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Abstract—Emotion Regulation (ER) is the ability to manage
emotional responses. ER is important for maintaining mental
health and handling social interactions, especially under stress.
This study explores the brain activity involved in ER using elec-
troencephalography (EEG) and machine learning (ML) models
to predict successful and unsuccessful ER. Study participants
viewed emotional and neutral images under two conditions:
regular viewing and being asked to reduce their emotions. At the
end of each experimental trial, participants rated the intensity of
their emotional response to the image. Ratings of low intensity (1
and 2) were classified as successful ER, whereas ratings of high
intensity (3 and 4) were considered indicative of unsuccessful ER.
EEG signals were analyzed in both time and frequency domains
to identify patterns linked to ER. In the time domain, significant
differences in Global Field Power (GFP) were observed, especially
in the frontal and central regions of the brain. Frequency-
domain analysis using Power Spectral Density (PSD) showed that
theta, beta, and gamma bands were important for regulating
emotions. Using these analysis results, machine learning models
were trained to predict regulation success. Among the models,
a neural network with Maximum Mean Discrepancy (MMD)
loss performed the best, achieving an F1-score macro of 75.57%
with a subject-independent approach. These machine-learning
models highlight the importance of frontal and central brain
regions and beta brain frequency signals in the prediction of ER
levels. It shows that combining EEG data with advanced machine
learning methods can create accurate models for understanding
and predicting emotional responses. Additionally, this integrated
EEG-based approach represents a novel framework for ER
assessment, offering a promising direction for future research
and enabling personalized mental health treatments.

Index Terms—Emotion Regulation (ER), Electroencephalogra-
phy (EEG), Machine Learning, Neural Networks, Global Field
Power (GFP), Power Spectral Density (PSD)

I. INTRODUCTION

Emotion Regulation (ER) is the ability to manage and mod-
ify emotional responses to external events and experiences as
well as to one’s own thoughts [1]. ER helps us maintain control
over our feelings and actions, thereby increasing the likelihood
that we will generate situation-appropriate responses. Previous
research has identified numerous ER strategies including the
reappraisal of emotional thoughts or situations, shifting or
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distracting attention away from emotional stimuli, and actively
suppressing emotional reactions [1]. Although the effective-
ness of these strategies varies, research typically shows that
ER is an important contributor to both mental health and
effective social interactions [2]. Given this importance, it is
imperative for researchers to identify the neural structures that
work together to perform ER. Doing so will provide important
insights into the cause of ER failures in different populations,
such as the elderly or individuals with neurological disorders
[3], and may eventually allow us to predict when such emotion
dysregulation will occur.

The popular neuroimaging technique, electroencephalogra-
phy (EEG), is useful for understanding ER neural processes.
EEG can be used to assess how ER processes can alter
brain responses to visual stimuli, such as emotional images or
videos. This experimental setup has been widely used, forming
the foundation for EEG-based emotion recognition studies [4]–
[6]. EEG technology has proven effective for emotion recog-
nition, particularly when combined with advanced machine
learning models [7]–[10]. These models enhance the accuracy
of detecting human emotions by analyzing the spectral, spa-
tial, and temporal features of EEG signals. However, to our
knowledge, no previous research has used machine learning
models to examine the patterns of neural activity associated
with ER.

To that end, this study aims to collect and analyze brain
signals when participants are specifically asked to reduce their
emotional responses. Collected EEG signals are then used to
identify neural patterns related to ER. After each stimulus,
participants were asked to input the intensity of their emotional
response after regulation processes on a scale of 1 (low) to 4
(high); this helped measure subjective emotional intensities
along with regulation processes. Finally, machine learning
models were developed to predict subjective emotional ratings
after participants attempted to reduce their emotional response
to a stimulus.

II. RELATED WORKS

A. Emotion Regulation using EEG

Numerous studies have used EEG to investigate the neural
patterns associated with ER. For instance, Kosonogov et al.
[11] examined the effects of different ER strategies on brain
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activity by analyzing EEG-based indices of engagement and
arousal. These indices were derived from spectral power in
specific frequency bands, providing insights into how cognitive
and emotional processes are modulated during ER tasks. Fur-
thermore, Del Popolo Cristaldi et al. [12] used EEG to study
how ER strategies affect the brain’s handling of emotions.
They found that ER did not influence how the brain first
predicts emotions. However, expressive suppression activated
brain areas linked to self-control, while cognitive reappraisal
boosted activity in regions that help adjust emotions based on
new information. These results show that different ER strate-
gies shape brain responses in changing situations. Addition-
ally, Thiruchselvam et al. [13] found that distraction reduced
the late positive potential (LPP) faster than reappraisal during
regulation. Later, when the participants were shown the images
again, those that had been previously associated with distrac-
tion caused a stronger late positive potential (LPP) compared
to images that were simply viewed without any regulation.
This suggests that distraction and reappraisal affect different
parts of the emotional process. Finally, Dennis et al. [14]
found that higher frontal EEG activity during mood inductions
(fearful, sad, or neutral) compared to a resting baseline was
linked to better ER and participants with greater frontal activity
reported less sadness and anxiety after the mood inductions.
Similar to [13] our study uses LPP and the ER suppression
strategy. Unlike [14] which was focused specifically on the
frontal lobe, we aim to identify neural patterns across multiple
brain regions when individuals are instructed to reduce their
responses to an upcoming visual stimulus. Crucially, our
approach integrates both time-domain and frequency-domain
analyses to uncover robust neural biomarkers predictive of
successful ER.

B. Emotion Recognition using Machine Learning

In recent years, many research has focused on developing
advanced machine learning models for emotion recognition
using EEG systems [7], [15], [16]. A large portion of this work
leverages well-established datasets such as the SEED datasets
[4], [5], [7], [17], where participants are exposed to audio-
visual stimuli designed to elicit emotional responses. These
studies have achieved notable success in terms of classification
accuracy, demonstrating the potential of machine learning in
decoding emotions from EEG signals.

Current SEED datasets and state-of-the-art models perform
well for emotion classification. However, these models do not
use emotional intensity in their prediction. Dharia et al [18]
proposed a framework for classifying subjective emotional in-
tensity during simple emotional perception. The present study
building upon [18], advances the field to further understand
the neural mechanisms of emotional regulation by predicting
various levels of regulation, rather than focusing purely on
emotion classification.

III. METHODOLOGY

A. Dataset

The dataset includes EEG recordings from 21 university
students who participated in an experiment aimed at examining
the regulation of emotional responses to visual stimuli. This in-
volved presenting participants with 168 color photographs that
were used in our previous studies [18] and [19] categorized
into emotional and neutral groups. During the experiment,
for half of the images, participants were asked to actively
reduce their emotional responses, while for the other half, they
were instructed to simply view the images normally without
regulating their responses (normal viewing). The participants
subsequently rated the intensity of their emotional response on
a scale from 1 (minimal emotional response) to 4 (maximum
emotional response). Figure 1 shows the whole process in
detail.

EEG data were collected using the OpenBCI Cyton Daisy
Board in combination with OpenBCI Gelfree Electrode cap 1.
Additionally, a Photodiode Module was used for precise event
marking, ensuring synchronization of the stimuli presentation
and EEG recording. Data collection was carried out in a single
session divided into three blocks, with rest periods between
each to minimize fatigue and maintain focus.

The participants, primarily young adults, ranged in age from
16 to 36 years, with an average age of 22.1 and a standard
deviation of 4.9. The gender distribution included 14 females
and 7 males. Ethical considerations were rigorously adhered
to, with all participants providing informed, written consent
before participation. The study’s protocols conformed to the
ethical standards of the institutional research ethics board and
the national research committee, as well as the 1964 Helsinki
Declaration and its later amendments, ensuring the protection
of participant rights throughout the study.

For data analysis, we focus on negative images that evoked
strong emotional responses. To maintain the integrity of the
experimental paradigm and mitigate participant fatigue, neutral
images were also incorporated as control stimuli within the
experiment.

B. Preprocessing Pipeline for EEG Data

The preprocessing pipeline used in this study was adapted
from the methodology detailed in [18]. Initially, raw EEG data
files were loaded for each participant. We made sure that the
sampling rate was set to 125 Hz for all participants. Figure 2
shows all the electrodes placements used in data collection.

Further, the signals were filtered using a high-pass filter at
0.01 Hz to eliminate low-frequency drifts and a low-pass filter
at 62 Hz to attenuate high-frequency noise, including muscle
artifacts and environmental interferences. A notch filter at 60
Hz was applied to remove power line noise. As previously
used in [18], [19] in which authors used a temporal lobe
site as reference, our online reference channel during data
collection was T3 near to the earlobe, and the ground electrode
was placed near to Fz. The data was then segmented into

1https://openbci.com
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Fig. 1: Initially, participants focus on a fixation point for 1000 ms to ensure attentional readiness. Following this, an instruction
is given prior to the stimulus, indicating whether participants should view the upcoming stimulus as “Normal Viewing” or
“Reduce Your Response” for 2000 ms. Then a picture stimulus is presented for 2000 ms, during which emotional and cognitive
responses are elicited. Immediately after the stimulus presentation, participants rate their emotional intensity on a scale from
1 (low) to 4 (high). Each experimental block consists of 56 trials, with participants completing a total of 168 trials throughout
the study.

Fig. 2: Electrodes placement used for data collection.

epochs spanning from −400 ms to 2 seconds relative to
stimulus onset. This extended duration was chosen to capture
delayed emotional regulation effects, which may not appear
immediately after stimulus presentation.

An automated artifact rejection procedure, using AutoReject
[20], was employed to detect and interpolate bad segments
within the epochs. Following this, Independent Component
Analysis (ICA) was performed to identify and remove com-
ponents associated with ocular artifacts. To detect eye blinks,
electrooculographic (EOG) epochs were created from F3 and
F4, channels located near the eyes. ICA components were
evaluated for correlation with these EOG epochs, with a
threshold set at 0.5 for the maximum absolute score across
the EOG channels. Components exceeding this threshold
were classified as ocular artifacts and removed, resulting in
ICA-cleaned epochs. After ICA cleaning, a second round of
automated artifact rejection was applied. Baseline correction
was performed using the pre-stimulus interval from −400 ms
to 0 ms, and epochs with amplitudes exceeding ±100 µV
were discarded. Out of the original 3525 epochs, 2424 epochs
(68.77%) were retained.

C. Time Domain Analysis

The first stage of the analysis was conducted in the time
domain, focusing on identifying differences in the EEG signals
over time across the two experimental conditions. This analysis
utilized the Global Field Power (GFP) as a measure of the
spatial variability of EEG signals over the scalp. GFP provides
insights into the dynamics of the brain’s global electric field
and is particularly sensitive to condition-dependent changes,

by capturing the global variance of neural activity across all
electrodes [21].

The GFP is mathematically defined as:

GFP(t) =

√√√√ 1

N

N∑
i=1

(
Vi(t)− V (t)

)2
(1)

Where:
• Vi(t) represents the voltage recorded at electrode i at time

t,
• V (t) = 1

N

∑N
i=1 Vi(t) is the mean voltage across all

electrodes at time t,
• N denotes the total number of electrodes.
Using the conditions that we explained in Section III-A, the

overall flow of the analysis is outlined in Algorithm 1:

Algorithm 1 Time Domain Analysis

1: Input: Two experimental conditions C1 and C2, Prepro-
cessed EEG data for all participants

2: for each participant do
3: for each condition C1 and C2 do
4: # Identify Epoch Responses:
5: Extract epochs corresponding to the condition
6: if fewer than one epoch is available then
7: Remove the participant from the analysis
8: end if
9: # Compute GFP:

10: Average epochs to obtain a single evoke signal
11: Compute GFP for the evoke signal using Eq. (1)
12: end for
13: end for
14: # Perform Statistical Analysis:
15: Conduct a repeated-measures ANOVA on GFP values

of all participants to determine significant differences
between C1 and C2

D. Frequency Domain Analysis

Following the time-domain analysis, we extended the anal-
ysis to the frequency domain. This step aimed to explore
differences in brain activity across predefined frequency bands
and brain regions. For this analysis, EEG data were grouped
into five frequency bands: delta (0-4 Hz), theta (4-8 Hz),
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alpha (8-12 Hz), beta (12-30 Hz), and gamma (30-45 Hz).
Additionally, data were examined across specific brain regions:
frontal (F3, F4, and Fz), central (C4, C3, and Cz), parietal (P3,
P4, and Pz), occipital (O1 and O2), and temporal (T5 and T6).

The methodology followed a similar structure to the time-
domain analysis mentioned in Algorithm 1, with one key
distinction: instead of calculating the GFP, we computed the
Power Spectral Density (PSD) for each evoke in step 11. Sub-
sequently, repeated-measures ANOVA tests were performed
on the PSD values to determine significant differences.

The PSD was computed as follows:

PSD(f) =
1

N

∣∣∣∣∣
N−1∑
n=0

x(n)e−j2πfn/N

∣∣∣∣∣
2

(2)

Where:
• N : The total number of samples in the signal x(n),
• x(n): The discrete-time signal being analyzed,
• f : The frequency at which the Power Spectral Density is

evaluated,
• e−j2πfn/N : The complex exponential term representing

the Fourier Transform basis function, where j is the
imaginary unit.

E. Feature Extraction and Normalization

From the cleaned EEG epochs, we categorized the ER data
into two experimental conditions: Reduce Response 1+2 and
Reduce Response 3+4. The Reduce 1+2 trials represent cases
in which participants successfully reduced their emotional
responses to stimuli, whereas Reduce 3+4 trials represent
cases where stimuli elicited strong emotions despite partici-
pants being told to regulate their responses. For consistency,
only participants with sufficient data in both conditions were
retained for analysis, totaling 16 subjects.

To minimize noise and variability in the data, epochs
were grouped and averaged into sets of five, which we call
super-epochs. This method offers several advantages. First,
it reduces processing time. For example, if we are testing
the model on a new participant, instead of running the entire
experiment and collecting a large amount of data, we would
only need to show five stimuli and use their average as
input to the model. Second, this approach is consistent with
event-related potentials (ERPs) experiments, where ERPs are
obtained by averaging EEG signals for a particular condition.
From a practical standpoint, providing a single epoch might
introduce errors; however, averaging five epochs results in a
more reliable event representation. Finally, this method helps
address the data imbalance problem we faced, as grouping
and averaging epochs ensures a more consistent representation
of the data. This procedure was applied independently for
each condition and participant. The PSD for each super-epoch
was then computed, providing a concise representation of
the signal’s frequency-domain characteristics. The resulting
PSD features served as the foundation for subsequent machine
learning models aimed at classifying the two experimental
conditions.

Finally, features were scaled using Min-Max normalization,
ensuring the features were scaled in the range of 0 to 1:

Xnorm =
X −Xmin

Xmax −Xmin
(3)

Where X is the original value, Xmin and Xmax are the
minimum and maximum values found in the dataset.

Min-Max scaling was applied to normalize the feature
values separately for the training and test sets.

F. Support Vector Machine

We used Support Vector Machine (SVM), which is a tra-
ditional ML model to compare its performance with Neural
Network (NN) models. For hyper-parameter tuning, a subset of
three participants was randomly selected. The data was divided
into a training set, consisting of data from two participants, and
a validation set, consisting of data from the third participant.
The optimal hyper-parameters were determined based on the
F1-score macro obtained on the validation set. Once identified,
the best parameters were applied to train the SVM model on
the remaining subjects’ data.

G. Neural Network architecture

Our neural network architecture consisted of four fully
connected layers with 128, 64, 32, and 2 units, respectively,
each followed by ReLU activation functions and dropout
layers with a rate of 0.2 for regularization. The categorical
cross-entropy loss was used as the objective function, and the
AdamW optimizer was employed with a learning rate of 0.001
and a weight decay of 0.01.

To address class imbalances, a weighted cross-entropy loss
was employed, with class weights set to 0.5 for class 0 (Reduce
response 1+2) and 1.0 (Reduce response 3+4) for class 1,
meaning the weight for class 1 was twice that of class 0. The
loss function used is the cross-entropy loss, defined as:

LCE = − 1

N

N∑
i=1

C∑
c=1

yi,c log(ŷi,c) (4)

Where, yi,c is the ground truth label, ŷi,c is the predicted
probability for class c, N is the number of samples, and C is
the number of classes.

H. Neural Network architecture with MMD Loss

Building upon the previous neural network, Maximum
Mean Discrepancy (MMD) loss was also used to reduce
domain shifts between source (training) and target (test) and
to improve generalization across subjects. The final objective
function combines the categorical cross-entropy loss and the
MMD loss, weighted by a factor α set to 0.1.

The overall loss is defined as:

L = LCE + αLMMD (5)

Where:

LMMD =

∥∥∥∥∥∥ 1n
n∑

i=1

ϕ(xsource
i )− 1

m

m∑
j=1

ϕ(xtarget
j )

∥∥∥∥∥∥
2

(6)
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Here, ϕ represents the feature mapping function, xsource
i and

xtarget
j denote samples from the source and target domains

respectively, and n and m are the numbers of samples in each
domain.

I. Evaluation of the Models

All models, SVM, Neural Network, and Neural Network
with MMD loss, were evaluated using Leave-One-Subject-Out
Cross-Validation (LOSO CV), ensuring subject-independent
testing. The evaluation metric used was the F1-score macro,
averaged across all participants, providing a robust and com-
prehensive measure of the model’s generalization capability.

IV. EXPERIMENTS AND RESULTS

A. Time Domain Analysis

The time-domain analysis results, as shown in Table I,
indicate significant differences in the GFP signals when com-
paring two conditions: viewing negative images while reducing
emotional responses versus viewing negative images without
regulation. These differences were predominantly observed in
the central and temporal lobes, with a p-value < 0.05 using
repeated-measures ANOVA. Additionally, since previous work
[14] suggests the influence of frontal site for ER we combined
the frontal and central regions and we conducted a repeated-
measures ANOVA. This analysis also yielded a significant p-
value < 0.05, emphasizing the critical role of these brain re-
gions in ER. This combined GFP result is visually represented
in Figure 3a. Furthermore, it was observed that brain activity
(voltage) was higher when participants attempted to regulate
their emotions compared to when they passively viewed the
images.

To further investigate the ability to reduce emotional re-
sponses to negative images, we compared conditions where
participants were instructed to regulate their emotions. After
each trial, participants rated the stimuli based on how they
felt following the regulation attempt. Ratings of low intensity
(1 and 2) indicated successful ER, while ratings of high
intensity (3 and 4) suggested less effective regulation. Table II
presents the repeated-measures ANOVA results for ER across
different brain regions. Significant differences were observed
between low-intensity and high-intensity in all brain regions
except the parietal lobe, which did not exhibit significant
differences. Notably, the frontal and central regions showed
the most pronounced effects, highlighting their critical role in
ER. Figure 3b shows the GFP comparison between these two
conditions using frontal and central electrodes.

Interestingly, the high-intensity condition exhibits higher
GFP compared to the low-intensity condition. This observation
can be interpreted in two ways. First, the emotional inten-
sity of the image may have been too strong, rendering the
regulation process unsuccessful, and leading participants to
experience high-intensity emotions. Alternatively, the partic-
ipants’ attempts at ER may have been insufficient, causing
them to experience heightened emotional responses despite
their efforts.

TABLE I: Time Analysis Using ANOVA (Negative Reduced
vs. Negative Normal viewing)

Region ANOVA Results
Frontal (F3, F4, Fz) F (20) = 1.7706, p = 0.1983
Central (C3, C4, Cz) F (20) = 7.1780, p = 0.0144∗

Parietal (P3, P4, Pz) F (20) = 0.4491, p = 0.5104
Occipital (O1, O2) F (20) = 1.7136, p = 0.2054
Temporal (T5, T6) F (20) = 6.4947, p = 0.0191∗

Frontal & Central F (20) = 5.98, p = 0.0238∗

Note: ∗p < 0.05

TABLE II: Time Analysis Using ANOVA (Negative Reduced
1+2 vs. 3+4)

Region ANOVA Results
Frontal (F3, F4, Fz) F (15) = 22.42, p = 0.0003∗∗∗

Central (C3, C4, Cz) F (15) = 11.98, p = 0.0035∗∗

Parietal (P3, P4, Pz) F (15) = 3.30, p = 0.0893
Occipital (O1, O2) F (15) = 6.33, p = 0.0238∗

Temporal (T5, T6) F (15) = 8.80, p = 0.0096∗∗

Note:

∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05

B. Frequency Domain Analysis

In the frequency-domain analysis, Table III highlights the
significant differences between low intensities (1+2) and high
intensities (3+4) reduced response in PSD across frequency
bands and brain regions, determined by repeated-measures
ANOVA test. The results indicate significant differences across
all brain regions, specifically in the theta, beta, and gamma fre-
quency bands. Notably, the frontal region exhibits significant
differences across all the frequency bands with the beta band
showing the highest difference p < 0.01. Additionally, Fig-
ure 4 illustrates the directional differences in power between
these conditions for frontal and central brain regions.

C. Machine Learning

To evaluate the predictive capability for ER, we defined
binary classes: Class 0 - Successful ER (Negative Reduction
levels 1 and 2), and Class 1 - Unsuccessful ER (Negative
Reduction levels 3 and 4). The dataset consisted of 127
samples for class 0 and 42 samples for class 1, resulting in an
imbalanced class distribution. This imbalance was addressed
by using super-epochs, where the average response of 5
epochs was combined into one super-epoch for each subject
separately.

Table IV presents the results obtained when training all
three models using all EEG channels while selecting only
one frequency band as a feature. The beta frequency band
consistently achieves the highest F1-score (macro) across all
three models and frequency bands. Among the models, the
Neural Network consisting of four fully connected layers
with MMD Loss performs the best, achieving an F1-score
(macro) of 74.58%, outperforming both the standard Neural
Network and SVM. These results support our frequency-
domain analysis and confirm the beta band’s critical role
in enhancing model performance for effectively recognizing
successful or unsuccessful ER.

Based on our statistical analysis in the time domain and
frequency domain shown in Table II and III, significant
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(a) (b)

Fig. 3: Comparative GFP analysis for ER under different conditions. (a) Shows the time-domain analysis for regulated versus
unregulated emotional responses to negative images. (b) Displays the GFP comparison between low-intensity and high-intensity
ER conditions.

TABLE III: Frequency Analysis Using ANOVA (Negative Reduced 1+2 vs. 3+4)

Region Delta Theta Alpha Beta Gamma
All regions F (15) = 10.00, p = 0.006∗ F (15) = 9.18, p = 0.009∗ F (15) = 3.44, p = 0.083 F (15) = 7.18, p = 0.017∗ F (15) = 9.77, p = 0.007∗

Frontal (F3, F4, Fz) F (15) = 10.01, p = 0.006∗ F (15) = 8.98, p = 0.009∗ F (15) = 6.21, p = 0.025∗ F (15) = 11.34, p = 0.004∗∗ F (15) = 7.02, p = 0.018∗

Central (C3, C4, Cz) F (15) = 5.30, p = 0.036∗ F (15) = 6.06, p = 0.027∗ F (15) = 4.21, p = 0.058 F (15) = 8.45, p = 0.011∗ F (15) = 8.35, p = 0.011∗

Parietal (P3, P4, Pz) F (15) = 2.00, p = 0.178 F (15) = 8.61, p = 0.010∗ F (15) = 2.43, p = 0.140 F (15) = 6.06, p = 0.027∗ F (15) = 10.33, p = 0.006∗

Occipital (O1, O2) F (15) = 10.63, p = 0.005∗∗ F (15) = 9.44, p = 0.008∗ F (15) = 4.12, p = 0.061 F (15) = 5.86, p = 0.029∗ F (15) = 10.41, p = 0.006∗

Temporal (T5, T6) F (15) = 8.37, p = 0.011∗ F (15) = 8.30, p = 0.011∗ F (15) = 2.61, p = 0.127 F (15) = 4.96, p = 0.042∗ F (15) = 11.98, p = 0.004∗∗

Note: ∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05

Fig. 4: Comparison of normalized PSD values between conditions negative reduced 1+2 and 3+4. The rows represent different
brain regions, while the columns correspond to various frequency bands. This layout illustrates the directional differences in
power across the specified conditions.

differences were primarily observed in the frontal and central
brain regions. Consequently, we selected these regions for
channel selection and trained a new model to further enhance
classification performance.

TABLE IV: F1-Score Macro Results for All Channels
(Negative Reduction 1+2 vs. 3+4)

Model Delta Theta Alpha Beta Gamma
SVM 42.86 64.07 62.68 69.79 42.86
Neural Network 40.02 64.20 53.99 72.09 64.80
Neural Network with MMD Loss 42.65 64.53 57.58 74.58 67.39

As shown in Table V, the beta frequency band again
achieves the highest F1-score across all three models. Notably,
focusing on the frontal and central regions further improves
performance, with the Neural Network with MMD Loss
achieving an even higher F1-score of 75.57% compared to

TABLE V: F1-Score Macro Results for Frontal and Central
Regions (Negative Reduction 1+2 vs. 3+4)

Model Delta Theta Alpha Beta Gamma
SVM 42.11 63.64 55.42 66.62 62.73
Neural Network 53.58 63.18 53.99 67.88 62.20
Neural Network with MMD Loss 43.96 68.93 57.58 75.57 63.80

74.58%. This demonstrates that channel selection based on
our statistical analysis enhances classification accuracy while
reducing the number of EEG channels from 13 to 6.

V. DISCUSSION

This study investigated the neural mechanisms underlying
ER by analyzing EEG data through frequency-domain and
time-domain approaches and developing predictive models to
classify successful versus unsuccessful ER.
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Frequency-domain analysis revealed significant differences
in PSD, particularly in the beta and gamma bands within the
frontal and central brain regions, highlighting their crucial role
in cognitive control and emotion modulation. These findings
align with previous research demonstrating positive correla-
tions between interoceptive awareness, mindfulness, and high-
frequency EEG bands (beta, alpha, gamma), suggesting that
ER involves similar high-level cognitive processes [22].

In predictive modeling, the Neural Network enhanced with
MMD loss outperformed both the Support Vector Machine
(SVM) and the baseline Neural Network, particularly after
focusing on frontal and central channels. This underscores
the effectiveness of MMD loss in addressing domain shifts
and class imbalances in EEG-based applications. These results
suggest that targeted machine learning techniques, combined
with strategic channel selection, can effectively predict ER
outcomes, offering potential applications in mental health
interventions.

Despite its promising findings, the study has limitations. The
relatively small sample size and imbalanced class distribution
may constrain the generalizability of the results. Additionally,
the exclusive focus on healthy young adults may limit the ap-
plicability of findings, as this demographic may be inherently
better at ER. To address this, future research should consider
augmenting datasets by including older adults or individuals
with ER disorders, who may experience greater difficulty in
regulating emotions. This could improve model robustness
by introducing more variability in ER success and reducing
the inherent bias from using only healthy participants. Future
research should also aim to utilize larger and more diverse
datasets, such as those involving video stimuli. This would
allow for more realistic emotion evocation and help investigate
ER in dynamic stimuli. Furthermore, optimizing the weighting
factor for MMD loss and incorporating objective measures of
emotional states could enhance model performance. Finally,
additional domain adaptation methods should be employed
to enhance the robustness and generalizability of predictive
models.

VI. CONCLUSION

This study underscores the pivotal role of frontal and
central brain regions and the beta frequency band in ER,
as demonstrated through frequency-domain and time-domain
analyses. The application of advanced machine learning mod-
els, particularly Neural Networks augmented with MMD loss,
demonstrated robust predictive capabilities in classifying ER
success. These findings highlight the potential of EEG-based
biomarkers in the assessment of ER for personalized health
interventions. To our knowledge, this integrated EEG-based
approach to ER assessment is the first of its kind.
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