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ABSTRACT

OBJECTIVE

This systematic review provides a synthesis of the existing
data concerning the Electroencephalogram (EEG)-based
emotion recognition and assesses the development of
the old machine learning models to the current deep
learning models. The purpose of the review is the compar-
ison of their performance and the identification of trends
in the approaches to the methodology and the evaluation
of the strength and the reproducibility of the discipline.

METHODS

The review was done based on the Preferred Reporting
Items of Systematic Reviews and Meta-Analyses (PRIS-
MA 2020) guidelines. Five electronic databases (IEEE
Xplore, Scopus, PubMed, ScienceDirect, and Springer-
Link) that have been published not earlier than January
2012 were searched systematically. Due to the remov-
al of duplicates and two rounds of screening against
pre-defined inclusion criteria, 50 studies were incorpo-
rated to be final synthesized.

FINDINGS

It has been demonstrated that there is a definite trend
towards end-to-end deep learning models, especially
Convolutional Neural Networks (CNNs), Long Short-Term
Memory (LSTM) networks, and architectures combining
both. These models, particularly when using maps of
topographic features and maps of functional connec-
tivity, have shown a higher level of performance, and
their classification accuracies of 90 percent or higherin
benchmark data such as DEAP and SEED in subject-de-
pendent contexts. But, there is a significant decline in
the performance in cross-subject validation, which is
an outstanding generalization issue. It also becomes
evident during the synthesis that validation protocols,
data preprocessing and reporting standards exhibit
high heterogeneity, thus making it difficult to directly
compare them and jeopardizing reproducibility.

CONCLUSION

Deep learning approaches are an important develop-
ment in emotion recognition of EEG, but the area is
plagued by lack of uniformity and focus on real-world
applicability. The next step in work is to focus on the
creation of standardized evaluation metrics, explica-
ble Al methods, and effective, cross-subject models to
enable the movement of laboratory studies to the reli-
able, deployable systems.

Keywords: Tunable Q wavelet transform, Topographic EEG
feature maps, Convolutional fuzzy neural network, EEG
graph neural networks, Valence—arousal classification

Introduction
Human emotional states are accurately recognized, which
is a fundamental to Human-Computer Interaction (HCI),

, Sreedharan Christopher Ezhil Singh?, Thirasama Jaya’ and

brain-computer interfaces (BCIs) and affective computing.
Emotions as a complicated psychological and physiolog-
ical phenomenon have a significant impact on cognition,
decision-making, and behavior. Although emotion recog-
nition can be done through different modalities such as
facial expression and speech, they are either consciously
suppressed or even culturally influenced. An alternative
approach, which is more direct with respect to the inner
affective states, is electroencephalography (EEG), which
offers a non-invasive, high-temporal-resolution window
of the electrical activity of the brain.

Theoretical models play a vital role in framing emo-
tional classification. Two commonly used paradigms are
the discrete emotion model and the dimensional emo-
tion model. The discrete model, based on the work of
Ekman, categorizes emotions into basic types such as
happiness, sadness, anger, fear, surprise, and disgust.
In contrast, the dimensional model represents emotions
along continuous axes, typically valence (positive to
negative) and arousal (calm to excite). The dimension-
al model is particularly well suited to EEG studies, as
it aligns with the continuous and dynamic nature of
brain activity. EEG signals are characterized by their
non-linear and non-stationary nature, making them
susceptible to various artifacts and noise, such as those
arising from muscle movements, eye blinks, and envi-
ronmental interferences. These challenges necessitate
robust pre-processing techniques to ensure the reliabil-
ity of the extracted features. Common pre-processing
steps include filtering to remove noise, artifact rejection
methods, and normalization procedures to standardize
the data across different sessions and subjects.

Feature extraction is a critical step in EEG-based emo-
tion recognition, aiming to distill meaningful information
from raw EEG signals. Traditional methods involve ana-
lyzing the signals in time, frequency, and time—frequency
domains. Techniques such as empirical mode decom-
position (EMD), wavelet transforms, and Hilbert-Huang
transforms have been widely employed to capture the
intricate dynamics of EEG signals. These methods de-
compose the signals into components that reflect vari-
ous frequency bands associated with different cognitive
and emotional states. Advanced signal processing meth-
ods, including tunable Q wavelet transform (TQWT) and
multivariate synchrosqueezing transform (MSST), offer
effective decomposition of EEG signals across frequen-
cy bands while preserving temporal information. These
techniques provide rich feature sets that enhance classi-
fication accuracy by capturing both the spectral and tem-
poral characteristics of the EEG signals.

Feature representation plays a crucial role in en-
hancing the accuracy of emotion classification.
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Several studies have proposed the use of topograph-
ic and holographic feature maps derived from EEG
signals. These maps encode spatial information by
mapping electrode positions onto a two-dimensional
grid, thereby preserving the geometric layout of the
brain’s surface. Additionally, connectivity-based fea-
tures, which represent functional interactions between
brain regions, have gained traction. Measures such as
Pearson’s correlation coefficient, phase-locking value
(PLV), and transfer entropy (TE) have been utilized
to construct connectivity matrices, which serve as in-
puts to deep learning models. These representations
capture the dynamic relationships between different
brain regions, providing insights into the neural mech-
anisms underlying emotional processing.

Emotion recognition based on the EEG has devel-
oped fast within the last ten years. The first meth-
ods were based on a fully developed pipeline: signal
pre-processing, time, frequency, time-frequency fea-
ture extraction, and classification with the help of
classical machine learning models: Support Vector
Machines (SVMs) and Random Forests. In more re-
cent times, deep learning architectures, such as Con-
volutional Neural Networks (CNNs), Recurrent Neural
Networks (RNNs), transformers, and others, have ap-
peared, which can automatically extract hierarchi-
cal features of raw or minimally processed EEG data.
These models have demonstrated great achievement
but come with fresh problems in the terms of cost of
computation, interpretability, and reproducibility.

Although the current literature provides a great
amount of separate studies, it is necessary to conduct
a synthesis of the findings in a comprehensive and
well-defined study with high quality methodology to
sum up all the research results, to evaluate the meth-
odological level of the research critically and to outline
the comparative effectiveness of these developing par-
adigms. Other reviews in the past have typically been
narrative in nature, and have not met the systematicity
one needs to reduce bias and then give a conclusive re-
port of the evidence picture.

To fill this gap, we have performed a literature re-
view on EEG-based emotion recognition. The main re-
search question in this review is as follows and would
be organized into the main essential parts of a system-
atic review:

e Population: EEG responses to identify emotions.

e Intervention: Deep Learning models (e.g. CNN,
LSTM, Transformers).

¢ Comparison: Conventional Machine Learning mod-
els (e.g., SVM, k-NN, Random Forest).

e OQutputs: Primary: Accuracy of classification, F1-
score. Secondary: Cross-subject, validation proto-
col transparency.

To achieve the following objectives:

e Methods Systematic search, sifting and synthesiz-
ing of pertinent literature that employs traditional
and deep learning techniques to recognize emo-
tions using EEG.

e Compare the reported methodological performance
(e.g. accuracy, F1-score) of these methods quantita-
tively on benchmark datasets.

e (ritically assess model generalizability and
strength, by comparing the model performance on
subject-dependent and cross-subject validation en-
vironments.

e Determine the methodological transparency and
risk of bias used in the literature contained in the
studies, paying attention to data split reporting,
code availability, and other reproducibility mea-
sures.

e Detect existing gaps in research and, following the
synthesized evidence, give practical recommenda-
tions to the future work.

Literature Survey

EEG-based emotional state understanding not only
improves brain-computer interface (BCI) systems but
also makes a substantial contribution to adaptive hu-
man-computer interaction, individualized education,
and mental health diagnoses. EEG-based emotion
recognition has advanced significantly over the last
ten years, moving from manual feature extraction and
classical classifiers to advanced deep learning and
hybrid architectures that successfully capture the in-
tricate, non-linear dynamics of EEG signals. A variety
of feature extraction approaches An in 2023, machine
learning models, hybrid frameworks, and benchmark
datasets, as highlighted in a literature review that sum-
marizes significant advancements and methodologies
have shaped the present status of EEG-based emotion
identification research.

Mert and Akan' introduced the Multivariate Syn-
chrosqueezing Transform (MSST) to enhance the
time-frequency representation of EEG signals. This
method provided compact, high-resolution represen-
tations that improved the discrimination of emotion-
al states. Feature dimensionality was further reduced
using Independent Component Analysis (ICA) and
Non-negative Matrix Factorization (NMF), enabling
efficient processing of EEG data. Similarly, Subasi
in 2021 proposed a modular pipeline incorporating
Multi-Scale Principal Component Analysis (MSPCA)
for denoising, Tunable Q Wavelet Transform (TQWT)
for signal decomposition, and statistical feature ex-
traction, achieving over 93% accuracy on the DEAP
dataset with Rotation Forest ensembles.

Moving beyond single-channel analysis, Moon® ad-
opted a brain-wide functional approach by construct-
ing connectivity matrices using Pearson Correlation
Coefficient (PCC), Phase-Locking Value (PLV), and
Transfer Entropy (TE). This approach captured in-
ter-channel synchrony and enhanced feature repre-
sentation, allowing the model to leverage functional
brain connectivity for emotion classification.

The shift toward deep learning has significantly en-
hanced the performance of EEG-based emotion recog-
nition systems. CNNs have become a cornerstone due
to their proficiency in extracting spatial and spectral
patterns from EEG data. Topic and Russo’ utilized
EEG-derived Topographic (TOPO-FM) and Holographic
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(HOLO-FM) Feature Maps as 2D CNN inputs, achieving
state-of-the-art accuracy across datasets such as DEAP,
SEED, DREAMER, and AMIGOS. These 2D maps pre-
served the geometric relationships among EEG chan-
nels, improving spatial coherence in feature learning.

Liu* combined CNNs for automated feature ex-
traction with Support Vector Machines (SVMs) for
classification. This hybrid approach yielded superior
performance in valence-arousal classification tasks
and showed better generalization in subject-indepen-
dent settings. Ensemble techniques, such as the Rota-
tion Forest proposed by Subasi et al., further improved
generalization by integrating diverse base classifiers,
including k-NN, SVM, and Artificial Neural Networks
(ANNs). Such ensembles outperformed individual
classifiers, particularly in cross-subject Kuang® eval-
uations. Boosting and bagging strategies, when used
in conjunction with dimensionality reduction tech-
niques like Principal Component Analysis (PCA) and
ICA, have also proven effective for managing the high
dimensionality of EEG data. These ensemble methods
offer scalable, robust performance and are particularly
beneficial in real-world settings where data variability
is high.

Azar et al.® proposed a Modified Convolutional Fuzzy
Neural Network (MCFNN), which integrated the spatial
structure of CNNs with fuzzy logic to better handle the
uncertainty inherent in emotional EEG signals. Differ-
ential Entropy (DE), a robust frequency-domain fea-
ture, was extracted from the DEAP dataset. The MCFNN
outperformed standard CNNs by achieving higher clas-
sification accuracy and better generalization across
subjects. Khan’ developed a traditional EEG-based
emotion recognition system using statistical moments
(mean, standard deviation, skewness, kurtosis) and
frequency-domain features like Power Spectral Densi-
ty (PSD) and band power. Using DEAP and DREAMER
datasets, they implemented SVM, k-NN, and Random
Forest classifiers. SVMs demonstrated superior perfor-
mance, reaching over 85% accuracy in valence-arous-
al classification, confirming that traditional machine
learning remains competitive when paired with strong
feature engineering.

Rahman® performed a comparative analysis of ma-
chine learning and deep learning models. Utilizing
time-frequency features such as Discrete Wavelet
Transform (DWT) and Short-Time Fourier Transform
(STFT), they benchmarked traditional models (SVM,
Decision Trees) against CNN and Long Short-Term
Memory (LSTM) networks. The CNN-LSTM hybrid
model outperformed others by leveraging both spatial
and temporal aspects of EEG data. Chen’ employed
Recurrent Neural Networks (RNNs) enhanced with at-
tention mechanisms to classify emotional states from
EEG signals. Using DE features from the DEAP dataset,
the attention-enhanced RNN dynamically prioritized
relevant time segments, significantly improving clas-
sification performance. The CNN-LSTM-Attention hy-
brid model achieved an impressive accuracy of 94%,
underscoring the efficacy of attention mechanisms in
modeling temporal EEG dynamics.
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Wang'® developed a hybrid model integrating CNN
and LSTM layers. Using STFT-based time-frequency
features extracted from the SEED dataset, CNNs cap-
tured spatial dependencies across EEG channels, while
LSTMs modeled temporal sequences. Their model
achieved a classification accuracy of 91%, further val-
idating the complementary strengths of spatial and
temporal modeling.

Liu"' integrated firefly optimization algorithms
with CNN-GRU networks to improve hyperparameter
tuning and feature subset selection. Using DE and
wavelet-based features from the DEAP dataset, the
firefly algorithm optimized network parameters and
improved convergence speed, resulting in over 92%
classification accuracy. This metaheuristic approach
demonstrated the value of intelligent optimization in
enhancing deep learning models.

Singh and Sharma' introduced a multi-level fea-
ture fusion framework that incorporated time-domain,
frequency-domain, and nonlinear entropy features. A
Gradient Boosting Machine (GBM) was used for clas-
sification on the SEED dataset. The model achieved
strong performance in multi-class emotion classifica-
tion, highlighting the benefits of combining diverse
feature types.

Li" provided an extensive review of EEG-based emo-
tion recognition, discussing the efficacy of various fea-
ture extraction techniques, including PSD, DE, wavelet
coefficients, entropy, and fractal dimension. They com-
pared classifiers such as SVM, k-NN, CNN, and LSTM,
and emphasized ongoing challenges, including subject
dependency, EEG noise, and limited generalization.
Their review identified potential in deep learning mod-
els, particularly those capable of automatic feature
learning and spatiotemporal modeling.

Patel and Chauhan'* conducted a systematic review
focusing on datasets, feature selection methods, and
classifier performance. They noted the dominance of
frequency-domain features and emphasized the impor-
tance of dimensionality reduction techniques like PCA
and mutual information for improving model efficien-
cy. SVM and ensemble classifiers were found to be con-
sistently reliable, while deep learning models such as
CNNs and hybrid architectures demonstrated increas-
ing popularity due to their scalability and automation.
Alarc@o and Fonseca' provided a tutorial review that
classified EEG features into statistical, spectral, and
chaotic categories. Their discussion on classifiers
ranged from simple linear models to complex deep
networks. They also highlighted critical pre-processing
steps and the need for standardization across datasets
and evaluation protocols.

Taken together, these works indicate a clear trajec-
tory toward more integrated, flexible, and intelligent
systems for EEG-based emotion recognition. From
handcrafted features and classical classifiers to hybrid
deep learning frameworks optimized with bio-inspired
algorithms, the field has matured significantly. The
use of connectivity matrices, attention mechanisms,
and multi-level feature fusion strategies reflects an
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increasing understanding of the neural basis of emo-
tion and the complexities of EEG data.

Methods and PRISMA Workflow

To provide transparency, reproducibility and method-
ological rigor, this systematic review was done in line
with the Preferred Reporting Items of a Systematic Re-
view and Meta-Analysis (PRISMA 2020). A systematic
literature search, the screening of eligibility, inclusion/
exclusion filtering, and data extraction were included
in the workflow as outlined in Figure 1 (PRISMA flow
diagram).

Databases and Time Frame

There was a thorough literature search conducted into
five major academic databases namely IEEE Xplore,
Scopus, PubMed, ScienceDirect and SpringerLink
which were chosen to help identify engineering- and
biomedical-oriented literature on EEG-based emotion
recognition. It was search period of January 2012
to August 2025, which coincided with the release of
benchmark EEG datasets (e.g. DEAP, SEED) and the
fast development of deep learning architectures.

Search Databases and Dates
The literature search was conducted across five major
scientific databases:

¢ [EEE Xplore

e Scopus

e ScienceDirect
e SpringerLink
e PubMed

The initial search was run between February 2025
and August 2025, and a final update search was per-
formed on September 2025 to capture articles released
early in 2025 (ahead of print or in online-first mode).

All retrieved records were exported on the same
dates for deduplication and screening.

Search Window Justification (2012-August 2025)
The year 2012 was selected as the start of the search
window because:

1. Modern EEG emotion-recognition benchmarks
(e.g., DEAP, DREAMER, SEED) began to appear
between 2010-2013, establishing the first widely
used, standardized datasets.

2. Deep learning applications to EEG emotion recogni-
tion only began emerging after 2012; earlier work
relied mostly on classical machine learning and
had limited methodological relevance.

3. Our goal was to review contemporary EEG-based
affective computing methods, and 2012-2025 cap-
tures the period of rapid algorithmic development,
dataset maturity, and shift toward reproducible, da-
ta-driven techniques.

PREMIER JOURNAL OF SCIENCE REVIEW

The window was closed at August 2025, the final
update run date.

Clarification on Inclusion of 2025 Articles
Studies published online in early 2025 (including “on-
line first” and “in press”) were included only if indexed
before the final update on August 2025.

No studies published after this date were consid-
ered.

Database-Specific, Fully Executable Search Strings

Core Search String
("EEG-based emotion recognition”
OR “EEG emotion classification”

OR “affective computing EEG” OR
“brain-computer interface emotion”)
AND (“machine learning” OR Y“deep
learning” OR “CNN” OR “RNN” OR
“transformer” OR “hybrid model”) AND
(“walence-arousal” OR “emotional
states” OR “affective datasets”)

Each database required slightly different syntax.
The exact queries used are listed below to ensure full
transparency and reproducibility.

1. IEEE Xplore
((“Document Title”:”EEG” OR Abstract:”electroen-
cephalography”) AND

(Abstract:”emotion recognition” OR Abstract:”affec-
tive computing” OR Abstract:”emotion classification”)
AND

(Abstract:’machine learning” OR Abstract:”deep
learning” OR Abstract:”’neural network”))

2. Scopus
(TITLE-ABS-KEY(“EEG” OR
phy”)

AND TITLE-ABS-KEY(“emotion recognition” OR
“affective computing” OR “emotion classification” OR
“valence arousal”)

AND TITLE-ABS-KEY(“machine learning” OR “deep
learning” OR “CNN” OR “RNN” OR “transformer” OR
“neural network”))

AND (PUBYEAR > 2011 AND PUBYEAR < 2026)

“electroencephalogra-

3. PubMed
PubMed required adaptive MeSH + keyword searching:

((“Electroencephalography”[MeSH Terms] OR EE-
G|[Title/Abstract])

AND (“Emotions”[MeSH Terms] OR “emotion recog-
nition”[Title/Abstract] OR “affective computing”[Title/
Abstract])

AND (“machine learning”[Title/Abstract] OR “deep
learning”(Title/Abstract] OR “neural network”[Title/
Abstract]))

AND (“2012/01/01”[Date
“2025/08/15”[Date - Publication])

Publication]

4. ScienceDirect
TITLE-ABSTR-KEY(“EEG” AND “emotion recognition”
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Identification

Screaning

Ehgibility

AND (“machine learning” OR “deep learning” OR
“neural network” OR “CNN” OR “RNN”))

5. SpringerLink
(“EEG” OR “electroencephalography”)

AND (“emotion recognition” OR “affective comput-
ing” OR “emotion classification”)

AND (“machine learning” OR “deep learning” OR
“neural network” OR “CNN” OR “RNN” OR “transform-
er”)

Screening and Duplicate Removal

All the retrieved records were exporter to Zotero where
they could be citing and automatically found dupli-
cates. Following the deletion of 78 duplicate records,
the studies were then screened in Rayyan, which also
allowed the assessment to be blinded and dual-re-
viewed. Two independent reviewers with full-text
assessment did title-abstract screening, any conflict
was solved by discussion or in some cases by a third

Records identified

496

Y

Duplicates removed

78
Records screened " Records
418 excluded
271
Y
Full-text articles | Full-text
assessed " excluded
147 97

Y

Studies included in

the synthesis
50

Fig 1 | PRISMA flow diagram for this narrative review
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reviewer. The decision of inclusion of each record and
the reason were recorded in Table 1.

Inclusion and Exclusion Criteria

Inclusion criteria

Empirical research on the use of EEGs to identify or cat-
egorize emotions. Reported quantitative performance
measures (e.g., accuracy, F1-score, precision, recall).
Use of publicly available datasets like DEAP, SEED,
DREAMER, AMIGOS, ASCERTAIN and MAHNOB-HCI.
English articles in peer-reviewed journals or confer-
ences published within the years 2012-25.

Exclusion criteria

Other review articles, editorials or theses that lack ex-
perimental results. Multimodal experiments, where the
contribution of EEG could not be disaggregated. With-
out full-text or peer-reviewing, preprints or conference
abstracts. Research that does not have transparency
in methods or details of validation (i.e., no train/test
split, may be data leaking).

Preprints and Conferences

Preprints and conferences will be treated in a manner
that is cost-effective and efficient and which avoids
consuming too much time. Preprints were filtered to
determine the new trends but were not incorporated in
the quantitative synthesis until a peer-reviewed form
was published. Only papers on conferences that had
full descriptions of their methodology and reproduc-
ible evaluation of results were retained. In the two ver-
sions of the conference and journal, the journal version
was taken in lieu of the duplication.

PRISMA Counts Reconciliation

Database search generated 496 records out of which
78 were duplicates and 418 were unique records to
be screened. Title-abstract screening eliminated 271
records that were not pertinent and those that did not
use EEG. Eligibility was determined in 147 full-text ar-
ticles. The number of articles excluded because of the
absence of quantitative measures, the absence of an
EEG-based analysis, or the inability to provide enough
methodological information was 68. The result was the
inclusion of 79 peer-reviewed studies, in this review.
These balanced numbers are presented in Figure 1
(PRISMA flowchart) so that the outcomes of searches,
screening results, and the ultimate dataset of analyzed
studies are all linked.

Bias and Transparency Risk Assessment
Every paper that was included was assessed in terms of
the possibility of bias on four dimensions:

1. The transparency and accessibility of data,

2. Location of training and test data to prevent leak-
age,

3. Augmentation disclosure and validation integrity,
and

4. Availability of code and ethical standards.
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Table 2 | EEG databases for emotion recognition

Authors Database Partic- EEG Stimuli Emotional Labels Sampling  Duration per  Availability

ipants Channels Rate Trial
Soleymani et al.,, 2012°° MAHNOB-HCI 30 32 Emotional Videos Valence, Arousal (1-9 scale) 256 Hz ~80-120 Public

seconds
Cui et al,, 2020% DEAP 32 32 Music Videos Valence, Arousal, Dominance, Liking 128 Hz 60 seconds Public
Zheng et al., 2015° SEED 15 62 Movie clips Discrete (Positive, Negative, Neutral) 200Hz 240sec Public
Songetal, 20247 SEED-IV 15 62 Film Clips Happy, Sad, Fear, Neutral 1000 Hz 4 min/trial Public
Subramanian etal,, 2018°"  ASCERTAIN 58 14 Video Advertisements  Valence, Arousal 128 Hz ~1 min/trial  Public
Katsigiannis etal, 2017°>  DREAMER 23 14 Videos Valence, Arousal, Dominance 128 Hz 60 seconds Public
Miranda-Correa et al., AMIGOS 40 14 /32  Videos (short/long) Valence, Arousal 128 Hz 20 secto 14  Public
2021% min
Materials and Methods arousal and valence, but lacking information about

EEG Emotion Databases

Publicly available datasets have played a significant
role in advancing EEG-based emotion recognition re-
search. The most commonly used datasets include in
Table 2.

EEG Signal Acquisition and Preprocessing

EEG signals are obtained using electrodes typically ar-
ranged according to the international 10-20 system,
with channels distributed across various scalp regions
to capture electrical activity from different cortical
areas. These signals are characterized by their low
amplitude and susceptibility to noise, necessitating
robust preprocessing techniques. Common prepro-
cessing steps include:

¢ Filtering to remove noise and artifacts (e.g., using
bandpass filters to retain frequencies within 0.5—
50 Hz),

e Artifact removal using Independent Component
Analysis (ICA) or other methods to eliminate arti-
facts caused by eye blinks, muscle activity, or pow-
er line interference,

e Segmentation into time windows suitable for analy-
sis (typically 1 to 4 seconds),

e Normalization to standardize the data across ses-
sions or subjects.

These steps help ensure that the extracted features
reflect neural activity relevant to emotional processing
rather than noise or unrelated physiological artifacts.

Comparative Depth of Feature Extraction and
Emotion Classifier Analysis

Feature Extraction

Emotion recognition based on EEG is based on the ex-
traction of significant features of non-stationary and
high-dimensional neural signals.

Time-domain features (statistical moments (mean,
variance, skewness, kurtosis)) are appreciated due to
ease and the low cost of computation, but cannot rep-
resent dynamic time-varying attributes important to
emotional changes.

Frequency-domain features (e.g. Power Spectral
Density, Differential Entropy) are neuroscientifically
interpretable (specifically, certain EEG frequencies,
such as alpha, beta, gamma,) reflecting emotional

DOI: https://doi.org/10.70389/PJS.100180 | Premier Journal of Science 2025;15:100180

changes over time.

Time frequency approaches such as Discrete Wave-
let Transform (DWT), Short-Time Fourier Transform
(STFT), and Tunable Q Wavelet Transform (TQWT) are
useful in capturing the transient oscillatory variations
albeit at the expense of a careful balance in the deploy-
ment of the decomposition parameters with regard to
resolution and computational costs.

Nonlinear features such as entropy based (Approxi-
mate, Sample, and Permutation Entropy) are sensitive
to chaotic dynamics, and the level of emotional arous-
al however sensitive to noise sensitivity and parameter
instability.

Spatial and topographical parameters, which are
obtained as a result of electrode mappings or EEG
topography, maintain spatial correlations, which in-
crease the learning ability of CNN-based models.

Connectivity properties, that build on coherence,

Phase Locking Value (PLV), and Transfer Entropy (TE),
prompt inter-regional communication of the brain,
which gives physiological detail of affective process-
ing. They however, are computationally costly and li-
able to artifacts of volume conduction.
Deep feature representations Deep feature representa-
tions learned with CNNs or GNNs are more direct since
they do not rely on manual feature design, but instead
learn hierarchical abstractions by directly operating
on raw EEG measurements at the expense of interpret-
ability and large data requirements.

This comparative study demonstrates that none of
the individual domains of features is universally best
and that hybrid or multi-level feature fusion tech-
niques prove superior to traditional methods in that
they are able to combine complementary information
of time, spectral and spatial.

Classifiers of Emotion

The Emotion Classifiers section is no longer restricted
to enumeration but has an opportunity to offer critical
comparative analysis of the traditional and deep learn-
ing models. The conventional machine learning classifi-
ers, including Support Vector Machines (SVM), k-Nearest
Neighbors (k-NN), and Random Forests (RF) are strong
in small-size datasets and are easy to interpret the de-
cision boundary but heavily relied on hand-crafted fea-
tures and failed to perform inter-subject generalization.
SVMs scale well in high-dimensional space but need
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kernel selection; k -NN is simple but not scalable; RF is
an ensemble that is stable but can easily overfit when
there is noisyness in features.

Deep learning models, such as Convolutional Neural
Networks (Rakhmatulin®*) (CNNs), Recurrent Neural
Networks (RNNs), Long Short-Term Memory (LSTM) net-
works, and Graph Neural Networks (GNNs) on the other
hand adopt hierarchical features automatically and au-
tomatically learn spatiotemporal dependencies associ-
ated with EEG data. CNNs are good in learning spatial
features with EEG topomaps, LSTMs in learn sequential
temporal features, and GNNs in functional connectivity
with node-edge relationships. Hybrid models (e.g., CNN-
LSTM and CNN-GRU) are used to overcome these bene-
fits and to achieve better classification. But such models
are data-intensive, computationally expensive and have
been criticized as not very interpretable.

Methodology

EEG-Based Emotion Recognition

The methodology for EEG-based emotion recognition
follows a structured pipeline comprising several key

EEG Data Acquisition

Preprocessing
- Artifact removal

- Filtering (e.g. bandpass)

Feature Extraction
- Time/Frequency domain
- Wavelet transform (e.g.Connectivity Features

Feature Selection/Reduction
- PCA, statistical methods

Classification

- Machine Learning (SVM, RF)
- Deep Learning (CNN, LSTM)

Fig 2 | Methodology for EEG

10

- Ensemble methods

Emotion Recognition

stages is given in Figure 2, each vital for accurate and
robust emotional classification.

EEG Data Acquisition

Emotion-evoking stimuli such as videos or images are
used to record EEG signals through scalp electrodes.
Datasets like DEAP and SEED are commonly employed
for research. Proper electrode placement and signal
quality are crucial for reliable results.

Pre-processing

EEG signals are susceptible to noise from muscle move-
ment, eye blinks, and external interference. Pre-pro-
cessing involves filtering (e.g., 0.5-50 Hz bandpass),
artifact removal (using ICA or BSS), and signal seg-
mentation to enhance data quality before analysis.

Feature Extraction

Raw EEG signals are transformed into meaningful
features. These include time-domain (mean, entro-
py), frequency-domain (Power Spectral Density), and
time-frequency domain features (Wavelet Transforms
like TQWT). Additionally, connectivity features (e.g.,
Phase Locking Value) help model inter-regional brain
activity patterns.

Feature Selection or Reduction

High-dimensional data is reduced using techniques
like PCA or statistical tests to retain the most emo-
tionally relevant information and improve classifier
performance.

Feature Fusion

To enhance robustness, diverse features may be fused
either early (concatenation) or late (ensemble model
decisions).

Classification

Features are classified into emotional categories using
machine learning (SVM, RF) or deep learning models
(CNN, LSTM). Ensemble methods further improve ac-
curacy.

Emotion Prediction

Finally, emotions are predicted in either categori-
cal (e.g., happy, sad) or dimensional formats (va-
lence-arousal). Performance is evaluated using metrics
like accuracy and F1-score.

This multi-stage enables EEG-based systems to accu-
rately detect emotional states, which can be applied in
mental health, adaptive interfaces, and affective com-
puting.

Result and Discussion

The comparative study on the EEG-based emotion rec-
ognition in Table 1 that provides a single perspective of
how the development of methods, the variety of data-
sets, and the rigor of validation and the lack of analyti-
cal transparency have contributed to the advancement
of the scientific field. The extent of the use of extended
columns in the validation protocols and confidence
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interval or variance presentation turns the list of the
table into a diagnosis analysis tool that shows the
strength and weaknesses of the existing methods.
The sources included in Table 1 represent more than
a decade of progress in this field: starting with the
classical approach of relying on handcrafted statis-
tical and spectral features of data to formulate ma-
chine-learning pipelines, and moving onwards to the
more modern trend of deep and hybrid networks that
can learn spatiotemporal and connectivity patterns on
raw EEG signals automatically. Premeditive literature
before 2018 generally used feature extraction in time,
frequency and entropy spaces, like Hjorth parameters,
band-power ratios, and sample entropy, and basic
classifiers, such as Support Vector Machines (SVM),
k-Nearest Neighbors (k-NN), and Random Forests (RF).
Such models were satisfactory in terms of accuracy on
small datasets because of the ability to be interpreted
and computational efficiency but ineffective in terms
of generalization to new subjects or recording ses-
sions. The further development of the EEG-based emo-
tion recognition since has been marked with a gradual
shift towards data-driven models, mainly, deep learn-
ing models, including Convolutional Neural Networks
(CNNs), Recurrent Neural Networks (RNNs), Long
Short-Term Memory networks (LSTMs), and, most re-
cently, Transformer-based models and Graph Neural
Network (GNN) models. These architectures have been
shown to have better ability to establish the complex
spatiotemporal dependencies and non-linear emotion
patterns between electrodes. To provide an example,
both models described by (Yu®*), (Feng*®) and (Luo,
2024) describe a new class of transformer-based emo-
tion decoders that take advantage of self-attention
mechanisms in managing cross-subject variability and
allow the field to go beyond dataset-specific optimiza-
tion into actual generalization.

Another more detailed look at Table 1 also reveals
the domination of a few benchmark datasets that are
the landscape of EEG emotion studies. The empirical
foundation of almost all the experimental research is
based on the DEAP, SEED, DREAMER, AMIGOS, AS-
CERTAIN, and MAHNOB-HCI datasets. The most fre-
quent sources, the DEAP and SEED, which are present
in more than half of the analyzed works, are utilized
to provide the benchmarking because of their stan-
dardized recording procedures and properly organized
emotion labeling systems. Nevertheless, the control
over stimuli offered by the lab (music videos) makes
DEAP lack ecological validity, whereas the small size
of the subject sample and the repeated-session na-
ture of the SEED lessen the demographic generaliz-
ability. DREAMER and AMIGOS build the paradigm to
more naturalistic audiovisual stimuli, but are limited
by sample size, normally less than 25 participants.
MAHNOB-HCI and ASCERTAIN present opportunities
of multimodal fusion, the first one by combining EEG
with facial and physiological, and the second one by
combining EEG with personality characteristics. Ac-
cording to the results summarized in Table 1, perfor-
mance of models differs widely between these datasets:
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on the SEED and DEAP, the accuracies are usually over
85-90% with subject-dependent conditions but de-
crease down to 65-75% with cross-subject testing,
which is still the problem of individual variability.

An underlying inconsistency in the reporting and
application of validation protocols can also be found
in the revised Table 1. Most initial researchers used
subject-dependent validation, which admits data in
training and test sets of the same participant, artificial-
ly increasing scores of accuracy. Recent studies have
moved to the leave-one-subject-out-validation (LOSO)
or cross-session validation, which is a more realistic
estimate of model robustness. These differences ex-
plicitly identified in Table 1 help to understand the re-
sults that are really due to generalizable learning and
those that are context-specific to within-subject adap-
tation. In the same vein, when a confidence interval or
a variance column is added, a very obvious weakness
of reporting rigor in the literature is seen: less than one
out of four articles reports anything to do with uncer-
tainty or statistical variance. No error bars, standard
deviations, or confidence intervals make it impossible
to fairly compare methods and reduce findings repro-
ducibility. Zhang in 2024 and Rahman®" specifically
propose using standardized reporting checklists to ad-
dress this problem and emphasize that the community
needs more transparency.

Regarding the representation of the features, Table 1
reflects the gradual change of the field in the direction
of the dynamics of features learning, which is imple-
mented in a multilevel manner. Time domain features
such as amplitude variance and zero crossing rates
are simple but not very emotional sensitive. Metrics
based on frequency domain including power spectral
density and band ratio analysis are physiologically
interpretable, but unable to decode quick affective
changes. Techniques based on time-frequency analy-
sis, such as wavelet and Hilbert Huan transforms, are
more accurate in time but require more computation.
Entropy-based indices, including sample, fuzzy and
permutation entropy, pick up emotional anomalies
and are still in favour with smaller datasets. Spatial
and connectivity-based advances offer the most prom-
ising developments as they project the dynamics in the
brain as networks or topographic maps. Likewise, the
effective use of such representations, as Chen in and
Wu”® inputted into CNNs and GNNs similarly to how
the spatial topology of EEG can be exploited. The dis-
criminative performance of deep learned features ob-
tained by CNNs, LSTMs, or transformers is strongest,
particularly when fine tuned on a series of datasets.
Nevertheless, as Table 1 points, these methods cause
problems in terms of computational price, model inter-
pretability, and requirement of data.

The variety of the classifiers also depicts the trade-
off among interpretability, complexity, and perfor-
mance. The classical classifiers such as SVM and RF
are fixed in their performance (70-85) when used
with handcrafted features selectively but not flexi-
ble on high-dimensional and complicated data. The
most accurate models (up to 92) are deep learning
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(particularly CNN) and hybrid CNNLSTM networks, but
their decision-making mechanisms are inaccessible
and, therefore, not readily interpretable. The architec-
tures of the transformers that have recently been intro-
duced by Yu* and Cheng’® are balanced in the sense
that both improve the cross-dataset generalization by
adding attention-based weighting of features. How-
ever, Table 1 demonstrates that the field is still torn
between the models that seek to maximize accuracy
and explainability. Few studies such as the studies by
Torres™ and Fiorini’® explainable AI (XAI) methods to
visualize the neural attention or compare features with
known neurophysiological patterns, which opens this
direction to future research.

The comparative statistics in Table 1 also show that
the model performance and reliability is closely con-
nected to the diversity of the dataset, consistency of pre-
processing, and transparency of evaluation. Research
involving the same models on different sets of data has
shown to have up to 10 percent discrepancies in accu-
racy, which means that it is highly dependent on the
quality of data, the recording setup, and the method

DATASETS
* Public

* Proprietary
* Synthetic

Classical ML Models

Deep Learning Models
Statistical Models

Hybrid / Ensemble Methods
Rule-based Systems

METHODS

{

VALIDATION SCHEMES
* Cross-validation (v common)
* Internal validation (A limited)
» External validation (X rare)

Fig 3 | Shows the dataset, methods and validation scheme, highlighting evidence gaps
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of emotion induction. As an example, the music-based
elicitation of DEAP is different in its essence with the
film stimuli of SEED and the personality-related design
of ASCERTAIN, resulting in nonhomogeneous distribu-
tions of features. The presence of such differences ham-
per cross-study comparison since there are no standard-
ized preprocessing and normalization procedures.

On a larger scale, the overall evidence in Table 1
suggests a shift between the experimentation of
benchmark-based approach to the more holistic in-
terpretation of affective EEG modeling. New direc-
tions are the use of transformer and attention-based
architecture, the development of self-supervised and
semi-supervised (Tan") feature learning, the focus
on cross-subject adaptation, and the realization of
real-time deployment issues. Liu’’ and Cheng® dis-
cuss the topic of lightweight networks and pruning
techniques used in real-time inference, whereas Lu in
2024 suggests pruning EEG-specific self-supervised
pretraining and overcomes the lack of labeled data.
These guidelines are consistent with the direction that
the field has taken concerning the adoption of practi-
cal, interpretable, and computationally efficient emo-
tion-recognition systems.

Table 1, which has been expanded, does not only
document the findings of the experiments, but it ex-
tends the level of transparency, reproducibility, and
level of interpretation of EEG emotion-recognition
studies. It can be used to carry out more meaningful
cross-comparisons by providing the information on
validation types and variance and indicates weakness-
es in the methods used like excessive dependence on
testing based on the subject, inconsistent preprocess-
ing, and the absence of uncertainty quantification. The
table highlights that though extremely high accuracy
improvements were made, the field is still confronted
with several critical issues of cross-subject generaliza-
tion, dataset standardization, and interpretability. In
the future, reproducibility criteria, multimodal signal
integration, and explainable deep learning application
should be of central focus in future studies in order to
ensure scientific and practical usefulness. After all,
Table 1 was used as a reflection of the progress made
and the challenges ahead on the way to the implemen-
tation of reliable, generalizable and ethically accept-
able EEG-based emotion recognition systems. Figure 3
organizes by dataset, methods and validation scheme,
highlighting evidence gaps.

Evidence gaps

A\ Limited validation for proprietary datasets.

X Minimal use of synthetic datasets across all meth-
ods.

X Few studies report external validation, especially
for rule-based and hybrid models.

The evidence synthesized on 46 studies indicates
that the field under consideration is at a significant
stage of transition, with impressive technical results
in a controlled environment and serious problems
in generalization to the real world. A more critical
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examination that is consciously oriented towards find-
ing results of cross-subject (CS), cross-session (CSS),
cross-dataset (CD) validation can give a more moder-
ate and practical outlook on what EEG-based emotion
recognition actually looks like now.

1. The Illusion of Performance: Subject-Dependent
and Real-World Generalization.

Among the most notable conclusions of this
review is the drastic difference in model behavior
in subject-dependent (SD) and more rigorous vali-
dation. As our analysis shows, Headline accuracy
scores of above 95-99% are almost solely a pre-
serve of SD evaluation, when models are trained
and tested on data of the same person. Although
the paradigm is practical in determining baseline
viability, it is not particularly useful in deployable
systems that have to detect emotions in new, un-
known users.

To measure this difference, we did a sensitivity
analysis by separating the Table 1 results. The re-
sults are discussed here:

Subject-Dependent (SD) Mean Accuracy: Approx-
imately 95.5% (according to such research as Khan in
2024; Chowdary in 2022). This is the best the perfor-
mance can be in a very limited environment.

Cross-Subject (CS) Mean Accuracy: 87.5. This
is an important decrease of about 8 percentage
points, and it is aimed at showing how difficult in-
ter-subject variability in brain physiology and emo-
tional response can be.

Cross-Session (CSS) / Cross-Dataset (CD) Mean Ac-
curacy: 87.5. When the models are tested on data too
different recording sessions or even on completely dif-
ferent datasets, the performance diminishes further to
levels which become inadequate in many applications
in the real world.

This sensitivity analysis highlights the fact that the
use of SD results gives a highly misleading opinion of
model capability. The actual development of the field
can be gauged more realistically through its perfor-
mance in CS, CSS and CD regimes which are not as
large but spectacular.

2. Approaches to Methodology that can be improved:
Augmentation and Transfer Learning.

Among the more demanding CS/CD paradigms
our synthesis reveals that there are two important
methodological families that can always deliv-
er performance benefits: data augmentation and
transfer learning.

Data Augmentation: Typical performance in-
crease in the case of CS can be linked to the use of
augmentation (e.g., Gaussian noise, sliding win-
dows, GANs) with a performance improvement of
3-7 percentage points. Timing is however the key
factor. Research that clearly implemented aug-
mentation after split (e.g., Cheng;*® Liu’’) showed
strong gains without the danger of data leakage.
The numerous studies that were not clear on the
timing of augmentation, on the contrary, add a
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possible element of bias and over-optimism in the
reported findings.

Transfer and Domain Adaptation (DA): These
methods provide the most promising direction
of bridging the generalization gap. Specifically,
subject-invariant or dataset-invariant features are
what learning models that use DA (e.g., Lu;?’ Imti-
az and Khan;*° Alameer*’) learn. We have examined
that, properly-designed DA structures are able to re-
capture 10-15 percentage points of accuracy in CD
tasks compared to naive models trained on an input
dataset and tested on a target dataset. As an exam-
ple, without DA, the cross-dataset performance may
reach up to 60-65% (Imtiaz and Khan,’’), whereas
with it, it can be improved to the 75-80 percent area
(Lu;*” Alameer®). This is among the most momen-
tous contributions to viable system design.

. The Paucity of Real External validation and its Im-

plication.

One of the research gaps that have been deter-
mined to be the critical ones in this review was the
utter lack of real external validation. Most of the
“cross-dataset” literature remains closed to a closed
ecosystem of lab-created, purposely-constructed
affective EEG datasets (DEAP, SEED, etc.). Although
testing on a different dataset is a step to external
validation, it is not actual external validation which
would entail testing on data provided by:

Various demographic groups of people (e.g.,
various age groups, clinical populations).

Various recording conditions (e.g., the field vs.
the lab).

Other hardware (e.g., switching to systems with
consumer-grade wearables).

Table 1 reveals that few studies (e.g. Wang;>
Imtiaz and Khan*’) do any type of cross-dataset
testing, even those are confined to the same type of
laboratory datasets. The near lack of confirmation
on truly independent, externally gathered data im-
plies that the field does not have much evidence of
how the existing models will work in a non-research
lab. This is a significant obstacle to translation and
a gross overconfidence of model resilience.

. Interpretability vs. Performance in Deep Learning

The Trade-Off.

Interpretability has suffered because of the
move to deep learning. Although neural networks
such as CNNs and Transformers can automatically
extract powerful features, how these models make
decisions is a black box. This is also a major con-
straint of the applications in the field of healthcare
or psychology where it is equally important to un-
derstand why a given emotional state has to be in-
ferred as it may be. The trade-off identified in the
review is apparent:

Traditional ML (SVM, k-NN): Poorer perfor-
mance (around 70-85% in CS) but greater inter-
pretability of the results with regard to feature
importance analysis.
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Table 3 | Limitations, challenges, and research gaps in eeg-based emotion recognition

No. Author (Year) Limitation / Challenge Gap / Research Need Databases Used
1 Luetal” Need for few-shot adaptation Hybrid domain-adaptation + few-shot fine- SEED
tuning (DFF-Net)
2 Jiménez-Guarneros et al.”® Domain shift between sessions Unified domain adaptation frameworks DEAP, SEED
3 Koelstra et al.”® Lab stimuli, low ecological validity Larger real-world, demographically diverse DEAP, MAHNOB-HCI
datasets

4 Zheng & Lu’! Small subject pool Multi-center, diverse cohorts SEED

5 Correa et al. (2018) Short trial duration Longer and naturalistic stimuli AMIGOS

6 Katsigiannis & Ramzan (2018) Limited emotion granularity Finer-grained labels DREAMER

7 Yuvaraj et al.*’ Feature extraction inconsistency Comparative pipelines + open code DEAP, SEED, MAHNOB-
HCl

8 Topic & Russo® Interpolation reduces spatial precision Better electrode selection methods DEAP, SEED, DREAMER,
AMIGOS, MAHNOB-HCI

9 Chenetal.’ High cost of connectivity features Reduced-channel connectivity methods SEED-IV

10 Wu & Lu (2022) Spurious connectivity due to volume conduction  Validated connectivity metrics SEED, DEAP, MAHNOB-
HCl

11 Liu et al.”” Deep models computationally heavy Pruning, distillation for real-time use SEED, DEAP, MAHNOB-
HCl

12 Cheng et al*® Overfitting of transformer models Robust multi-scale graph transformers SEED, DEAP

13 Yu et al.®® No standardized augmentation Benchmark augmentation protocols DEAP, SEED

14 Lu (2024) Dependence on labeled target data Self-/semi-supervised pre-training SEED

15 Zhao & Zhu (2024) Limited cross-dataset tests Cross-dataset/device generalization DEAP, SEED

16 Ahmadzadeh et al. (2024) High in-sample accuracy only External replication needed DEAP

17 Tripathi et al. (2017) Dataset bias & unclear splits Transparent reporting standards DEAP, MAHNOB-HCI

18 Subasi et al.” Rotation Forest subject-dependent Cross-subject validation protocols SEED

19 Wang et al.” Hybrid CNN-LSTM complex & resource-heavy Lightweight hybrids for real-time use DEAP, SEED

20 Khan et al.” Classical ML less robust to noise Improved pre-processing & artifact removal DEAP, DREAMER

21 Mert & Akan' Limited feature fusion Integrate MSST with deep networks DEAP

22 Dogan et al. (2020) Single dataset evaluation Cross-database benchmarking DEAP

23 Atkinson & Campos®® Low accuracy with linear models Non-linear feature mappings DEAP

24 Islam et al.” Low accuracy of correlation features Combine PCC with temporal models DEAP

25 Moon et al.”! Connectivity metrics computationally intensive Efficient graph construction methods DEAP

26 Zhang et al.*! CFNN uncertainty handling limited Neuro-fuzzy interpretability frameworks DEAP

27 Singh & Sharma'’ Feature fusion model complex Simpler multi-level fusion pipelines SEED

28 Lietal.” Heterogeneous evaluation metrics Unified benchmark criteria DEAP

29 Patel & Chauhan'* Redundant features increase complexity Improved feature selection techniques DEAP

30 Alarcdo & Fonseca® No standardized protocols Common EEG pre-processing standards DEAP, MAHNOB-HCI

31 Hamzah & Abdalla®’ Dependence on small samples Larger population studies DEAP

32 Ma et al.”’ Attention models need more validation Generalizable attention mechanisms SEED-IV

33 Liuetal." Metaheuristic optimization costly Simplified optimization schemes DEAP

34 Yin et al.** Firefly optimization slow Alternative bio-inspired methods SEED

35 Dhara etal.” Fuzzy ensemble model requires high Need for cross-dataset validation to ensure DEAP

computational resources for hybrid feature— robustness across diverse EEG distributions
classifier integration

36 Jirayucharoensak et al.*® DBN lacks spatial context Add topographic information DEAP

37 Liuetal.*” Peripheral features weakly correlated Multimodal fusion approaches DREAMER

39 Wang et al.*® Early DL models small-scale Large-scale deep benchmarks DEAP, SEED

40 Zheng et al.®’ DBN overfits to subjects Regularized cross-subject training DEAP

41 Zheng etal.”® Multimodal fusion alignment issues Better synchronization & missing-data handling ~ SEED

42 Subramanian et al.’ Commercial sensor noise Noise-robust processing ASCERTAIN

43 Pillalamarri”* Fusion alignment & missing data Cross-modal synchronization frameworks AMIGOS, ASCERTAIN

44 Torres et al.” XAl methods inconsistent Reliable explainable Al for EEG DEAP, SEED

45 Fiorini et al.”® Deep models black-box Clinically validated interpretability DEAP, SEED

46 Gkintoni et al.”” Fragmented evaluation practices Unified systematic review benchmarks DEAP, SEED, MAHNOB-
HCl

47 Wang et al.”” Limited focus on temporal dependencies Temporal transformer integration DEAP

48 Ganepola et al.”* Narrow emotion taxonomy Broader affective dimensions DEAP, SEED

49 Yu et al.* Transformer benchmark limited to labs Multi-center testing for robustness SEED, MAHNOB-HCI
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Deep Learning (CNN, LSTM, Transformer): Bet-
ter performance (~85-95% in CS) and low inter-
pretability.

One such emergent yet promising direction is
the combination of Explainable AI (XAI) techniques,
such as those used in work by Azar" with fuzzy rules.
This area however according to the Table 3 (Limita-
tions) requires even more development and stan-
dardisation to become clinically meaningful.

Abbreviations and Definitions

Validation Types: SD (Subject-Dependent), CS
(Cross-Subject, e.g., LOSO, k-fold across subjects), CSS
(Cross-Session), CD (Cross-Dataset)

Emotion Model: Dimensional (V/A = Valence/Arous-
al), Discrete (e.g., Happy, Sad, Fear, Neutral)

Split Transparency: Full (exact split described), Par-
tial (split type mentioned but lacks detail), None (no
description)

Augmentation Timing: Pre-split (applied before
train/test split), Post-split (applied only to training
data), None

The limitations, problems, and gaps in the research
studies of EEG-based emotion recognition have been
systematically summarized in Table 3 based on the
benchmark databases used, i.e., DEAP, SEED, DREAM-
ER, AMIGOS, ASCERTAIN, and MAHNOB-HCI. The
research shows that the least evaded obstacle is the
cross-subject and cross-session variability because
models tend to generalize outside of the subjects
with which the models are trained. Imbalance in the
datasets and homogeneity of the demographics also
restricts the strength of the models, and most bench-
mark datasets have limited diversity of participants,
recording conditions and ecological validity. Although
deep learning methods are highly accurate, they have
limitations including high cost of computation, inter-
pretability and reproducibility particularly in real-time
and low-data conditions. Besides, difference in feature
extraction, preprocessing pipelines and validation pro-
tocols do not make cross-study comparisons to be fair.
All these observations together point to the urgent need
to develop standardized evaluation models, multimod-
al and demographically diverse data, and lightweight
and explainable models that can be generalized across
individuals and settings. Trying to classify the existing
mass of evidence in terms of the limitations of the data-
sets used, Table 3 provides the important insight into
the current changes in the research field and specifies

the directions of future research that should be taken
in order to produce the robust, transparent, and de-
ployable systems of emotion recognition via EEG.

Risk of Bias Assessment

To evaluate the quality and reproducibility of the meth-
odological aspects of the included studies critically, for-
mal risk-of-bias assessment was performed in Table 4,
according to a pre-defined rubric. The evaluation target-
ed four major areas which are important to validate and
replicate machine learning research:

Split Transparency: Did the data splitting process
(e.g., subject dependent, cross-subject, LOSO) receive
sufficient description, with a verbatim description of
the composition of the training and test sets?

Data Augmentation & Leakage Protection: Was data
augmentation disclosed? Were other leakage safe-
guards (such as subject-wise normalization) described?
Did they use it, did they apply it after training-test split
(to avoid leakage) and did they note it?

Validation Integrity: Was the study based on a rigor-
ous validation scheme that could be applied to the real
world (e.g., cross-subject or cross-session across sub-
ject-dependent) and performance was reported with
measures of variance (e.g., standard deviation)?

Openness & Reproducibility: Did the model and
evaluation code exist in a publicly accessible place?
Did it provide the splits or trained models of data?

Rubric and Scoring
Each domain was rated in relation to each study as fol-
lows:

Low risk: The criterion was fully and clearly reported
in the study.

Medium Risk: The criterion was partially reported in
the study, or it failed to be clear.

High Risk: This study did not state the criterion,
or the procedure in which the study was performed
placed an evident risk of bias (e.g., augmentation used
before splitting).

All included studies have the results of this assess-
ment summarized in Figure 4. This traffic-light chart
gives a summary of how the biases have been distribut-
ed in the literature.

The figure illustrates the percentage of researches
considered as low, medium, or high risk of each bias
domain. The stepwise analysis per-study analysis can
be found in the supplementary materials.

Table 4 | Risk of bias assessment rubric

Domain Medium Risk High Risk

Split Exact split described (e.g., “LOSO with 32 Split type mentioned but lacks detail (e.g., “cross- No description of how data was split for
Transparency subjects,” “70-15-15 split per subject”). validation” without specifying k). training/testing.

Augmentation Augmentation disclosed and applied post-split;  Augmentation disclosed but timing unclear; OR no Augmentation used but timing suggests pre-
& Leakage OR no augmentation used and other safeguards ~ augmentation and no mention of safeguards. split (high leakage risk); OR augmentation
Safeguards (e.g., subject-wise normalization) stated. not disclosed but likely used.

Validation Cross-subject/session validation used AND Cross-subject/session validation used BUT no variance ~ Subject-dependent validation AND no
Integrity performance variance (SD/CI) reported. reported; OR subject-dependent with variance. variance reported.

Openness & Code and data splits or model weights available ~ Code available but no data splits/models; OR only a No code or supplementary materials

Reproducibility

in a public repository.

non-executable algorithm description. provided.
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Split
transparency

Augmentation
disclosure

Leakage
safeguards

Openness

. Low risk

1T 2 3 4 5 6 7 8

Code and Model Availability

Lastly, the reproducibility is constrained by the nature
of open-source code and pretrained models which are
very limited. Less than two out of ten studies that are
reviewed publish their implementation or evaluation
scripts. The unavailability of codes hinders the process
of independent verification and benchmarking and is
also a contributing factor to publication bias where
only successful experiments are published. Efforts to
popularize open repositories of EEG data, pre-process-
ing software and trained models, including the public
benchmark portal by SEED, should be expanded to all
large emotion datasets.

Risk of Bias Assessment Rubric

9 40 41 46

Moderate ris High risk

Fig 4 | Summary of risk assessment of bias in all the studies included

Table 5 | Practitioner checklist for responsible EEG-emotion pipelines

Category
Privacy & Consent

Checklist Items for Practitioners
Obtain explicit, revocable consent.

Encrypt and anonymize raw EEG data.

Document data retention and reuse policies.

Fairness & Inclusion

Report demographics of participants.

Test model fairness across subgroups.

Use balanced or stratified datasets.

Transparency & Reproducibility

* Release preprocessing and training code.

Publish split definitions and random seeds.

Share trained model weights (when permissible).

Calibration & Stability

Minimize calibration time per user.

Validate model performance across sessions/devices.

Include long-term drift analysis.

Latency & Resource Budgets

* Report inference latency.

Quantify memory and compute requirements.

Optimize models for edge or embedded systems.

Ethical Oversight

Obtain IRB or ethics committee approval.

Provide user opt-out and system transparency.

Ensure emotion feedback is non-invasive and non-manipulative.

16

Deployment and Ethical Considerations

Privacy and Data Governance

EEG signals are distinctively identifiable and capable
of displaying emotional states as well as health and
cognitive data, which makes privacy protection the
main priority. The principles of data minimization,
limit purpose, and informed consent must all be ap-
plied to all data processing.

Anonymization can be too little as EEG patterns
can be re-identified between sessions and datasets.
Thus, cross-institutional training should be taken into
account using privacy-preserving learning, includ-
ing federated learning, differential privacy, or secure
multi-party computation. Besides, GDPR and local bio-
ethics require dataset custodians to expressly specify
storage periods, encryption norms, and access rights
of users.

Fairness and Demographic Imbalance

The existing EEG-based emotion datasets (e.g., DEAP,
SEED, DREAMER) have biased demographics (an over-
all overrepresentation of young, male, university-edu-
cated participants of limited ethnic background). Such
an unequal distribution creates the danger of introduc-
ing prejudice into the classifiers resulting in unequal
performance between genders, ages, or cultural back-
grounds. Subsequent datasets ought to embrace strat-
ified sampling and demographic balancing measures
and published models ought to incorporate subgroup
performance measurements. The researchers ought to
not only provide the composition of the dataset but
also provide the possible bias during the electrode
placement, interpretation of emotional stimuli, or lan-
guage-specific labeling of affect.

Informed Consent and Participant Autonomy
EEG ethical studies should assure that the participants
are aware of:

1. The type and the length of EEG data recording.

2. The utilized emotional stimuli (and possible psy-
chological influence).

3. Policies of future reuse and sharing.

The consent procedures must be continuous not sin-
gle especially in longitudinal studies. Anytime models
are put out in either a social or a clinical context, users
should have the right to switch off emotion monitoring,
and the system will need to show the status (e.g. when
recording is on).

Calibration and User Burden

Normally EEG emotion systems must be calibrated on
a per-user basis to normalize features. Although cali-
bration provides more accuracy, it adds more burden
to the end-users. Research to minimize this dependen-
cy is currently moving towards cross-subject general-
ization and transfer learning methods that allow plug
and play emotion recognition with minimal retraining.
Nevertheless, even the calibration-free models are ex-
pected to be tested to have long-term stability, session
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drift, and hardware variability. The accuracy decay
may be reduced without a lot of effort by regular recal-
ibration schedules (e.g., quarterly).

Real-Time Constraints and Resource Budgets
Real-time inference in severe latency and memory con-
straints is needed in applications such as wearables,
robotics, or human to computer interaction. In a re-
al-time EEG pipeline, standard latency requirements
are less than 150 ms since this is responsive to adap-
tive feedback systems.

Memory and compute budgets should align with

embedded systems

e Mobile or edge processing should use less than
500MB RAM, less than 1W of energy.

e On-device applications have working models
pruned at train, quantized, and lightweight (Mo-
bileNet, TinyCNN, SpikingNN).

Computational footprints and latency benchmarks
must be indicated together with accuracy to enable a
transparent trade-off between speed and performance
as indicated in Table 5 practitioner checklist for re-
sponsible EEG-emotion pipelines.

Open Science, Reproducibility and Transparency
The privacy and fairness are not the only ethical issues
of ethical deployment that reach into the scientific re-
producibility. Whenever feasible, all code, preprocess-
ing scripts and model weights trained should be made
publicly available under open licenses (e.g. MIT, CC-
BY). Researchers are required to record:

EEG preprocessing pipelines (filtering, artifact re-
moval).

o Strategies of feature extraction and normalization.

¢ Definitions and random seeds of training/tests.

e Open information sharing minimizes redundancy
and enhances community validation, as well as se-
curing intellectual property and privacy of the par-
ticipants.

Conclusion

A comprehensive review of selected studies reveals
substantial advancements in EEG-based emotion rec-
ognition, driven by both traditional and deep learning
approaches. The profound impact of emotions on human
behaviour and decision-making, the accurate detection
and interpretation of emotional states hold substantial
application value across healthcare, education, and en-
tertainment. With the advancement of brain-computer
interface (BCI) technologies and artificial intelligence,
EEG-based emotion recognition has gained significant
momentum in recent years. This review has outlined
the critical processes involved in EEG-based emotion
recognition. It emphasized that the processes of sig-
nal acquisition and pre-processing play a crucial role
in determining the accuracy of emotion classification.
Furthermore, the choice of classification method signifi-
cantly impacts the reliability of recognition results. With
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the successful application of deep learning techniques
in this field, researchers have proposed a variety of neu-
ral network-based models. In particular, hybrid neural
network architectures that combine different deep learn-
ing models have shown strong potential in capturing
complex EEG patterns. These models, particularly when
integrated with topographic feature maps and con-
nectivity matrices, excel in capturing spatial-temporal
patterns in EEG data. Ensemble techniques, including
rotation forests, further enhance robustness. Overall,
the reviewed literature confirms the continued efforts in
this area are expected to further enhance the accuracy,
robustness, and real-world applicability of emotion rec-
ognition technologies.

Future Work

The architecture transformer has shown itself to be
better performing in many fields recently because they
are capable of capturing long-range dependencies and
more complex spatiotemporal relationships. Trans-
formers in EEG emotion recognition work by provid-
ing the ability to record inter-channel correlations and
time behavior in parallel without having to employ re-
current structures. Other models like Multi-Scale Dual
Channel Graph Transformer Network (MSDCGTNet)
combine attention mechanisms and graph-based rep-
resentations to learn patters of spatial connectivity
between different regions of the brain. Transformer
architectures are however computationally intensive,
which means that they need large labeled datasets and
large training resources. The research on transformers
should thus focus on effective versions of transformers
to include lightweight or hybrid CNN-transformer mod-
els that retain accuracy and allow real-time processing.
Attention mechanisms that take into consideration
neurophysiological priors can also be more interpre-
table in terms of mapping a learned attention map to
familiar emotional circuitry.

The second direction is emerging as self-supervised
EEG representation learning, which attempts to alle-
viate a situation where labeled data is limited, a sig-
nificant bottleneck in the area. The classic supervised
processes are based on small datasets that are manu-
ally labeled and thus restrict generalization. Self-su-
pervised learning (SSL) enables models to train on
unsupervised large data sets of intrinsic EEG to learn
intrinsic EEG representations via contrastive or masked
signal reconstruction tasks. SSL frameworks can be un-
supervisedly pre-trained on limited emotion-labeled
samples, and even in few-shot scenarios, fine-tuning
them can be done with high performance. This method
does not only provide efficiency in data, but also de-
creases the reliance on certain datasets, which leads to
more generalizable and transferable feature represen-
tations. The benchmarking of various strategies of the
SSL such as those based on temporal contrastive learn-
ing and masked autoencoders into the most appropri-
ate formulations should be conducted in future works
to apply them in the non-stationary nature of EEG.

The concept of real-time emotion decoding is an-
other important research area of interest that seeks to
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apply laboratory models in real practice. There is a lim-
itation in most of the existing systems; they are only
tested offline, which restricts their use in affective com-
puting, adaptive learning and healthcare monitoring.
The use of decoding emotion in real-time needs min-
imal-weight architectures that can primarily imple-
ment continuous inference at low latency and power
consumption. Model pruning, knowledge distillation,
and on-device quantization are the strategies that can
help to dramatically decrease the amount of computa-
tions without accuracy loss. Moreover, by combining
streaming EEG pipelines with edge devices or wearable
devices, it would be easier to deploy emotion-aware
systems in a more naturalistic setting. The studies in
this field should also cover the latency-compensation
methods, and the latency adjustment to signal drift
with time.

Finally, cross-device and cross-dataset generaliza-
tion is also an unresolved problem having a direct im-
pact on the robustness and reproducibility of models.
Variations in EEG devices, electrode arrangements or
recording conditions can cause domain shifts which
reduce performance when models are moved between
devices or subject groups. Research in the future
should come up with domain adaptation models with
the ability to match representations between heteroge-
neous EEG sources. This can be adversarial learning,
subspace alignment or meta-learning mechanisms
which encourage invariance to device-specific noise. It
will be necessary to have an open cross-device bench-
mark, and a set of standardized preprocessing pipe-
lines to be able to fairly compare and reproducibly.
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