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Abstract

This work presents an EEG signal database derived from the induction of three emotional
states using auditory stimuli. To this end, an experiment was designed in which 30 selected
affective sounds from the IADS database were presented to 36 volunteers, from whom
EEG signals were acquired. Stimuli were randomly configured in the Psychopy platform
and synchronized via the LSL library with the OpenVibe signal acquisition platform. The
16-channel NautilusG brain computer interface was used for signal acquisition. As part of
the database validation, a recognition system for the three emotional states was developed.
This system utilized machine-learning-based parameterization and classification techniques,
achieving detection percentages of 88.57%.

Keywords: EEG dataset; emotion analysis; brain–computer interface; emotion recognition
patterns

1. Introduction
Electroencephalographic (EEG) signals have emerged as a promising area of study

for detecting human emotions, with applications spanning neuroscience, psychology,
brain–computer interfaces (BCIs), and affective computing. Emotions, as psychophysio-
logical mechanisms, influence cognitive, communicative, and perceptual processes, play-
ing a critical role in decision-making and environmental interactions [1]. Recent techno-
logical advances now allow the real-time capture of physiological responses, including
brain activity, providing unprecedented opportunities to explore the intricate dynamics of
emotional states.

Among the methods for studying emotional responses, auditory stimuli offer unique
advantages over visual or audiovisual approaches. Sounds are particularly effective in
engaging the brain regions involved in emotional processing, such as the amygdala, which
plays a central role in emotion evaluation and regulation. Furthermore, auditory stimuli
activate central and temporal brain regions involved in auditory perception and processing,
while audiovisual stimuli also recruit occipital areas associated with visual processing [2,3].
The evolutionary importance of auditory stimuli further amplifies their impact; certain
sounds, such as cries or screams, elicit immediate emotional responses and increased
attention. This makes auditory-based paradigms particularly compelling for investigating
emotional responses [4].
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Despite the recognized importance of auditory stimuli, research on emotion recogni-
tion has predominantly relied on visual stimuli, such as images or videos. Notable tools
like the International Affective Picture System (IAPS) and audiovisual databases such as
DEAP and SEED are widely used to induce and analyze emotions through physiological
signals [5–8]. However, databases focused exclusively on auditory stimuli remain relatively
scarce. Although the International Affective Digitalized Sounds (IADS) database is widely
used as a standardized resource for auditory emotional induction, it still requires further
methodological refinement and adaptation for specific research applications [4,9].

The creation of an EEG dataset based on auditory stimuli addresses this gap by offer-
ing a resource tailored to understand how sounds elicit emotional responses. Auditory
stimuli can evoke significant emotional reactions by activating key brain regions, including
the amygdala, and by inducing states of attention and emotion related to evolutionary
processes [10]. These qualities make auditory stimuli particularly effective tools for emo-
tional induction and underscore the necessity of a standardized EEG dataset focused on
this modality.

This work introduces the creation and initial evaluation of a novel EEG dataset de-
signed to analyze emotional responses induced by auditory stimuli from the IADS database.
The dataset was generated through a controlled experimental protocol, wherein auditory
stimuli were carefully normalized for homogeneity. EEG recordings were obtained using
a 16-channel system synchronized with platforms such as OpenVibe and Lab Streaming
Layer (LSL). Dual labeling was implemented, incorporating both participants’ self-reported
emotional responses and the intrinsic characteristics of the auditory stimuli.

The primary contribution of this study is the provision of a valuable resource for the
scientific community, aimed at advancing the characterization and classification of emo-
tional states through machine learning techniques [11]. Beyond fostering future research
in emotion recognition, this dataset lays the groundwork for developing BCI systems that
integrate affective analysis, with potential applications in mental health, education, and
human-computer interaction [6,12,13].

2. Materials and Methods
2.1. Experimental Setup
2.1.1. Stimuli Selection

The experimental stimuli were selected from the International Digitalized Affective
Sound (IADS) database. The IADS database is made up of 170 semantic affective sounds,
each one with a duration of 6 s. This database is characterized by indices ranging from 1 to
9 across the dimensions of valence, arousal, and dominance [4]. To develop the stimulation
protocol, the database was categorized into three categories based on the valence scale
rating of each sound: negative (indices 1–4), neutral (indices 4–6) and positive (indices 6–9).
This categorization was carried out according to the guidelines outlined in the database
manual provided by the database authors. Thirty stimuli (10 per class) with extreme
valence values and high activation levels were selected from the IADS database. To ensure
a consistent and standardized presentation of auditory stimuli, key modifications were
made to the IADS database, involving the normalization of both amplitude and sampling
frequency. Specifically, the maximum intensity for all sound stimuli was set at 0 dB, and the
sampling frequency was unified to 44.1 kHz. This methodological rigor not only minimizes
variability in auditory experience by reducing biases related to perception and volume but
also enhances the reliability of the collected data, allowing more precise comparisons of
emotional responses between participants and experimental conditions and improving
reproducibility. The selected stimuli, along with their reference number, sound description,
valence, and arousal index for each class, are presented in Table 1.
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Table 1. Stimuli selected from the IADS database.

Emotional State Reference Number Sound Description Valence Arousal

Positive

110 Baby 7.64 6.03
220 Boy Laugh 7.28 6.00
311 Crowd 7.65 7.12
352 Sports Crowd 7.17 7.07
353 Baseball 7.38 6.62
360 Roller coaster 6.94 7.54
716 Slot Machine 7.00 6.44
815 Rock N Roll 7.90 6.85
817 Bongos 7.67 7.15
820 Funk Music 6.94 5.87

Neutral

170 Night 5.31 4.60
246 heart Beat 4.83 4.65
322 Type writer 5.01 4.79
361 Restaurant 5.36 5.01
368 Crowd 5.15 4.75
373 Paint 5.09 4.65
376 Lawn Power 4.88 4.60
425 Train 5.09 5.15
698 Rain 4.83 4.65
722 Walking 4.83 4.97

Negative

275 Scream 2.05 8.16
276 Female scream 1.93 7.77
277 Female scream 1.63 7.79
278 Child abuse 1.57 7.27
279 Attack 1.68 7.95
285 Attack 1.80 7.79
286 Victim 1.68 7.88
290 Fight 1.65 7.61
292 Male scream 1.99 7.28
424 Car wreck 2.04 7.99

2.1.2. Participants

The population sample size was calculated assuming a completely randomized exper-
iment with a normal distribution, an infinite population size, and a stimulus variability
of 0.30. The maximum permissible error was set at 10%, and the confidence level at 95%.
These conditions resulted in a minimum sample size of 34 volunteers. All volunteers
signed the informed consent form approved by the Bioethics Committee of the Universidad
Autónoma de Manizales on 11 February 2020. The sample consisted of 36 participants
(N = 36) aged 18 to 25 years (mean = 22 years, SD = 2.8 years) Of the total volunteers, 22.2%
were women and 77.8% were men. All participants were Colombian university students
from Universidad del Quindío (n = 31), Universidad Autónoma de Manizales (n = 3), and
Universidad de Caldas (n = 2).

2.1.3. Experimental Protocol

The stimulation protocol was developed using the Psychopy platform [14]. The exper-
imental setup was performed in phases, beginning with system synchronization, followed
by a 180-second baseline period. Subsequently, experimental instructions were presented,
accompanied by two demonstration examples. Finally, the six-second stimulation process
was conducted, followed by the respective evaluation of the stimulus. Figure 1 shows
a flow chart of the stimulation protocol. For precise experimental control, the start and
end of the stimulation were labeled, with “0” indicating the start and “1” the end of the
stimulus. This information, along with the stimulus class labels (Positive “1”, Neutral “0”,
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and Negative “−1”), was stored and synchronized with the signal acquisition system via
the LSL library. All data labeled were saved in a CSV file.

Figure 1. Stimulation protocol developed on the Psychopy platform.

2.1.4. Affective Self-Assessment

Two standardized instruments were selected to assess the participants’ affective state
within the experimental design. The initial instrument was the Positive and Negative Affect
Schedule (PANAS) [15], comprising 20 items that represent positive (10) or negative (10)
emotions. Each item is answered on a five-point Likert scale with options ranging from 1
(’not at all’) to 5 (’very much’). The questionnaire was administered at the beginning and
end of the experiment. The second instrument was the affective slider [16], which allowed
for the evaluating of auditory stimuli during the experiment using valence and arousal
scales. Each scale ranged from 1 to 9. Figure 2 presents the affective slider, with the arousal
scale located at the top, and the valence scale located at the bottom.

Figure 2. Affective Slider used in the experiment, assessment adapted from [16]. The arousal scale is
located at the top and the valence scale is situated at the bottom.
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2.1.5. Signal Acquisition

Signal acquisition was performed using the 16-channel g-Nautilus Research BCI with
active wet electrodes. The device was configured with a sampling frequency of 250 Hz,
a sensitivity of ±250 mV, and two filters: an 8-order Butterworth bandpass filter with
cutoff frequencies from 0 to 100 Hz, and a 4-order Butterworth band-reject filter with a
central frequency of 60 Hz. The electrodes were strategically distributed to record neural
responses from the prefrontal, temporal, and central cortices of the participants. The
selected electrodes included FP1, FP2, F7, F3, Fz, F4, F8, C3, Cz, C4, T7, T8, FC1, FC2,
FT9, and FT10. Signal acquisition was carried out on the OpenVibe platform. This specific
placement was chosen to facilitate the analysis of auditory and emotional responses, as
these functions are mainly concentrated in these brain regions.

2.2. Processing and Characterization of EEG Signal
2.2.1. Signal Filtering

Three second-order Butterworth filters were designed and implemented. A high-pass
filter with a cut-off frequency of 0.1 Hz, which aims to remove the DC level present in the
EEG signal, followed by a band-reject filter with cut-off frequencies ranging from 59 Hz to
62 Hz to attenuate the 60 Hz noise components that were still present in the EEG signals,
and finally, a band-pass filter with a lower cut-off frequency of 0.5 Hz and a higher one of
55 Hz to remove high-frequency noise and possible low-frequency artifacts.

2.2.2. EEG Signal Normalization

Signal range normalization was performed in two steps. First, the signal was scaled
according to its minimum value (Equation (1)), followed by an adjustment of the signal’s
maximum values (Equation (2)) to bring all signals to the same scale, facilitating their
analysis. This process also helps smooth out potential signal spikes caused by involuntary
movements of participants.

xim(t) = xi f (t)− min(xi f (t)) (1)

xin(t) =
xim(t)

max(xim(t))
(2)

2.2.3. Signal Segmentation

Segmentation was performed based on stimuli categories, which were stored in a CSV
file associated with each participant’s experimental session. These labels were numbered by
class: 1 for positive, 0 for neutral, and −1 for negative stimuli. Additionally, the stimulation
system sent a ‘0’ to indicate the beginning of auditory stimulus playback and a ‘1’ for its
conclusion. The file containing the EEG signals, the acquired markers, and the time scale
relating both systems allowed for the identification of signal segments for analysis. From
each participant, signal segments corresponding to the 180 s baseline and the brain activity
recorded by each user in the stimulation process were extracted. Figure 3 illustrates the
EEG signal segmentation process.

The signal segmentation was performed according to the labels that denote the start
and end stimuli point and the order in which the stimuli were presented. The use of
these labels allowed the extraction of 31 segments of the EEG signal, covering a baseline
segment with a duration of 3 min and 30 segments of 6 seconds, each divided into 10 signal
sections per class. The signal segments are then organized through a comparison of the
times associated with the markers and the recording times of the EEG signal. Following the
signal segmentation stage, the signal underwent filtration to yield the five brain rhythms:
delta, theta, alpha, beta, and gamma. All signals were stored in a 1 × 34 cell array structure



Data 2025, 10, 144 6 of 18

(cell per volunteer). Each cell is composed of a 2 × 5 structure. The first row contains the
structures of the five rhythms associated with the stimuli, and the second row contains
the rhythms of the baseline EEG signal. The cell of each rhythm contains a substructure
with the three classes analyzed, each of which has a 16 × 10 substructure. In this case, the
rows represent the EEG channels, and the columns represent the 10 EEG signal segments
acquired during the stimulation process.

Figure 3. EEG signal segmentation and data storage by class.

2.2.4. EEG Signal Characterization

Signal processing and pattern extraction were performed on the delta, theta, alpha,
beta, and gamma brain rhythms of each participant. Pattern extraction was conducted in
two phases. The initial phase involved developing of two scenarios to estimate valence
and arousal rates [17,18]. In the subsequent phase, an analysis of the hemispheric response
within the calculated brain rhythms was performed.

Rhythms extraction: Brain rhythms were extracted using second-order Butterworth
filters applied to segmented EEG signals. The filtered signals were stored in structures
comprising independent vectors for the EEG signal of each rhythm. The frequencies used
in the filter design are presented in Table 2.

Valence and Arousal Estimation: Valence and arousal rates were calculated by adapt-
ing the model presented by [17,18] (Equations (3) and (4)), where the spectral response of
the alpha and beta rhythms of the electrodes located in the prefrontal cortex is analyzed.

Valence = βF3/αF3 − βF4/αF4 (3)

Arousal =
1

αFP1 + αFP2 + αF3 + αF4
(4)
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Table 2. Setups Brain Rhythms Filters.

Brain Rhythm Filter Type Cutoff Frequencies

Delta Band pass 0.5 Hz–4 Hz
Theta Band pass 4 Hz–7 Hz
Alpha Band pass 8 Hz–13 Hz
Beta Band pass 14 Hz–30 Hz

Gamma High pass 30 Hz

Valence and arousal values were calculated for each of the signal segments, which
were labeled according to the stimulus presented to the user. A total of 34 volunteers
participated in the study, with 10 stimuli administered in each class, in three classes. This
yielded a total of 1020 segments/trials (34 volunteers × 10 stimuli/class × 3 classes). Each
segment was characterized by its valence and arousal values, providing two features for
each segment. Consequently, this resulted in 1020 × 2 training matrices, where each row
represents a segment, and the two columns correspond to its valence and arousal features.
The first column of each matrix corresponds to the arousal indexes, while the second
column corresponds to the valence indexes.

Hemispheric Asymmetry Calculation: Asymmetry analysis was performed by sub-
tracting the average energy and power levels of the complementary electrodes for the
different brain rhythms studied [19]. The complementary channels are listed in Table 3.

Table 3. Complementary channels subtraction.

N° Complementary Channels Subtraction

1 FP1–FP2
2 F3–F4
3 F7–F8
4 FC1–FC2
5 C3–C4
6 T7–T8
7 FT9–FT10

2.2.5. Classifier Setup

To classify the dataset, four supervised learning algorithms were evaluated to analyze
class separability and determine the model with optimal performance. The configurations
of the selected algorithms are presented in Table 4.

Table 4. Classifier Setup.

Classifier Setup Description

Support Vector Machine Kernel: RBF; Gamma = 0.5

Artificial Neural Network
RNA of 8 layers: 1 input layer, 6 hidden layers y 1 Output
layer; Activation function: ReLU; Neurons per layer: 128,
256, 512, 1024

Linear Discriminant Default setup

Bayesian Classifier Default setup

The training scenarios were configured using the spectral energy and power spec-
tral density (PSD) obtained from the features extracted from the EEG signals. The odd-
numbered scenarios were created with spectral energy, while the even-numbered scenarios
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were created with power spectral density. Table 5 details the dimensions of the matrices
employed in the training of the classifiers.

Table 5. Dimensions of training scenarios 3 to 8.

Scenarios Rhythms Dimensions

1–2 Valence-Arousal 1020 × 2
3–4 Delta, Theta, Alpha, Beta and Gamma 105 × 34
5–6 Alpha, Beta and Gamma 63 × 34
7–8 Delta, theta and Gamma 63 × 34

3. Results
3.1. Assessment Results

PANAS assessment: The PANAS questionnaire was administered to participants
before and after the experiment to assess the effects of stimulation on their affective state.
Figure 4 shows that 18 of the 36 volunteers experienced a decrease in their positive affective
state at the end of the experiment, with the mean value of 31.92 to 30.66. Furthermore,
Figure 5 shows that 11 of the 36 volunteers reported an increase in negative affective state
at the end of the experiment. Nevertheless, when comparing the mean response before and
after the experiment, a general decrease in negative affective state was observed, from a
level of 15.50 to 15.08.

Figure 4. Positive affective scale pre and post experiment.

Figure 5. Negative affective scale pre and post experiment.
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Affective Slider: Figure 6 shows the results of the auditory stimulus evaluation using
the affective slider (experimental values), contrasting them with the indicators for each
stimulus reported in the IADS database manual (control values). For the positive class
(Table 6), the study revealed no statistically significant differences between the experimental
results and the control values for both valence and arousal indices. The obtained p-values
were above the established significance level of 0.05 for both scales. For the neutral class
(Table 7), the valence indices did not show a significant difference between the experimental
and control values. However, for the arousal indices, a statistically significant difference
was observed between the experimental mean (5.27) and the control mean (4.78) (t = 5.66,
p = 22.68 × 10−6), indicating a noticeable effect of the experiment on the participants’
activation scale. Analysis of the negative class (Table 8) revealed significant changes in both
the valence and arousal scales. On the valence scale, the mean increased from 1.80 to 2.60
(p = 1.06× 10−6), indicating that negative stimuli had a tendency to be perceived as neutral.
On the arousal scale, there was a decrease in mean from 7.75 to 6.61 (p = 9.00 × 10−6),
indicating a lower activation of the stimuli.

Table 6. Affective slider results analysis, positive class with unequal mean and variance at a level of
p ≤ 0.05.

Valence Arousal
Experimental Control Experimental Control

Mean 6.73 6.67 6.46 6.67
Variance 0.37 0.33 0.21 0.33

Observations 10.00 10.00 10.00 10.00
Hypothetical difference of means 0.00 0.00

Degrees of freedom 18.00 17.00
Statistical t 0.24 −0.90

p(T ≤ t) two tails 0.82 0.38
Critical value of t (two tails) 2.10 2.11

Table 7. Affective slider results analysis, Neutral class with unequal mean and variance at a level of
p ≤ 0.05.

Valence Arousal
Experimental Control Experimental Control

Mean 5.47 5.04 5.27 4.78
Variance 0.63 0.04 0.04 0.04

Observations 10.00 10.00 10.00 10.00
Degrees of freedom 10.00 18.00

Statistical t 1.66 5.66
p(T ≤ t) two tails 0.13 22.65 × 10−6

Critical value t (two tails) 2.23 2.10

Table 8. Affective slider results analysis, Negative class with unequal mean and variance at a level of
p ≤ 0.05.

Valence Arousal
Experimental Control Experimental Control

Mean 2.60 1.80 6.61 7.75
Variance 0.11 0.03 0.21 0.08

Observations 10.00 10.00 10.00 10.00
Degrees of freedom 14.00 15.00

Statistical t 6.66 −6.56
p(T ≤ t) two tails 1.08 × 10−6 9.00 × 10−6

Critical value of t (two tails) 2.14 2.13
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Figure 6. Affective Slider Experimental Results.

3.2. Emotion Recognition
3.2.1. EEG Signal Preprocessing

The signal preprocessing stage conditioned the acquired EEG signal for the characteri-
zation stage. This process consists of filtering and normalization, followed by segmentation
and extraction of EEG signal rhythms for pattern extraction. During the initial signal
inspection, inconsistencies were observed in the EEG signals from two participants. These
issues were attributed to data transmission problems between the BCI device and the
acquisition computer. Consequently, the data from these two participants were excluded
from the subsequent processing stage and machine learning training.

EEG Signal Filtering and Standardization: The acquired EEG signal is characterized
by high-frequency noise, electrical network noise, and artifacts resulting from involuntary
user movement. To address this, three filters were implemented in the analysis, followed
by signal normalization applying Equations (1) and (2). The EEG signal from electrode FC1
is shown in Figure 7, with the raw data and the filtered and normalized signal presented in
the upper and lower panels, respectively. Additionally, the segmented and filtered EEG
signal for each rhythm from channel FP1 and the negative class is shown in Figure 8.

Figure 7. EEG signal channel FC1. The upper figure illustrates the raw signal, while the lower figure
depicts the filtered signal.
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Figure 8. Segmented and filtered EEG signal, for each rhythm (Delta, Theta, Alpha, Beta and Gamma),
channel FP1, negative class.

3.2.2. Pattern Extraction

The pattern extraction process involved the formulation of eight training scenarios.
In the first two scenarios, the levels of valence and arousal were extracted by operating
the alpha and beta using Equations (3) and (4), as reported in the existing literature [17,18].
The subsequent scenarios, designated as 3 to 8, involve the analysis of asymmetric re-
sponses through the integration of the five rhythms present in the EEG followed by the
complementary channels (Table 3).

Valence and Arousal levels, Scenarios 1 and 2: Figure 9 illustrates the dispersion of
valence and arousal, showing the indexes corresponding to scenarios 1 (spectral energy)
and 2 (PSD). In Scenario 1, there is a clear absence of significant separation between the
classes, as evidenced by the substantial dispersion of positive patterns, which are intermingled
with negative and neutral patterns. In addition, it has been observed that the neutral and
negative patterns are frequently grouped together. This observation suggests that in the
machine learning process, there are significant classification errors between these two classes.
Furthermore, the overlap between the negative and neutral classes was anticipated when
contrasting the results of the significance analysis performed on the valence and arousal indices
provided by the affective slider. In Scenario 2, the calculation of the valence and arousal indices
with the power spectral density reveals a higher concentration of features per class.

Figure 9. Scatter plot of valence and arousal parameters extracted from the EEG signal.
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Asymmetry analysis, scenarios 3 to 8: Using a box-and-whisker plot for each rhythm
derived from the asymmetry analysis, Figure 10 and Appendix A depict the distribution
and trend of the patterns for the 34 volunteers. In the analysis of the hemispheric response,
it is evident that 89% of the volunteers showed a tendency to activate the left hemisphere
in the delta rhythm, with no apparent change between the classes analyzed. In contrast,
analysis of the theta rhythm reveals a greater dispersion, both in the spectral energy analysis
and in the power spectral density. The findings indicate that 24% of the subjects exhibited a
tendency to activate the right hemisphere in the three distinct classes. The results of the
study indicated a tendency for activation of the left hemisphere in response to the alpha,
beta, and gamma rhythms, with a comparable dispersion observed between all participants.

Figure 10. Asymmetry response Delta rhythm.

3.3. Classification Results

Four classifiers were trained in eight different characterization scenarios to determine
the combination of patterns and the classifier with optimal performance in the recognition
process of the three analyzed emotional classes. This determination was based on the
processing of the brain rhythms of the electrodes located in the frontal region. The training
of each learning machine was carried out 100 times. In each iteration, the characteristics of
each scenario were randomized and divided into two groups: a training group comprising
80% of the data and a second validation group comprising the remaining 20%.

The performance of the classification algorithms is evaluated by the calculation of
multiple indicators (true positives—“TP”, true negatives—“TN”, false positives—“FP”
and false negatives—“FN”) derived from the results of the confusion matrices obtained
during the training and validation process. The performance of the trained machines was
determined by measuring the accuracy (ACC) based on the density of the models.

As Table 9 illustrates, the performance results obtained by measuring the accuracy in
the recognition of the three analyzed classes of the four learning machines trained in the
eight scenarios created are presented.

Table 9. Training Performance Results (AAC) of the eight scenarios with the four selected learn-
ing machines.

N° SVM RNA LDA CB

1 63.56% ± 1.11% 58.86% ± 4.62% 52.40% ± 1.60% 58.6% ± 1.51%
2 46.45% ± 0.88% 47.06% ± 1.57% 50.13% ± 2.02% 49.35% ± 2.08%
3 47.90% ± 0.37% 33.33% ± 1.74% 50.98% ± 2.01% 27.80% ± 2.50%
4 43.48% ± 3.27% 88.57% ± 2.00% 27.59% ± 1.60% 28.70% ± 2.51%
5 47.06% ± 5.12% 70.22% ± 2.45% 36.67% ± 2.81% 33.33% ± 1.62%
6 46.43% ± 3.00% 65.08% ± 1.80% 36.67% ± 2.02% 33.33% ± 1.32%
7 44.18% ± 4.83% 60.31% ± 5.32% 33.33% ± 2.02% 22.23% ± 1.01%
8 46.35% ± 5.54% 49.20% ± 4.35% 40.00% ± 4.00% 22.23% ± 1.00%
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4. Discussion
The database of EEG signals with sound stimulation developed in this work is a sig-

nificant resource for the scientific community interested in the analysis of emotional states
(positive, negative, and neutral) through brain activity. The design and compilation of the
model were intrinsically linked to its potential application in the training and validation
of machine learning algorithms aimed at the classification and understanding of human
emotional responses. The process was carried out in three stages. The first stage involved the
design of the experiment, which included calculating the number of participants, the selection
of stimuli, and the design of the signal acquisition and stimulation protocol. The second stage
involved the execution of the experiment, and the third stage consisted of the analysis of the
acquired signals to design the recognition methodology, together with the evaluation of the
subjective results of the volunteers. These results were obtained by analyzing the instruments
used during the experimental phase (PANAS Form and Affective Slider).

The selection of IADS database for the characterization process was made, as it is a
standard widely validated and appropriately referenced in the existing literature [4,20].
This database was determined to be the most suitable for the characterization of EEG
signals for the recognition of three emotional states, given that it is one of the few available
resources containing validated auditory stimuli. A theoretical framework was required for
the characterization process, and the IADS database provided the necessary reference labels
for the theoretical evaluation of the EEG response. The results found in both the PANAS
form and the Affective Slider indicated that the majority of volunteers exhibited minimal
emotional fluctuations at the end of the experiment. It was determined that a contributing
factor to the reduced emotional distress experienced by participants when presented with
stimuli classified as negative within the IADS database was the naturalization of violence.
This phenomenon has been widely reported in the literature [21–23], where it is posited
that the naturalization of violence is significantly influenced by the prevailing sociocultural
context, which, in turn, modulates societal perceptions of and reactions to violent content.
Consequently, the outcomes of the negative class exhibited a high degree of overlap with
those of the neutral class. Furthermore, it was observed that the age of the database
rendered many of the neutral and positive stimuli obsolete within the contemporary context.
While the evaluation of stimuli is known to be significantly influenced by cultural factors,
these stimuli nevertheless served as a crucial input for the subsequent creation of an EEG
signal database for the recognition of three emotional states using auditory stimulation.

In the pattern extraction process, eight training scenarios were proposed. The first two
focused on the calculation of pleasure and activation indices from EEG signal processing in
the frontal region, using beta (β) and alpha (α) rhythms. According to the literature [17,24],
these indices generally provide relevant features to train emotional classification models,
facilitating the separation between classes of emotional states. However, in this particular
study, models trained with these patterns did not achieve classification percentages higher
than 64%. In contrast, research such as Koelstra et al. [6] and Zheng and Lu [7] proposes
the analysis of emotional response using asymmetry indices, based on the comparison of
complementary electrode activity to identify discriminative patterns. Following this line,
training scenarios 3 to 8 explored combinations of EEG signal patterns, considering the
five frequency bands present in the electroencephalographic recording (delta—δ, theta—θ,
alpha—α, beta—β and gamma—γ). The distribution of the asymmetry response per
participant demonstrates the subjectivity of the emotion induction processes, where the
sociocultural context affects both the response of the indexes found in the analysis of
the affective slider and the distribution of the patterns of training scenarios 1 to 8. An
overlap is observed between the analyzed classes, which causes the trained classifiers
to not present classification percentages higher than 90%. In this context, the ANN that
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demonstrated the most optimal performance in recognizing the three emotional states was
the one trained with scenario 4 (see Table 4). This scenario involves an analysis of the
brain hemispheric response by calculating the asymmetries of complementary electrodes,
resulting in an accuracy percentage of 88.57% ± 2.00%. The alternative classifier option
that can be used is the ANN trained with scenario 5, which presented an accuracy of
70.22% ± 2.45%. A subsequent analysis of the results obtained from the validation of
the SVM, LDA, and CB classifiers revealed that these methods were unable to achieve
satisfactory performance in recognizing the three emotion classes examined. This limited
performance is likely attributable to the inherent complexity and high dimensionality
of EEG signals, which often contain non-linear relationships and subtle patterns that
traditional linear or shallow classifiers struggle to capture effectively. For such intricate
data, more sophisticated approaches may be necessary.

Specifically, the application of deep learning techniques, such as convolutional neural
networks (CNNs) or recurrent neural networks (RNNs), could offer significant improve-
ments. These models are inherently designed to learn hierarchical features directly from
raw or minimally preprocessed data, potentially uncovering nuanced emotional states
embedded within the EEG signals. Alternatively, implementing a robust dimensionality
reduction strategy, such as principal component analysis (PCA) or independent component
analysis (ICA), as an initial step could also enhance recognition performance. By transform-
ing high-dimensional EEG data into a set of uncorrelated components that capture the most
significant variance, these methods not only can mitigate the curse of dimensionality but
also potentially highlight features more discriminative for emotion classification, thereby
optimizing the performance of even the traditional classifiers on this dataset.

Limitations and Experimental Challenges: During the experimental process, difficul-
ties related to the normalization of violence by some volunteers were identified. As these
were young individuals who had grown up in violent environments, we observed that
many tended to interpret the presented negative stimuli as normal or expected situations.
This altered perception resulted in the lack of desired emotional responses in the EEG
signals. The effect of this normalization was evident in the overlapping of classes during
the valence and arousal analysis performed on the EEG signals, which hindered a clear
differentiation between the expected negative emotional states.

5. Conclusions
A novel database for emotion recognition through auditory stimulation was success-

fully developed and validated using electroencephalography (EEG) signals. The primary
contribution of this study is the establishment of a robust methodology for characteriz-
ing and classifying emotional states, addressing a critical gap in the existing literature.
A notable finding was that participants’ perception of negatively valenced stimuli was
altered, with these stimuli often being perceived as neutral. This phenomenon was also
observed during the EEG signal characterization process, suggesting that the sociocultural
environment influences the perception of these stimuli.

It was determined that artificial neural networks (ANNs) exhibited superior perfor-
mance for emotion recognition, achieving an accuracy of 88.57% ± 2.00%. This significantly
outperformed other machine learning classifiers like SVM, LDA, and BC. This result was
obtained using a training scenario that incorporated asymmetry indices derived from the
spectral response of complementary electrodes in the frontal, temporal, and central regions.
These findings highlight the importance of analyzing inter-hemispheric brain activity for
the accurate classification of emotional states.
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The development of this database and the validation of this methodology provide
a valuable resource for advancing research in affective computing and BCI, particularly
within the less-explored domain of auditory-induced emotional responses. The dataset’s
meticulously curated content and standardized platform enable direct comparisons be-
tween various machine learning algorithms and signal processing techniques, thereby accel-
erating the development of more robust and accurate emotional state classification models.
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Appendix A
Figures A1–A4 illustrate the asymmetric response of the beta, theta, alpha, and gamma

rhythms in the 34 volunteers.

https://sites.google.com/uniquindio.edu.co/thesis-repository/dataset?authuser=0
https://sites.google.com/uniquindio.edu.co/thesis-repository/dataset?authuser=0
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Figure A1. Asymmetry response Theta rhythm.

Figure A2. Asymmetry response Alpha rhythm.

Figure A3. Asymmetry response Beta rhythm.
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Figure A4. Asymmetry response Gamma rhythm.
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