Received 06/13/2025
Review began 06/29/2025
Review ended 09/16/2025
Published 09/26/2025

© Copyright 2025

Olashore et al. This is an open access
article distributed under the terms of the
Creative Commons Attribution License CC-
BY 4.0., which permits unrestricted use,
distribution, and reproduction in any
medium, provided the original author and
source are credited.

DOI:
https://doi.org/10.7759/s44389-025-06161-0

Cureus Journal of Computer Science

Open Access Original Article

Development of Real-Time
Electroencephalography-Based Emotion
Recognition Models Using Machine Learning
Techniques

Tijesunimi D. Olashore ! , Olutayo K. Boyinbode % , Oladunni A. Daramola % , Mary T. Kinga 2

1. Computer Science, Federal University of Technology, Akure, NGA 2. Information Technology, Federal University of
Technology, Akure, NGA

Corresponding authors: Tijesunimi D. Olashore, tijesunimiolashore@gmail.com, Olutayo K. Boyinbode,
okboyinbode @futa.edu.ng, Oladunni A. Daramola, oadaramola@futa.edu.ng, Mary T. Kinga, mtkinga@futa.edu.ng

Abstract

Emotion recognition using electroencephalography (EEG) signals has gained significant attention in
affective computing, human-computer interaction, and mental health applications. Owing to the complex
and non-stationary nature of EEG signals, diverse feature extraction methods - spanning time-domain
(statistical), frequency-domain, and deep learning approaches - have been explored to capture intrinsic
signal characteristics. This study presents a critical evaluation of three machine learning models for EEG-
based emotion classification, leveraging both time- and frequency-domain features. Specifically, the
performance of eXtreme Gradient Boosting (XGBoost), Light Gradient Boosting Machine (LightGBM), and
K-Nearest Neighbors (KNN) was investigated using the DEAP (Database for Emotion Analysis using
Physiological Signals) dataset, a widely adopted benchmark for emotion recognition research. To enhance
signal quality, EEG data were segmented into 1-second epochs, from which a comprehensive set of
statistical and mathematical descriptors were extracted: mean, standard deviation, root mean square,
minimum, maximum, peak value, activity, mobility, complexity, entropy, skewness, and kurtosis in the
time-domain, along with entropy in the frequency-domain. A 10-fold cross-validation procedure was
applied under a cross-subject evaluation scheme to assess generalization across individuals. Experimental
results demonstrated that KNN achieved the highest classification accuracy (96.77%), surpassing XGBoost
(88.55%) and LightGBM (84.08%), thereby challenging the conventional preference for more complex
ensemble models in EEG-based emotion recognition. These findings highlight the critical role of feature
engineering and classifier selection in optimizing system performance. The outcomes have practical
implications in clinical diagnostics (e.g., early detection of depression and anxiety) and adaptive systems,
including mood-aware interfaces, neurofeedback applications, and emotionally adaptive gaming
environments.

Categories: Affective Computing, Health Informatics, Machine Learning (ML)

Keywords: emotion recognition, electroencephalography (eeg), segmentation, statistical features, k nearest neighbours
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Introduction

Human emotion plays a pivotal role in both affective computing and human-machine interaction. As
Picard et al. [1] observed, affective computing seeks to bridge the gap between computational systems and
the human emotional experience, recognizing that emotions significantly influence user behavior and the
effectiveness of interactive systems. Emotional regulation is also closely linked to mental health, as
difficulties in managing emotions are associated with conditions like attention-deficit disorders and
depression [2]. In this context, electroencephalography (EEG)-based emotion detection serves a dual
purpose: Diagnostically, it provides objective neural markers that can support the early detection and
monitoring of mental health conditions such as anxiety, depression, and Attention-Deficit/Hyperactivity
Disorder; behaviorally, it enables real-time emotion monitoring in human-machine interaction systems,
allowing adaptive responses in applications like emotion-aware user interfaces, gaming, and
neurofeedback-based interaction.

Traditional emotion recognition approaches, including facial expression analysis, gesture recognition, and
speech processing, have demonstrated promise but face limitations. These methods are often hindered by
individual variability in cultural background, age, language, and behavior. Furthermore, because they rely
on observable external cues, such approaches are susceptible to contextual influences and may not
accurately reflect an individual’s true emotional state. In contrast, physiological signal-based emotion
recognition offers a more objective and reliable avenue for assessing affective states [3].

Several studies have shown that EEG-based models consistently outperform traditional observable
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methods in emotion recognition tasks. For example, Han et al. [4] reported that EEG-based models
achieved an average classification accuracy of up to 85% on the Database for Emotion Analysis using
Physiological Signals (DEAP) dataset, compared to 65-70% for facial expression and audio-based
modalities. Alotaibi and Fawad [5] further demonstrated superior F1-scores from EEG signals, particularly
in noisy environments where facial or speech cues become unreliable. These findings highlight the
robustness of EEG signals in capturing internal affective states with minimal susceptibility to external
bias.

Among various physiological modalities, EEG has emerged as one of the most effective tools for emotion
recognition. EEG signals are involuntarily generated, immune to voluntary manipulation, and directly
reflect brain activity associated with emotional processing. This makes EEG particularly valuable in
contexts where traditional methods fail; for instance, among individuals with physical disabilities who
may not be able to express emotions through speech or gestures [3]. Recent advancements in deep
learning have significantly improved the performance of EEG-based emotion recognition systems.
However, model complexity, computational cost, and real-time applicability remain critical challenges.
This section reviews several state-of-the-art approaches categorized by their architectural strategies and
contributions.

One prominent approach is the development of end-to-end deep learning models tailored for EEG signals.
For example, Han et al. [4] proposed E2ENNet, a lightweight end-to-end neural network that integrates
depth-wise separable convolution for spatial feature extraction with a long short-term memory (LSTM)
network to capture temporal dependencies. The model achieved high classification accuracies of 96.28%
and 98.1% on the DEAP and DREAMER datasets, respectively (binary valence-arousal classification), and
41.73% on the seven-class MPED dataset. Despite its efficiency compared to traditional convolutional
neural networks (CNNs), the model's training time (reported at 72 seconds) could still pose a challenge for
real-time implementations.

Building upon the spatial-temporal analysis paradigm, Alotaibi and Fawad [5] introduced an Al-inspired
spatio-temporal neural network known as the Bag-of-Hybrid-Deep-Features model. To address the high-
dimensional feature space issue inherent in deep models, this architecture combined GoogLeNet deep
features with handcrafted texture descriptors using a novel extraction method called OMTLBP_SMC. The
authors applied classifiers such as support vector machine and K-nearest neighbors (KNN), achieving
recognition accuracies of 93.83% (DEAP) and 96.95% (SEED). Although the performance was impressive,
the model’s multi-step feature engineering and hybridization pipeline introduced significant complexity.

Other studies have focused on deep CNNs to enhance spatial and temporal learning from EEG signals. In
Chen et al. [6], CNN models were trained to automatically learn emotional features across EEG
dimensions. Compared with shallow classifiers, CNNs improved performance by 3.29% and 3.58% in
arousal and valence classification, respectively. The model yielded the highest recognition accuracy when
combining temporal and frequency features. However, it struggled to extract robust cross-subject
discriminative features, emphasizing the need for more generalized EEG-based models.

In an effort to model multi-modal dependencies and improve temporal feature learning, Ma et al. [7]
proposed a multimodal residual LSTM network. This architecture integrated both residual shortcut
connections (spatial) and temporal LSTM paths, sharing temporal weights across modalities to capture
interdependencies between EEG and other physiological signals. The model achieved classification
accuracies of 92.87% (arousal) and 92.30% (valence). Nevertheless, its complex architecture made it less
suitable for real-time deployment, raising concerns about scalability and computational demand.

In contrast to deep-only models, Zhong et al. [8] explored a hybrid deep architecture combining Hidden
Markov Models with CNNs, utilizing multiscale sample entropy features from EEG data. This system
targeted emotion recognition in human-computer interaction, attaining average accuracies of 79.77%
(arousal), 83.09% (valence), and 81.83% (dominance). While the hybrid design improved accuracy, it
introduced challenges related to processing speed and recognition latency, which are critical in real-time
settings.

Several studies have focused on enhancing signal preprocessing and feature extraction through advanced
decomposition techniques. Alhalaseh and Alasasfeh [9] proposed a system leveraging Variational Mode
Decomposition and Empirical Mode Decomposition - techniques commonly used in biomedical signal
processing. Feature extraction was performed using entropy measures and Higuchi’s fractal dimension,
followed by classification using Naive Bayes, CNN, KNN, and decision trees. The CNN-based model yielded
the highest accuracy at 95.20%, but again, its computational complexity limited real-time feasibility. The
key contribution of this study lies in its robust noise-reduction and decomposition framework, which
enhanced signal quality for emotion recognition.

A more application-oriented approach was adopted by Hassouneh et al. [10], who developed a real-time
emotion recognition system combining EEG signals and facial expressions. Aimed at classifying emotional
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states in children with autism and individuals with physical disabilities, the system used optical flow
algorithms to process facial landmarks and applied CNN and LSTM classifiers for both facial and EEG data.
While CNN achieved 99.81% accuracy on facial landmarks, LSTM reached 87.25% using EEG inputs.
Despite its real-time focus, the EEG component fell short in precision, revealing the need for more
accurate and efficient EEG-based emotion detection frameworks.

In response to these challenges, the present study seeks to develop statistically grounded yet
computationally lightweight feature extraction techniques for EEG-based emotion recognition. Emphasis
is placed on extracting time-domain statistical descriptors (e.g., mean, root mean square [RMS], peak-to-
peak, entropy) that are easier to compute and interpret. Combined with efficient machine learning
classifiers such as KNN, Light Gradient Boosting Machine (LightGBM), and Extreme Gradient Boosting
(XGBoost), the aim is to construct an emotion recognition pipeline that ensures high classification
performance, low-latency inference, and scalability for real-time applications. This study contributes to
the field by aligning simplicity, accuracy, and efficiency to support applications such as mental health
monitoring, adaptive user interfaces, and emotion-aware gaming systems.

Materials And Methods

The workflow was broken down into five phases, as shown in Figure I: data collection, data preprocessing,
feature extraction, model training, and model evaluation. Each stage was created to ensure the precision
and resilience of the emotion recognition system while preserving processing efficiency for real-time
applications. This study developed a real-time EEG-based emotion recognition system that uses

Russell’s two-dimensional valence-arousal scale to classify emotions. Time-domain and frequency-
domain feature extraction methods were employed in conjunction with machine learning algorithms to
improve the model's accuracy.

The dataset used in this study consists of EEG recordings obtained from 32 participants, each recorded
using 32 scalp electrodes based on the international 10-20 system. These 32 EEG channels served as the
physiological inputs for analyzing emotional responses. The data underwent a two-step processing
pipeline to enhance signal quality and reliability. In the first stage, the raw EEG signals were subjected to
bandpass filtering, downsampling, and artifact removal. In the second stage, the cleaned EEG signals were
segmented into one-second non-overlapping epochs to ensure temporal consistency and facilitate
efficient feature extraction.

Each one-second EEG segment was then processed to extract both time-domain and frequency-domain
features, which were used as input for machine learning-based emotion classification. Emotions were not
labeled directly as discrete categories but were inferred from participants’ self-reported ratings along the
valence (pleasant-unpleasant) and arousal (active-passive) dimensions. These ratings were used to
categorize emotional states into four quadrants: high valence-high arousal (e.g., excited), high valence-

low arousal (e.g., relaxed), low valence-high arousal (e.g., anxious), and low valence-low arousal (e.g., sad).

These discrete categories served as the target classes for training and evaluating the emotion recognition
models.

Three machine learning algorithms - KNN and two gradient boosting techniques, LightGBM and XGBoost -
were used to classify the gathered EEG features. Several common evaluation criteria were used in a
thorough evaluation to gauge the trained model's performance. These included F1-score, Matthew's
correlation coefficient (MCC), accuracy, precision, recall, and area under the curve (AUC).

The proposed system architecture for real-time EEG-based emotion recognition was designed to
efficiently acquire, process, analyze, and classify EEG signals to detect emotional states. The architecture
was structured into five main stages: data acquisition, data preprocessing, feature extraction,
classification, and emotion recognition output, as shown in Figure / [11]. Each of these components
played a critical role in the accurate and efficient recognition of emotional states based on EEG data.
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FIGURE 1: System Architecture

Data acquisition

The study employed the DEAP dataset [12], a widely used benchmark for emotion recognition from
physiological signals, to analyze participants’ emotional responses to audiovisual stimuli. The dataset
comprises recordings from 32 participants, each of whom watched 40 one-minute-long music video clips
designed to elicit a wide range of emotional responses. Data collection included both EEG and peripheral
physiological signals such as electromyography, electrooculography, galvanic skin response, respiration,
and blood volume pulse.

DEAP was selected over other publicly available emotion datasets, such as SEED and DREAMER, due to its
multimodal nature, fine-grained emotion annotations, and wide emotional coverage using the valence-
arousal scale. Unlike SEED, which focuses primarily on discrete emotions using visual stimuli alone, or
DREAMER, which uses fewer participants and lacks peripheral signals, DEAP offers a more diverse and
rich dataset with continuous ratings of valence, arousal, dominance, and liking. These characteristics
make DEAP particularly suitable for building robust, generalizable emotion recognition systems that rely
on both central and peripheral physiological responses.

For this research, the focus was placed on EEG signals due to their direct connection to brain activity and
their suitability for affective state analysis. EEG signals were recorded using 32 electrodes positioned
according to the International 10-20 system, with a sampling rate of 512 Hz. The channels analyzed
included: Frontal regions: FP1, FP2, AF3, AF4, F3, F4, F7, F8, Fz; Central regions: FC1, FC2, FC5, FC6, C3,
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C4, Cz; Parietal regions: CP1, CP2, CP5, CP6, P3, P4, P7, P8, Pz; Temporal regions: T7, T8; Occipital and
Parietal: O1, 02, Oz and Occipital regions: PO3, PO4, O1, 02, Oz.

These channels were categorized into five major regions: frontal, prefrontal, central, temporal, and
occipital. The electrode placements used for signal acquisition are illustrated in Figure 2 [13], following
the standard 10-20 international system. In addition to physiological recordings, the DEAP dataset
includes participants’ subjective emotional responses, collected through the Self-Assessment Manikin
(SAM). SAM is a non-verbal pictorial assessment tool that captures individual ratings across three
emotional dimensions: valence, arousal, and dominance.

Frontal region
Central region
Parietal region
Temporal region
Occipital region

FIGURE 2: Layout of 32-Channel Electroencephalography Electrodes

Figure 3 shows a screenshot of the dataset used in this study. The dataset consists of 8 columns and 29,440

rows including the partcipants, video number, channel names, channel data, valence, arousal, dominance

and liking rating.
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FIGURE 3: Data Showing the Electroencephalography Channel Names,
Channel Data, and Target Labels

Preprocessing

Raw EEG signals were subjected to a series of preprocessing steps aimed at improving signal quality and
reducing computational complexity, thereby ensuring reliable feature extraction. First, the signals were
downsampled from 512 Hz to 128 Hz, significantly reducing data volume while preserving the essential
temporal dynamics relevant for emotion recognition. This was followed by bandpass filtering to eliminate
baseline drift and high-frequency noise, thereby isolating the frequency components most relevant to
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affective processing.

Additionally, artifact removal techniques were applied to mitigate the impact of common EEG
contaminants such as eye blinks, muscle movements, and electrical interference. In line with the DEAP
dataset’s preprocessing protocol [12], Independent Component Analysis was employed to identify and
remove ocular artifacts, such as eye blinks and eye movements. The ICA components were manually
inspected and those corresponding to non-neural activity were rejected, thereby improving signal clarity
and ensuring the reliability of extracted features. These preprocessing steps collectively enhanced the
clarity of the EEG signals, minimized noise, and produced clean input data for subsequent segmentation
and feature extraction.

In addition to filtering and artifact removal, data segmentation was performed to facilitate the analysis of
continuous EEG signals. As EEG is inherently a time-series signal capturing dynamic brain activity,
segmentation into smaller time windows - referred to as epochs - is essential for enabling meaningful
interpretation and efficient feature extraction.

To capture short-term fluctuations associated with transient emotional states, each 60-second EEG
recording was divided into non-overlapping 1-second epochs, resulting in 60 segments per trial. This
segmentation strategy offers a practical balance between temporal resolution and computational
efficiency. Although sliding windows can increase the number of training samples and capture finer-
grained transitions, they introduce temporal redundancy and greater computational overhead. Non-
overlapping windows reduce this redundancy and preserve the independence of each epoch, which is
advantageous when training machine learning models that assume uncorrelated input samples. Moreover,
given that the DEAP dataset uses one-minute audiovisual stimuli designed to evoke relatively consistent
emotional states, a 1-second non-overlapping window is sufficient to capture meaningful neural
variations without sacrificing temporal context.

To enable the application of supervised learning algorithms, the continuous self-assessment ratings of
valence and arousal provided in the DEAP dataset were discretized into binary class labels. A threshold-
based encoding scheme was applied, where ratings greater than or equal to 5 were categorized as high
valence or high arousal, while ratings below 5 were categorized as low valence or low arousal. This
binarization effectively transformed the continuous affect modeling task into two distinct two-class
classification problems, one for each emotional dimension. Although the DEAP dataset also includes
dominance ratings, this study focuses exclusively on valence and arousal, in line with Russell’s circumplex
model of affect, which defines core emotional states using these two dimensions. Dominance was
excluded due to its relatively lower relevance in EEG-based emotion recognition and the tendency of
participant ratings to cluster around the mid-point, which may lead to class imbalance and reduced
discriminative power.

Feature extraction

To enhance the model’s ability to distinguish between different emotional states, both time-domain and
frequency-domain features were extracted from each segmented EEG epoch. This dual-domain approach
aimed to capture a wide range of signal characteristics, thereby improving the model's predictive
performance. The feature extraction process involved transforming raw EEG time-series data into a
structured set of parameters comprising both statistical descriptors (e.g., mean, standard deviation,
skewness, and kurtosis) and signal-based descriptors (e.g., root mean square, peak-to-peak amplitude,
Hjorth parameters, and spectral band power), which collectively encapsulate the temporal variability and
spectral dynamics of emotional processing.

Time Domain Feature Extraction

In order to offer important insights into the temporal dynamics of brain activity, this study used a number
of feature extraction criteria in time-domain. The activity, mobility, RMS, standard deviation, mean, peak-
to-peak amplitude, skewness, kurtosis, and crest factor were among the statistical and mathematical
characteristics that were included in these properties. Each of these parameters captured distinct
properties of the EEG signal, offering a comprehensive representation of its temporal structure.

The mean and standard deviation provide measured of central tendency and dispersion respectively, while
activity and mobility reflected the overall signal power and its rate of variation. Minimum and maximum
values indicated the lowest and highest signal amplitudes, while energy quantified the total power of the
signal. RMS served as an indicator of signal energy, whereas peak-to-peak amplitude quantified the range
of fluctuations. Activity, defined as the signal’s variance, measured power variability, whereas mobility
tracked the variation of the signal over time to reflect frequency content. Complexity further analyzed
frequency dynamics by quantifying how closely the signal’s shape resembled that of its first derivative.
Skewness and kurtosis characterized the asymmetry and peakedness of the signal distribution
respectively, and the crest factor evaluated the ratio of peak amplitude to the RMS value, highlighting
transient changes in the signal. Finally, Shannon entropy was included to measure the randomness or
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unpredictability present in the EEG signal.

In the time domain, a comprehensive set of features was derived to describe various aspects of the EEG
signals. The mean represented the central tendency of the signals within each epoch, while the standard
deviation measured the dispersion of amplitude values. Minimum and maximum values indicated the
lowest and highest signal amplitudes, respectively. Energy quantified the total power of the signal,
offering insight into the intensity and strength of neural activity. RMS assessed signal power by
computing the square root of the mean of squared values. Activity, defined as the signal’s variance,
measured power variability, whereas mobility tracked the variation of the signal over time to reflect
frequency content. Complexity further analyzed frequency dynamics by quantifying how closely the
signal’s shape resembled that of its first derivative. Peak-to-peak amplitude captured the highest range of
signal fluctuation, and skewness assessed the asymmetry of the amplitude distribution. Kurtosis evaluated
the tailedness of the signal’s probability distribution, and crest factor was calculated as the ratio of the
peak value to the RMS, indicating peak sharpness. Finally, Shannon entropy was included to measure the
randomness or unpredictability present in the EEG signal.

1. Mean: The mean was computed to represent the central tendency of the signals within each epoch.
Mean of the signal was calculated using the equation below.

N

1 ,
Mean = N Z x[i]

i=1
where N was the total number of samples and x[i] was the signal’s value at the i-th sample.

2. Standard deviation: Standard deviation measured the dispersion of the signal’s amplitude values.
Standard deviation was calculated using the equation below.

N
. 1 .
Standard deviation = N g (x[i] — Mean)?

i=1

where N was the total number of samples, Mean was the signal’s mean, and x[i] was the signal’s value at
the i-th sample.

3. Minimum and Maximum values: The EEG signal's minimum and maximum values, respectively,
indicated its lowest and highest amplitudes for a specific epoch. The equations below were used to
determine the signal's minimum and maximum values, respectively.

Minimum value = min(x[i], x[ii], x[iii], ..., X[N])
Maximum value = max(x[i], x[ii], x[iii], ..., X[N])
where N was the total number of samples.

4. Energy: The energy measured the total power of the signal within a given epoch, to understand the
intensity and strength of neural activity. Energy of the signal was calculated using the equation below.

N

Eneray = 3 (i)’

i=1

where N represented the total number of samples and x[i] represented the signal’s value at the i-th
sample.

5.RMS: The RMS value calculated the signal's power by taking the square root of the mean of squared
data. The equation below was used to calculate the signal's RMS value.

Root mean square =

where N was the total number of samples and x[i] was the signal’s value at the i-th sample.
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6. Activity: The activity computed the variance to quantify signal power. The equation below was used to
calculate the signal's activity

N
1
Activity (Variance) = N Z(JL’M — Mean)?
=1

where N was the total number of samples, Mean was the signal’s mean, and x[i] was the signal’s value at
the i-th sample.

7. Mobility: Mobility quantified the signal's frequency content by tracking its variation over time. It was
defined as the ratio between the original signal's standard deviation and the standard deviation of the
signal's first derivative. The equation below was used to determine the signal's mobility.

Mobility =

dx
where Var is the signal's variance and — is the signal's first derivative with respect to time.

8. Complexity: Complexity quantified the degree to which the EEG signal's form resembled that of its first
derivative. It is the first derivative's mobility divided by the original signal's mobility. The equation below
was used to calculate the signal's complexity.

M ax
dt

Complexity =

x

where |/, denoted the mobility of the original signal and M % denoted the mobility of the signal's

first derivative.

9. Peak-to-Peak Value: The peak-to-peak value measured the highest range of signal variation. It
calculated the difference between each epoch’'s maximum and minimum signal amplitudes. The equation
below was used to determine the signal's peak-to-peak value.

Peak-to-peak = max(z[i]) — min(x[i])

where max(x[i]) denoted the signal's maximum amplitude value at the i-th sample and min(x[i]) denoted
its minimum amplitude value at the i-th sample.

10. Skewness: Skewness quantified how asymmetrical the EEG signal values' probability distribution was.
It helped to analyze whether the EEG amplitude distribution was more concentrated on one side of the
mean. Skewness of the signal was calculated using the equation below.

N
% Zi:l(xi - M)3
73

Skewness =

where N stood for the total number of samples, y for the signal mean, o for the standard deviation, and x[i]
for the signal’s value at the i-th sample.

11. Kurtosis: Kurtosis measured the tailedness of the EEG signal’s amplitude distribution. It quantifies
whether the EEG values have more or fewer extreme deviations compared to a normal distribution.
Kurtosis of the signal was calculated using the equation below.

N
% Zi:1($i - .U)4
ot

Kurtosis =

where N stood for the total number of samples, y for the signal mean, o for the standard deviation, and x[i]
for the signal’s value at the i-th sample.

12. Crest Factor: The crest factor calculated the ratio between the RMS value and the peak value. It was
used to highlight the sharpness of signal peaks. Crest Factor of the signal was calculated using the
equation below.
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max |z(t)]

RMS [2(t))]

Crest Factor =

where RMS stood for the signal's root mean square and max|x(t)| for the signal's maximum absolute value.

13. Shannon Entropy: The Shannon entropy measured the randomness or unpredictability in the signal’s
data. The EEG signal values were first converted into a probability distribution by binning the amplitude
values. The probability P; was the percentage of total values that fell into the i-th bin, and each bin
indicated a range of signal amplitudes. The equation below was used to calculate the signal's entropy.

N
Shannon Entropy = — E pilog2p,
=1
where P; was the likelihood that the i-th amplitude value in the signal would occur, N was the number of
distinct amplitude levels (or bins) in the signal segment, and [ 0g2pi was the logarithm (base 2) of the
probability.

Figures 4 and 5 displays a snapshot of the time domain properties of each 1-second epoch of the EEG

signal data.
channel valence label arousal label dominance label mean0 std dev0 min val 0 m": activity 0 oy 0’ - activity 59 e “’
0 L] 1 0.14852 3993753 12460560 9900878 15950060 0698273 9470493 0920991
1 AF3 1 Q.073M 4270408 13270521 9870666 18236382 0.66M4TS 11362700 0837165
2 F3 Q095725 4538111 11572778 9214996 20558162 0.6TETHR 11.682807 0793683
3 F7 1 0330268 4056349 -9.098021 10248160 16453966 0.711457 12548717 0786450
4 kS 1 0223199 2940199 723120 8011139 8644770 0.709156 6871972 0903855
40955 2 1 0685193 14735845 -33.648205 48215899 217045140 OS4TIEY 166.089070 0.606379
40956 e 1 0239408 6784246 17546195 17877497 46025997 0748204 28534151  1.064057
40957 o8 1 0005866 7237277 -20838630 18085395 S23Ta1T4 083TTEY 26962381 1040130
40958 PO4 1 0975887 27011600 -69.248418 93.152754 729.626520 0.504537 619.249522 0656369
40959 o2 1 0089327 5933386 13474728 14741871 35205074 0.714640 43465350 0744006
40960 rows x §44 columns
FIGURE 4: Time-Based Feature Extraction
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FIGURE 5: Time-Domain Feature Extraction Il

Frequency Domain Analysis of EEG Signals

In this research, the EEG signals' frequency-domain characteristic, spectral entropy, was extracted. It was
calculated in order to measure the EEG power spectrum's unpredictability. After estimating the power
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spectral density (PSD) using Welch's approach, the normalized PSD's entropy was computed. Each EEG
recording was divided into 1-second epochs, and spectral entropy was calculated for each epoch using the
Welch method for power spectral density estimation. The equation below displays the mathematical
formula for calculating spectral entropy.

N
Spectral entropy = — Z P(f)logapyi
=1

where P(f;) represented the normalized PSD at frequency f; and N was the number of frequency bins. While

lower entropy levels revealed dominating frequency components, usually seen during calm or
unconscious states, higher entropy values indicated wider spectrum dispersion, which is linked to
alertness and cognitive involvement. To train machine learning models to categorize emotional states, the
retrieved spectral entropy characteristics were utilized as input features. Figures 6 displays a snapshot of
the frequency domain properties of each 1-second epoch of the EEG signal data.
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FIGURE 6: Frequency-Based Feature Extraction

To ensure that the model was trained on the most informative and non-redundant features, a feature
selection strategy was also employed. Dimensionality reduction techniques - such as Principal Component
Analysis - and feature importance rankings derived from ensemble tree-based models (e.g., XGBoost) were
explored to identify and retain only the most discriminative features. This step reduced computational
overhead and minimized overfitting while preserving the features most essential to accurately classifying
emotional states. The retrieved characteristics were then used as inputs to supervised machine learning
models tasked with categorizing emotional states based on the valence-arousal framework.

Classification

Following feature extraction, machine learning classifiers were trained on the derived feature set to
recognize emotional states from EEG signals. Three supervised learning algorithms were employed for
classification: KNN, LightGBM, and XGBoost. Each model was selected for its strengths in handling
structured numerical data and was optimized through cross-validation.

K-Nearest Neighbours

KNN algorithm was implemented to classify emotional states based on the proximity of a sample’s
features to labeled examples in the feature space. It is a non-parametric, instance-based learning
technique that assigns a class label to an input based on the majority label of its k nearest neighbors. To
ensure consistency in the feature space, all input features were first scaled using Min-Max normalization,
which transforms values to a (0, 1) range, thereby preventing features with larger scales from dominating
the distance computation.

The classification is based on the Euclidean distance between feature vectors. For a given test sample x, its
distance to each training sample x; in an n-dimensional space is calculated as:

d(z,x;) =

where:
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xr = [xl, Lo, ..., gjn] is the feature vector of the test instance.
T; = [l‘ﬂ, Li2y oeey xm} is a feature vector from the training set.
d(a;‘ , 331) is the Euclidean distance between x and x;.

While Euclidean distance was adopted as the default metric, other distance measures such as
Manhattan was also considered to assess the robustness of the classifier’s performance.

The KNN classifier assigns to x the majority class y among its k closest training instances:

y = mode({y;|zeNg(z)})

where [N, (x) denotes the set of KNN to x, and y; is the class label of neighbor ;.

In this study, grid search was used to optimize the value of k, testing values from 1 to 5. The value k=13
was selected for its optimal trade-off between bias and variance, ensuring balanced classification
performance. The model was trained separately for valence and arousal dimensions using binary labels
(i.e., high/low) obtained from the DEAP dataset. To ensure robustness and generalization, 10-fold cross-
validation was applied during model training. This helped mitigate overfitting and provided a reliable
estimate of the model's performance on unseen data.

Light Gradient Boosting Machine

LightGBM is a highly efficient implementation of gradient boosting decision trees, designed for speed and
memory optimization on large-scale, high-dimensional datasets. Unlike traditional level-wise tree
construction, LightGBM grows trees leaf-wise, selecting the leaf with the highest gain. This results in
faster convergence and deeper, more accurate trees, albeit with a higher risk of overfitting - which is
controlled using built-in regularization mechanisms.

LightGBM employs advanced techniques such as Gradient-based One-Side Sampling and Exclusive
Feature Bundling to reduce computational complexity without compromising predictive performance.
These innovations make it particularly well-suited for real-time EEG-based emotion recognition tasks,
where rapid inference and low latency are critical.

In this study, LightGBM automatically selected informative features from the extracted EEG feature
vectors and built an ensemble of weak learners (decision trees), each trained to minimize the residual
error of the preceding ensemble. The objective function minimized by the model consists of two
components: a loss function that quantifies prediction error and a regularization term that penalizes
model complexity:

t

L=3 lyn”) +D_0(f)

k=1

where y; is the true label, y(t) is the prediction after ¢ iterations, and fk is the k-th decision tree. The
2
regularization term Q( fk) is defined as:

T
1
Qfy) =T + §Azw§.
j=1

where T is the number of leaves, w; are the leaf weights, and y and A are regularization parameters.

To ensure fair and unbiased performance comparison with other classifiers, systematic hyperparameter
tuning was conducted. Parameters such as the learning rate, number of estimators, maximum tree depth,
feature fraction, and minimum data in leaf were optimized using grid search combined with five-fold
cross-validation for initial exploration. Final model evaluation was performed using 10-fold cross-
validation to confirm robustness and generalization performance. LightGBM was trained independently
for both arousal and valence classification tasks.

Its scalability, embedded regularization, and capacity to handle imbalanced and high-dimensional EEG
data confirmed LightGBM as a highly competitive model for real-time EEG-based emotion recognition.
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Extreme Gradient Boost

XGBoost is a powerful and scalable ensemble learning algorithm based on gradient boosting frameworks.
It constructs an ensemble of decision trees where each new tree is trained to correct the residual errors of
the previous ones. Known for its efficiency, regularization capability, and scalability, XGBoost has become
a popular choice for high-dimensional and structured data, making it particularly well-suited for EEG-
based emotion recognition tasks.

In this study, XGBoost was employed to classify emotional states using features extracted from segmented
EEG epochs. The model was configured with a maximum tree depth of 7 to capture complex feature
interactions without excessive overfitting. The log loss (logarithmic loss) function was adopted as the
objective function for binary classification tasks, such as distinguishing between high and low arousal or
valence. The objective function can be represented as:

n

L= —% Z[yilog(gfi) + (1 — i)log(1 — 53)]

i=1
where:
y;€ {0, 1} is the true binary label for the i-th instance.
gj; is the predicted probability output by the model.

A logistic sigmoid function was used as the activation function to map the raw output of each tree into a
probability for binary classification. Additionally, a carefully tuned learning rate was applied to ensure a
balance between training speed and convergence stability, promoting gradual updates that minimize
overfitting.

XGBoost’s performance was further enhanced through L1 (Lasso) and L2 (Ridge) regularization, which
helped control model complexity by penalizing large leaf weights. These regularization terms, integrated
into the objective function, contributed to robust generalization on unseen data. Moreover, XGBoost
employs techniques such as column subsampling, parallel tree construction, and cache-aware data
structures to reduce training time and computational overhead.

In the context of EEG emotion classification, XGBoost’s ability to handle noisy and high-dimensional
inputs, alongside its proficiency in modeling non-linear relationships, enabled it to effectively capture
subtle patterns in the temporal and spectral EEG features. Hyperparameters were optimized through grid
search, and 10-fold cross-validation was used to validate model generalizability and mitigate overfitting.

Evaluation metrics

To comprehensively assess the performance of the classification models used for EEG-based emotion
recognition, multiple evaluation metrics were adopted. These metrics account for different aspects of
model behavior, particularly under conditions of class imbalance or probabilistic output. Below are the
definitions and mathematical formulations of each:

i. Accuracy: Accuracy represents the proportion of correctly classified instances (both positive and
negative) out of the total instances.

TP+TN
TP+TN+FP+ FN

Accuracy =

Where: TP: True Positives; TN: True Negatives; FP: False Positives; FN: False Negatives.

ii. Area Under the Receiver Operating Characteristic Curve (AUC-ROC): AUC evaluates the ability of the
model to distinguish between the positive and negative classes. It is computed as the area under the
receiver operating characteristic (ROC) curve. There is no simple closed-form formula for AUC, but it can
be estimated as:

1
AUC = / TPR(FPR™\(z)) dz
0

Where: TPR: True Positive Rate; FPR: False Positive Rate.

iii. Recall (Sensitivity or True Positive Rate): Recall measures the model's capacity to identify true

2025 Olashore et al. Cureus J Comput Sci 2 : es44389-025-06161-0. DOI https://doi.org/10.7759/s44389-025-06161-0 12 of 25



Cureus Journal of Computer Science

positives by showing the percentage of real positive cases that it properly detects.

TP

Recall = 75=7%

iv. Precision: Precision measures the percentage of expected positive cases that turn out to be positive,
demonstrating the model's dependability in classifying data as positive.

Precisi TP
recision = ————
TP+ FP
v. F1 Score: The F1 Score is the harmonic mean of precision and recall, balancing the two in a single
metric.
Precision x Recall 2TP
F1 Score = 2 x =

Precision + Recall 2TP + FP + FN

vi. Cohen's Kappa: Cohen's Kappa measures the degree of agreement between the actual and predicted
classifications while taking the likelihood that the agreement will occur by chance into account.

P, - P,
=2 "¢
1-F.

where P, is the observed agreement and P, is the expected agreement by chance.

vii. MCC: MCC measures true positives, true negatives, false positives, and false negatives to offer a more
balanced assessment than accuracy alone.

TPTN - FPFN

MCC =
/(TP + FP)(TP+ FN)(TN + FP)(TN + FN)

where TP, TN, FP, and FN represent true positives, true negatives, false positives, and false negatives
respectively. MCC values range from -1 (total disagreement between prediction and observation) to +1
(perfect prediction), with 0 indicating random performance.

viii. Confusion Matrix: A confusion matrix is a tabular visualization of the actual versus predicted
classifications made by a model. It allows detailed analysis of model performance for each class and helps
identify specific areas of misclassification. Each row of the matrix represents the instances in an actual
class, while each column represents the instances in a predicted class.

Results
Experimental setup

All experiments were conducted on an HP Pavilion x360 equipped with an Intel Core i5-10210U CPU, 16
GB of RAM, and a 1 TB SSD, running Windows 11. The implementation was carried out in Python 3.13
using several scientific libraries, including Scikit-learn, XGBoost, and LightGBM for classification, along
with NumPy, Pandas, and MNE for signal processing and feature extraction.

The study utilized the DEAP dataset, comprising multichannel EEG recordings collected from participants
during emotion-eliciting tasks. The EEG signals were sampled at 512 Hz; later down-sampled to 128 Hz
and recorded from 32 electrodes based on the international 10-20 system. To improve signal quality, a
bandpass filter was applied in the range of 0.5-45 Hz to remove baseline drift and high-frequency noise.
EEG data were segmented into fixed-length windows of 1 second. Each segment was normalized using
min-max normalization. Feature extraction focused on statistical and mathematical descriptors from the
time and frequency domains, including mean, standard deviation, RMS, peak-to-peak amplitude,
skewness, kurtosis, activity, mobility, and crest factor.

For classification, three machine learning algorithms were employed:

1. KNN with k = 3.

2. LightGBM with default boosting parameters.

2025 Olashore et al. Cureus J Comput Sci 2 : es44389-025-06161-0. DOI https://doi.org/10.7759/s44389-025-06161-0 13 0f 25



Cureus Journal of Computer Science

3. XGBoost with a learning rate of 0.1 and 100 estimators.

Model evaluation was performed using 10-fold cross-validation to ensure generalizability and a thorough
and objective assessment of the predictive model. This method reduced the possibility of overfitting,
offered a more thorough and comprehensive performance evaluation, and maximized data utilization.
Performance metrics included accuracy, precision, recall, F1-score, MCC, and AUC.

Valence classification performance using KNN

For the valence dimension, as illustrated in Figure 7, the KNN model demonstrated outstanding
classification performance, achieving an average accuracy of 96.77%. This high accuracy reflects the
model’s robustness in distinguishing between low- and high-valence emotional states derived from EEG
signals. The corresponding AUC score of 96.68% further underscores the model’s strong discriminative
capability.

Additionally, the precision and recall scores - both at 96.77% - indicate that the model maintained a well-
balanced ability to identify true positives without compromising specificity. The F1-score, also at 96.77%,
confirms the consistency of the model across both precision and recall dimensions. Importantly, Cohen’s
Kappa and the MCC - each reaching 93.42% - suggest strong agreement beyond chance and robust
predictive validity.

To ensure the integrity of the evaluation process and prevent data leakage, a 10-fold subject-independent
cross-validation strategy was employed. In this configuration, EEG samples from each subject were strictly
confined to either the training or testing set within each fold. This subject-wise split ensured that the
classifier's performance reflected its generalization ability to unseen individuals, which is critical for real-
world deployment.

The high values of Cohen’s Kappa and MCC carry significant practical implications. In clinical settings,
where accurate emotional assessment can support mental health diagnosis or therapeutic interventions,
strong agreement metrics ensure dependable outcomes even in ambiguous cases. Similarly, in adaptive
user environments such as affective gaming, personalized learning, or human-computer interaction
systems, this level of predictive reliability supports stable and context-aware system responses, enhancing
user experience and system trustworthiness.

Figure 7 provides a visual summary of these evaluation metrics, illustrating both central performance
tendencies and variance across subsets of the valence-labeled dataset.
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Mean evaluation metrics (KNN Algorithm)
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FIGURE 7: Graphical lllustration of KNN Evaluation Metrics (Valence)

KNN, K-Nearest Neighbor

Arousal classification performance using KNN

For the arousal dimension, as shown in Figure 8, the KNN model achieved an average accuracy of 96.68%,
indicating its strong capability in classifying low- and high-arousal emotional states derived from EEG
signals. The model also recorded an impressive AUC score of 96.49%, highlighting its excellent
discriminative power between arousal classes.

Both the precision and recall scores reached 96.68%, confirming the model’s reliability in correctly
identifying high-arousal instances without introducing class imbalance bias. The corresponding F1-score
of 96.67% reinforces this balance, demonstrating the classifier's stable performance across sensitivity and
precision metrics. Additionally, the agreement metrics - Cohen’s Kappa at 93.12% and MCC at 93.13% -
indicate substantial inter-class agreement and predictive validity across multiple folds of evaluation.

To safeguard against overfitting and ensure fair evaluation, a 10-fold subject-independent cross-
validation scheme was applied. This setup ensured that data from each subject appeared in only one split-
either training or testing-thus reflecting the model's capacity to generalize to previously unseen
individuals, a critical requirement for practical emotion-aware systems.

The high reliability scores carry meaningful implications for real-world applications. In clinical
neurofeedback systems, where monitoring arousal levels is essential for stress or anxiety management,
such robust agreement ensures consistent performance over diverse patient data. Similarly, in adaptive
human-computer interfaces or brain-computer interaction systems, dependable arousal classification can
enable dynamic adjustments to user engagement levels, thereby improving system responsiveness and
user satisfaction.

Figure & provides a visual summary of these evaluation metrics, illustrating both central performance
tendencies and variance across subsets of the arousal-labeled dataset.
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FIGURE 8: Graphical lllustration of KNN Evaluation Metrics (Arousal)

KNN, K-Nearest Neighbor

Valence classification performance using LightGBM

For the valence dimension, as shown in Figure 9, the LightGBM model achieved an average accuracy of
84.08%, demonstrating a strong ability to distinguish between low- and high-valence emotional states
from EEG signals. The model also recorded an AUC score of 82.71%, indicating solid discriminative
capacity between the two emotional classes.

The recall and precision scores - 84.08% and 84.71%, respectively - highlight the model’s competence in
identifying true positive cases while maintaining a relatively low false positive rate. The corresponding
F1-score of 83.79% confirms that the model maintained a balanced trade-off between sensitivity and
precision across validation folds.

Additionally, agreement metrics such as Cohen’s Kappa (66.87%) and MCC (67.87%) provide insight into
the model’s moderate to strong reliability beyond chance-level agreement. Although these values are
lower than those obtained using KNN, they still reflect meaningful predictive power-particularly given the
complexity and variability inherent in EEG-based valence detection.

As with other models in this study, LightGBM was evaluated using a 10-fold subject-independent cross-
validation strategy. This approach ensured that data from individual participants were not shared between
training and testing splits, thus preserving the model's generalization capacity to unseen subjects.

From a practical standpoint, these results suggest that Light GBM may be well-suited for non-critical or
semi-real-time applications such as affective feedback in intelligent tutoring systems or adaptive
multimedia environments, where moderate emotional accuracy can still provide meaningful user
personalization without requiring clinical-grade precision.

Figure 9 provides a visual summary of the model’s average evaluation metrics, capturing performance
variability across different subsets of the valence-labeled EEG dataset.
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FIGURE 9: Graphical lllustration of LightGBM Evaluation Metrics
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Arousal classification performance using LightGBM

For the arousal dimension, as illustrated in Figure 10, the LightGBM model achieved an average accuracy
of 83.34%, demonstrating strong overall performance in classifying low- and high-arousal emotional
states from EEG signals. The model also attained an AUC score of 81.10%, indicating a commendable
capacity to differentiate between arousal levels.

The recall and precision values - 83.34% and 84.02%, respectively - highlight the model’s reliability in
correctly detecting positive arousal instances while maintaining a low rate of false positives. The resulting
F1-score of 82.89% confirms a stable and well-balanced trade-off between sensitivity and specificity.
Furthermore, agreement metrics such as Cohen’s Kappa (64.38%) and MCC (65.67%) reflect a moderate
level of inter-class agreement and predictive reliability across validation folds.

To ensure the robustness of evaluation and to prevent data leakage, a 10-fold subject-independent cross-
validation procedure was employed. This strategy guaranteed that EEG recordings from the same subject

were never present in both training and testing sets, thereby simulating real-world generalization to new,
unseen users.

Although the agreement metrics are lower compared to KNN, they remain acceptable for contexts where
moderate emotional state classification is sufficient. For instance, LightGBM’s performance is appropriate
for adaptive systems such as interactive learning platforms, biofeedback applications, or personalized
media, where responsiveness to arousal fluctuations can enhance engagement without necessitating
clinical precision.

Figure 10 presents a graphical summary of the model's average evaluation metrics, capturing variability
across different data subsets labeled for arousal.
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FIGURE 10: Graphical lllustration of LightGBM Evaluation Metrics
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Valence classification performance using XGBoost

For the valence dimension, as presented in Figure 11, the XGBoost model achieved an average accuracy of
88.55%, reflecting strong performance in distinguishing between low- and high-valence emotional states
based on EEG signals. The model also recorded a high AUC of 87.80%, indicating excellent discriminatory
capability between emotional classes.

The recall and precision values - 88.55% and 88.70%, respectively - demonstrate the model’s consistency
and reliability in detecting positive valence states while minimizing misclassification. The F1-score of
88.47% further confirms the model’s balanced performance across sensitivity and specificity dimensions.

Moreover, agreement metrics such as Cohen’s Kappa (76.44%) and MCC (76.72%) reflect substantial
agreement and predictive robustness beyond chance levels, indicating that the model maintained reliable
classification performance across folds.

To ensure fairness in evaluation and guard against data leakage, a 10-fold subject-independent cross-
validation procedure was implemented. This ensured that EEG data from the same individual were not
included in both training and test sets, thereby validating the model’s ability to generalize to new, unseen
subjects.

Given its superior agreement metrics and high overall accuracy, XGBoost presents a reliable and
generalizable solution for valence classification. This makes it particularly suitable for deployment in
emotion-aware systems such as intelligent user interfaces, real-time affective computing applications, or
mental health monitoring tools where consistent classification of emotional valence is critical.

Figure 11 presents a graphical summary of these evaluation metrics, illustrating performance consistency
across different subsets of the valence-labeled EEG dataset.
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FIGURE 11: Graphical lllustration of XGBoost Model Evaluation Metrics
(Valence)

Arousal classification performance using XGBoost

For the arousal dimension, as illustrated in Figure /2, the XGBoost model achieved an average accuracy of
87.54%, demonstrating strong effectiveness in distinguishing between low- and high-arousal emotional
states from EEG data. The corresponding AUC score of 86.21% further confirms the model’s robust
discriminative capability across the binary arousal classes.

With recall and precision values of 87.54% and 87.72%, respectively, the model consistently identified
positive arousal instances while maintaining a low false-positive rate. The resulting F1-score of 87.39%
reflects a well-balanced trade-off between sensitivity and specificity.

In terms of reliability, the model exhibited substantial agreement and predictive validity, as evidenced by
a Cohen’s Kappa of 73.77% and an MCC of 74.20%. These metrics suggest that the XGBoost classifier
maintained reliable and generalizable performance across multiple folds.

To ensure rigorous evaluation, a 10-fold subject-independent cross-validation strategy was employed.
This approach prevented data leakage by ensuring that EEG recordings from the same subject were not
used simultaneously for training and testing, thus supporting the model's generalization capability to
unseen individuals.

Given its strong performance across all evaluation metrics, XGBoost demonstrates considerable potential
for real-world applications such as affective brain-computer interfaces, stress monitoring systems, and
other adaptive user-state modeling environments where accurate detection of arousal levels is essential.

Figure 12 provides a graphical summary of these averaged performance metrics, depicting the model's
effectiveness across the arousal-labeled EEG dataset.

2025 Olashore et al. Cureus J Comput Sci 2 : es44389-025-06161-0. DOI https://doi.org/10.7759/s44389-025-06161-0

19 of 25


https://assets.cureusjournals.com/artifacts/upload/figure/file/24019/lightbox_198656c048aa11f0907295af42a2b400-XGBoost-Valence-BarPlot-Cross-Validation.png
javascript:void(0)
javascript:void(0)

Cureus Journal of Computer Science

Mean evaluation metrics (XG Boost Algorithm)

88 1 87.54% 87.54% 87.72% 87.39%
86.21%

86
84 4
82
80 -
78
76 -
74 4
72 1
70 4
68
66
64 -

Percentage (%)

73.77% 74.20%

Accuracy AUC Recall Precision Fl Kappa MCC

FIGURE 12: Graphical lllustration of XGBoost Model Evaluation Metrics
(Arousal)

Discussion
Experimental analysis

The experimental results demonstrate that the selected statistical features, when combined with
appropriate machine learning classifiers, can effectively capture emotional patterns in EEG signals while
maintaining computational efficiency. Contrary to the typical expectation that ensemble methods
outperform simpler algorithms, this study found that KNN consistently delivered the highest
classification accuracy and reliability across both valence and arousal dimensions.

Among the three classifiers evaluated are KNN, LightGBM, and XGBoost. KNN emerged as the top-
performing model, achieving an average accuracy of 96.77% and 96.67% for valence and arousal,
respectively. It also produced high scores across other evaluation metrics, including AUC, precision, recall,
F1-score, Kappa, and MCC. These results demonstrate that, under suitable conditions, well-engineered
traditional models like KNN can outperform more complex ensemble methods, particularly when paired
with effective feature extraction and normalization strategies.

While XGBoost and LightGBM also showed strong performance with accuracies ranging from 83% to 88% -
they did not surpass KNN in overall evaluation. XGBoost performed better than LightGBM, particularly in
terms of MCC and AUC, suggesting stronger predictive agreement and discriminative power. However,
these gains came at the cost of increased model complexity and longer training time, which may limit
their practicality in low-latency or resource-constrained environments.

Interestingly, LightGBM, despite being designed for fast training and low memory consumption,
underperformed relative to both KNN and XGBoost. This may be due to its sensitivity to hyperparameter
configurations and its reliance on sufficient data diversity to optimize its leaf-wise growth strategy
effectively.

The success of simple time- and frequency-domain statistical features, including mean, RMS, standard
deviation, entropy, crest factor, and kurtosis, highlights the potential of lightweight feature engineering
for real-time emotion classification. These descriptors captured meaningful distinctions in EEG patterns
associated with emotional states, supporting the premise that complex deep feature extraction pipelines
are not always necessary for achieving high classification performance.

Overall, this experimental analysis confirms the viability of developing lightweight, interpretable, and
highly accurate EEG-based emotion recognition systems using statistical features and classical machine
learning models. The findings advocate for the practical deployment of such systems in real-time
applications such as mental health monitoring, emotion-aware gaming, and adaptive human-computer
interaction, particularly where low latency and computational efficiency are critical.
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Comparative evaluation of classifiers (valence dimension)

As summarized in Table 7, the KNN model delivered the highest overall classification performance among
the three evaluated models. It achieved a remarkable accuracy of 96.77%, along with equally high recall,
precision, and F1-score values (each at 96.77%), suggesting a highly balanced classifier. Agreement
metrics such as Cohen’s Kappa (93.42%) and MCC (93.42%) further reinforce the model's predictive
reliability and strong agreement with ground truth labels. These outcomes highlight KNN’s suitability for
EEG-based emotion recognition tasks, especially in binary classification settings such as valence
recognition.

In contrast, the LightGBM model exhibited the lowest performance across nearly all metrics. It achieved
an accuracy of 84.08% and an AUC score of 82.71%, indicating a more limited ability to distinguish
between low- and high-valence emotional states. Although precision (84.71%) slightly exceeded recall
(84.08%), the difference was marginal. However, the relatively lower Cohen’s Kappa (66.87%) and MCC
(67.87%) scores suggest a moderate level of agreement between predicted and actual values. This may
indicate LightGBM’s sensitivity to noise or overfitting on high-dimensional EEG data.

The XGBoost model offered a middle ground, with an accuracy of 88.55% and an AUC score of 87.80%,
outperforming LightGBM but falling short of KNN’s metrics. Both precision (88.70%) and recall (88.55%)
were nearly equal, indicating balanced performance. Its Kappa (76.44%) and MCC (76.72%) scores
demonstrated fair-to-strong agreement, making it a reliable and robust classifier. Furthermore, XGBoost’s
efficiency and scalability make it a strong candidate for real-time deployment, especially in resource-
constrained environments such as edge devices and mobile health applications.

In summary, while KNN emerged as the most accurate and consistent model for valence classification,
XGBoost presented a compelling trade-off between performance and scalability. LightGBM, though
relatively less effective in this configuration, could still offer advantages when optimized further or
integrated into ensemble strategies.

KNN LightGBM XGBoost
96.77% 84.08% 88.55%
96.68% 82.71% 87.80%
96.77% 84.08% 88.55%
96.77% 84.71% 87.80%
96.77% 83.79% 88.47%
93.42% 66.87% 76.44%
93.42% 67.87% 76.72%

<1 seconds 9.6 seconds 38.56 seconds

TABLE 1: Models Comparison Valence Dimension

AUC, Area Under the Curve; KNN, K-Nearest Neighbor; LightGBM, Light Gradient Boosting Machine; MCC, Matthew's Correlation Coefficient;

XGBoost, Extreme Gradient Boosting

Comparative evaluation of classifiers (arousal dimension)

As presented in Table 2, the KNN model demonstrated the highest overall accuracy (96.68%) among the
evaluated classifiers for the arousal dimension. The recall, precision, and F1-score, all at 96.68%, reflect
the model’s excellent consistency and balance in identifying both low- and high-arousal emotional states.
Additionally, the Cohen’s Kappa (93.12%) and MCC (93.12%) values underscore the model’s strong
agreement with the true labels, reaffirming its robustness and reliability in binary emotion classification
tasks.

In contrast, the LightGBM yielded the lowest classification accuracy (83.34%) among the three models.
The AUC score (81.10%), indicative of its discriminative capacity, was also the lowest. While the precision
(84.02%) slightly surpassed recall (83.34%), the overall difference was minimal, suggesting a slight bias
toward minimizing false positives. However, the Cohen’s Kappa (64.38%) and MCC (65.67%) values
indicate only moderate agreement, suggesting potential limitations in LightGBM’s performance
consistency for arousal state detection across diverse EEG input distributions.
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The XGBoost model again served as an intermediate performer. With an accuracy of 87.54% and AUC of
86.21%, it performed significantly better than LightGBM and approached KNN’s level of performance.
Precision (87.72%) was slightly higher than recall (87.54%), indicating minimal bias and a well-calibrated
prediction distribution. The Cohen’s Kappa (73.77%) and MCC (74.20%) further support its fair-to-strong

agreement, validating the model's robustness. Given its scalability and optimized execution speed,
XGBoost remains a compelling candidate for deployment in adaptive systems and mobile platforms,
particularly in applications demanding real-time arousal detection from EEG signals.

In summary, while KNN provided superior performance across all metrics for arousal classification,
XGBoost offered a practical balance of accuracy, efficiency, and generalizability. LightGBM, although the
weakest performer in this context, may benefit from hyperparameter tuning or hybrid ensemble

integration.

KNN LightGBM XGBoost
96.68% 83.34% 87.54%
96.49% 81.10% 86.21%
96.68% 83.34% 87.54%
96.68% 84.02% 87.72%
96.67% 82.89% 87.39%
93.12% 64.38% 73.77%
93.13% 65.67% 74.20%

< 1 seconds 8.3 seconds 36.27 seconds

TABLE 2: Models Comparison Arousal Dimension

AUC, Area Under the Curve; KNN, K-Nearest Neighbor; LightGBM, Light Gradient Boosting Machine; MCC, Matthew's Correlation Coefficient;
XGBoost, Extreme Gradient Boosting

Feature Extraction
Methods

Depth-wise separable
convolution and LSTM

Depth-wise separable
convolution and LSTM

Depth-wise separable
convolution and LSTM

Model comparison with existing works 1

Table 3 provides a comparative analysis of classification accuracy between the proposed models and the
approach reported by Han et al. [4]. This comparison reveals that the KNN model in this study achieved
higher accuracy than the method used by Han et al. [4], demonstrating the effectiveness of the selected

features and machine learning pipeline. While the comparison is limited to accuracy, it offers a useful
benchmark, suggesting that well-designed traditional models can compete with or outperform more
complex approaches under similar conditions.

Valence

Classification Accuracy (%) Feature Extraction Methods Classification Proposed Work
u ure Ex i
Methods 4] L Methods Valence Accuracy (%)
E2ENNet 63.46 Time (Statistical) and LightGBM (19 84.08
(LSTM) Frequency (Entropy) Features cross-validation)
E2ENNet 94.89 Time (Statistical) and XGBoostl('lOl 88.55
(CNN) Frequency (Entropy) Features cross-validation)
E2ENNet
© Time (Statistical) and KNN (10 cross-
(CNN + 96.25 Frequency (Entropy) Features validation) 96.77
LSTM) ARSI

TABLE 3: Comparison of the Proposed Work with Existing Work 1

CNN, Convolutional Neural Network; KNN, K-Nearest Neighbor; LightGBM, Light Gradient Boosting Machine; LSTM, Long Short-Term Memory;
XGBoost, Extreme Gradient Boosting
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Feature
Extraction
Methods

Alex Net

ResNet-50

ResNet-101

InceptionV3

Google Net

Model comparison with existing works 2

Table 4 presents a comparative analysis of classification accuracy between the proposed models and the
approach reported by Alotaibi and Fawad [5]. This comparison highlights notable performance differences
across classification methods, with the current study’s KNN model outperforming the method in Alotaibi
and Fawad [5] in terms of accuracy. These findings underscore the potential of traditional machine
learning approaches when paired with informative feature extraction techniques to deliver superior
results in EEG-based emotion recognition tasks.

Valence

Classificati Classificati P d Work Val
asstiication Accuracy (%) Feature Extraction Methods asstication Hesls ork valence
5] Methods Accuracy (%)
Ti Statistical) and F LightGBM (10
KNN Weighted 93.20 ime (Statistical) and Frequency - LightGBM (11 84.08
(Entropy) Features cross-validation)
KNN Weighted 9270 Time (Statistical) and Frequency XGBoostl(10l 88.55
(Entropy) Features cross-validation)
KNN Weighted 91.50 Time (Statistical) and Frequency KN.N (1.0 cross- 96.77
(Entropy) Features validation)

KNN Weighted 92.40

KNN Weighted 93.83

TABLE 4: Comparison of the Proposed Work with Existing Work 2

KNN, K-Nearest Neighbor; LightGBM, Light Gradient Boosting Machine; XGBoost, Extreme Gradient Boosting

The findings of this study demonstrate that a relatively simple classifier such as KNN can achieve
predictive performance that rivals or even surpasses more complex deep learning models under certain
conditions. Specifically, the KNN model attained a valence classification accuracy of 96.77%, slightly
outperforming the best results reported by Chen et al. [6] and Ma et al. [7], who employed deep learning-
based feature extraction techniques. This outcome highlights the effectiveness of the proposed time-
domain and frequency-domain feature extraction strategy, suggesting that high classification accuracy in
EEG-based emotion recognition does not strictly depend on deep learning architectures provided that the
features are well-engineered and sufficiently discriminative.

Moreover, the model’s consistent performance across different validation schemes underscores its
robustness and generalizability within the current dataset. However, it is important to recognize that deep
learning models may offer superior generalization in cross-subject or cross-dataset applications, where
they can automatically learn complex, non-linear representations that better capture inter-subject
variability and broader context.

Additionally, while KNN performed remarkably well in the present binary classification setup (low vs. high
valence/arousal), future investigations should assess whether this performance advantage persists in more
challenging classification frameworks, such as multi-class emotion recognition or continuous dimensional
modeling (e.g., using a broader range of valence and arousal values). These finer-grained emotional states
may require more expressive models to capture subtle variations in EEG patterns, potentially shifting the
advantage toward deep learning approaches.

Conclusions

This study introduces a lightweight and interpretable EEG-based emotion recognition framework that
integrates statistical features from both the time and frequency domains with classical machine learning
models. Leveraging the DEAP dataset, the proposed system demonstrates high classification accuracy
while maintaining low computational complexity, underscoring its potential for real-time applications.
Among the evaluated classifiers, the KNN model achieved the highest performance, attaining a valence
classification accuracy of 96.77%, thereby outperforming XGBoost (88.55%) and LightGBM (84.08%).
These results highlight the effectiveness of traditional machine learning techniques, when combined with
robust feature engineering, in achieving performance levels that rival or even exceed those of more
computationally intensive deep learning approaches.

Beyond performance, the simplicity and efficiency of the proposed framework make it highly adaptable for
real-time emotion-aware systems, including deployment on resource-constrained platforms such as edge
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devices and mobile systems. Nevertheless, it is worth noting that deep learning models may offer superior
robustness in cross-dataset or cross-subject scenarios, where generalization is a critical challenge. Future
work will therefore focus on expanding validation across unseen subjects to improve reliability, exploring
multi-modal integration (e.g., combining EEG with facial expressions or physiological signals), and
investigating user-specific calibration strategies to enhance personalization. Furthermore, extending the
framework to accommodate multi-class and dimensional emotion representations will broaden its
applicability in diverse affective computing contexts, particularly in healthcare, adaptive human-
computer interaction, and mental health monitoring.
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