beta

¢ What are the interface frequency band limits for
the alpha band? Solution: 8-13

A step is considered successfully completed if the partic-
ipant can do the action and explain its purpose in their
own words and get the right solution. This workflow eval-
uates whether participants understand and can meaning-
fully interact with the analysis pipeline from Section 5.4.5.
In addition to task completion, the answers to the analy-
sis questions will be evaluated for correctness and for how
participants justify their responses during the think-aloud
protocol. This allows distinguishing between correct an-
swers based on genuine understanding and answers based
on guessing or superficial interpretation.



6.5 Setup and Procedur

87

6.5 Setup and Procedur

The evaluation will be conducted in a quiet usability lab-
oratory comparable to standard HCI study environments.
The setup includes a desk and chair, a laptop running the
interface, a Muse EEG headset, a screen recording of the
screen running the interface, an audio recording for Think
Aloud verbalizations and the semi-structured interview,
and screen mirroring that allows the evaluator to observe
the participant’s interaction in real time.

The evaluation follows a structured procedure to ensure
consistency across participants and reproducibility.

1. Welcome and consent: The participant is welcomed
and informed about the study purpose. The partici-
pant reads and signs the informed consent form, in-
cluding consent for screen and audio recording.

2. Demographic questionnaire: The participant com-
pletes a short questionnaire covering academic status,
research field, experience with user studies, and prior
experience with EEG hardware or data analysis.

3. Think Aloud instruction: The evaluator explains the
Think Aloud protocol and asks the participant to ver-
balize thoughts, decisions, and uncertainties during
interaction.

4. Workflow execution: The participant performs
Workflow A and Workflow B while thinking aloud.
The evaluator observes passively, takes notes on task
execution, errors, and comments, and records task
completion. No assistance is given unless the partici-
pant cannot continue.

5. Usability questionnaire: After completing both
workflows, the participant fills out the System Usabil-
ity Scale (SUS).

6. Semi-structured interview: After that a semi-
structured interview is conducted to reflect on the

Standardized lab setup

ensures consistency.

Structured procedure
supports reproducibility.



88

6 Planned Evaluation Study

Qualitative (RTA) and
descriptive analysis
evaluates performance
and understanding.

Evaluation results will
inform future work.

participant’s experience, focusing on difficulties, un-
clear interface elements, trust in the results, and per-
ceived transparency of the EEG processing pipeline.

6.6 Data Analysis

The Think-Aloud data and interview transcripts will be an-

alyzed using reflexive thematic analysis. The aim is to iden-
tify recurring usability problems, misunderstandings, and
patterns in how participants understand the workflow and
the EEG analysis steps.

For Task B, each analysis question will be evaluated on two
aspects: Correctness (correct / incorrect) and Understand-
ing, based on how participants explain their answer dur-
ing the Think-Aloud session. This makes it possible to see
whether participants truly understand the analysis pipeline
or simply arrive at the correct answer without deeper un-
derstanding. For each step of the task, it will be noted
whether it was completed without help, completed with
help, or not completed. Descriptive summaries will show
how many participants completed each step and answered
each question correctly. Recurring misunderstandings will
be compared with the themes from the Think-Aloud and
interview data.

This combined analysis allows assessing both what partic-
ipants were able to do and how well they understood the
underlying analysis process, directly addressing the evalu-
ation goals.

The planned evaluation will provide insights into usability

problems, evidence of whether the overall workflow struc-
ture is understandable, and feedback on whether the EEG
processing and analysis steps are perceived as transparent.
In addition, the evaluation will reveal which functionalities
are missing or insufficiently supported. The resulting find-
ings will guide future work on the interface.
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Chapter 7

Summary and Future
Work

This chapter concludes the thesis with a summary and
gives an outlook into possible future work.

7.1 Summary and Contributions

This work examined the needs of HCI researchers regard-
ing the integration of EEG into their research and resulted
in the design and implementation of an interactive EEG
recording and analysis interface for applied HCI studies us-
ing consumer-grade devices. The focus was on continuous
frequency-domain analysis methods.

The thesis includes a review of existing EEG interfaces in
Chapter 3 as well as qualitative interviews conducted with
HCI researchers in Chapter 4. The interviews provided in-
sights into current practices, challenges, and expectations
regarding EEG use in user studies and informed the defini-
tion of design principles and interface requirements.

Based on these requirements, a interface was designed
and implemented as described in Chapter 5. The inter-
face supports the complete workflow of an EEG-based user

Work investigates HCI
researchers’ needs and
presents an EEG

interface.

Literature review and
interviews informed
design principles and
requirements.

Designed and
implemented interface
supports the full EEG
study workflow.
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Future versions may
extend preprocessing
and analysis pipeline.

Signal quality metrics
should become more
adaptive and

device-independent.

Interface could be
extended to ERD/ERS
and ERP-based
analyses.

study, including experiment setup, recording, preprocess-
ing, and analysis. In summary, this work contributes an
EEG recording interface design that balances accessibility,
transparency, and usability for HCI research and demon-
strates how EEG analysis can be integrated into user stud-
ies.

7.2 Future Work

A first future step should be to evaluate the interface in a
full empirical user study. The evaluation concept is out-
lined in Chapter 6.

Future work can extend the interface in several directions,
but should still focus on transparency, accessibility, and
workflow-oriented EEG analysis. Additional requirements
based on the interviews can be found in Appendix C.

One important direction is to extend the preprocessing
and analysis pipeline. Future versions could include fea-
tures such as bad channel detection, resampling, and re-
referencing. The preprocessing steps could also adapt to
different noise conditions by adjusting filters or artifact
handling depending on the recording situation. Meth-
ods such as an exponentially weighted moving average,
as used in previous work [Hassib et al., 2017; Szafir and
Mutlu, 2012, 2013], and a normalization approach [Baradari
et al., 2025; Hassib et al., 2017] could also be added. In ad-
dition, machine learning-based classifiers may be explored
[Nuamah et al., 2017].

This also includes the development of adaptive or device-
independent signal quality and electrode placement met-
rics that are less dependent on fixed hardware-specific
thresholds, like in the current interface.

The interface could also be extended beyond purely contin-
uous frequency-domain analysis. An ERD approach could
enable more time-resolved interpretations of cognitive de-
mand while remaining compatible with the current fre-
quency domain focus [Antonenko et al., 2010]. For more
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controlled experimental settings, support for ERP analysis
could also be explored, as used in Cherng et al. [2016]

Another possible extension is the addition of a simple live

indicator for cognitive load or engagement during record-
ing, similar to approaches proposed in prior work or imple-
mented in tools such as the OpenBCI GUI. Such an indica-
tor could provide a rough overview during data collection
without distracting participants. However, as discussed in
Section 5.6, there are still open methodological questions re-
garding how to compute a reliable live indicator. Therefore,
future research should compare different live indicator ap-
proaches within the current interface.

Beyond cognitive load and engagement, future versions
could support additional cognitive metrics. One example
is cognitive absorption, which describes states of deep en-
gagement and flow. Such states were mentioned in the in-
terviews and have been linked to physiological signals, in-
cluding EEG [Conrad and Bliemel, 2016].

Finally, the interface could support synchronization with
other data sources. Future versions could combine EEG
with video or screen recordings, as well as other physiolog-
ical signals such as eye tracking, electromyography, or elec-
trocardiography. Libraries like NeuroKit2! could be used
to analyze these signals together with EEG, for example,
to compute heart rate or skin conductance measures. This
would support richer interpretations and reflect the inter-
view finding that EEG should complement, rather than re-
place, other methods.

Overall, future work should not simply increase analytical

complexity. Any extensions should remain optional, trans-
parent, and clearly structured. By adding advanced fea-
tures on top of a simple and guided core workflow, the in-
terface could support a wider range of study contexts with-
out reducing usability or trust.

1 neuropsychology.github.io/NeuroKit/, last accessed 07.02.2026

Future research should
evaluate reliable live

indicator approaches.

Additional cognitive
metrics could be
supported.

Future versions may
integrate EEG with
additional physiological
signals.

Extensions should
remain optional,
transparent, and
workflow-oriented.


https://neuropsychology.github.io/NeuroKit/
https://neuropsychology.github.io/NeuroKit/
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Appendix A

Interview Guide

This appendix presents the semi-structured interview
guide used for the empirical study described in Chapter 4.
The guide was designed to explore the requirements, chal-
lenges, and expectations of HCI researchers regarding the
integration of EEG data into their research workflows.

A.1 Background of the Interviewee

e What is your current research area, or what projects
are you working on?

* To what extent do you work with data?

* Do you currently use any tools or software to analyze
data? If so, which ones?

¢ Is there anything about complex data visualizations
that frustrates you?

¢ How important is visual exploration to you compared
to numerical analysis?

A.2 Perceptions of EEG

* What comes to mind when you hear “EEG data”?
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A3

A4

A5

Can you imagine an application area in your current
HClI research where you would use an EEG device?

What might be exciting or difficult about working
with brain data?

EEG as a Data Source

Assuming we measure cognitive states, which ones
would interest you?

Which comparisons would be key for you (e.g., points
in time, conditions, groups)?

What would be important to you to have confidence
in the data or analyses?

How far do you want to be able to understand the
processing and analysis?

Topic of User Studies

What would be the best way to integrate EEG into a
user study?

How exactly do you envision an EEG-based user
study (e.g., setup, participants, measurement condi-
tions)?

When will the data analysis take place (how much
during the study and how much afterwards)?

Let’s assume there is an interface that can analyze
EEG data from user studies. How would that work
perfectly for your needs?

General Closing Questions

Do you prefer guided steps or free experimentation
with complex interfaces?



A5

General Closing Questions

95

What would motivate you to use such a tool in your
own research or teaching?

Is there anything that would prevent you from using
an EEG analysis tool?

Do you have any further thoughts or ideas that we
have not discussed yet?
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Appendix B

Codebook

The following codebook gives an overview of the themes
and subcodes that were developed during the Reflexive
Thematic Analysis of the interviews in Chapter 4. It shows
the main themes that were used to derive the design impli-
cations.

For transparency, the table also includes frequency counts,
which show how often each code was applied in the
dataset. These numbers are only meant to document how
the data was distributed across codes. Following Reflex-
ive Thematic Analysis, themes were identified based on
shared patterns of meaning and their relevance to the re-
search question, not only on how often they occurred.
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Code

Frequency

Competence Boundaries and Resulting Uncertainty
No knowledge what EEG measures and what data means
Too limited knowledge for self validation
Medical Framing of EEG
Unfamiliarity with EEG Applications in HCI

22

Motivation Driven by Perceived Usefulness
Need for Realistic Framing, No overselling
Selftest as first step to evaluation of usage
Learning Motivation Depends on Relevance and Usefulness

\OOJ\]GU‘IU‘I»-POO

EEG as a Supportive Source of Insight
Limited Interest in Active Control
Interest in Feedback Loops or active control
EEG as objective datasource for Data Triangulation
Temporal Resolution and Event Marking

—_ W
N

Low Friction Integration into Study Routines
Low Setup Effort and Non-Disruptiveness
Concerns About Influence on Participants
Post-Hoc Analytical Depth
First small feedback in studie

W

Trust through Transparency and Methodological Grounding
Transparency of Processing important
Scientific Referencing and External Legitimization
Defaults based on related work
Certainty score
Data Protection Concerns

N
N

— = U1 N3 o

Comprehensibility and Accessibility of the Interface
Progressive Disclosure
Visual reprensentation insted of just numerical
Contextual Learning Support

N
(e}

Interest Profiles Regarding Cognitive States
Baseline Measurement Interest
Cognitive Load / Mental Effort
Stress / Arousal
Flow
Creativity (divergent/convergent)
Affect
Fatigue
Motion Sickness
Enyoment/ Wellbeeing
Concentration
Physical Demand
Anger

N

R PR NRRPRRPPRPRRFRNOWNRIR O

Table B.1: Codebook
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Appendix C

Additional
Requirements for Future
Work

This appendix summarizes additional requirements that
emerged from the interview study in Chapter 4 but were
not implemented in the current interface.
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Requirement

Interview grounding

Epoching around  stim-
uli/tasks

Import and align non-EEG
data (video, audio)

Batch processing after data
collection

Analysis audit log
Certainty or confidence score
for computed outputs

Option for additional partic-
ipant data (demographics)

Supports time-based analysis

Integration enables data triangulation

Supports preference for post hoc analysis

Supports traceability and reproducibility of analy-
ses

Helps assess the reliability of derived metrics

Supports easyer integration into study workflow

Table C.1: Future requirements based on the Interviews
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Appendix D

Paper Prototype

The following paper prototype was used in the walk-
through mentioned in Section 5.2.
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Appendix E

Interview Guide for
Evaluation

This appendic presents the semi-structured Interview Guid
which should be used for the Evaluation. The interviewer
should adapt the follow-up questions depending on the ob-
served behavior, errors, or uncertainties during the study:.

E.1 Overall Impression

* How would you describe your overall experience
with the interface?

¢ Did the interface match your expectations for a tool
supporting EEG-based user studies? Why or why
not?

E.2 Understanding and Control of the
Analysis Pipeline

¢ Did you feel that you were in control of the prepro-
cessing steps (e.g., filtering, ICA), or did you feel that
the interface implicitly made decisions for you?
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E.3

E.4

E.5

Do you trust the default parameters provided by the
interface?

At which points would you have preferred more ex-

planations or references to better understand or trust
the processing steps?

Specific Decisions

Can you describe why or why not you excluded this
specific ICA component?

The interface shows cognitive load relative to a base-

line recording. How do you interpret a positive devi-
ation value?

Interpretation of Results

How confident did you feel when answering ques-
tions about cognitive load and engagement based on
the displayed results?

Did the visualizations and labels help you to under-
stand what the computed metrics represent?

Recording and Electrode Contact
Check

How easy or difficult was the electrode contact check
before recording?

Was the time needed to reach Good electrode contact
quality acceptable for a real user study?

During recording, did the interface distract you?
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E.6

E.7

Reflection

Which parts of the interface felt most clear and under-
standable?

Which parts felt most confusing or uncertain?

What would you change first to improve the interface
for your own research practice?

Would you consider using such an interface in a real
HCT user study? Why or why not?

Is there anything else you would like to add that we
did not discuss?

Follow Up Questions

At this point, what did you think the system was do-
ing?

What outcome did you expect after performing this
action?

Looking back, why do you think this step did not
work as expected?

Was there anything in the interface that suggested to
you that this action was correct?

What information or feedback would have helped
you avoid this mistake?
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