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Abstract

Brain-computer interfaces represent a transformative technology that enables direct commu-
nication between neural activity and external devices. By decoding brain signals associated with
movement intentions or cognitive states, BCIs offer potential solutions for individuals with severe
paralysis or communication impairments. Interest from both researchers and clinicians in BCI
applications has accelerated in recent years. Yet, despite this promise and decades of intensive
research, BCIs have not transitioned successfully from controlled laboratory environments to ev-
eryday practice. Significant implementation barriers continue to limit widespread adoption; such
as insufficient speed and accuracy, limited and unstandardized training data, and inconsistent eval-
uation practices. This dissertation examines critical obstacles hindering practical BCI deployment
across two distinct application domains: P300-based communication spellers and EEG-based emo-
tional state recognition. The work addresses these challenges through three strategic approaches
focusing on efficient performance estimation in P300 spellers, comprehensive emotion dataset
development, and rigorous methodological evaluation.

P300-based BCI spellers enable communication for individuals with severe motor impairments,
yet performance validation creates a practical dilemma. Accurate assessment demands extensive
testing sessions where users type 20 or more characters, consuming 4-20 minutes. For individuals
who are already fatigued, these lengthy procedures are impractical. Moreover, even after substantial
time investment, confidence intervals for accuracy estimates can span +23%, making it difficult to
determine system reliability for a particular user. The first study addresses one of the key challenges
in communication BClISs, particularly the slow validation and calibration of P300-based BCI speller
systems. A predictive framework based on Classifier-Based Latency Estimation (CBLE) was used
to estimate user accuracy from a small amount of typing data (~3-8 characters). This approach
provides faster and more reliable performance prediction, allowing quicker adaptation of the system

to individual users.



Following this development, the second study expands the scope of BCI research toward
affective computing. Current emotion recognition research relies on small, proprietary datasets that
typically employ single-modality stimuli, limiting model generalizability across different emotion-
elicitation scenarios. To address this data scarcity, a comprehensive multimodal database was
created with recordings from 30 participants experiencing 240 stimuli across three categories:
emotional pictures, facial expressions, and music. Each participant provided both SAM ratings for
valence, arousal, and dominance, and discrete emotion labels for happiness, sadness, fear, disgust,
surprise, and anger. This database provides nearly three times more stimuli than comparable datasets
and represents the first to integrate all three stimulus modalities within a unified experimental
framework per participant.

However, large-scale dataset availability alone cannot ensure progress if methodological prac-
tices remain flawed. The insights gained from dataset design motivated the third study, which
systematically examined methodological flaws that affect the reliability of emotion recognition
results. A systematic review of 101 studies using the widely-adopted DEAP dataset revealed that
87% contained critical errors, including data leakage from improper segmentation, biased feature
selection, and flawed hyperparameter optimization. These methodological oversights artificially
inflate reported accuracies, creating unrealistic expectations about system capabilities. Experimen-
tal validation demonstrated that such errors can boost performance estimates by up to 46 percentage
points, explaining why laboratory results fail to translate to real-world deployment. The review
establishes rigorous evaluation protocols and provides concrete guidelines to prevent common
methodological pitfalls.

Together, these three studies form a continuous progression—from improving BCI speller per-
formance modeling, enabling standardized affective datasets, and establishing rigorous evaluation
protocols. Collectively, they contribute to building faster, more reliable, and methodologically

sound EEG-based BCI systems for assistive and adaptive real-world applications.
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Abstract

Brain-computer interfaces represent a transformative technology that enables direct commu-
nication between neural activity and external devices. By decoding brain signals associated with
movement intentions or cognitive states, BCIs offer potential solutions for individuals with severe
paralysis or communication impairments. Interest from both researchers and clinicians in BCI
applications has accelerated in recent years. Yet, despite this promise and decades of intensive
research, BCIs have not transitioned successfully from controlled laboratory environments to ev-
eryday practice. Significant implementation barriers continue to limit widespread adoption; such
as insufficient speed and accuracy, limited and unstandardized training data, and inconsistent eval-
uation practices. This dissertation examines critical obstacles hindering practical BCI deployment
across two distinct application domains: P300-based communication spellers and EEG-based emo-
tional state recognition. The work addresses these challenges through three strategic approaches
focusing on efficient performance estimation in P300 spellers, comprehensive emotion dataset
development, and rigorous methodological evaluation.

P300-based BCI spellers enable communication for individuals with severe motor impairments,
yet performance validation creates a practical dilemma. Accurate assessment demands extensive
testing sessions where users type 20 or more characters, consuming 4-20 minutes. For individuals
who are already fatigued, these lengthy procedures are impractical. Moreover, even after substantial
time investment, confidence intervals for accuracy estimates can span +23%, making it difficult to
determine system reliability for a particular user. The first study addresses one of the key challenges
in communication BClISs, particularly the slow validation and calibration of P300-based BCI speller
systems. A predictive framework based on Classifier-Based Latency Estimation (CBLE) was used
to estimate user accuracy from a small amount of typing data (~3-8 characters). This approach
provides faster and more reliable performance prediction, allowing quicker adaptation of the system

to individual users.



Following this development, the second study expands the scope of BCI research toward
affective computing. Current emotion recognition research relies on small, proprietary datasets that
typically employ single-modality stimuli, limiting model generalizability across different emotion-
elicitation scenarios. To address this data scarcity, a comprehensive multimodal database was
created with recordings from 30 participants experiencing 240 stimuli across three categories:
emotional pictures, facial expressions, and music. Each participant provided both SAM ratings for
valence, arousal, and dominance, and discrete emotion labels for happiness, sadness, fear, disgust,
surprise, and anger. This database provides nearly three times more stimuli than comparable datasets
and represents the first to integrate all three stimulus modalities within a unified experimental
framework per participant.

However, large-scale dataset availability alone cannot ensure progress if methodological prac-
tices remain flawed. The insights gained from dataset design motivated the third study, which
systematically examined methodological flaws that affect the reliability of emotion recognition
results. A systematic review of 101 studies using the widely-adopted DEAP dataset revealed that
87% contained critical errors, including data leakage from improper segmentation, biased feature
selection, and flawed hyperparameter optimization. These methodological oversights artificially
inflate reported accuracies, creating unrealistic expectations about system capabilities. Experimen-
tal validation demonstrated that such errors can boost performance estimates by up to 46 percentage
points, explaining why laboratory results fail to translate to real-world deployment. The review
establishes rigorous evaluation protocols and provides concrete guidelines to prevent common
methodological pitfalls.

Together, these three studies form a continuous progression—from improving BCI speller per-
formance modeling, enabling standardized affective datasets, and establishing rigorous evaluation
protocols. Collectively, they contribute to building faster, more reliable, and methodologically

sound EEG-based BCI systems for assistive and adaptive real-world applications.
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Chapter 1

Introduction

Brain-computer interfaces (BCIs) have demonstrated impressive capabilities in controlled labora-
tory environments. However, translating these systems into practical, everyday assistive devices
remains challenging. The real-world success of BCIs depends on several critical factors, such
as achieving sufficient speed and accuracy for practical operation, obtaining adequate validation
data with appropriate sample sizes for training, addressing the complexity of data processing and
decoding algorithms, and demonstrating valid and reproducible results across diverse datasets and
user populations ', This dissertation aims to address these implementation challenges and advance
BClIs toward real-world applications. The investigation focuses on two prominent BCI domains:
P300-based BCI spellers for communication and EEG-based affective state estimation systems.
This chapter provides background and context for the dissertation. Section 1.1 discusses the
fundamental principles of P300-based BCI spellers and affective BCIs, including their potential
applications. Section 1.2 presents the motivation and research objectives of this dissertation.

Finally, the organization of this dissertation is outlined in Section 1.3.



1.1 Fundamentals

1.1.1 Brain-Computer Interfaces (BCI)

A brain-computer interface (BCI) is a communication system that allows people to interact with
computers or external devices using only their brain signals*. Unlike traditional assistive technolo-
gies that rely on peripheral nerves and muscles, BClIs form direct communication pathways from
brain activity. This makes BClIs particularly valuable for individuals with severe motor disabilities,
including amyotrophic lateral sclerosis (ALS), disorders of consciousness (DoC), brainstem stroke,
spinal cord injury, and cerebral palsy®~’, who may have lost the ability to speak or move but retain
cognitive function.

The fundamental principle behind BClIs is straightforward: the system records brain activity,
extracts meaningful patterns from these signals, and translates them into commands that control
external devices. For example, a person who cannot speak might use a BCI to select letters
on a computer screen simply by thinking about them, without any physical movement. The
BCI accomplishes this by monitoring specific brain signals that reflect the user’s intentions and
converting these signals into actionable commands.

Among various methods for recording brain activity, including functional magnetic resonance
imaging (fMRI), magnetoencephalography (MEG), and electrocorticography (ECoG), electroen-
cephalography (EEG) has become the most widely used approach for BCI applications®. EEG is
non-invasive and measures electrical activity on the scalp surface using sensors placed at specific
locations on the head. This means it does not require surgery or penetration through the skull to
access brain tissue. This makes EEG significantly safer and more accessible than invasive recording

methods (e.g. ECoG).



EEG-based BClIs can utilize different types of brain signals as input. Four main categories
of brain activity patterns have been commonly employed in BCI systems. First, visual evoked
potentials (VEP) are brain responses triggered by visual stimuli®. Second, slow cortical potentials
represent gradual voltage shifts in brain activity !°. Third, sensorimotor rhythms, particularly mu
and beta frequency bands, reflect brain activity related to motor planning and execution'!. Finally,
event-related potentials (ERPs)!2, including the P300 component, are brain responses to specific

events or stimuli.

1.1.2 P300 BCI Speller

Among various BCI speller approaches, the P300-based BCI speller introduced by Farwell and
Donchin (1988) ' has become one of the most widely adopted communication protocols.

The P300, also called the P3 component, is one of the most studied brain signals in neuroscience
and BCI research. First discovered by Sutton et al. in 1965'3, the P300 appears as a positive
deflection in the EEG signal when someone sees something unexpected or important. This electrical
response appears in the brain roughly 300 milliseconds after seeing a rare or meaningful event !%!415,

The P300 signal is usually strongest at certain locations on the scalp, particularly at sites called
Fz, Cz, and Pz (located along the center and back of the head). At these locations, the brain produces
a clear positive peak when someone notices a target item, but shows much smaller responses to
non-target items. Researchers typically use something called the oddball paradigm to trigger P300

responses 4.

In this approach, rare target items appear occasionally among frequent non-target
items. The brain naturally responds more strongly to these rare, important events.

However, capturing P300 signals is quite difficult. The P300 itself is very weak, producing

only 5 to 10 microvolts of electrical activity '°. Meanwhile, normal background brain activity is
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Figure 1.1: Matrix layout of the classic Farwell and Donchin row—column P300 speller'?. The grid
contains all 26 English letters and 10 digits (0-9), where rows and columns are flashed sequentially
to identify the target symbol based on P300 responses.

much stronger, measuring 10 to 100 microvolts. This makes the P300 hard to spot in a single
recording. Therefore, averaging across multiple repetitions is commonly employed to improve
the signal-to-noise ratio!”. This averaging process strengthens the consistent P300 pattern while
reducing random noise '°.

In the first BCI speller system 2, a matrix of symbols (typically comprising all 26 letters of the
alphabet and 10 digits, from O to 9, arranged in a 6x6 grid) is displayed on a computer screen (see
Fig.1.1). During operation, the rows and columns of this matrix flash or intensify one at a time in
a random sequence. Each flash typically lasts 100 milliseconds, followed by a brief blank interval
of approximately 75 milliseconds before the next intensification occurs '%.

The user focuses attention on the specific symbol they wish to communicate and mentally
counts how many times that symbol flashes. This focused attention creates an oddball paradigm '*:
the flashes containing the target symbol are rare and task-relevant events, while all other flashes are

frequent non-target stimuli. When the row or column containing the target character intensifies,

this infrequent target event elicits a characteristic P300 wave in the user’s EEG signal, occurring
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Figure 1.2: P300 speller ERP'®. The grand-averaged ERP response at the midline (Fz, Cz, and Pz)
during P300 speller test sessions.

approximately 300 milliseconds after the flash. In contrast, the remaining 10 rows and columns
that do not contain the target symbol produce significantly weaker or no P300 responses.

By detecting and analyzing these P300 patterns across multiple intensifications, the BCI sys-
tem can identify which row and which column consistently generate the strongest responses. The
intersection of the detected row and column reveals the user’s intended character, enabling com-
munication without any physical movement or muscle control.

Fig.1.2 illustrates an example of a grand-averaged P300 waveform recorded during a P300
speller experiment'®. The graph displays brain activity recorded from central scalp locations,
comparing responses to target characters versus non-target characters. When flashes contain the
user’s intended character (shown in orange), a distinct positive peak emerges between 200 and 400

milliseconds. Flashes without the target character (shown in black) remain near baseline.

1.1.3 Affective Brain-Computer Interface

Emotions, or affective states, represent complex combinations of physiological, behavioral, and

cognitive responses to internal or external stimuli. They play a vital role in human decision-

5



making, perception, and communication .

The growing need to build systems that can sense,
interpret, and respond to human emotions has driven research in this area. Emotion-sensitive
systems have gained attention in assistive technology, adaptive learning, neurorehabilitation, and
human-computer interaction. By integrating emotion recognition, machines can adjust responses
based on user emotional states, making interactions more natural and personalized. An adaptive
learning platform could simplify tasks when detecting frustration. A therapeutic system could

monitor emotional well-being to guide mental health interventions.

To achieve such adaptability, emotions must be measured objectively and reliably. Early at-

20;21 22;23

tempts relied on behavioral cues such as facial expressions?*?!, vocal tone?*?, pupil dilation?*,

speech?, and posture?!%S.

Studies later expanded to peripheral physiological signals like elec-
trodermal activity, heart rate variability (HRV), PPG, blood volume pulse, respiration, and skin
conductance'®. These approaches provided valuable information but faced limitations. For ex-
ample, facial expressions and vocal patterns could be consciously controlled or masked, making
them unreliable indicators of true emotional states. Peripheral physiological signals lacked speci-
ficity since similar patterns could occur under different conditions. A racing heart could indicate
excitement, fear, or physical exertion.

These limitations drove researchers toward neurophysiological signals that could directly capture
brain activity associated with emotional processing. The brain, after all, is where emotions
originate?’. The introduction of electroencephalography (EEG) provided a way to observe neural
oscillations linked to emotion with millisecond precision. Compared to imaging methods like
functional magnetic resonance imaging (fMRI), EEG offered greater temporal resolution, reliability,

lower cost, portability, and easier integration into interactive systems”®. Most importantly, EEG

signals directly measure electrical activity generated by neurons and are difficult to disguise,



providing a more accurate reflection of an individual’s real emotional state>”. Over the last two
decades, this transition marked a fundamental shift from behavioral and peripheral physiological
measures toward brain-based emotion decoding.

The integration of emotional decoding into BCI systems gave rise to affective brain-computer
interfaces (aBCI). Unlike traditional BCIs that focus on motor imagery or cognitive control, af-
fective BClIs aim to detect and interpret a user’s emotional state directly from brain signals. These
systems enable adaptive interaction by linking neural activity to emotional feedback, allowing com-
puters or assistive devices to respond appropriately to the user’s affective condition. A typical aBCI
system follows a structured process. The user is presented with emotional or neutral stimuli, and
EEG signals are recorded during the experience. The data are then preprocessed to remove noise
and artifacts. Features are extracted from specific frequency bands or connectivity patterns, and
classification algorithms are applied to identify the user’s emotional state. The output can be used
to adjust interfaces, regulate environments, or deliver neurofeedback for emotion regulation train-
ing. Common features include power spectral density, asymmetry indices between hemispheres,
and connectivity measures that capture how different brain regions interact®’. Machine learning
methods like support vector machines, neural networks, and deep learning approaches have all been

applied to classify these features into emotional states .

1.1.4 Emotion Model

Emotions have been described using two primary theoretical perspectives: discrete models and

dimensional models. The discrete emotion model, originally proposed by Paul Ekman3*3?

, clas-
sifies human emotions into a small set of fundamental categories that are universally recognizable

across cultures. Ekman’s framework identifies six basic emotions are happiness, sadness, anger,
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Figure 1.3: Ekman’s six basic emotions?'.

fear, disgust, and surprise. They serve as the foundation for most emotion recognition research
based on facial expression or behavioral cues. This categorical approach simplifies emotion classi-
fication and aligns with intuitive understanding. However, it struggles to capture the full spectrum
of emotional experiences and nuanced transitions between states.

To address this limitation, researchers have developed dimensional models, such as Russell’s
Circumplex Model of Affect®, which represent emotional experiences within continuous dimen-
sions. In this model, emotions are placed on a two-dimensional plane defined by valence and
arousal. Valence ranges from unpleasant (negative) to pleasant (positive). Arousal ranges from
passive (low) to active (high), describing energy intensity. For example, happiness occupies the
high arousal and positive valence quadrant. Sadness falls in the low arousal and negative valence.
Anger represents high arousal with negative valence. A third dimension, dominance, is sometimes
added to describe the degree of control or influence a person feels in a situation. Both fear and
anger are negative, high-arousal emotions, but they differ in dominance. A fearful person feels

less control, while an angry person feels more empowered. Together, these axes allow for a more



flexible representation of emotional states, making dimensional models particularly suitable for
affective BCI applications. The choice between discrete and dimensional models depends on the

specific application and required specificity.

Surprise
/ ACTIVATION
tense alert
Fear
nervous ;
Anger excited
/ stressed elated
Disgust
upset happy Happiness
UNPLEASANT PLEASANT
sad contented
Sadness
depressed serene
lethargic relaxed

fatigued
DEACTIVATION

Figure 1.4: Russell’s circumplex model of affect®*. This figure illustrates the valence (pleasant
to unpleasant) and arousal (activation to deactivation) axes that organize common emotions in a
continuous space.

1.2 Motivation

The development of effective brain-computer interface systems requires careful offline analysis
and optimization before deployment in real-time applications. This preliminary phase involves
initial calibration or adjustment of the BCI, data analysis, parameter tuning, and performance
validation, which are essential to ensure reliable online BCI operation'. P300-based BCI spellers
represent one of the most promising assistive communication technologies for individuals with
severe motor impairments. Despite considerable research progress, P300 speller systems face a

critical performance validation dilemma. Obtaining high accuracy and sufficient speed is essential



for practical real-world communication. However, EEG-based BCI spellers typically achieve
information transfer rates (ITR) of approximately 1.0 bits per second (bps) due to computational
processing limitations**°. For example, the P300 speller developed by Farwell and Donchin (1988)
achieves spelling rates of up to five characters per minute(~ 0.5 bps)'2. Other recent improvements
have achieved rates of approximately 5.45 symbols per minute®. This slow operation creates
a significant burden during the validation phase, when obtaining reliable performance estimates
requires extensive testing sessions. Users who need these systems the most cannot maintain long
validation sessions. This dissertation addresses this challenge by developing a protocol that predicts
P300 BCI speller accuracy from substantially fewer typed characters.

While P300 spellers face validation challenges, another critical area of BCI research, affective
state estimation, presents its own set of implementation barriers. Research on EEG-based aBClI is
growing rapidly because of their potential to support adaptive communication tools, mental-health
assessment and intervention, and more responsive human—computer interaction. Despite growing
research interest, several fundamental challenges hinder the translation of aBCIs from laboratory
demonstrations to practical real-world applications.

First, acquiring high-quality EEG data requires specialized equipment, making data collection
both expensive and time-consuming. The scarcity of standardized, large-scale datasets has made
objective performance comparison across different methodological approaches nearly impossible,
as researchers often work with small, proprietary datasets that vary widely in experimental design
and quality.

Second, the type of stimulus used to evoke emotions may influence the resulting neural responses
and, consequently, the generalizability of emotion recognition models. Researchers have employed

diverse stimuli, including static images, video clips, music, and virtual reality scenarios, to elicit
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emotional responses. However, a model trained to recognize emotions evoked by a single modality
stimulus (such as pictures from the International Affective Picture System) may fail when presented
with emotions elicited through different modalities like music or real-world social interactions.

Third, and perhaps most critically, affective BCIs suffer from unstable and often unreliable
performance. Most existing emotion recognition algorithms operate in an offline mode, where
EEG data are analyzed after collection®’. While reported classification accuracies for distinguishing
two or more discrete emotional states typically range from 70-90% in controlled studies®®, these
results often do not translate to real-world applications. This performance degradation stems
from methodological issues throughout the emotion recognition pipeline, from data pre-processing
and feature extraction to model validation. Many published studies inadvertently introduce bias
during the training phase through improper preprocessing, feature extraction, and selection, or
cross-validation procedures. Models that appear successful in offline analysis frequently fail
when deployed in online, real-time applications. Because their training process contaminated the
evaluation with information that would not be available during real-world deployment.

Given these interconnected challenges, advancing EEG-based emotion recognition toward prac-
tical implementation requires more than incremental improvements in classification algorithms.
Success demands: (1) comprehensive, publicly available datasets with sufficient sample sizes and
multiple stimulus modalities to enable robust model development and fair performance comparison;
and (2) rigorous, standardized methodological practices that ensure reported performance metrics
genuinely reflect system capabilities in practical deployment scenarios. This dissertation takes
steps toward addressing these challenges and limitations. First, a comprehensive multimodal emo-
tion database is developed to provide the research community with standardized, large-scale data

across multiple stimulus modalities. Second, a systematic evaluation of methodological practices

11



in affective BCI research is conducted to identify common errors and establish rigorous evaluation

protocols.

1.3 Outline

The remainder of this dissertation is organized into four chapters, each addressing a distinct
yet complementary component of advancing EEG-based BClIs through performance modeling,
dataset design, and methodological validation. The first research focus, presented in Chapter 2,
investigates the estimation of P300-based BCI speller accuracy using relatively small test samples.
The chapter details the experimental protocol, signal processing pipeline, validation methods,
and implementation results. Chapter 3 introduces a new multimodal EEG dataset developed to
study human emotional responses. This dataset integrates visual and auditory stimuli to elicit
a wide range of affective states. The chapter describes participant recruitment, experimental
design, data recording, preprocessing, and feature extraction procedures. Statistical analyses
of participant ratings and classification results across the valence-arousal dimensions are also
presented to establish the reliability of the proposed dataset. The next phase, presented in Chapter
4, explores methodological reliability in EEG-based emotion recognition studies. Focusing on
studies that rely on the DEAP dataset, this chapter conducts a structured analysis to identify
recurring methodological flaws in affective state estimation. By applying multiple commonly
used experimental approaches, the analysis reveals common methodological flaws that can inflate
performance metrics and proposes practical guidelines for reproducible affective BCI studies.
Chapter 5 summarizes the major contributions of the dissertation. It also discusses the current
limitations and proposes future work that can contribute to implementing real-time BCI systems

more effectively and reliably in practical applications.
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Chapter 2

P300-Based Brain-Computer Interface
Speller Performance Estimation with

Classifier-Based Latency Estimation

Copyright notice: This chapter substantially reproduces content from “P300-Based Brain-
Computer Interface Speller Performance Estimation with Classifier-Based Latency Estimation”,
published in the Journal of Visualized Experiments (JoVE) in 2024, The material is included in
this dissertation with authorization from JoVE, which owns all copyright to the work. While the
text has been revised for dissertation format, the core methodology, results, and analysis remain
consistent with the published work.

This chapter focuses on implementing a method for estimating P300-based BCI speller accuracy
using a small testing dataset. Modern P300 speller systems remain slow, making data collection for
validation time-consuming for both end users and experimenters. P300 spellers typically operate
around 1-5 characters per minute, and estimating accuracy with 5% resolution requires 20 characters

(4-20 minutes). Even with this substantial time investment, confidence bounds can reach +23%
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depending on observed accuracy. To address this challenge, Classifier-Based Latency Estimation
(CBLE) was applied to predict a user’s P300 speller accuracy from relatively few characters (~3-8)
of typing data.

The content of this chapter is organized into five sections. Section 2.1 provides an introduction
to the performance estimation challenge, and Section 2.2 presents the methods and materials.
The step-by-step protocol for implementing the CBLE Performance Estimation GUI is detailed
in Section 2.3. Section 2.4 demonstrates the representative results obtained from both datasets.

Concluding remarks and implications of the findings are given in Section 2.5.

2.1 Introduction

Brain-computer interfaces (BCls) are a noninvasive technology that allows individuals to commu-
nicate through machines directly without regard for physical limitations imposed by the body. BCI
can be utilized as an assistive device operated directly by the brain. BCI uses the brain activity of a
user to determine if the user intends to choose a certain key (letter, number, or symbol) displayed on
the screen®’. In a typical computer system, a user physically presses the intended key on a keyboard.
However, in a BCI system with a visual display, the user needs to focus on the desired key. Then,
BCI will select the intended key by analyzing the measured brain signalsl. The activity of the
brain can be measured using various techniques. Though there are competing BCls technologies,
electroencephalogram (EEG) is considered a leading technique due to its noninvasive nature, high
temporal resolution, reliability, and relatively low cost?s.

Applications of BCI include communication, device control, and also entertainment*'~**, One
of the most active BCI application areas is the P300 speller, which was introduced by Farwell and

Donchin 2. The P300 is an event-related potential (ERP) produced in response to the recognition of
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a rare but relevant stimulus*. When a person recognizes their target stimulus, they automatically
produce a P300. The P300 is an effective signal for a BCI because it conveys the participant’s
recognition of the target event without requiring an outward response*°.

The P300 BCI has attracted researchers from computer science, electrical engineering, psychol-
ogy, human factors, and various other disciplines. Advances have been made in signal processing,

47-52 How-

classification algorithms, user interfaces, stimulation schemes, and many other areas
ever, regardless of the research area, the common thread in all of this research is the necessity of
measuring the BCI system performance. This task typically requires the generation of a test data
set. This necessity is not limited to research; eventual clinical application as an assistive technology
will likely require individual validation sets for each end user to ensure the system can generate
reliable communication.

Despite the considerable research applied toward the P300 BCI, the systems are still quite slow.
While the majority of people are able to use a P300 BCI**, most P300 Spellers produce text on the
order of 1-5 characters per minute. Unfortunately, this slow speed means that generating test data
sets requires substantial time and effort for participants, experimenters, and eventual end users.
Measuring BCI system accuracy is a binomial parameter estimation problem, and many characters
of data are necessary for a good estimate.

In earlier research, we argued that Classifier-Based Latency Estimation (CBLE) can be used to
estimate BCI accuracy . Here, this work presents a protocol that estimates BCI performance
from a small dataset using CBLE. As a representative analysis, the number of characters was varied
to make predictions of the overall performance of an individual. In this work, we applied and
evaluated the complete methodology on two datasets—an in-lab Michigan P300 speller dataset™

and the publicly available Brain Invaders (bi2014a) dataset®’. For both example datasets, the root
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mean square error (RMSE) for vCBLE and actual BCI accuracy were computed. The results
indicate that the RMSE from vCBLE predictions, using its fitted data, was consistently lower than
the accuracy derived from 1 to 7 tested characters.

We also developed a Graphical User Interface (GUI) called “CBLE Performance Estimation”
for the implementation of the proposed methodology. Example code is also provided that operates
on the MATLAB platform. The example code performs all of the steps applied in the GUI, but the
steps are provided to assist the reader with adapting to a new dataset. This code employs a publicly
available dataset “Brain Invaders calibration-less P300-based BCI using dry EEG electrodes Dataset

(bi2014a)” to evaluate the proposed method”’.

2.2 Methods and Materials

2.2.1 Classifier

To estimate the presence or absence of the P300 ERP, most classifiers use a binary classification
model, which involves assigning a binary label (e.g., ’presence” or “absence”) to each trial or epoch

of EEG data. The general equation used by most classifiers can be expressed as:

g(x) =w" - f(z)+b (2.1)

where 3 is called the classifier’s score, which represents the probability of the P300 response being
present, x is the feature vector extracted from the EEG signal, and b is a bias term>*. The function
f is a decision function that maps the input data to the output label, and is learned from a set of

4

labeled training data using a supervised learning algorithm>*. During training, the classifier is

trained on a labeled dataset of EEG signals, where each signal is labeled as either having a P300
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response or not. The weight vector and bias term are optimized to minimize the error between the
predicted output of the classifier and the true label of the EEG signal. Once the classifier is trained,
it can be used to predict the presence of the P300 response in new EEG signals.

Different classifiers can use different decision functions, such as linear discriminant analysis
(LDA), step-wise linear discriminant analysis (SWLDA), least squares (LS), logistic regression,
support vector machines (SVM), or neural networks (NNs). The least squares classifier is a linear
classifier that minimizes the sum of squared errors between the predicted class labels and the true

class labels. This classifier predicts the class label of a new test sample using the following equation:

y(x) = sign(w - x) (2.2)

where the sign function returns +1 if the product is positive and —1 if it is negative, and the weight
vector w is obtained from the feature set of the training data (z) and class labels (y) using the
following equation:

W= (XTX)'XTy (2.3)

2.2.2 Classifier-Based Latency Estimation (CBLE)

CBLE is a strategy for evaluating latency variation by exploiting the classifier’s temporal sensitiv-
ity>>. While the conventional approach to P300 classification involves using a single time window
that is synchronized with each stimulus presentation, the CBLE method involves creating multiple
time-shifted copies of the post-stimulus epochs. Then it detects the time shift that results in the
maximum score in order to estimate the latency of the P300 response’>*™.

As mentioned, traditional P300 classification relies on a single fixed time window, typically

ranging from O to 800 ms following stimulus presentation*’. The CBLE method employs a different
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strategy. For instance, with a 1kHz sampling rate, one window might span from -1 to 799 ms,

while another spans from 1 to 801 ms>®

. The classifier is applied to each time-shifted window
independently. This produces a separate score for each time shift. The time shift that produces the
maximum classifier score is identified as the classifier-based latency estimate (CBLE) for that trial.
The statistical variance of these latency estimates across multiple target stimuli is called vVCBLE>®.
This metric provides a quantitative measure of P300 latency jitter for a given session or participant.

Previous research has shown that latency jitter significantly impacts P300 speller performance.
The CBLE method provides a way to quantify this jitter. It also enables investigation of the
relationship between jitter and classification accuracy. Thompson et al. (2012) have revealed
a strong negative correlation between VCBLE and BCI accuracy®. Participants with higher
latency variability tend to achieve lower spelling accuracy. This relationship suggests that CBLE-

derived metrics can predict BCI performance. Such prediction capability potentially enables faster

assessment of system reliability without requiring extensive typing sessions.

2.2.3 Experimental Data

Michigan Dataset

The CBLE approach was also implemented on a Michigan dataset, which contained data from 40
participants>. Here, the data from eight participants had to be discarded because their tasks were
incomplete. EEG was recorded with a 16-channel g.USBamp sampled at 256 Hz (after hardware
filtering). Electrode locations were F3, Fz, F4, T7, C3, Cz, C4, T8, CP3, CP4, P3, Pz, P4, PO7, Oz,
and POS8 (10-20 system). The right and left mastoids served as reference and ground, respectively.
The entire study required three visits from each participant. On the first day, each participant typed

a 19-character training sentence, followed by three 23-character testing sentences on Days 1, 2, and
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3. Online classification was performed using least squares (LS). The training file was used to create
a participant-specific classifier that was used in all three sessions. In this paradigm, a row—column
P300 speller (6x6) was run in BCI2000. The keyboard included 36 characters, which were grouped
into six rows and six columns. Each row or column was flashed for 31.25 milliseconds with an

interval of 125 milliseconds between flashes. Between characters, a 3.5 s pause was provided.

BrainInvaders

The Brain Invaders (bi2014a)>’ dataset includes EEG data from 64 participants. Recordings used
aresearch-grade g.USBamp (g.tec) with 16 dry g.Sahara electrodes. The electrodes were placed at
Fpl, Fp2, F5, AFz, F6, T7, Cz, T8, P7, P3, Pz, P4, P8, O1, Oz, and O2 following the 10-10/10-20
system. The reference was the right earlobe, and the ground was Fz. Signals were sampled at
512 Hz, with no online digital filtering. Event triggers from the Brain Invaders software were
synchronized with the EEG via a USB digital-to-analog converter connected to the g.USBamp
trigger channel. Participants played up to three game sessions of Brain Invaders, each session
having 9 levels in the game. Gameplay proceeded level-by-level: once the target symbol was
“destroyed,” a reward screen appeared and the next level started. Participants had up to eight
attempts per level, after which the level restarted if all attempts were missed. Level duration was
variable (on average about five minutes). To avoid frustration, the experimenter could terminate a
level if no control was achieved after 10 minutes. Data collection continued until all levels were
completed or the participant lost all control over the BCI system. The Brain Invaders interface
included 36 symbols that flashed in 12 groups of six aliens. According to the Brain Invaders P300
paradigm, a repetition was created by 12 flashes, one for each group. Out of these 12 flashes, two

flashes contained the target symbol (known as target flashes), while the remaining 10 flashes did

19



not contain the target symbol (known as non-target flashes). More information on this paradigm

can be found in the original reference’’.

2.3 Protocol

The “CBLE Performance Estimation” GUI was applied to two datasets: the “Brainlnvaders” dataset
and the Michigan dataset. For the “Brainlnvaders” dataset, the data collection was approved by
the Ethical Committee of the University of Grenoble Alpes®’. Michigan data were collected under

the University of Michigan Institutional Review Board approval >®

. Data were analyzed under the
Kansas State University exempt protocol 7516. If collecting new data, follow the user’s IRB-
approved process for collecting informed consent. Here, the proposed protocol is evaluated using
offline analysis of previously-recorded, de-identified data and therefore did not require additional
informed consent.

The graphical user interface (GUI) included in this paper is proficient in managing two distinct
dataset formats. The first format is associated with the BCI2000 software, while the second format
is referred to as the “Brainlnvaders” dataset. In order to utilize the “Brain Invaders” format, data
must be preprocessed as described in step 1 of the protocol section. However, when dealing with

the “BCI2000 dataset format, step 1 can be omitted. Fig. 2.1 shows the flow chart of the proposed

method. The detailed procedure is described below.

1. Data preparation

1.1. Brainlnvaders only: Generate the input data file in ”.mat” file format that can be used
with the "CBLE performance Estimation” graphical user interface (GUI). For a sample

script, refer to Supplementary Coding File 2.
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Figure 2.1: Block diagram of the proposed protocol. (a) Data preprocessing and feature extrac-
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NOTE: Each data file consists of a two-dimensional matrix comprised of rows that
represent observations recorded at distinct time samples. The matrix columns numbered
from 2 to 17 are recordings derived from 16 EEG electrodes. The first column of the
matrix denotes the timestamp of each observation, while column 18 encompasses
information related to experimental events. In column 19, there are mostly zeros, but

when a non-Target (or Target) flash starts, the numbers change to one (or two) at that

specific time. A detailed description can be found in the reference”’.

. Download and install the GUI package

2.1. Download and install the “CBLE Performance Estimation” GUI.

. Store the dataset in a subfolder of the GUI location

3.1. Ensure that the dataset folder remains within the same directory as the GUI.

3.2. For instance, create a new folder and place the “CBLE Performance Estimation” GUI

inside it. Keep all the datasets in a subfolder within “CBLE GUI” named “Dataset.”

. Open the installed GUI

4.1. Open MATLAB, change the current directory to folder where you placed the GUI, click

“APPS” tab and select “MY APPS”.

4.2. Under the “MY APPS” tab, select “CBLE Performance Estimation”.

. Choose dataset format

5.1. Select a dataset format from the dropdown “Select dataset format”.

. Load EEG data file
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6.1.

6.2.

Click on the ”Select input folder” button to choose the directory where the dataset is

located.

Observe the count of data files present in that selected folder.

NOTE: In the ”Brain Invaders” format, each participant is represented by a single data
file. Therefore, the total number of data files indicates the number of participants in the
study. However, this is not the case for the "BCI2000” format, as each participant may

have multiple train and test files.

7. Set the parameters

7.1.

7.2.

7.3.

7.4.

7.5.

Type the number of participants that the user intends to use for the estimation process
in the “No of participants” text box.

Brainlnvaders only: Specify the sampling rate of the dataset.

NOTE: BCI2000 files include the sample rate.

Choose a decimation value to downsample the dataset to approximately 20 Hz in order
to improve classification performance*’. For example, if the sampling frequency is 256
Hz, then select a decimation value of 13.

Specify the time window for the classification in milliseconds.

NOTE: The recommended initial window size is specified, allowing the starting point
to vary from O to 100 ms and the ending point from 700 to 800 ms. However, it is
important to avoid making the window size excessively large to prevent overlapping

with another P300 event.

Define the shift window for CBLE in milliseconds.
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NOTE: The ’shift window’ refers to the expanded time range that the CBLE method
searches to find the P3 response. The classifier will be applied to the epoch starting
at the first element of the shift window. The classifier is then sequentially applied to
epochs starting one sample later, until the epoch would extend outside the shift window.
Thus, the shift window must be larger than the original window; empirically, values
less than 100 ms from each side perform well. In any case, the margin should be held

to less than half the ISI.

7.6. BC2000 only: Enter the length of the subject ID indicated in the dataset files within the
”ID length” field.
NOTE: The GUI expects the first sub-len characters of the filenames to encode the

subject ID.

7.7. BCI2000 only: In the ”Channel ID” field, indicate either the total number of channels

or specify the specific channel numbers to be used for the analysis.

7.8. Click the “Set parameters” button to set all the parameters required for the analysis.

8. Brainlnvaders only: Split the dataset into training and test set

8.1. Select a number of targets that represents the size of the training set. The remaining
portion of the dataset will be considered as the test dataset.
NOTE: To ensure proper training of the model, it is essential to have a sufficiently
large training sample. The recommended minimum training sample size is 20, though
this may vary depending on the overall dataset size. If regression errors occur during

training session, it is advisable to increase the training sample size.

8.2. Press the ”Split the dataset” button to divide the dataset into the training and test sets.
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NOTE: Each participant will have an equal amount of training data. However, the
number of test data may not be equal for all participants due to the possibility of
multiple attempts during the task. Consequently, the total number of targets or flashes
presented may vary from person to person.

9. Train a model with training dataset

Note: Step 9.1 is applicable for “Brain Invaders” format and step 9.2 is applicable for

“BCI2000” format.

9.1. Brainlnvaders only: Click on the “Train a model” button to apply linear regression on

the training dataset using equation 2 for training a classifier model.

9.2. BCI2000 only: Indicate training and testing filenames along with their data format (.dat)
to distinguish the training and testing files from all files. Then, click on the “Train a

model” button to apply linear regression on the training dataset.

10. Predict the accuracy of the test set

10.1. Click on Predict accuracy to apply the trained classifier model to the test feature set and

predict accuracy using Equation 1.

11. Get X-target accuracies

11.1. . Select a maximum target number, X, to consider in the test set.
11.2. BCI2000 only: Select a test file number if user has multiple test files.

11.3. Press “Find X target accuracy.”

12. Calculate vCBLE
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12.1. Click on the "Find vCBLE” button to get the vCBLE for all targets.

13. Calculate Root mean square error (RMSE) of BCI accuracy and vCBLE

13.1. Click on the “Calculate RMSE” button to calculate the RMSE between both predictions

based on vVCBLE with BCI accuracy, and X-target accuracy with BCI accuracy.

14. Visualize the results of the analysis

14.1. Click on the “Accuracy vs vCBLE” button to observe the relation between total accuracy

and total vCBLE for all participants.

14.2. Press on the “RMSE of BCI & vCBLE” button to show the RMSE curve of BCI

accuracy and vCBLE.

15. Prediction of the performance of an individual participant

15.1. To predict the accuracy of an individual participant, place the subject id in “Sub ID”.
NOTE: Here, the dataset of all participants, excluding the test participant, will be used
to train a linear regression model. The vVCBLE scores of all other participants and their
corresponding test accuracies will be utilized as predictors and labels, respectively, for

the classifier.

15.2. Select a target number, n. The prediction will be made based on the accuracy of n

testing characters.

15.3. Click the “Predict” button to get the predicted accuracy of the test participant.
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Table 2.1: Standard parameters for Brainlnvaders and Michigan datasets

Dataset Subject ID Channel | Sampling | Decimation | Original CBLE Training Target
name number | length ID rate value window window sample no | number, X
Brain Invaders 64 N/A [1:16] 512 26 [100, 600] [0, 700] 20 10
Michigan 32 4 [1:16] 256 13 [4,804] | [-100, 900] N/A 20

2.4 Representative Results

The proposed protocol has been tested on two different datasets: “Brainlnvaders” and the Michigan

dataset. These datasets are already introduced briefly in the Introduction section. The parameters

used for these two datasets are mentioned in Table 2.1. Fig. 2.2— 2.4 depict the findings obtained

using the “Brainlnvaders” dataset, whereas Fig. 2.5— 2.7 demonstrate the results achieved from the

Michigan dataset.
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Figure 2.2: Accuracy vs. VCBLE. BCI accuracy plotted against vCBLE using “bi2014a” dataset.
It shows a high negative correlation between accuracy and vCBLE.

The “Brainlnvaders” dataset has 64 participants. Fig. 2.2 presents the relationship between BCI

accuracy and vCBLE of all 64 participants. It shows that vCBLE is highly negatively correlated

27



RMSE of BCI Accuracy and vCBLE

Accuracy

0.45 - VvCBLE |

Number of Characters

Figure 2.3: RMSE of BCI accuracy and vCBLE. The RMSE of vCBLE and accuracy were
plotted against different test dataset sizes (1-10) using the “bi2014a” dataset. Overall, vCBLE
performs better than BCI accuracy.

with BCI accuracy, although a few outliers are observed. Fig. 2.3 illustrates the RMSE of vCBLE
and actual accuracy when the prediction was made based on the accuracy of testing characters.
It shows the evidence that the RMSE for this prediction, based on the fit obtained by vCBLE,
was lower than the accuracy based on any number of testing characters from 1 to 10. For the
“Brainlnvaders” dataset, vVCBLE is capable of predicting BCI accuracy using only 7 characters.
In Fig. 2.4, the prediction was made from the vCBLE of test sets with 2, 5, 7, and 10 characters,
respectively. Here, a leave-one-participant-out approach was employed in the regression analysis to
predict the accuracy of each individual participant. BCI accuracy and vCBLE were estimated over
100 repetitions. The lower and upper bounds are +2 standard deviations from the mean. All four
conditions indicate that there is minimal variance observed when the number of participants in the
training set exceeds 10. We conclude that about 10 individuals are required to build the regression

model for the relationship between vCBLE and accuracy for a particular experimental paradigm.
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Figure 2.4: Comparison of models using RMSE. These models are built while predictions are
performed from different sizes of test characters. Top left: 2 targets; top right: 5 targets; bottom
left: 7 targets; bottom right: 10 targets.

In the second example, the Michigan dataset has 32 participants, in which all typed one training
sentence on Day 1 and three testing sentences on Days 1, 2, and 3. The test sentences were
23 or 24 characters in length, and many participants made additional selections to correct errors
made during online operation. In Fig. 2.5, it can be seen that the vVCBLE model performed better
when the training and testing datasets were collected on the same day. In fact, this prediction
resulting from the fit provided by vCBLE resulted in a lower RMSE than the accuracy based for
any number of testing characters from 1-20 when the training data and testing data were collected
on the same day. Fig. 2.6 shows that overall, the vCBLE fit had a lower RMSE when the test
included less than six characters. Additionally, it can be seen from Fig. 2.7 that the RMSE of the
vCBLE accuracy estimation only decreases about 0.025 between three characters and the optimal

number of characters used. This implies that there is not much benefit to collecting more than three
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characters for the small test set.

RMSE Values of vCBLE Models

0.25 T T
Day 1
Day 2
\ Day 3
0.2 7
0.15 - :
L
]
=
o
0.1 7
0.05 - :
0 L 1 1 L L 1 1 L L
0 2 4 6 8 10 12 14 16 18 20

Number of Characters in Test Dataset

Figure 2.5: RMSE Values of vCBLE Models. A separate model was built to predict accuracy over
three different days using the Michigan dataset. The RMSE values for models built using different
test dataset sizes are shown.

2.5 Discussion

This article outlined a method for estimating BCI accuracy using a small P300 dataset. Here,
the current protocol was developed based on the “bi2014a” dataset, although the efficacy of the
protocol was confirmed on two different datasets. To successfully implement this technique, it is
crucial to establish certain variables, such as the epoch window for the original data, the window for
time shifting, the down-sampling ratio, and the size of both the training and testing datasets. These
variables are determined by the characteristics of the dataset being used, including the number of
targets or characters, the number of sequences, and the total number of participants.

The findings of the "bi2014a” dataset indicate that vCBLE’s prediction exhibits superior per-

formance compared to character-level BCI accuracy for all test conditions (less than 10 characters),
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04 Model Comparison
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Figure 2.6: Model comparison. The mean of the RMSE over three days was computed for the
vCBLE and the accuracy models using Michigan data.

which involve test datasets containing one to ten characters. However, when the test dataset com-
prises more than seven targets, the performance of vVCBLE shows minimal variance. Results from
the Michigan data suggest that using vCBLE to predict same-day performance will outperform the
accuracy-based estimation if the test data set is less than six characters. Interestingly, increasing
the amount of data used to build this model only improves marginally after the first few characters
of data. Overall, this would imply that it is not necessary to collect large amounts of data to predict
same-day accuracy.

According to the outcomes of the “bi2014a” dataset, it can be suggested that a minimum of
10 participants is necessary to construct a classifier model that can forecast an individual’s BCI
accuracy. However, this also depends on the number of characters or the number of sequences
used in both the training and testing phases. The ” bi2014a ” dataset includes several participants

who had a relatively small number of total targets. It is worth mentioning that the vCBLE
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Figure 2.7: Mean RMSE difference from the best model.For each day, the minimum RMSE value
was subtracted from each character’s RMSE value. The mean was calculated over the three days.
This graph represents the average performance of a model using a certain data set size compared
to the best model.

prediction method has already been successfully tested on small-size datasets consisting of 32
and 9 participants, respectively, and has demonstrated effective performance’*>>. However, these
datasets have a relatively larger number of total targets, such as 19 characters in the training session
and a minimum of 23 characters in the testing session.

There are a few limitations to be aware of when applying this method. From the analysis of
the Michigan dataset, the vVCBLE model seems to perform worse when the training and test data
are collected on different days. Also, this method requires multiple participants to build a custom
model for a given dataset. Moreover, the proposed method has been tested on four classifiers,
including a least-squares classifier, stepwise linear discriminant analysis, support vector machine
(SVM), and space autoencoder (SAE)°*>°. However, the protocol should be applicable to any

time-sensitive classifier. Despite these limitations, the potential time savings to the research and
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clinical communities warrant further investigation and application.
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Chapter 3

A Comprehensive EEG Database for
Human Emotion Analysis Induced by

Multimodal Stimuli

Copyright notice: The content of this chapter is based on the manuscript A Comprehensive EEG
Database for Human Emotion Analysis Induced by Multimodal Stimuli,” which is currently in the
submission process for publication. Upon acceptance, copyright will be held by the publisher of
the final published version.

In the previous chapter, the focus was on improving one important application of BCI, the P300
speller. This chapter explores another significant application of BCI, affective state estimation. To
address the challenges of aBClI, the first approach involves developing a comprehensive multimodal
EEG dataset that can effectively capture a wide range of emotional responses. The dataset integrates
visual and auditory stimuli to elicit diverse affective states.

The chapter is organized into eight sections. Section 3.1 introduces the motivation and back-

ground for developing a comprehensive multimodal emotion database. Section 3.2 reviews related
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work and existing EEG-based emotion datasets. Section 3.3 details the experimental design and
protocol, including stimulus selection, hardware setup, and participant procedures. Section 3.4
describes the data repository. Section 3.5 analyzes subjective emotion ratings across continuous
and discrete scales. Section 3.6 presents the procedure of affective state estimation, and Section
3.7 reports results from binary and discrete classification experiments and provides comparative

analysis. Finally, Section 3.8 concludes the chapter with key findings and implications.

3.1 Introduction

Affect recognition involves accurately identifying and understanding the emotions expressed by an
individual. In recent years, the estimation of affective states using physiological signals has gained
considerable attention in the fields of neuroscience and psychology. Physiological signals offer im-
portant advantages for emotion recognition, as they can continuously monitor and provide real-time
insights into a user’s affective states. Prior research has explored a variety of physiological signals,

including galvanic skin response (GSR)>*=%, blood pressure (BP)>*®!, eye gaze, skin temperature

61-63 )59—61 ;63

(ST)>*01:62  heart rate®’, respiration pattern®-%*, electromyography (EMG , electrocardio-
graphy (ECG)%% electroencephalography (EEG)®':%%%* and electrooculography (EOG)®', to
assess emotional states. Among these, electroencephalography (EEG) has become particularly at-
tractive for the estimation of the affective state. This is widely used because the brain is the primary
source of electrical activity associated with emotional states, making neural signals some of the
most reliable physiological indicators for evaluating affective states. An affective brain-computer
interface (aBCI) is a sophisticated system designed to extract and analyze features related to af-

fective states from these neurophysiological signals®. Although several competing technologies

exist within the domain of aBCls, EEG stands out as a leading technique due to its non-invasive
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nature, high temporal resolution, reliability, and relatively low cost?®. These attributes make EEG
a preferred method for real-time and accurate affective state estimation.

Despite the advantages of EEG for emotion recognition, efficiently detecting an individual’s
emotional state from EEG signals remains a significant challenge. One primary issue is the inad-
equacy of existing EEG-based emotion detection databases, which often suffer from insufficient
sample sizes. This limitation arises from a combination of factors, including the limited number
of stimuli and participants, which complicates classification tasks. To improve model accuracy, it
is essential to expand both the range of stimuli and participant numbers to ensure comprehensive
coverage of emotional states. Creating a larger dataset is difficult, as it requires a substantial number
of participants and stimuli per participant, making the process time-consuming and costly. Another
significant factor is the type of stimulus used to evoke emotions in individuals. Common stimuli
include pictures, facial expressions, sounds, and music. Pictures and images are frequently em-
ployed for emotion elicitation, while the connection between music and emotions has been studied
for over a century. It is widely believed that music bridges cognition and emotion, influencing
autonomic nervous system responses in both stimulating and soothing ways®. Recent studies
increasingly focus on combining auditory and visual modalities to enhance emotional elicitation,
such as through the use of videos and films. By integrating multiple modalities, such as visual,
auditory, and tactile stimuli, researchers can develop more robust emotion recognition models that
offer a comprehensive assessment of emotional responses®’. Such multimodal integration can also
provide a more comprehensive evaluation of stimulus effectiveness when tested with the same
individual. While many databases have explored various stimuli to evoke emotions, most existing
EEG-based emotion databases are restricted to single-modality stimuli. To our knowledge, no

publicly available EEG-based emotion databases have been reported with multiple stimulus types
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from the same individual within a single experiment.

Another important criterion for automated emotion recognition is the conceptual framework
used to define emotional states. Two predominant models are employed: continuous and discrete.
The continuous model, developed by J.A. Russell, utilizes a circumplex model where emotions are

134

characterized along two dimensions: valence and arousal”*. Valence measures the pleasantness of

the stimulus, while arousal reflects the level of activation. An additional dimension, dominance, can
also be incorporated to represent emotional control, thereby creating a three-dimensional space ®®.
In contrast, the discrete model, introduced by Paul Ekman, categorizes emotions into six basic types:

happiness, sadness, surprise, fear, anger, and disgust>?

. While there have been many attempts by
researchers to map valence and arousal into discrete emotional categories, this approach remains
distinct from discrete models that classify emotions based on specific target emotions®. Emotions
within the same discrete category can vary significantly in their levels of valence and arousal”.
Obtaining ratings for a stimulus in both continuous and discrete models would be advantageous for
comparing and detecting emotions across these frameworks. However, most EEG-based emotion
databases tend to focus on either continuous or discrete models exclusively.

To address the current limitations of EEG-based emotion datasets mentioned above, we aimed
to introduce a unique Database for EEG-based Emotion Analysis using Multimodal Stimuli
(DEEAMS). EEG data were collected using a 64-channel system at a sampling rate of 500 Hz. The
signals were recorded from 30 participants as they were exposed to 240 different stimuli. These
stimuli included three distinct types of multimodal inputs: emotional pictures, facial expression
images, and music. Each stimulus was evaluated using two types of responses: ratings on the

continuous model (assessing valence, arousal, and dominance) and ratings on the discrete model

(based on six basic emotions: happiness, sadness, fear, disgust, surprise, and anger). We conducted
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multiple classification experiments to recognize emotions in both continuous and discrete formats
in order to set a baseline result. These experiments included modality-specific analyses for each
type of stimulus (images, facial expressions, and music) to evaluate their individual classification
performance. Additionally, we implemented an integrative classification approach, which combined
all modalities into a single task. This approach aimed to assess the model’s ability to process and
classify multiple types of stimuli simultaneously. Based on Table 3.1, this dataset has a relatively
large number of participants (30) and nearly three times the number of stimuli (240) compared to
existing EEG-based emotion databases. Additionally, it uniquely integrates three types of stimuli

within a single experiment to elicit emotional responses.

3.2 Related Work

Extensive research has been conducted on EEG-based emotion recognition, with the creation of
affective databases playing a crucial role in advancing this field. While many studies used their own
collected data for emotion recognition, only a limited number of databases are publicly available.
The recent advancements in this area have been discussed in several review papers®®*. We also
provided a summary of the latest physiological databases in Table 3.1. In previous studies, a range
of stimuli, such as pictures, music, sounds, and videos, have been used to elicit emotional responses
in participants. Two of the most widely utilized resources are the International Affective Picture
System (IAPS)% for images and the International Affective Digital Sounds (IADS)®® for auditory
stimuli, both of which have been extensively applied in emotion detection research. For instance,
Bos’! used stimuli from both IAPS and IADS to induce emotions and recorded EEG signals.
However, the dataset included only 5 participants. Each was exposed to 36 emotion-eliciting

stimuli, along with 3 neutral practice stimuli. In recent years, videos have emerged as a prominent
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Table 3.1: The summary of EEG based emotion databases

No | Database Year | Physiological Signal Stimuli Stimuli | Subject | Emotional | Publicly
Modality Num- No Model Avail-
ber ability
1 . 2006 | EEG IAPS, IADS 36 5 Continuous N
2 b 2012 | EEG Music 75 9 Likings only N
3 DEAP®! 2012 | EEG, EOG, EMG, Video 40 32 Continuous Y
RSP, BP, ST, GSR
4 | MANHOB- | 2012 | EEG, ECG, RSP, Expl: Exp 1: 27 Continuous Y
HCI % GSR, ST, eye gaze Video; 20; Exp
Exp2: 2:
Images and | 28+14
videos
5 SEED7? 2015 | EEG Video 15 15 Discrete Y
6 2017 | EEG Video 16 30 Continuous, Y
" discrete
7 |DREAMER® 2018 |EEG, ECG Video 18 23 Continuous Y
8 RCLS7 2018 | EEG Video 15 14 Discrete Y
9 2018 | EEG, blood volume Video 9 20 Discrete N
7 pulse
10 | SEED-IV®” | 2019 |EEG, eye tracking Video 72 15 Discrete Y
11 | MPED® | 2019 |EEG, ECG, TSP, GSR Video 28 23 Discrete Y
12 HR- 2020 | EEG, GSR, ECG, Video 20 27 Discrete Y
EEG4EMO7 RSP, Sp02, pulse rate
13 | AMIGOS” | 2021 |EEG, ECG, GSR Video 16 40 Continuous, Y
discrete
14 | SEED-V” | 2021 |EEG, eye tracking Video 45 16 Discrete Y
15 WeDea 0 2022 | EEG Video 79 30 Discrete N
16 SEED- 2022 | EEG, eye tracking Video 21 8 Discrete Y
FRAS!
17 SEED- 2022 | EEG, EYE Video 20 8 Discrete Y
GER* TRACKING
18 | THU-EP® | 2023 |EEG Video 28 80 Continuous, Y
discrete
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stimulus in the field of emotion detection. They are frequently utilized in various emotion detection
databases to elicit emotional responses®4:67:6%73-7678:79:83 " The DEAP database®’, one of the most
widely utilized resources in emotion research, relied solely on video stimuli. It collected various
physiological signals (EEG, EOG, EMG, RSP, GSR, skin temperature) from 40 participants, with
40 videos per participant. The participants reported their emotional responses using a dimensional
model that assessed emotions in terms of valence, arousal, dominance, and liking. Despite the
widespread use of these established stimuli, only a limited number of studies have explored the
integration of multiple types of traditional stimuli (e.g., pictures, sounds, and music) within a
single experiment. The MANHOB_HCI® dataset employed both images and videos to elicit
emotional responses from 27 participants, with continuous-scale ratings provided for the emotional
experiences.

Other prominent emotion datasets, including SEED, SEED-IV, SEED-V, SEED-FRA, and
SEED-GER, also employed video stimuli to evoke emotional responses ’3737981:82 These datasets,
however, reported participants’ responses using a discrete model. Despite the valuable insights
they offer, these datasets are considered small-scale due to their relatively limited participant pool,
typically ranging from 8 to 16 individuals, and a relatively small number of trials per participant.
SEED-IV is an exception with 72 trials per subject. Several studies have utilized a large number
of trials per participant, but many of these datasets are not publicly accessible. For instance,
Hadjidimitriou’? conducted an experiment with 9 participants using 75 different pieces of music to
evoke emotions, with participants providing emotional responses based solely on their preferences.
Naksia et al.”® conducted a study where multiple physiological signals, including EEG, were
recorded from 20 participants as they viewed 9 different videos. The participants’ emotional

responses were reported solely using a discrete scale. Katsigiannis and Ramzan® developed the
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DREAMER dataset, which includes EEG and ECG recordings from 23 participants. Emotions
were assessed using a continuous scale focusing on valence, arousal, and dominance. In contrast,
in the RCLS database’®, they collected EEG data from 14 participants while they viewed videos
and rated their emotional responses using a discrete scale (positive, negative, neutral). Kim et al.
introduced the WeDea database ’®, which provides a comprehensive collection of EEG data from 30
participants. This database is notable for its extensive coverage, as it includes a substantial number
of stimuli per participant, specifically 79.

Some widely used databases in affective state analysis are MPED®, HR-EEG4EMO”’, and
AMIGOS 8. These databases feature a variety of physiological signals beyond EEG, such as ECG,
galvanic skin response (GSR), respiration, peripheral oxygen saturation (SpO2), pulse rate, and skin
temperature. MPED, which includes data from 23 participants, reports emotions using a discrete
scale with multiple emotional categories (joy, funny, anger, fear, disgust, sadness, and neutral). Very
few databases have reported participants’ responses in both scales (continuous and discrete)’8%3,
AMIGOS stands out for its larger participant pool (40) and its provision of both continuous and
discrete ratings (valence, arousal, control, familiarity, liking, and basic emotions). The most recent
EEG-based emotion recognition database, THU-EP®?, published by Shen et al., involves the largest
participant group among existing databases, with 80 participants. Although the number of video
stimuli is relatively modest at 28, participants provided ratings on 12 emotional items, including
anger, disgust, fear, sadness, amusement, joy, inspiration, tenderness, as well as arousal, valence,
familiarity, and liking. Many existing databases provide high-quality data using various stimuli,
involve large numbers of subjects or samples, and utilize one or both emotional models for stimulus
assessment. However, a notable gap exists for databases that combine multimodal stimuli to evoke

emotions, feature a large dataset, and include participants’ self-assessments using both continuous
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and discrete scales. This highlights a need for a multidimensional database to advance research in

EEG-based emotion recognition.

3.3 Experimental Design and Protocol

3.3.1 Stimuli Selection

Our dataset is distinctive due to its use of three different modalities: pictures, facial images, and
music. Specifically, this study included a total of 240 stimuli, consisting of 80 images from
the International Affective Picture System (IAPS) [30]%, 80 facial expression images from the
Pictures of Facial Affect (POFA) database?', and 80 music tracks from the MediaEval Database
for Emotional Analysis of Music (DEAM) dataset®’. This combination of modalities provides a

comprehensive approach to studying emotional responses.

Pictures

80 pictures were chosen from a total of 1,182 images in IAPS, based on their original ratings
provided in the IAPS dataset. Two well-established methods from cognitive theory were used to
represent emotions in an n-dimensional space: the 2D valence-arousal (VA) model and the 3D
valence-arousal-dominance (VAD) model**%. The valence-arousal model categorizes emotions
into four quadrants: low arousal/low valence (LALV), low arousal/high valence (LAHV), high
arousal/low valence (HALV), and high arousal/high valence (HAHV). 80 images were selected
manually in such a way that they would be able to represent each quadrant, ensuring a diverse
emotional range. The ratings of the dominance axis were also considered during the image
selection process. The original rating scale for the IAPS pictures ranges from 1 to 9. However,

since our study employed a 5-point scale, we converted the IAPS ratings to a corresponding 1 to
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5 scale. The mean valence and arousal ratings of the selected images, as reported in the IAPS
manual, are illustrated in Fig. 3.1.

IAPS Images Ratings (Rescaled)
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Figure 3.1: Mean ratings of selected IAPS images

Facial Images

The POFA dataset comprises images depicting various facial expressions associated with funda-
mental emotions, including happiness, sadness, fear, anger, surprise, disgust, and neutrality?'.
Each image in the POFA database is labeled according to one of these emotions. To achieve a
comprehensive representation of these emotions, we selected 80 images from a total of 110 POFA
images. Our selection process aimed to ensure that a substantial number of images were included
for each emotion, thereby capturing a wide range of emotional expressions. The specific number

of images chosen for each emotion is mentioned in Table 3.2.
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Table 3.2: Number of POFA images

Emotion name | Number of images

Happy 12

Sad 12

Fear 11
Disgust 11
Surprise 13
Anger 12
Neutral 9

Music

In a preliminary phase, 80 music tracks were manually selected from a total of 1,802 tracks available
in the DEAM database®’. This selection was based on their valence-arousal (V-A) ratings provided
in the DEAM manual. The selection procedure followed the same protocol used for the picture
selection from the IAPS database, based on the 2D valence-arousal model. Fig. 3.2 displays the
average valence and arousal ratings for the selected music tracks, according to the DEAM database.
The DEAM database comprises 58 full-length songs and 1,744 excerpts, each with a duration of
45 seconds. For the final analysis, each of the 80 chosen tracks was shortened to include only the

first 20 seconds, ensuring consistency and focus in the auditory stimuli presented.

3.3.2 Hardware Setup

EEG data were acquired using the Cognionics Mobile-72 system, a high-density wireless EEG
device with 64 channels. Signals were recorded at a sampling frequency of 500 Hz to ensure high
temporal resolution. Active Ag/AgCl electrodes were positioned according to the international
10-20 system shown in Fig. 3.3, with reference and ground electrodes placed on the right and left
mastoids, respectively. The entire experimental setup was controlled using the BCI2000 software®,

which was employed to present the stimuli to the participants. Participants were instructed to adjust
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Figure 3.2: Mean ratings of selected musics

both the screen position and volume levels to ensure their comfort, and data were collected in an

acoustically isolated room to minimize external noise and distraction.

3.3.3 Experimental Design

The experimental design and data collection were performed under the oversight of the Kansas
State University Institutional Review Board (IRB), under protocol #8328. Before the experiment
began, each participant was required to sign an informed consent form and complete a detailed
questionnaire. This questionnaire gathered comprehensive information, including the participant’s
age, gender, ethnicity, and hand dominance. Additionally, it inquired about any previous health
issues or ongoing medications that might influence the experimental outcomes. The questionnaire
also assessed whether participants had any previous experience with brain-computer interface
(BCI) experiments, which is crucial for understanding their baseline knowledge and potential

adaptability to the experimental setup. This preliminary data collection was essential for ensuring
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participant safety, personalizing the experimental conditions, and providing context for interpreting

the recorded data.

Figure 3.3: Electrode placements for the International 10-20 system

The experimenter provided detailed instructions to the participant about the entire experimental
protocol. In addition, participants were instructed on the self-assessment process, which involved
categorizing emotions and using rating scales. Upon confirming that the participants fully un-
derstood the instructions, they were asked to initiate the experimental procedures. To prevent
participant fatigue associated with long experimental sessions, the study was organized into 20
distinct blocks distributed over a period of 5 days. Each block contained 12 stimuli—comprising 4
images from IAPS, 4 images from POFA database, and 4 music clips from the DEAM dataset. The
presentation sequence within each block was structured as follows: one IAPS image, one facial
expression image, followed by one music clip. This arrangement was intended to ensure consistent
participant engagement and maintain high data quality throughout the study.

The detailed protocol is shown in Fig. 3.4. The experiment for each block started with a 4-
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Figure 3.4: Flow chart of experimental protocol

second black screen to prepare the participants for the upcoming stimulus. This was followed by
the presentation of a single stimulus on the display, and then another black screen was shown to
provide time for the participants to perform a self-assessment. Each stimulus was displayed for 15
seconds, with a 20-second interval between stimuli. Following each block, participants were asked
to take a short break, during which they could consume snacks or beverages. The experimenter
then verified the electrode placements and signal quality before proceeding to the next block. To
complete the study, participants were required to attend five sessions, each comprising four blocks.
At the end of each stimulus, participants were asked to rate each stimulus using the Self-Assessment
Manikin (SAM)3!, a widely utilized tool for emotional assessment. The self-assessment required
evaluations on both discrete and continuous dimensions of emotional experience, as depicted in

Fig. 3.5. For the discrete axes, participants selected one of six basic emotion categories: happiness,
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Please fill out how what you just saw made you feel. There is no wrong answer — please just answer
honestly, even if you think your response is unusual or strange.

Select the closest emotion (circle just one):

X
Happiness
e
Sadness
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O/ rear

v
H
Disgust
50

®  Surprise

Q Anger

How good (left) or bad (right) did the cue make you feel?

52 58 52 5P 5

How excited (left) or calm (right) did the cue make you feel?

Figure 3.5: Self-assessment using SAMS Manikin

sadness, fear, disgust, surprise, or anger. On the continuous axes, participants assessed the stimulus

across three distinct emotional dimensions: valence, arousal, and dominance (see Table 3.3).

Table 3.3: Self-assessment scale scoring

Scale Valence Arousal Dominance
5 Very happy/pleasant Excited Dependent/controlled
4 Happy Wide-awake Powerlessness
3 Neutral Neutral Neutral
2 Sad Dull Powerful
1 Very Sad/unpleasant Calm Independent/In control

3.3.4 Participants

The data collection phase involved 34 participants from diverse cultural and professional back-

grounds, ranging from undergraduate students to employed professionals. Among these partic-
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ipants, 30 completed the study in its entirety, while the remaining withdrew due to personal
circumstances. Therefore, the final dataset was comprised of responses from these 30 individuals.
Within this subset, 17 participants were male, and 13 were female. The participants’ ages ranged
from 19 to 42 years, with a mean age of 26.8 years and a standard deviation of 5.9 years. The sum-
mary of participants’ demographic data is provided in the Table 3.4. This demographic diversity
was integral to ensuring the robustness and generalizability of the study’s findings.

Table 3.4: Summary of demographic data

No of participants | Age limit | Mean | Median | SD

All 30 19-42 | 26.83 27.5 5.93
Male 17 19-35 | 25.77 26 5.46
Female 13 19-42 | 27.65 28 6.3

3.4 Data Record

The DEEAMS dataset is available to reviewers via a private link for the initial submission. The

repository follows a standardized layout; a folder tree is shown in 3.6. It contains:

1. DEEAMS/ (root).

The root directory includes three subfolders—metafile/, PreProcessed_Data/, and Raw EEG

Data/, and a README file, which contains the description of the dataset.

2. metafile/ (participant metadata and ratings).

This folder contains one demographics workbook and 30 ratings workbooks.

(a) Demographics.xlsx: a workbook summarizing demographic information for all 30

participants (one sheet per participant).
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(b) Emotion_rID.xlsx: one workbook per participant (e.g., Emotion_r205.xlsx), each con-
taining 20 sheets (one per block). Every sheet lists the 12 trials and includes both SAM
scale ratings (e.g., valence/arousal/dominance) and discrete emotion labels for each

trial.

3. Raw EEG Data/ (original recordings).

This folder contains the raw EEG recordings for all 30 participants, organized as one sub-
directory per participant named Emotion_ID (e.g., Emotion_205). Data were acquired using
BCI2000 and saved in .dat format; no additional preprocessing or compression was applied
at this level. Each participant folder includes 20 .dat files, corresponding to 5 sessions x 4

runs (blocks) per session. All files follow the same naming convention:
Emotion_<ID>S<session>R<run>.dat

where <ID> is the participant identifier, S<session> is the session index (001-005), and
R<run> is the run/block index (01-04). For example, Emotion_205S001R01.dat denotes

participant 205, session 1, run 1. This organization is consistent across all participant folders.

4. PreProcessed_Data/ (trial EEG + labels).

This folder contains the pre-processed EEG data for all participants. There are 30
preprocessed files in .mat format, with one MATLAB file per participant named
Emotion <ID>.mat (e.g., Emotion_205.mat). Each file is derived from the raw BCI2000
recordings using a minimal, standardized pipeline consisting of zero-phase band-pass filter-
ing (0.5-48 Hz, 4th-order IIR). The data were then segmented into 15-second trials with
epoching relative to stimulus onset (7,500 samples at 500 Hz) and extraction of the first

4-second baseline for every block (2,000 samples). All 70 channels are retained, with
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channel labels provided, including corrections where channel 61 corresponds to Oz—PO10
and channel 64 corresponds to TP9—PO9. During data collection, several challenges were
encountered, including technical equipment malfunctions, unexpected interruptions, and in-
stances where participants missed tasks. These missing segments and their corresponding
iterations were thoroughly documented in the README file. During preprocessing, cor-
rupted or incomplete trials were excluded. Subject-specific exclusions were applied during
preprocessing. Subject 2 had one .dat file excluded (12 trials missing), Subject 11 had one
.dat file excluded (12 trials missing), and Subject 24 had four .dat files excluded from

blocks 1-4 (48 trials missing). Each .mat file includes:

RawSignal: (Ntrials x 7500 x 70) double; band-passed, zero-phase filtered trial data

baseline_signal: (Nblocks x 2000 x 70) double, first 4 s of each block (filtered)

labels: A table with ratings of 240 trials

e Valence, Arousal, Dominance (1-5 scale)
* Emotion Name, Emotion Number — the discrete emotion category for each trial

(e.g., 1=Happy, 2=Sad, 3=Fear, 4=Disgust, 5=Surprise, 6=Anger)

ChannelName: 70 x 1 cell array of electrode names (with the PO10/PO9 corrections)

SamplingRate: scalar (500 Hz)

* participant_id: participant identifier string (e.g., Emotion_205)

This structure ensures consistent, programmatic access to synchronized EEG signals, base-

lines, and labels for each participant.
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Figure 3.6: Structure of the DEEAMS dataset repository. The directory tree shows the overall

organization of the dataset, including the metadata files (e.g., demographics and emotion annotation
spreadsheets), preprocessed data files in .mat format, and raw EEG recordings stored as . dat files.
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3.5 Subjective Rating Analysis

In this section, the ratings provided by the participants were thoroughly analyzed to identify any
anomalies and assess the overall effectiveness of the stimuli by comparing them with the original
ratings provided in their respective databases. Given that participants rated the stimuli using both
the SAM scale and discrete labels, the analysis is divided into two parts: one focusing on the SAM
ratings and the other on the discrete ratings. This approach allows for a comprehensive evaluation

of the stimuli’s performance and effectiveness.
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Figure 3.7: Distribution of all participants’ ratings across 5-point scale of the valence, arousal,
and dominance axes for different stimulus types: (a) IAPS, (b) POFA, (c) DEAM, (d) combined
stimuli.
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3.5.1 SAM Ratings

The distribution of all participants’ ratings are presented in Fig. 3.7. Initially, we conducted an
analysis of participant ratings by categorizing them based on the three types of stimuli. As shown
in Fig. 3.7a, the ratings for the IAPS stimuli indicate a balanced distribution across the valence,
arousal, and dominance axes, reflecting a well-represented dataset. In contrast, Fig. 3.7b reveals
that the POFA stimuli were predominantly rated as neutral on the valence axis. Notably, there is
an underrepresentation of ratings for the highest valence and arousal (specifically at a rating of
5). This is somewhat expected, as eliciting high arousal from facial expression images alone is
inherently challenging. For the music stimuli, as shown in Fig. 3.7c, the highest number of ratings
is observed for happy (at a rating of 4) on the valence axis, while the arousal and dominance axes
show a nearly balanced distribution of ratings. Finally, Fig. 3.7d presents the combined ratings
across all three types of stimuli, offering a comprehensive overview of the participants’ responses.

The stimuli were categorized into four distinct quadrants within the Valence-Arousal (V-A)
space, based on their respective valence and arousal values, as illustrated in Fig. 3.8. Based on
the data presented in Fig. 3.8a, it can be observed that the participant-reported emotions for the
IAPS pictures cover a broad range of the V-A space, indicating a diverse emotional response. In
contrast, the distribution of ratings for the POFA images, as shown in Fig. 3.8b, is concentrated
primarily in the lower arousal region, suggesting a more limited emotional impact. For the music
stimuli, illustrated in Fig. 3.8c, the participant ratings predominantly occupy the high valence area,
indicating that the music evoked more positive emotional responses.

Furthermore, we conducted a comparison between the ratings assigned to each stimulus by each
participant and the original ratings provided for those stimuli. This comparison was designed to

assess the effectiveness of the stimuli in eliciting the intended emotional responses. To evaluate
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Figure 3.8: Mean rating distribution of all participants into four distinct quadrants within the
Valence-Arousal (V-A) space: (a) IAPS, (b) POFA, (c) DEAM, (d) combined stimuli.

the effectiveness of the stimuli in eliciting the intended emotions, we computed the Pearson
correlation coefficient between the ratings provided by participants and the original ratings for each
stimulus. The average correlation coefficients across all 30 participants are presented in Table 3.5
for both IAPS and DEAM stimuli. This comparison was conducted across all three emotional
dimensions—valence, arousal, and dominance—for the IAPS stimuli. For the DEAM music
stimuli, the comparison was limited to the valence and arousal dimensions, as the DEAM database
only includes ratings for these two axes. The analysis of the correlation coefficients revealed that
IAPS pictures demonstrated a strong correlation in the valence axis, indicating effective emotion
elicitation for this dimension. In terms of arousal, while there was some emotion elicitation, the

correlation coeflicient was relatively low at 0.29591. Unfortunately, the dominance axis showed a
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negative and very low correlation coeflicient of -0.06416, suggesting poor effectiveness in eliciting
emotions related to dominance. For the music stimuli from the DEAM database, the correlation
coeflicients were positive for both the valence and arousal axes, with values of 0.1413 and 0.257,
respectively. This indicates that the music stimuli were moderately successful in generating the

target emotions in these dimensions.

Table 3.5: Mean correlation coefficient between participants’ rating and original ratings of the
stimuli

Valence | Arousal | Dominance | Discrete label
Pictures (IAPS) 0.77249 | 0.29591 -0.06416 -
Music (DEAM) 0.1413 0.257 - -
Facial expressions (POFA) - — — 0.6865

3.5.2 Discrete Ratings

During the self-assessment phase, participants were instructed to classify each stimulus into one
of six discrete emotional categories: happiness, sadness, fear, disgust, surprise, and anger. The
distribution of these categorical ratings across all stimulus types is depicted in Fig. 3.9. For IAPS
images (Fig. 3.9a), the predominant classification was “Happy,” indicating that these stimuli were
most frequently associated with positive emotional responses. In contrast, Fig. 3.9b reveals a more
even distribution of emotional ratings for the POFA images, with a relatively balanced representation
across all six emotional categories. It is noteworthy that the "Fear” and ”Anger” categories received
relatively few ratings for music stimuli (Fig. 3.9¢), suggesting a lower elicitation of these emotions.
Fig. 3.9d provides a comprehensive overview of the rating distribution when combining all three
types of stimuli. This aggregate data shows that the "Happy” category consistently gained the

highest number of ratings across all stimulus types, highlighting a dominant tendency towards
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positive emotional responses in the overall dataset. Additionally, we performed a comparative
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Figure 3.9: The distribution of discrete emotion categorical ratings across all stimulus types: (a)
IAPS, (b) POFA, (c) DEAM, (d) combined stimuli.

analysis between participants’ ratings and the original ratings of the POFA images. This comparison
was focused solely on the POFA images, as the IAPS and DEAM databases did not provide discrete
emotional labels for their stimuli. It is important to note that the POFA database includes images
labeled with six basic emotions and a neutral category. However, our study only considered the
six basic emotions, so we excluded the neutral images to ensure a valid comparison. We then
calculated the Pearson correlation coeflicient between participants’ ratings and the original ratings
for each POFA image. The average Pearson correlation coeflicient across all 30 participants was
0.6865 (Table 3.5), indicating a strong correlation. This suggests that the POFA images effectively

convey the intended emotions, validating their use in the study.
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3.6 Affective State Estimation

In this section, we described the methodology for emotion classification using our dataset to
provide a baseline result that demonstrates the reliability and validity of the proposed dataset. We
conducted four separate classification analyses: the first three were modality-specific, addressing
each type of stimulus individually, while the fourth analysis integrated all modalities into a single
classification task. Additionally, since participants rated the stimuli using both SAM ratings and
discrete labels, we performed separate classifications for each labeling method across all types of
stimuli. All the classification methods employed in this study—including preprocessing, feature
extraction, classifier selection, and performance metrics—were consistently applied across all types

of classification tasks mentioned above.

3.6.1 Data Preprocessing

During initial preprocessing, raw signals were filtered using a 4th-order Butterworth band-pass
filter (0.5-48 Hz) and then segmented into trials. As outlined in the experiment protocol, each
block was designed to include 12 distinct stimuli. These blocks were segmented into 12 trials, each
with a duration of 15 seconds. This resulted in a total of 240 trials for the entire recorded EEG
dataset. Finally, z-score normalization was applied to each segmented trial.

x(t) —p

g

3.1

normalized signal =

Here, x(t) is the signal, p is the mean of the whole segmented signal, and o is the standard

deviation of the signal.
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3.6.2 Feature Extraction

Power Spectral Density (PSD) is a key metric that quantifies the distribution of signal power across
different frequencies, providing a detailed representation of the frequency content of EEG signals.
It is a well-established method for analyzing EEG signals within defined frequency bands, making
it particularly valuable in neuroscience and affective computing. PSD is especially effective in
identifying correlations between EEG signals and an individual’s affective state, as demonstrated in
numerous studies”* 2. Previous studies on emotion recognition have consistently shown that five
specific frequency bands in EEG data—delta (1-4 Hz), theta (4-8 Hz), alpha (8-14 Hz), beta (14-30
Hz), and gamma (30-42 Hz)—are strongly associated with human emotional states***'*3, In this
study, we concentrated on four key frequency bands: Theta, Alpha, Beta, and Gamma, as these
bands have shown a strong relationship with emotional processing in the brain. The EEG signals
were decomposed into these frequency bands to isolate the relevant frequency-specific information.
PSD was estimated with Welch’s method using 2-s windows with 50% overlap. PSD was derived
from each of the 64 EEG channels, resulting in 64 features per frequency band (see Fig. 3.10). In
this study, only the PSD features were utilized for machine learning classification, without applying

any further processing or dimensionality reduction techniques.

3.6.3 Classifier

In this study, participants provided emotional ratings for each stimulus modality (pictures, facial
expressions, and music) using the Self-Assessment Manikin (SAM) on a 5-point scale across three
emotional dimensions: valence, arousal, and dominance. To perform binary classification, these
SAM ratings were converted into binary categories by applying a threshold of 3 on the SAM rating

scale, resulting in “high” and “low” labels for each dimension. Four classification tasks were
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Figure 3.10: EEG data power spectral analysis. Characteristic power spectral density (PSD) is
shown for each frequency band: Theta (4—8 Hz), Alpha (8—14 Hz), Beta (14-30 Hz), and Gamma
(30-42 Hz).

conducted: one for each stimulus type separately, plus one combining all three types together.
Binary classification is a widely employed method in emotion recognition, with various algorithms
having been explored in prior research, including decision trees, logistic regression, random forest,
Naive Bayes, k-nearest neighbor (kNN), support vector machine (SVM), and neural networks (NN).
Here, a k-nearest neighbors (kNN)** classifier was used to classify binary emotional states across
the three key dimensions. The classifier used Euclidean distance to measure similarity, k=5 nearest
neighbors, and MATLAB’s ’fitcknn’ function. A subject-dependent analysis was carried out to
evaluate the model’s performance. For each participant individually, a 5-fold cross-validation

approach was employed, where that participant’s trials were partitioned into five subsets. The
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model was trained on four of these subsets and tested on the remaining subset. This process was
repeated five times for each participant. The final accuracy reported is the mean accuracy averaged
across all participants, where each participant’s accuracy was computed as the mean of their five-
fold accuracies. The same kNN classifier was also utilized for classification tasks involving discrete

labels, ensuring consistency across both labeling approaches.

3.6.4 Performance Metrics

Here, three performance metrics were considered: regular accuracy, balanced accuracy, and the F1
score. These metrics were calculated from the confusion matrix parameters using true positives

(TP), true negatives (TN), false positives (FP), and false negatives (FN).

Regular Accuracy: This metric quantifies the proportion of correct predictions made by the
classifier. It is calculated by dividing the number of correct by the total number of predictions

mentioned in the below equation:

TP+TN
Regular accuracy = TPITN i FPIFN (3.2)

Balanced Accuracy: In the context of imbalanced datasets, such as those used in emotion
recognition, standard accuracy may not accurately reflect the classifier’s performance. Standard
accuracy can overestimate performance compared to balanced accuracy®. Balanced accuracy
provides a more accurate measure of classification effectiveness across both classes®. Balanced

96

accuracy is computed by averaging the individual class accuracy for all classes”. For binary
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classification, it is defined as:
1
Balanced accuracy = 3 (Accy + Aces) (3.3)

where Acc represents the accuracy of each class.

F1 Score: The F1 score measures a model’s performance by integrating both precision (the
proportion of true positive predictions among all positive predictions) and recall (the proportion of
actual positives correctly identified). In this study, we utilized the macro-averaging F1 score, where
precision and recall are calculated for each class individually, and the F1 scores are then averaged

across all classes. The macro-average F1 score is the mean of the F1 scores for each class.

F1 score — 2 % pr?c?sion x recall (3.4)
precision + recall

3.7 Results

3.7.1 Binary Classification

In the classification experiments, binary classifications were performed for each emotional dimen-
sion: high versus low valence, high versus low arousal, and high versus low dominance. Table 3.6
presents the average regular accuracy of all participants obtained across the four experiments. The
table also includes the classification accuracy for each of the four frequency bands individually, as
well as the combined accuracy across all bands for each modality type. As shown in Table 3.6, the
highest average accuracy was 81.3% for POFA stimuli on the valence dimension in the beta band,
79.6% for POFA stimuli on the arousal dimension in the beta band, and 80.3% for POFA stimuli

on the dominance dimension in the beta band.
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Table 3.6: Regular accuracy of binary classification

Valence
Stimulus Type | Theta | Alpha | Gamma | Beta | All band
All 58.25 | 60.61 59.32 59.03 58.36
IAPS 55.53 | 55.13 55.98 53.75 53.72
POFA 80.24 | 78.27 80.08 81.31 79.87
Music 62.36 | 64.45 65.02 63.54 62.55
Arousal
Stimulus Type | Theta | Alpha | Gamma | Beta | All band
All 67.17 | 67.06 67.93 67.80 67.93
IAPS 58.36 | 59.13 59.61 58.01 59.30
POFA 77.67 | 77.65 78.11 79.61 78.33
Music 68.16 | 65.50 65.73 67.29 67.51
Dominance
Stimulus Type | Theta | Alpha | Gamma | Beta | All band
All 70.38 | 69.76 71.48 70.94 70.37
IAPS 63.04 | 64.49 61.58 62.67 63.61
POFA 77.72 | 78.48 77.90 80.28 78.89
Music 71.31 | 71.36 72.61 72.75 72.18

Given that a 5-point rating scale was employed, the decision threshold was positioned at the
midpoint of the scale. This choice led to imbalanced class distributions for certain participants and
rating scales, where the frequency of one class (e.g., ’high” or "low” state) was significantly different
from the other. To provide a more comprehensive evaluation of the classification performance under
these conditions, we calculated and reported the balanced accuracy and F1 score in Table 3.7.
Comparing the results in Table 3.7 with those in Table 3.6, we observed that the mean balanced
accuracy decreased across all cases due to class imbalances. Regarding the F1 score, the best
results were 52.9% for valence with the alpha band, considering all stimuli, 52.7% for the arousal
dimension with the theta band for music stimuli, and 53.9% for the dominance dimension with the

beta band for POFA stimuli.
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Table 3.7: Balanced accuracy and macro F1 score of binary classification

Valence
Stimulus Balanced Accuracy F1 Score
Type Theta | Alpha | Gamma | Beta | All band | Theta | Alpha | Gamma | Beta | All band
All 51.71 | 53.54 | 5239 |51.80| 51.32 |51.26|52.89 | 51.86 |51.06| 50.63
IAPS 51.57 | 51.31 | 5232 |50.05| 49.87 |50.72|50.54 | 51.74 |49.45| 49.08
POFA 51.52 | 48.59 | 5091 |52.04| 50.51 |49.80|46.23 | 49.04 |50.39| 48.34
Music | 49.54 | 51.08 | 51.48 [49.79| 4942 |48.22|49.50 | 49.77 |47.89| 47.82
Arousal
Stimulus Balanced Accuracy F1 Score
Type Theta | Alpha | Gamma | Beta | All band | Theta | Alpha | Gamma | Beta | All band
All 50.56 | 51.16 | 51.69 |51.50| 51.84 |49.25|50.14 | 50.71 |50.40| 50.89
IAPS 49.68 | 50.74 | 51.51 |49.72| 51.21 |48.17|49.65| 50.75 |48.29 | 49.95
POFA 50.14 | 49.80 | 50.28 |51.77| 50.37 |48.55| 4798 | 48.54 |50.18 | 48.61
Music 53.74 | 51.15 | 51.22 |53.21| 53.34 |52.65|49.77 | 50.06 |52.00| 52.50
Dominance
Stimulus Balanced Accuracy F1 Score
Type Theta | Alpha | Gamma | Beta | All band | Theta | Alpha | Gamma | Beta | All band
All 5222 52.26 | 5239 |52.87| 52.35 |51.39|51.85| 52.76 |52.05| 51.65
IAPS 51.52 | 53.08 | 49.71 |51.04| 5247 |50.51|51.94 | 48.85 |49.96| 51.64
POFA 51.32 | 52.18 | 52.45 |55.24| 52.17 |49.56|50.80 | 50.73 |53.88 | 50.50
Music 51.67 | 51.34 | 5236 |52.42| 5231 |5045|49.87| 5092 |50.93| 51.14

3.7.2 Discrete Classification

In the discrete label classification task, participants categorized all stimuli into one of six basic
emotions: happy, sad, fear, disgust, surprise, and anger. This classification was performed using a
subject-dependent approach, where each emotion was evaluated in a one-vs-all manner, meaning
each emotion was classified against all other emotions combined. Table 3.8 provides a detailed
summary of the mean regular accuracy, mean balanced accuracy, and Table 3.9 provides the mean
F1 score for each of the six emotion labels across all four frequency bands. These metrics were
calculated based on the classification results from all 30 participants, providing a comprehensive
evaluation of performance across different emotional categories and frequency bands. Here, we
only reported the classification accuracy when considering trials from all types of stimuli together.

In particular, for the “happy” class, the highest regular accuracy achieved was 61.5% in the alpha
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band, where balanced accuracy is 54.6%.

Additionally, the F1 score for the ”happy” class is above chance levels for all bands, indicating
that the classification performance for this emotion was better than random guessing in these
frequency bands. In contrast, for the remaining five emotions (sad, fear, disgust, surprise, and anger),
there was a significant disparity between the regular and balanced accuracies. This discrepancy
is illustrated in Fig. 3.9d, where it is evident that most stimuli were predominantly categorized as
“happy” by the participants. Consequently, the other emotion classes received substantially fewer

ratings, leading to a notable imbalance that affected the accuracy measures.

Table 3.8: Regular accuracy of discrete classification

Stimulus Regular Accuracy Balanced Accuracy

Type All All
Theta | Alpha | Gamma | Beta band Theta | Alpha | Gamma | Beta band

Case 1: Happy | 58.67 | 61.45 | 59.67 | 58.33 | 58.97 | 52.01 | 54.59 | 53.16 | 51.90 | 52.20
Case 2: Sad | 82.22 | 82.68 | 82.52 | 82.39 | 82.78 | 50.29 | 51.09 | 50.42 | 50.42 | 50.68
Case 3: Fear | 88.87 | 88.38 | 89.07 | §9.16 | 88.93 | 50.08 | 50.30 | 50.25 | 50.36 | 50.31

85.86 | 85.81 | 85.90 | 86.06 | 85.93 | 49.89 | 50.28 | 50.09 | 49.90 | 49.98

Case 4: Disgust

85.01 | 84.72 | 84.96 | 84.73 | 84.79 | 50.41 | 50.36 | 50.09 | 49.90 | 50.30
Case 5: Surprise|

Case 6: Anger | 91.85 | 92.09 | 92.05 | 91.87 | 92.31 | 49.75 | 50.07 | 50.20 | 49.98 | 50.48

Table 3.9: F1 score for discrete classification

Stimulus All
Type Theta | Alpha | Gamma | Beta | band

Casel: Happy | 51.21 | 53.95 52.60 51.34 | 51.44
Case2: Sad 48.27 | 49.31 48.38 48.39 | 48.65
Case3: Fear 48.31 | 48.83 48.56 | 48.70 | 48.70

Cased: Disgust | 47.57 | 48.38 48.01 47.55 | 47.68

Case5: Surprise | 48.51 | 48.62 47.94 47.78 | 48.49

Case6: Anger 48.05 | 48.50 48.73 48.46 | 49.12
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3.7.3 Comparative Analysis

A comparative analysis was conducted between our proposed dataset and existing datasets for binary
emotion classification using EEG data, utilizing baseline results from the DEAP, DREAMER, and
MANHOB-HCI databases, as shown in Table 3.10. It is important to note that these referenced
databases reported only regular accuracy, rather than balanced accuracy. Consequently, we used
regular accuracy from our dataset to ensure a consistent basis for comparison. The table indicates
that our dataset achieved higher accuracies on the valence (58.4%) and dominance (70.4%) axes
compared to the other datasets, though having class biases of 71.2% and 70.6%, respectively.
For the arousal axis, our dataset’s mean accuracy is 67.9%, which is higher than those of DEAP,
MANHOB-HCI, and DREAMER datasets, with a lower-class bias of 56.3% compared to 59% in
the DEAP dataset. Overall, the analysis indicates that the baseline performance of our proposed
dataset is consistent and comparable with that of the existing databases. Additionally, the analysis
addressed class imbalances observed across all three emotional axes in the datasets, providing

insight into the distribution and impact of class biases on classification accuracy.

Table 3.10: Comparison of accuracies between the proposed DEEAMS dataset and prior EEG
emotion datasets

Dataset Regular Accuracy Balanced Accuracy
atase
Valence | Arousal | Dominance | Valence | Arousal | Dominance
DEAP 57.60% 62% N/A N/A N/A N/A
Manhob-HCI 57% 52.40% N/A N/A N/A N/A
DREAMER 62.49% | 62.17% 61.84% N/A N/A N/A
BBS-dataset 58.36% | 67.93% 70.37% 51.32% | 51.84% 52.35%
Class ratio of BBS
Dataset (majority class) | 71.19% | 56.29% 70.55%
Class ratio of DEAP
Dataset (majority class) | 57.00% | 59.00%

Note: Class-ratio = number of trials in majority class / total number of trials
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3.8 Conclusion

In this study, we introduced a novel and comprehensive dataset specifically developed for the
analysis of emotion elicitation across different modalities using electroencephalography (EEG)
signals. The dataset comprises EEG recordings from 30 participants using a 64-channel EEG
system. Participants were exposed to a total of 240 stimuli, which were selected from three distinct
modalities: pictures from the IAPS, facial expression images from POFA, and music tracks from
DEAM. This diverse range of stimuli was chosen to evoke a broad spectrum of emotional responses.
Each participant provided ratings for all stimuli on both the continuous model—corresponding to
dimensions such as valence, arousal, and dominance—and the discrete model, reflecting categorical
emotions such as happiness, sadness, fear, anger, disgust, and surprise.

To the best of our knowledge, this dataset is the first to integrate these three modalities of stimuli
within a single experiment designed to elicit emotional responses, making it a unique resource for
the research community. Notably, each modality includes 80 stimuli, culminating in a total of
240 stimuli per participant, which significantly exceeds the trial counts typically seen in EEG-
based emotion studies. To our knowledge, no other emotion-related EEG database includes such
an extensive number of trials per participant, making this dataset particularly valuable for robust
statistical analysis and model training. Furthermore, the dataset includes ratings based on both
the dimensional model of emotion (assessing valence, arousal, and dominance) and the discrete
model (categorizing emotions as happy, sad, fear, anger, disgust, and surprise). This dual-rating
approach provides a more nuanced understanding of emotional responses, allowing for cross-
comparison between these two prominent models of emotion. The inclusion of 30 participants also
represents a significant sample size, which is comparable only to the DEAP, AMIGOS and THU-

EP databases. This large participant pool enhances the dataset’s generalizability and its potential
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for use in developing and validating emotion recognition systems. A comprehensive analysis was
performed to evaluate the efficacy of various stimuli, both individually—focusing on stimuli from
the IAPS, POFA, and music categories—and in combination. The analysis involved comparing
participant ratings for each stimulus with the original ratings reported in their respective databases
to determine the effectiveness of these stimuli in emotion elicitation. In the dimensional model,
IAPS pictures demonstrated a strong capability in eliciting emotions along the valence axis, as
evidenced by a high positive correlation coefficient of 0.77249. Similarly, POFA images were
found to be effective within the discrete label model, achieving a notable correlation coefficient of
0.6865. This analysis underscores the distinct emotional impact of different types of stimuli and
their varying effectiveness depending on the model employed for evaluation.

Finally, subject-dependent classification was performed on both SAM and discrete scales to
establish baseline results for the proposed dataset. Results were evaluated using three performance
metrics: regular accuracy, balanced accuracy, and macro F1 score. This approach provides a
more comprehensive view of classification performance compared to other databases that typically
report only regular accuracy and F1 score focused on major classes, potentially overlooking dataset
imbalances. While the overall balanced accuracy of the proposed dataset was not as high as
expected, regular accuracy aligned with baseline results from other datasets. This indicates that
there is significant potential for improving the classifier and feature extraction processes to achieve
higher accuracy in future work. The dataset has been made publicly available. This opens avenues
for future research to explore the relationship between EEG signals and emotional states using both
continuous and discrete models from the same stimuli. Researchers are also encouraged to apply

and test their own classification methods with this diverse dataset.

68



Acknowledgments

This material is based upon work supported by the National Science Foundation under Grant No.
#1910526. Any opinions, findings, and conclusions or recommendations expressed in this material
are those of the author(s) and do not necessarily reflect the views of the National Science Foundation.
This work is also supported by the Cognitive and Neurobiological Approaches to Plasticity (CNAP)
Center through the NIH NIGMS COBRE Phase II award P20GM113109. Graduate research
assistantship and administrative support during parts of the data analysis were provided through

CNAP, the CNAP SRO, and the CN Core at Kansas State University.

69



Chapter 4

The Role of Review Process Failures in
Affective State Estimation: An Empirical

Investigation of the DEAP Dataset

Copyright notice: The content of this chapter has been submitted for publication. A preprint
version is publicly available on arXiv®’. Upon acceptance, the publisher will hold the copyright
for the published version.

In the previous chapter, a comprehensive multimodal emotion database was developed to
facilitate affective state estimation. However, creating a high-quality database alone is not sufficient.
It requires robust and reliable estimation methods to be truly effective. While the literature presents
numerous models claiming high accuracy on their own or limited datasets, their reliability in real-
world applications remains questionable. Rather than proposing yet another high-accuracy model
to an already saturated field, it is more critical to identify and address the shortcomings of existing
approaches. To accomplish this, a systematic review of 101 studies using the DEAP dataset for

emotion recognition was conducted to identify common methodological issues and evaluate their
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impact on reported performance. This chapter also performed an experiment to assess the amount
of performance inflation through experimental analysis.

The content of this chapter is organized into four sections. Section 4.1 provides an introduction
and motivation for research. Section 4.2 presents the materials and methods, including the review
strategy, dataset descriptions, and experimental analysis procedures. Section 4.3 details the results
of the systematic review and the experimental validation. Concluding statements, concerns and

recommendations are given in Section 4.4.

4.1 Introduction

Emotional human—computer interaction could be advanced by the development of affective brain-
computer interfaces (aBCls). These technologies enable the development of adaptive and automated
user interfaces, as well as integration into larger systems as specialized subcomponents, enhanc-
ing user experience and interaction®®. To enhance the generalizability of emotion recognition
algorithms across diverse subjects, researchers are increasingly focusing on developing various al-
gorithmic approaches. These efforts include exploring different preprocessing techniques, feature
extraction methods, feature selection strategies, and classifier combinations, alongside the inte-
gration of machine learning algorithms to optimize performance and accuracy. Machine learning
(ML) and artificial intelligence (AI) have become integral components of modern healthcare, tran-
sitioning from experimental research to practical deployment. This shift is evident in the increasing
number of AI/ML-powered medical devices receiving regulatory approval from the U.S. Food and
Drug Administration (FDA)%.

Although there have been significant advancements in the field of affective state estimation

100;101

with the application of machine learning , we contend that the validity of these approaches
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i1s compromised by common errors and pitfalls frequently observed in aBCI experiments. The
reliability of aBCI systems depends on the systematic execution of each stage within the machine
learning pipeline, which includes data acquisition, noise removal, signal processing, feature ex-
traction and selection, model selection, and performance evaluation. Common factors observed in
affective state estimation using EEG that can affect performance include the mixing of training and
test datasets, data leakage due to inappropriate feature selection methods, incorrect hyperparameter
optimization, classifier selection, and a flawed validation process. These methodological errors
vary significantly in their impact, with some causing minimal degradation while others severely
compromise estimation accuracy.

Segmentation, or windowing, is a widely used practice in EEG analysis, typically employed
to increase the effective sample size by dividing long trials into multiple shorter segments 927105,
Segmenting a single trial into multiple segments is not inherently problematic. However, itis crucial
to ensure that all segments from the same trial are assigned to the same data partition (training,
testing, or validation). Distributing segments from a single trial across multiple partitions introduces
data leakage, which can lead to significantly inflated performance estimates and compromise

the generalizability of the model %107,

Another common pitfall is applying data preprocessing
using global statistical properties computed from the whole dataset'®!?°. For example, baseline
correction, a common preprocessing step in EEG-based machine learning, can inadvertently cause
data leakage if not applied correctly. Baseline correction often involves computing the mean or
median EEG activity before a stimulus and subtracting it from the entire trial. If this correction is
performed before splitting the data into train and test sets, it may introduce dependencies between

training and test sets. Commonly utilized techniques in machine learning model development

include feature selection, hyperparameter optimization, and the selection of both classifiers and
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feature sets. However, if these processes are performed using information from the test set or the
entire dataset, it can result in data leakage'*®. Besides that, bias in emotion recognition datasets

110

can lead to performance overestimation in machine learning models''”. When certain emotions

are overrepresented in the data, the model may favor these emotions. Class imbalance can mislead

performance metrics by favoring the majority class®>!1%:!!1

. All these issues, which are present in
published studies, lead to overfitting, reduced generalizability, and misleading evaluation metrics
that do not accurately reflect the real scenario of aBCI model.

Notably, the methodological challenges discussed in this context are not unique and centered

2

only on aBCI applications''?. They are also commonly observed in other machine learning

applications, including healthcare, medical diagnostics, neuroimaging, data analysis, cyber security,

Internet of Things (IoT), and data mining '%:113-12!

. Schroeder et al. systematically compared four
cross-validation strategies to assess their impact on classifier performance estimation in passive
BCI experiments '??. Kapoor et al. identified issues of data leakage and the reproducibility crisis
in machine learning-based research across 17 scientific disciplines'?!. Similarly, Balendran et al.
explored the impact and prevalence of various perturbations in machine learning for healthcare,
including data imbalance, feature extraction and selection techniques, training strategies, and
hyperparameter tuning''®. These factors significantly influence model robustness, generalization,
and performance in medical applications. A recent review provides a comprehensive overview of
how machine learning can be intentionally or unintentionally misused in brain imaging'®. Other
previous studies have explored the impact of data bias on medical diagnostics and healthcare

H2123-125 © The presence of temporal bias, such as data collected at specific times or

outcomes
specific conditions, in current Al and robotic systems is addressed in'%°.

Despite the promising advancements in aBCI systems and their high classification performance
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in controlled research environments, their transition to real-world applications remains challenging.
A comprehensive analysis of aBCI research published between 2019 and 2023 revealed that only

4.58% of studies explicitly focused on online emotion classification !

. Another survey based on
aBClI claimed that 90% of the reviewed research utilized offline classification methods, while only
8% implemented online classification, which are more applicable to real-time scenarios'?’. This
limitation is not exclusive to aBCI but reflects a broader trend in health research. The research and
development community in BCI has not sufficiently prioritized the evaluation methods necessary
for transitioning these systems into practical applications'. Alarmingly, these pitfalls persist despite
being widely recognized, raising concerns about the rigor of the peer-review process'>*'%°. The
persistent approval and publication of studies that overlook these critical issues indicate a lack of
awareness among reviewers.

In this study, we hypothesized that these common pitfalls occur frequently and consistently
in the field of aBClI-based classification algorithms and are often inadequately addressed by re-
viewers during the evaluation process. Moreover, this limitation not only hinders the practical
implementation of aBCI technologies but also results in inefficient use of research efforts and
funding. Research inefficiency in biomedical fields represents a significant concern, with a study
indicating that approximately 85% of biomedical research is largely inefficient and wasted '3!~133,
Additionally, multiple studies highlighted that these methodological flaws, lack of reproducibil-
ity, and limited applicability in real-world settings lead to the inefficient use and misallocation of
healthcare research funding, ultimately restricting the contribution to scientific progress®*!134:133,
Therefore, we aimed to investigate the methodological flaws in affective state estimation as

presented in the literature and to provide recommendations for avoiding these issues to enhance

their reliability in real-world scenarios. To achieve this, we performed a comprehensive review of
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101 emotion recognition papers using EEG, specifically focusing on the DEAP dataset®', which
is a widely cited publicly available dataset in the field of aBCI. Subsequently, we expanded our
investigation to validate the occurrence of observed pitfalls identified in the reviewed papers by
conducting experimental analyses. For this purpose, we utilized both the DEAP dataset and data
from EEG sensors applied to a watermelon collected in our own laboratory, inspired by the approach
in'*%. As part of this analysis, we also examined the extent of performance inflation caused by

these methodological errors. Finally, we compare this performance inflation to a standardized fair

analysis. This could be used as a reference for best practices to avoid these pitfalls.

4.2 Materials and Methods

4.2.1 Review Paper Strategy

Search strategy and selection criteria: In this study, we used the Scopus database to identify
relevant studies for our review. Our search criteria were designed to be selective, focusing on core
research papers central to our topic as of February 29, 2024. We specifically targeted affective
state estimation studies that used the DEAP dataset, as DEAP is one of the most widely cited

databases in emotion recognition®. Therefore, we focused on "DEAP” as a keyword in our

29 9 29 9

search. Using keyword combinations such as "EEG,” “emotion,” “recognition,” ”using,” and
"DEAP,” we conducted an initial search (see Fig. 4.1). We limited the publication years to 2017
through 2023. Afterward, we applied filters to restrict the language to “English,” document type to
article,” and source type to ’journal”. These filtering criteria were implemented to focus solely on

journal publications, which typically provide more comprehensive methodological details and novel

applications compared to other publication formats. The collected publications were then organized
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Articles
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Selection by full-text availability & citation excluded (49)
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(114)
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Included Articles in

final review
(101)

Figure 4.1: Systematic review selection process for EEG-based emotion recognition studies using
the DEAP dataset. This flowchart shows the sequential screening and selection methodology,
including keyword filtering, citation-based selection, full-text availability assessment, and final
inclusion criteria.
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for each year, by ranking them from highest to lowest citations. To examine the methodological
developments over time, we initially aimed to select the 30 most highly cited papers from each
year between 2023 and 2020, while including all papers from 2019, 2018, and 2017 due to their
limited numbers. Then, we attempted to select an equal number of 20 papers from each year by
considering the full article availability and citation metrics. Finally, we manually excluded the
studies that applied multimodal emotion recognition to restrict the focus to EEG-based affective

state estimation.

Review process and data extraction: The paper review process was conducted in four stages to
ensure rigor and transparency. In the first stage, the initial paper search and selection were performed
by one author based on the criteria mentioned above. In the second stage, each selected paper was
independently assessed by two authors to evaluate its methodological quality and pitfalls. In the third
stage, any discrepancies or conflicts in the assessments were resolved through group discussions
involving all authors. Finally, in the fourth stage, the reported outcomes were systematically

re-evaluated by all authors to ensure clarity and consistency.

Methodological quality assessment criteria: Based on the extracted information from the revi-
sion, the papers were then categorized based on four common methodological pitfalls: data leakage
due to segmentation, data leakage in hyperparameter optimization, data leakage in feature selection
methods, and model selection using grid search. The defined concepts for each of these issues
are detailed in Table 4.1. For each identified methodological pitfall, papers were systematically

classified into three categories based on the clarity and appropriateness of their reported procedures:

 Valid: Papers that clearly described proper methodological procedures, with explicit indica-
tions of appropriate data partitioning and no indication of data leakage or improper practices.
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* Invalid: Papers where the described methodology indicated violations of best practices, data

leakage, or procedures that would compromise model generalizability.

* Undetermined: Papers that mentioned relevant procedures but provided insufficient detail to
determine whether the approach followed a valid evaluation process, often due to vague or

incomplete reporting.

Table 4.1: Definitions and examples of common methodological pitfalls identified in EEG-based

emotion recognition studies

Pitfalls Definitions Examples
Data leakage due to Presence of samples that are A 1-second segmentation was
segmentation derived from the same trial after | applied to each 60-second trial,

segmentation or windowing, in

both the training and testing sets.

resulting in 2400 segments from
40 trials. A k-fold
cross-validation was then
performed on these 2400
segments, revealing the presence
of samples from the same trial in
both the training and testing

sets 137,

Bias in hyperparameter
optimization

Hyperparameter optimization
based on the accuracy of both
the train and test sets.

Selected configuration and
settings of the classifier based on
the highest classifier

performance 8.

Data leakage due to feature
selection

Dimensionality or feature
reduction algorithm was
performed using the entire
dataset before splitting into
training and test sets, which can
lead to data leakage.

Dimension reduction algorithm

applied on the whole dataset

before train/test set partition '3,

Model selection using grid
search

Feature or model selection was
conducted using grid search
procedures where the selection
criteria were based on
performance metrics evaluated
on the test set.

Selected classifier based on
highest test set accuracy '¥.
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Additional reporting quality indicators: We evaluated additional quality indicators, including:
(1) class imbalance acknowledgment, (2) statistical significance relative to chance performance,
and (3) code availability for reproducibility. For class imbalance assessment, papers were classified
as “reported” if they included any of the following metrics that account for class distribution: F1
scores, precision, recall, sensitivity, or specificity. Papers reporting only accuracy or similar aggre-
gate metrics were marked as “not reported”. For statistical significance evaluation, we identified
studies reporting confidence intervals or standard deviation bounds and determined whether these
overlapped with theoretical chance levels. Theoretical chance levels were calculated based on the
number of classes in each classification task (50% for binary classification, 25% for four-class clas-
sification). Studies were flagged when the chance classification level was within two of the reported
standard deviations, indicating results potentially indistinguishable from random performance. For
code availability assessment, papers were marked as “available” only if they provided accessible
links to code repositories or pretrained models. Studies that mentioned code availability but lacked
any accessible links or provided only pseudocode or implementation summaries within the paper

were not counted.

Literature comparison bias analysis: To assess selective reporting bias, we investigated the
extent to which published studies accurately report prior models with superior performance. To
ensure fair comparison, we restricted our analysis to papers that performed participant-dependent
binary classification using a threshold of 5 on the valence or arousal dimension. This resulted in a
subset of 31 papers from our original collection. Of these, 21 papers included explicit comparison
tables listing prior models. For each of these 21 papers, we extracted: (1) the reported accuracy

of each paper’s proposed model, and (2) the highest accuracy reported in their comparison table
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from prior studies. Pearson correlation coeflicients were computed to assess the relationship
between proposed and literature-reported accuracies for valence and arousal tasks separately. To
further quantify underreporting, we cross-referenced our review database to identify how many

high-performing models had been published prior to each paper’s submission date.

4.2.2 DEAP Emotion Dataset

The DEAP dataset®' is a widely utilized benchmark for emotion recognition using EEG signals.
It consists of EEG recordings from 32 healthy participants (50% female, aged 19-37; mean
age: 26.9 + 4.45) while they watched 40 music videos designed to elicit emotional responses.
The database provides two datasets: raw data and preprocessed data. The raw data includes 32
BioSemi .bdf files, each containing 48 recorded channels: 32 EEG channels, 12 peripheral channels
(including electrooculography (EOG), electromyography (EMG), galvanic skin response (GSR),
and respiration), three unused channels, and one status channel. The EEG signals were originally
recorded at a sampling rate of 512 Hz. To facilitate analysis, a preprocessed version of the dataset
was provided, incorporating several modifications. The data was downsampled to 128 Hz, EOG
artifacts were removed, and a 4—45 Hz band-pass filter was applied to retain relevant EEG frequency
components. Additionally, the signals were re-referenced using a common average reference, and
the data were segmented into 60-second trials, with a 3-second pre-trial baseline. Each participant
has 40 trials. Following each video stimulus, participants provided self-assessment ratings on a nine-
point scale for four emotional dimensions: valence, arousal, dominance, and liking. Emotional
states in the DEAP are often interpreted using Russell’s circumplex model, where valence and

arousal define a two-dimensional emotional space.
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Figure 4.2: EEG data collection and segmentation. (A) Demonstration of EEG data collection
using a watermelon phantom. (B) EEG trial segmentation process, illustrating a 60-second EEG
trial divided into 1-second non-overlapping windows, resulting in 60 segments per trial. This
approach is commonly used to augment sample size but may introduce data leakage if segments
from the same trial are distributed across training and test sets. Segments are illustrative and not
shown to scale.

4.2.3 Watermelon Dataset

The EEG collection method using watermelon was previously referred to as phantom EEG in earlier
studies 3%:14%:141 " The watermelon EEG data focuses solely on temporal correlation features without
capturing any stimulus-driven neural responses '*°. Here, watermelon EEG data acquisition was
performed using the Cognionics Mobile-72 EEG system, a high-density mobile EEG device with
64 channels (Fig. 4.2a). We collected EEG data from the watermelon for more than one hour
to ensure sufficient data for the classification task. The recordings were conducted at a sampling
frequency of 500 Hz. The EEG cap, equipped with standard active Ag/AgCl electrodes, was
positioned according to the international 10-20 system, a widely recognized standard in EEG
studies. Reference and ground electrodes were placed on either side of the watermelon to mimic
standard mastoid placements and ensure signal quality. The watermelon EEG data were then

reorganized to follow the same structure as the DEAP dataset. From the first one-hour recording,
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40 trials were extracted, each lasting 60 seconds. A 30-second interval was maintained between
consecutive trials to avoid unwanted influences between trials. These 40 trials were then randomly

assigned binary labels, either 1 or O, for the final classification task.

4.2.4 Procedure of Experimental Analysis

In a typical EEG-based emotion recognition classification framework, the process generally follows
a standardized pipeline that includes data preprocessing, feature extraction, feature selection, train-
test partitioning, classifier selection, and performance evaluation using metrics such as accuracy
and Fl-score. In this study, we implemented all these steps; however, to systematically assess the
significance and impact of specific methodological pitfalls, we prioritized one pitfall per experiment.
Accordingly, we conducted separate experiments focusing on segmentation, feature selection, and
hyperparameter optimization. In all cases, the same experimental protocol was applied consistently

to both the DEAP and watermelon datasets.

Segmentation analysis: To investigate the improper use of EEG trial segmentation, we performed
subject-dependent binary classification using the raw DEAP dataset. Each trial in the DEAP dataset
originally lasted 60 seconds (Fig. 4.2b). To increase the sample size, we segmented each trial into
t-second intervals, resulting in a total of N=60/t segments per trial. For instance, segmenting into
1-second intervals resulted in a total of 2400 trials (40 trials x 60 seconds). By varying the segment
length (t), we assessed the effect of segmentation on classification performance. A threshold of
5 was applied, where ratings less than or equal to 5(< 5)were considered low states, and ratings
greater than 5 (> 5) were considered high states. For each emotional axis, there are two classes:

high valence vs. low valence, high arousal vs. low arousal, and high dominance vs. low dominance.
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In emotion recognition studies, EEG data are often analyzed across five frequency bands: delta
(1-4 Hz), theta (4-8 Hz), alpha (8-14 Hz), beta (14-30 Hz), and gamma (30-42 Hz). The power
spectral density (PSD), one of the most used features in aBCI classification, was computed using
MATLAB built-in ‘pwelch’ function for those frequency bands as the feature for classification.
Various classification algorithms, including decision trees, logistic regression, Naive Bayes,
k-nearest neighbors (kNN), support vector machine (SVM), CNN, and neural networks (NN) have
been employed for binary classification in prior studies. In our study, we selected kNN as the
primary classifier for categorizing binary emotional states across all three dimensions. The kNN
classifier was implemented using MATLAB’s built-in “fitcknn’ function with default parameters,
with the number of nearest neighbors (k) specifically set to 5. To rigorously evaluate the classifier’s
performance, we performed two distinct validation methodologies: k-fold cross-validation and
leave-one-trial-out validation. For the former approach, 5-fold cross-validation was applied to all
2400 samples from each subject. In the latter approach, we implemented a leave-one-trial-out
validation method across the original 40 trials, ensuring that all segmented samples derived from a
single trial remained within the same fold. This methodological choice removes the potential data
leakage between training and testing sets that could occur due to segmentation. Specifically, the
training data comprised segmented samples from 39 trials, while the testing data was exclusively
derived from the remaining trial. This process was iteratively repeated until each trial had served
as a test set. Here, a well-known performance metric, balanced accuracy, was also applied to
evaluate the performance of both validation methods. Balanced accuracy, which accounts for the
potential class imbalance in the emotional state classification task, is calculated by averaging the
individual class accuracy for all classes®. The same preprocessing protocols, feature extraction

techniques, and classification methodology were subsequently applied to the watermelon dataset
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for comparative analysis.

Feature selection analysis: Here, we employed the DEAP preprocessed dataset, which is also
widely used for affective state estimation research. We analyzed all trials of 60-second experimental
signals after removing the 3-second baseline, and applied the same thresholding with a value of 5 to
divide the 40 trials into binary classes. As the DEAP preprocessed data was already filtered through
a 4-45 Hz band-pass filter, we calculated the PSD across four frequency bands: theta (4-8 Hz),
alpha (8-14 Hz), beta (14-30 Hz), and gamma (30-42 Hz). For feature selection, we implemented
a statistical t-test to identify the most relevant features while reducing redundancy. Classification
was performed using the kNN classifier with default parameters. However, we conducted subject-
dependent experiments using 70% of the trials as the train set and 30% of the trials as the test
set.

We systematically performed two feature selection methods and compared these strategies.
The first is Global Selection, where t-test feature selection was applied to the entire dataset before
splitting into train and test sets. This is acommon but flawed practice that can introduce data leakage
by allowing test data to influence feature selection, potentially inflating performance metrics.
Second, we used Local Selection, where feature selection was performed only on the training set.
At first, t-test feature selection was applied to the entire training set to rank features, ensuring that
the test set remained completely unseen during feature selection. Using that fixed ranking, we ran
5-fold cross-validation on the training set with top-k features (k=1-50), and averaged the accuracies
across the 5 folds. The k with the highest average accuracy was chosen, then we retrained on the
full training set with those features and evaluated on the held-out test set. The latter approach

maintains strict separation between training and test data, preventing information leakage and
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yielding more realistic performance estimates despite potentially introducing variability in selected
features across folds. The effectiveness of both approaches was assessed using both accuracy and

balanced accuracy.

Hyperparameter optimization: In this analysis, we also employed the preprocessed DEAP
dataset and maintained identical pre-processing and feature extraction methodologies as outlined
in the preceding section. We also applied the same validation approach, a subject-dependent
experiment using 70% of the data for training, and 30% for testing. To investigate potential
data leakage during hyperparameter optimization, we implemented two distinct approaches with
a kNN classifier. In the first approach, we repeatedly adjusted the classifier’s hyperparameters
(number of neighbors, standardization setting, and distance metric), selecting the combination that
yielded the highest classification accuracy on the test data. This method, while yielding optimal
performance metrics, risks overfitting to the test set. In contrast, the second strategy followed
proper machine learning practice by isolating the test set entirely during the tuning process. We
employed a 5-fold cross-validation procedure within the training set to optimize the combination
of hyperparameters, including the number of neighbors, standardization (enabled or disabled),
and type of distance metric. For each hyperparameter setting, the training data was partitioned
into five folds. In each fold, the model was trained on 4 folds and validated on the remaining
one. The accuracy was computed on the validation fold and averaged across all five folds. The
combination of hyperparameters that achieved the highest average balanced accuracy was selected
as optimal. The final model was then retrained on the full training set using these optimal settings
and subsequently evaluated on the untouched test set. This approach ensured that no test data

was used during model tuning, thus avoiding data leakage and providing a more reliable estimate
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of generalization performance. Both regular accuracy and balanced accuracy were chosen as
the performance metrics to compare both approaches, providing insights into how optimization

methodology impacts classification results.

4.3 Results

4.3.1 Study Selection

Our systematic literature search, using keywords related to emotion recognition and EEG (e.g.,”
DEAP”, “EEG emotion classification”), yielded 686 papers published between 2017 and 2023.
Fig. 4.1 illustrates a summarized overview of the selection process. After applying filters, the
dataset was refined to 385 publications. At this stage, we identified 146 papers from 2023, 98
from 2022, 51 from 2021, 47 from 2020, 22 from 2019, 10 from 2018, and 11 from 2017.
We implemented a two-stage selection process. In the initial stage, we selected 163 candidate
papers, including the 30 papers with the highest citations from each year. For years with fewer
available papers, we included all publications: 22 from 2019, 10 from 2018, and 11 from 2017.
Subsequently, we prioritized full-text availability and citation metrics to select 114 papers for
comprehensive review (20 papers from each year between 2023 and 2020, 18 from 2019, 8 from
2018, and 8 from 2017). During the detailed analysis phase, 13 papers were excluded due to their
multimodal methodological approaches. Consequently, the final review included 101 papers for

our systematic analysis and synthesis.
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4.3.2 Prevalence of Methodological Pitfalls from Reviewed Papers

In our systematic review, we identified several prevalent methodological issues across the reviewed
papers. Here, our analysis specifically focused on four critical methodological pitfalls that represent
the most common sources of data leakage and performance inflation: segmentation strategy,
feature selection method, hyperparameter optimization, and model selection using grid search
(Table 4.1). For each category, papers were categorized as valid, invalid, or undetermined based
on the methodological descriptions provided in the paper. For hyperparameter optimization and
feature selection, papers were marked as invalid when the language in the text indicated that
hyperparameter optimization was performed by evaluating model performance on the entire dataset
or dimension reduction algorithm was applied on the whole dataset prior to train/test splitting. Some
cases required judgement calls due to the lack of detailed reporting. However, the language used
often led us, as secondary reviewers, to reasonably believe that the error occurred. Some papers
mentioned performing hyperparameter search or feature reduction method. But the descriptions
were so vague that it was unclear whether the process was conducted in a valid manner. These
were marked as undetermined. Papers were marked as valid when there was no indication of
methodological error in the text. For example, this included cases when reduction techniques were
applied only to the training set, or when a dedicated validation set was used for optimization.

In the case of segmentation, papers were marked as valid when the text, figures, or reporting,
including the order of steps described in the methods section or the structure of performance
matrices, indicated that segmentation was performed after the train-test splitting. This also included
cases where appropriate validation strategies, such as leave-one-trial-out or leave-one-subject-out,
were explicitly mentioned. Papers were marked as invalid when segmentation appeared to have

been conducted prior to the train-test split, based on their descriptions of using k-fold or percentage-
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based cross-validation on already segmented data. Studies were marked as undetermined when
segmentation was mentioned, but the available information was insufficient to determine whether
proper evaluation procedures were followed. For model selection via grid search, papers were
marked as invalid if they reported a table or figure where test set performance biased the feature or
model selection process.

Fig. 4.3a presents the frequency of four common methodological pitfalls identified across
101 reviewed papers. The most frequent issue was observed in segmentation, with 58 papers
marked as invalid and an additional 4 as undetermined. Hyperparameter optimization was the
second prominent observed error, with 33 papers marked as invalid and 13 as undetermined. This
observed error also indicates that nearly half of the reviewed studies either applied questionable
optimization procedures or failed to report them clearly. Feature selection method was also a
significant concern, with 27 papers marked as invalid and 8 as undetermined. Although feature
selection methods showed 66 studies marked as valid in Fig. 4.3a, it is important to clarify that
this high number is largely due to the fact that 64 out of 101 papers did not apply any feature or
dimension reduction method at all. Among the 37 papers that did apply such algorithms, only 2
papers implemented them correctly by applying the procedure solely to the training set, and were
therefore marked as valid. In contrast, 27 papers applied feature selection across the entire dataset,
and 8 papers provided insufficient detail to assess their procedure. This highlights a critical issue:
among studies that applied feature selection methods, the vast majority (35 out of 37) performed
so improperly or unclearly- a concern masked by the aggregated valid count. Grid search-based
model selection also showed a methodological issue, with 31 of the 101 papers exhibiting errors,
indicating that this approach is not free from concern. To further examine the potential impact of

this error, we analyzed the magnitude of inflation it could introduce. For papers that reported test

88



Common Methodological Pitfalls Observed Across 101 Reviewed Papers

Segmentation

Feature selection

Hyperparameter optimization
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Figure 4.3: Prevalence and distribution of methodological errors in EEG-based emotion recognition
studies. (A) Distribution of common methodological issues across 101 reviewed studies, focusing
on segmentation, feature selection method, hyperparameter tuning, and model selection using
grid search. Studies were categorized as valid (purple), undetermined (red), or invalid (blue).
(B) Distribution of studies based on the number of methodological errors identified, showing the
proportion of papers containing one error (n=42), two errors (n=33), three errors (n=11), four errors
(n=2) and no errors described (n=13). (C) Comparison of proposed model accuracy versus the
highest prior accuracy cited in 21 studies. Blue and red circles represent valence and arousal tasks,
respectively; filled markers indicate papers that acknowledged higher-performing prior models.
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set performance under multiple configurations, we collected the highest and lowest reported test
accuracies—reflecting the selection of models or features based on test set results. The difference
in reported test accuracy ranged from 0.24 to 49.7 percentage points. While we do not claim that
all papers experienced large inflation due to these issues, the fact that accuracy could vary by up to
49 percentage points demonstrates that the impact of such methodological flaws cannot be ignored.

Fig. 4.3b illustrates the distribution of papers based on the number of methodological faults
simultaneously present, focusing on four key areas. Our analysis revealed a concerning pattern:
42 papers contained one of these methodological errors, while 33 exhibited two errors. Also, 11
studies demonstrated three concurrent methodological flaws, and 2 studies presented with all four,
potentially compromising their reported outcomes. Our review identified only 13 of the 101 studies
that did not exhibit any of these four methodological errors based on their reported procedures and

documentation.

4.3.3 Additional Reporting and Reproducibility Concerns

In addition to evaluating methodological procedures, we identified several additional qualities and
reporting concerns. We assessed how class imbalance was addressed across the reviewed studies.
Among the reviewed studies, only 38 papers reported F1 scores or complementary metrics such
as precision, recall, sensitivity, and specificity, thus acknowledging potential class distribution
concerns. Furthermore, we identified seven studies that reported results with confidence intervals
or standard deviation bounds overlapping the theoretical chance level in at least one experimental
task. Notably, these results were not acknowledged as statistically indistinguishable from chance
in their respective discussions or limitations sections. This raises concerns about the rigor of

peer review and highlights that studies with no statistically meaningful outcomes may still be
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presented—and accepted—as valid contributions.

Another concern is comparison bias, where studies selectively omit prior models with superior
performance in their comparison tables. Of the 31 eligible binary classification studies (based on
threshold 5 and participant-dependent analysis), 21 included comparison tables with results from
previous publications. Fig. 4.3c shows the relationship between the reported performance of each
paper’s model and the highest accuracy listed in its own comparison table. Valence and arousal
accuracies are shown separately, yielding correlations of 0.78 and 0.79 for valence and arousal
tasks, respectively. Notably, only 4 out of 21 papers acknowledged literature results that exceeded
their own accuracy, suggesting a tendency to underreport stronger prior models. To further quantify
this bias, we identified how many higher-performing studies from our review had been published
prior to each paper’s submission date. Our analysis revealed that thirteen of these papers (62%)
had at least three or more previously published models that achieved superior performance but
were not mentioned in their comparison tables. This is likely an underestimate because we only
checked references among the 21 papers in our review. Even though these are highly cited, other
high-performing papers outside our sample were probably overlooked.

As part of our review, we also assessed the reproducibility of the reported studies by checking
the availability of code or pretrained models. Out of the 101 papers, only eight provided accessible
links to their code repositories or shared models. However, most of these links lacked sufficient
content to fully replicate the reported experiments. An additional three papers stated that their code
would be made available, but did not include a link or any accessible resource at the time of our

review.
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Figure 4.4: Performance overestimation due to windowing/segmenting trial in EEG-based binary
classification. (A) Comparison of mean accuracy between k-fold cross validation and leave-one-
trial-out validation approaches as segments per trial increase using DEAP dataset in the valence
axis. (B) Binary classification accuracy trends for watermelon dataset under the same segmentation
conditions. In both cases, k-fold cross validation (blue) results in inflated accuracy estimated
compared to leave-one-trial-out validation (orange).

4.3.4 Experimental Analysis: Segmentation

In this experiment, we performed binary classification on the valence axis of the DEAP dataset, after
segmenting each trial into multiple segments. Additionally, binary classification was conducted
on the watermelon dataset with randomly generated binary labels. Fig. 4.4 shows how different
validation strategies impact classification performance when segmentation or windowing is applied,
using the DEAP dataset and watermelon dataset. The graph highlights a notable difference between
two validation methods: k-fold cross-validation and leave-one-trial-out, as the number of segments
per trial increases. In leave-one-trial out, all segments from an original trial are kept together,
whereas in k-fold, segments from an original trial may end up in different folds. In Fig. 4.4a,
the k-fold cross-validation method shows a significant improvement in performance, increasing
from about 53% accuracy without segmentation to over 90% with just 6 segments per trial, and

nearly 100% with 60 segments. On the other hand, the leave-one-trial-out validation method
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remains relatively consistent at around 52% accuracy, regardless of the segmentation level. A
comparable phenomenon was also observed in the binary classification experiments using the
watermelon dataset, where similar patterns of performance inflation occurred despite the absence
of meaningful neurophysiological signals (Fig. 4.4b). These results conclusively demonstrate that

conventional k-fold cross-validation after segmentation can cause inflated performance estimates.

Table 4.2: Comparison of feature selection strategies in binary classification across DEAP and
watermelon datasets

Regular accuracy Balanced accuracy
Global Local Global Local
Valence 77.41 61.98 75.31 59.46
DEAP Arousal 76.77 62.63 70.39 54.74
Dominance 77.22 61.85 71.63 54.72
Watermelon 65.17 50.33 - -

4.3.5 Experimental Analysis: Feature Selection Method

To assess the performance inflation caused by improperly implemented feature reduction proce-
dures, we conducted an experimental comparison of valid and invalid reduction strategies using
the DEAP and Watermelon datasets (Table 4.2). To perform binary classification, we tested two
validation approaches. In the Global Selection approach, feature selection was applied on the whole
dataset, while Local Selection exclusively used training data for feature selection. Two performance
metrics are reported: regular accuracy, which does not account for class imbalance, and balanced
accuracy, which accounts for class bias. For the DEAP dataset in the valence axis, Global Selec-
tion inflated conventional accuracy by 15.5 percentage points (77.4% versus 61.9%) and balanced
accuracy by 15.9 percentage points (75.3% versus 59.4%). Similar patterns were observed for

arousal (inflation of 14.1 and 15.6 percentage points) and dominance (inflation of 15.3 and 16.9
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percentage points) dimensions. Notably, the watermelon dataset, which contains no neurophysi-
ological signals, showed a 14.8 percentage point inflation in regular accuracy. Since this dataset
contains balanced class labels, regular accuracy and balanced accuracy are almost equivalent by
definition; thus, only regular accuracy is reported. The Global Selection approach consistently
yielded inflated accuracy compared to the Local Selection approach. These findings quantitatively
demonstrate that improper implementation of feature reduction algorithms can substantially over-
estimate classification performance, with inflation magnitudes ranging from approximately 14-17

percentage points across all conditions.

Table 4.3: Comparison of hyperparameter optimization strategies in binary classification across
DEAP and watermelon datasets

Regular accuracy Balanced accuracy
Incorrect Correct Incorrect Correct
Valence 84.42 62.52 83.16 58.91
DEAP Arousal 82.26 60.69 78.95 53.79
Dominance 82.96 61.56 78.01 53.04
Watermelon 77.66 50.50 - -

4.3.6 Experimental Analysis: Hyperparameter Optimization

In our hyperparameter optimization experiments, we observed consistent performance disparities
between compromised and methodologically correct approaches (Table 4.3). Two experimental
approaches were employed: hyperparameter optimization applied to both the training and test
sets, and optimization restricted to the training set only. In the valence axis, the regular accuracy
increased by 21.9 percentage points when hyperparameter tuning was improperly performed using
test data (84.4% vs. 62.5%). Similar inflations were observed for arousal (21.5 percentage points)

and dominance (21.4 percentage points). The balanced accuracy metric, which compensates for
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class imbalance, also showed substantial inflation: 24.2, 25.2, and 24.9 percentage points for
valence, arousal, and dominance, respectively. Most strikingly, our watermelon dataset showed an
increase in accuracy from 50.5% to 77.6% (a 27.1 percentage point inflation) when hyperparameters
were improperly optimized using test data. These results highlight that improper inclusion of the
test set in hyperparameter optimization leads to an overestimation of performance, with inflation

magnitudes ranging from approximately 21 to 27 percentage points across all evaluated conditions.

4.4 Discussion

In this study, we investigated the prevalent methodological errors commonly encountered in aBCI
experiments by analyzing the most highly cited publications utilizing the DEAP dataset from
2017 to 2023. Our findings indicate that while many studies report high-performance results
in EEG-based emotion estimation, a significant portion of these results may be attributed to the
methodological pitfalls. The high prevalence of data leakage during segmentation (58 publica-
tions) highlights a fundamental misunderstanding of proper validation protocols. Similarly, the
misapplication of feature reduction algorithms (27 publications) and hyperparameter optimization
(33 publications) across entire datasets rather than restricting them to the training phase indicates
a critical methodological gap. Notably, 87% of the reviewed papers exhibited at least one or more
of these four pitfalls. In addition to these explicit errors, we identified a substantial number of
papers where the methodological description was insufficient to assess validity —specifically, 4 in
segmentation, 8 in feature reduction, and 13 in hyperparameter optimization. Many of the papers
in this review failed to document critical methodological details, such as thresholding criteria, data
partitioning strategies, or whether analyses were subject-dependent. Although these cases were

not labeled as definitively invalid, these undetermined categories also reflect a broader concern
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with inadequate transparency. Vague or incomplete methodological descriptions obscure potential
errors that should be identified during the peer review process.

This concern is further underscored by additional reporting issues we observed, including
limited reporting of class-imbalance metrics, failure to acknowledge results statistically indistin-
guishable from chance, and a lack of acknowledgment of prior models that achieved higher accuracy.
We found that even within the limited scope of this review, authors seem to be selectively choosing
papers with lower performance than their own. Given that the primary contribution of these papers
is often the model performance itself, failing to cite models with higher performance is a major
issue. Together, these findings highlight not only pervasive implementation errors but also a lack
of reporting rigor and review scrutiny.

Our experimental analysis demonstrated that high classification accuracy can be achieved
through segmentation even when the signals themselves have no information relevant to the la-
bels. In fact, we showed that if data leakage is allowed to occur through segmentation, this can
cause an accuracy increase of up to 46 percentage points. Moreover, hyperparameter optimization
or feature selection errors in an individual can inflate performance estimates by approximately 14-25
percentage points. More concerning is that multiple methodological errors can occur simultane-
ously, which could significantly inflate the classification accuracy. In this experimental study, we
conducted an in-depth analysis of the segmentation, feature selection method, and hyperparameter
optimization; however, the effects of bias and data imbalance were not extensively examined. For
in-depth observation, we refer to our previous analysis, which demonstrated that neglecting class
imbalance can also lead to misleading results®>.

Our findings also highlight that a lack of expertise in machine learning can lead to overestimation,

raising concerns about the reliability of current aBCI research. Notably, our review was conducted
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solely based on the documented methodologies and reported procedures in the publications. While
only 8 out of 101 papers provided accessible code repositories, we examined available code when
provided to verify methodological descriptions. However, the majority of our assessment relied
on the information reported in the publications themselves, without access to training models
or implementation details. The identification of these pitfalls through careful examination of
published materials indicates that these issues should be detectable during peer review. Our ability
to identify these methodological flaws using only the information available in publications suggests
the potential gaps in the rigor of the review process, where critical methodological details may not
receive sufficient scrutiny. This finding underscores the need for more thorough methodological
assessment during peer review to ensure research validity and reproducibility.

Therefore, we propose some critical recommendations to mitigate the pitfalls observed in
our review. A primary concern is preventing data leakage between training and testing sets,
as such contamination invalidates the reported performance. To ensure a clear separation, all

methodological procedures must remain independent of test data !

. All methodological decisions,
such as preprocessing techniques, feature selection approaches, and hyperparameter optimization,
should be executed exclusively on training data, without incorporating information from the test
set 9111 Decisions regarding classifier selection and feature type, and frequency bands, should be
derived solely from training data performance rather than prioritizing combinations that maximize
test set outcomes. Choosing a suitable validation strategy is essential, especially for segmentation.
Leave-one-trial-out or leave-one-subject-out are more appropriate. Our experimental analysis
also demonstrates the correct application of these approaches, serving as a guideline to avoid

common pitfalls. Additionally, appropriate performance metric selection is essential for addressing

class imbalance issues; conventional metrics such as F1 score, precision, and sensitivity may
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prove inadequate when calculated predominantly on majority class samples. Balanced accuracy
represents a better alternative metric due to its inherent insensitivity to class imbalance®. To
ensure the model’s robustness, it should be evaluated on multiple datasets and through online
testing. Researchers must ensure that the test set is unbiased and representative of the target
distribution. Furthermore, insufficient methodological details hinder model reproducibility. All
model parameters and relevant information should be clearly reported. Additionally, all code,
training models, and datasets should be accessible to all. Finally, ensuring that reviewers have
comprehensive knowledge across relevant domains is crucial. Insufficient knowledge in any single
aspect of BCIs or machine learning can lead to deficiencies in experimental design, statistical
analyses, or result interpretation. Adding reviewers from multidisciplinary fields might be helpful
to identify methodological shortcomings in both fields. Additionally, reviewers should critically
evaluate model reproducibility and availability during the review process.

Our review methodology has certain limitations. We used only the Scopus database for our
literature search, which may have restricted the scope of included studies compared to using multiple
databases. The keyword search specifically targeted studies on emotion recognition using the DEAP
dataset, which we selected due to its high citation frequency in the field. These limitations may
have led to the exclusion of broader developments in the field. However, we believe that using a
single dataset allows for a more consistent and comparable evaluation of methodological errors.
Future reviews would benefit from incorporating multiple databases, expanding the study period,
and including studies utilizing diverse emotional datasets to provide more comprehensive insights.
Determining whether a method within a paper committed a methodological error based solely on
the text is a difficult task, and inherently asks the reviewer to make many judgment calls. To reduce

bias, multiple reviewers assessed each paper and resolved discrepancies through discussion. While
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individual assessments may not be flawless, we believe this approach provides a valid evaluation of
the literature and supports the reliability of our aggregate findings.

In conclusion, our comprehensive analysis of the affective BCI literature reveals widespread
methodological shortcomings that significantly impact the field’s scientific rigor. By identifying
and replicating these issues, we emphasize the necessity for stricter validation strategies, transparent
reporting, and unbiased evaluation metrics. Our findings are not merely a critique but a call to the
scientific community to uphold higher standards in experimental design, peer review, and result
interpretation. Failure to do so may compromise the integrity of the findings and continue to
perpetuate biased and misleading studies. Addressing these concerns will enhance the reliability

of aBCI research, fostering reproducible and impactful advancements in the field.

Acknowledgments

This work was supported by the National Science Foundation (NSF) under award #1910526 and
by the Cognitive and Neurobiological Approaches to Plasticity (CNAP) Center through the NIH
NIGMS COBRE Phase II award (P20GM113109). The authors also acknowledge support from
the CN Core facilities at Kansas State University. Any opinions, findings, and conclusions or
recommendations expressed in this material are those of the author(s) and do not necessarily reflect

the views of the National Science Foundation.

99



Chapter 5

Conclusion and Future Work

Researchers worldwide are actively exploring ways to make brain-computer interfaces (BCls)
more effective for human communication and device control in real-world environments. This
dissertation systematically addresses several critical challenges in BCI research: the impractical
burden of lengthy performance validation procedures, the lack of large and standardized datasets for
emotion recognition, and the widespread methodological flaws that compromise research reliability.
The studies presented here work toward providing practical solutions to these issues and advancing
BCIs toward more robust and reproducible real-world applications.

The summary of this dissertation and its contributions are discussed in Section 5.1. Section 5.2

and Section 5.3 discuss the limitations and suggestions for future work, respectively.
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5.1 Contribution

5.1.1 P300-Based Brain-Computer Interface Speller Performance Estima-

tion

In this published work*, a protocol was introduced to predict a user’s P300 speller accuracy from a
small P300 dataset. To implement this protocol, the Classifier-Based Latency Estimation (CBLE)
approach with a least-squares classifier was applied. The method was evaluated using two datasets:
the publicly available ‘Brain Invaders calibration-less P300-based BCI dataset using dry EEG
electrodes’ dataset (bi2014a) and a P300 speller dataset collected at the University of Michigan.
The results of this analysis showed that this protocol could estimate the BCI performance from a
relatively small number of typed characters (~3-8). The resulting confidence bounds are tighter
than those produced by traditional methods. Additionally, a graphical user interface (GUI) titled
“CBLE Performance Estimation” was developed to implement the proposed method by other

researchers. The GUI was tested and validated on both datasets.

5.1.2 A Comprehensive EEG Database of Emotion Recognition

In addition to improving performance estimation for P300 spellers, this dissertation also addressed
the need for comprehensive affective state databases. A database was developed for emotion analysis
using EEG signals. This dataset represents one of the largest EEG-based emotion databases with
30 participants and 240 stimuli per participant. Participants rated their emotional responses in
two ways: SAM ratings and discrete labels. Subject-dependent classification was performed using
power spectral density (PSD) features with a k-Nearest Neighbor (kNN) classifier. The database

performance is comparable to existing emotion recognition datasets. This work addresses critical
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gaps in existing emotion databases: limited sample sizes, single-modality stimuli, and a lack
of dual emotion rating formats. To our knowledge, it is the first EEG dataset to integrate all
three stimulus modalities within a single, unified experiment per participant. This design enables
stronger benchmarking and cross-modal analyses. The dataset will be made publicly available for

the research community.

5.1.3 Methodological Assessment of Affective State Estimation Studies

While developing new databases is important, ensuring the reliability of research using these
databases is equally critical. In this study, we reviewed 101 highly cited DEAP-based EEG
emotion studies to identify common methodological flaws. Our study revealed that nearly 87% of
studies have key issues such as data leakage from improper segmentation, biased feature selection,
flawed hyperparameter tuning, class imbalance neglect, and inadequate reporting. To validate these
concerns, we expanded our investigation by conducting experimental analyses using both the DEAP
dataset and an EEG dataset from a watermelon. From experimental analysis, high classification
accuracy on the DEAP dataset can be achieved (inflated by up to 46 percentage points) simply
by segmenting single trials due to an improper validation approach. This high accuracy can also
be observed even with non-human subjects such as watermelon. Additionally, errors in improper
hyperparameter tuning and feature selection inflated results by 14-25 percentage points. These
findings reveal how methodological oversights lead to inflated performance estimates, making the
reliable implementation of affective state estimation in real-world applications challenging. The
experimental analysis demonstrates correct application of these approaches and provides concrete
guidelines to help researchers avoid common methodological pitfalls, ultimately improving the

reliability and reproducibility of affective BCI research.
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5.2 Limitations

While this dissertation addresses critical challenges in BCI implementation, several limitations
should be acknowledged. Detailed limitations for each contribution are provided within the respec-

tive chapters. The main limitations across this dissertation are summarized here.

* The CBLE performance estimation method shows reduced effectiveness when training and
testing data are collected on different days, and requires data from multiple participants to

build reliable models. We also tested only a small set of time-sensitive classifiers.

* In the multimodal emotion database, the limitation of the self-assessment approach is the use
of a 1-5 rating scale, which introduces participant-dependent bias. Individual differences in
scale interpretation and usage patterns can affect ratings. Some participants may consistently
use the full range, while others cluster around middle values. This variability complicates

cross-participant comparisons and normalization.

* The methodological review focused exclusively on the DEAP dataset, which enabled consis-
tent evaluation but may have limited the scope of findings. Additionally, the experimental
analysis focused on three specific methodological issues, while other implementation steps

(i.e. preprocessing) may also contribute to performance estimation inflation.

5.3 Future Work

Several directions for future research can extend and improve the work presented in this dissertation
across all three contributions. As mentioned above, BCI speller performance-estimation protocol

was validated on four classifiers. Future work should test the method with other time-sensitive
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classifiers to establish its broader applicability across different classification approaches. The CBLE
Performance Estimation GUI currently supports only Brain Invaders (bi2014a) and BCI2000 format.
To increase accessibility and practical utility, the GUI should be expanded to accommodate other
common dataset formats. This enhancement would allow researchers to apply the CBLE protocol
to their own P300 datasets regardless of the acquisition system.

To address bias from the 1-5 rating scale, future work should explore alternative assessment
methods or normalization techniques across participants, such as visual analog scales or standard-
ized questionnaires. While this study provides a framework for evoking affective states in controlled
laboratory settings, future data collection should incorporate more realistic, everyday scenarios to
better reflect real-world BCI applications. The classification results provide baseline performance
comparable to established datasets but suggest that traditional feature extraction methods have lim-
ited effectiveness for affective state estimation. Future work should explore advanced preprocessing
techniques, alternative feature types, and different classifier combinations while carefully avoiding

the methodological errors identified in this dissertation to prevent performance inflation.
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