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Background/Objective: Approximately 280 million people worldwide suffer from depression. Beyond depression, a wide
range of other emotions such as anxiety, joy, and anger profoundly impact human decision-making and mental well-being,
highlighting the urgent need for precise emotion measurement. Traditional emotion detection methods relying on facial
expression and speech analysis are limited by their susceptibility to voluntary control, cultural variation, and inapplicability
to individuals with physical disabilities who cannot express emotions through conventional behavioral channels. By contrast,
Electroencephalography (EEG) directly accesses neural activity and translates it into corresponding emotional states without
relying on subjective assessment. This study aims to establish rigorous baseline performance benchmarks for EEG-based
emotion classification using machine learning models while addressing critical methodological limitations identified in previous
research, including data leakage, lack of statistical validation, and absence of baseline comparisons.
Methods: The study implements a comprehensive experimental framework using the EEG Brainwave Dataset: Feeling
Emotions, containing 2,132 EEG samples labeled as positive, neutral, and negative emotions. To address data leakage concerns,
we employed stratified data splitting with repeated runs (n=5) and 5-fold cross-validation. We evaluated Logistic Regression
and Random Forest classifiers as rigorous baselines, with statistical significance assessed using paired t-tests and confidence
intervals calculated for all performance metrics. Feature extraction included 2,548 statistical features from EEG signals across
multiple frequency bands. All implementations used the scikit-learn machine learning library.
Results: Random Forest achieved the highest classification accuracy of 98.69% +/- 0.39% (95% CI: 98.34%-99.03%) in
5-fold cross-validation, outperforming Logistic Regression (96.53% +/- 1.46%, 95% CI: 95.25%-97.81%). The performance
difference was statistically significant (p = 0.0411). The repeated experiments showed consistent performance with Random
Forest maintaining 98.78% +/- 0.48% accuracy across five independent runs.
Conclusions: The findings demonstrate that Random Forest classifiers achieve excellent performance for EEG-based emotion
recognition with pre-extracted statistical features, establishing strong baselines against which future deep learning models can be
compared. The study highlights the importance of rigorous evaluation methodologies including repeated runs, cross-validation,
and statistical testing. These results have significant implications for developing efficient, reliable emotion recognition systems
for mental health monitoring, human-computer interaction, and adaptive learning environments.
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Introduction

Background and Context

Emotion recognition serves as the foundation of human inter-
action, influencing individual behavior, decision-making, and
communication across diverse fields including mental health,
human-computer interaction, adaptive learning systems, and
forensic psychology1. The field of affective computing, which
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seeks to develop systems that can recognize, interpret, and
simulate human emotions, has grown rapidly since its founda-
tional conceptualization by Picard1. This growth is driven by
the increasing demand for accurate and objective emotion de-
tection technologies across clinical, educational, and commer-
cial applications2. In clinical settings, the ability to accurately
identify patient emotional states enables earlier intervention
for mood disorders. In education, emotion-aware systems can
adapt instructional strategies to student engagement levels. In
commercial applications, understanding consumer emotional
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responses informs product design and user experience opti-
mization.

Emotions are commonly conceptualized along two primary
dimensions, valence and arousal, as described in Russell’s cir-
cumplex model of affect3. In this framework, valence repre-
sents the pleasantness or unpleasantness of an emotion while
arousal represents the degree of physiological activation. For
instance, anger is characterized by negative valence and high
arousal, whereas sadness involves negative valence but low
arousal. While this dimensional model offers nuanced emo-
tional representation, many practical applications adopt cat-
egorical approaches, classifying emotions into discrete cate-
gories such as positive, negative, and neutral states4. The cat-
egorical approach, though less granular, simplifies classifica-
tion tasks and is particularly suitable for applications requiring
rapid, actionable emotional assessment.

Traditional diagnostic methods for mood disorders primar-
ily rely on self-report, where patients discuss symptoms with
providers who determine diagnoses based on criteria from
The Diagnostic and Statistical Manual of Mental Disorders
(DSM)5. Other prevalent approaches include facial expres-
sion and speech tone analysis, which are limited by per-
sonal biases, cultural differences, and the ability of individuals
to voluntarily mask or suppress their true emotional states2.
These behavioral methods are further limited for individu-
als with physical disabilities who cannot express emotions
through facial expressions or body language6. Consequently,
there is a critical need for emotion detection methodologies
that are objective, involuntary, and universally applicable re-
gardless of physical ability.

In contrast, electroencephalography (EEG) measures the
electrical activity generated by neuronal populations in the
brain through electrodes placed on the scalp7,8. Because
neural responses to emotional stimuli are largely involuntary,
EEG-based emotion recognition offers an objectivity that be-
havioral measures cannot provide2. Raw EEG data can be de-
composed into distinct frequency bands, each associated with
different cognitive and emotional processes8,9. The delta band
(0.5-4 Hz) is associated with deep sleep and unconscious pro-
cessing. The theta band (4-8 Hz) is linked to drowsiness, med-
itation, and emotional processing. The alpha band (8-12 Hz)
reflects relaxed wakefulness and has been found to exhibit
hemispheric asymmetry correlated with emotional valence.
The beta band (12-30 Hz) is associated with active cognition,
alertness, and concentration. The gamma band (30-44 Hz) is
related to higher-order cognitive processing and cross-modal
sensory integration. These frequency-specific signatures can
be transformed into quantitative features for classification10.

Recent EEG-based emotion recognition studies have re-
ported classification accuracies ranging from 90 to 99 per-
cent11, significantly outperforming the approximately 75 to
80 percent accuracy typically achieved by facial expres-

sion recognition systems on challenging in-the-wild bench-
marks12.

Problem Statement and Rationale

Despite these advancements, systematic evaluations of ma-
chine learning models for EEG-based emotion recognition
remain limited, particularly regarding rigorous evaluation
methodologies. Kapoor and Narayanan13 demonstrated that
data leakage affects hundreds of studies across seventeen sci-
entific disciplines, leading to inflated performance estimates
and irreproducible results. Their analysis revealed that leaked
models frequently overestimate performance by substantial
margins, undermining the scientific validity of reported find-
ings.

In the specific context of EEG-based classification, previous
studies often suffer from methodological limitations including
data leakage from improper train-test splitting, lack of statis-
tical validation through confidence intervals and significance
tests, insufficient baseline comparisons against simpler alter-
natives, and inadequate handling of model uncertainty through
single-point accuracy reporting13,14. These limitations hinder
the identification of optimal architectures for real-world ap-
plications and compromise the reliability of reported perfor-
mance metrics.

Recent research has underscored EEG’s potential for emo-
tion recognition across various applications. Zukov and col-
leagues15 investigated EEG abnormalities in criminal behav-
ior populations, revealing that impulsive and aggressive crim-
inal behaviors are associated with significant EEG irregulari-
ties in approximately 70 percent of subjects, suggesting EEG
as a potential biomarker for identifying individuals at risk of
violent behavior. Wang and colleagues6 conducted a compre-
hensive review of deep learning architectures for EEG-based
emotion recognition, systematically evaluating Deep Neural
Networks (DNNs), Convolutional Neural Networks (CNNs),
Recurrent Neural Networks (RNNs), and Long Short-Term
Memory (LSTM) networks, and highlighted EEG’s critical
role in capturing emotions for individuals with physical dis-
abilities who cannot communicate emotional states through
conventional behavioral channels.

Chowdary and colleagues11 evaluated RNNs, LSTMs, and
Gated Recurrent Units (GRUs) on the EEG Brainwave Dataset
using a single 80/20 train-test split, reporting that LSTM
achieved 97 percent accuracy, GRU achieved 96 percent, and
standard RNN achieved 95 percent, emphasizing LSTM’s ef-
ficacy in modeling temporal EEG patterns. However, these
results were reported without confidence intervals, repeated
experiments, or statistical significance testing, making it im-
possible to determine whether the observed differences reflect
genuine architectural advantages.

Liang and colleagues16 proposed EEGFuseNet, a hybrid
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model integrating convolutional and recurrent networks within
a generative adversarial framework, achieving superior accu-
racy in unsupervised emotion classification across subjects on
the SEED dataset9. Yousefi and colleagues17 advanced this
field with a Dual-LSTM model on the DEAP dataset18, at-
taining 97.5 percent accuracy in classifying multidimensional
emotions including arousal, valence, liking, dominance, and
familiarity. Craik and colleagues19 provided a systematic re-
view of 90 studies applying deep learning to EEG classifica-
tion, identifying common methodological pitfalls and estab-
lishing best practices for model evaluation.

However, a critical gap in this literature is the absence
of rigorous baseline comparisons. Many studies report deep
learning results without comparing against simpler alterna-
tives such as Logistic Regression or Random Forest, making
it impossible to assess whether the additional complexity of
deep learning architectures provides meaningful performance
benefits beyond what traditional approaches can achieve. Fur-
thermore, direct comparison across studies is unreliable be-
cause different investigations use different datasets, prepro-
cessing pipelines, feature extraction methods, and evaluation
protocols19. Without standardized evaluation protocols that
include repeated experiments, cross-validation, and statistical
testing, it is impossible to determine whether observed per-
formance differences reflect genuine model capabilities or are
artifacts of experimental variation, random seed selection, or
favorable data splits.

Significance and Purpose

This study aims to address these methodological gaps by im-
plementing a comprehensive evaluation framework for EEG-
based emotion recognition. The primary purpose is to estab-
lish rigorous baseline performance benchmarks using tradi-
tional machine learning approaches, specifically Logistic Re-
gression and Random Forest20, while demonstrating the im-
portance of proper statistical validation. Although the orig-
inal research design aimed to include deep learning mod-
els (LSTM, GRU, DNN), computational constraints pre-
vented their evaluation. Nevertheless, the baseline results
and methodological framework provide essential contribu-
tions to the field by establishing performance benchmarks
against which future deep learning studies can be meaning-
fully compared.

This investigation is vital because accurate emotion recog-
nition technologies decrease the likelihood of misunderstand-
ing emotions and avoid the severe consequences of delayed
or inaccurate treatment in clinical settings5,21. By providing
methodologically sound baseline results, this study enhances
the rigor of future research in mental health monitoring, adap-
tive learning systems, and human-computer interaction. The
dataset used contains 2,132 samples with a balanced distribu-

tion across three emotion classes: 716 neutral, 708 negative,
and 708 positive emotions. This balance minimizes class im-
balance issues and ensures performance metrics are represen-
tative of each emotion category.

Theoretical Framework

This study is grounded in statistical learning theory and the
bias-variance tradeoff framework14. The bias-variance de-
composition provides a principled approach to understand-
ing model performance: overly simple models (high bias)
fail to capture underlying patterns, while overly complex
models (high variance) memorize noise in the training data.
This framework motivates the use of ensemble methods such
as Random Forest20, which reduce variance through boot-
strap aggregation of multiple decorrelated decision trees while
maintaining sufficiently low bias.

The evaluation methodology addresses common pitfalls in
machine learning evaluation, including data leakage13, mul-
tiple comparisons, and inadequate uncertainty quantification.
By implementing repeated experiments with different random
seeds, stratified k-fold cross-validation, and paired statistical
tests, the study provides reliable performance estimates that
account for the inherent randomness in model training and
evaluation.

Methodology

Research Design

This study employs an experimental research design with a
cross-sectional dataset. The research follows a comparative
analysis framework where multiple machine learning models
are evaluated on the same dataset using identical preprocess-
ing and evaluation protocols. The design incorporates ele-
ments of computational neuroscience and machine learning
methodology, with particular emphasis on leakage-resistant
evaluation protocols13 and statistical rigor14. The compara-
tive framework ensures that observed performance differences
are attributable to model architecture rather than differences in
data handling, preprocessing, or evaluation procedures.

Participants or Sample

The study uses the publicly available EEG Brainwave Dataset:
Feeling Emotions, which was collected and described by Bird
and colleagues22 as part of research on mental emotional sen-
timent classification using EEG-based brain-machine inter-
faces. The dataset was collected from participants exposed to
emotional stimuli while wearing a Muse EEG headband. The
dataset includes 2,132 EEG samples with emotion labels dis-
tributed as follows: 716 neutral emotions (33.6 percent), 708
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negative emotions (33.2 percent), and 708 positive emotions
(33.2 percent). This approximately balanced distribution min-
imizes the risk that classification metrics are dominated by any
single class and ensures that accuracy serves as a meaningful
indicator of overall model performance.

The Muse EEG headband is a consumer-grade device that
uses four dry electrodes placed at positions TP9, AF7, AF8,
and TP10 according to the international 10-20 electrode place-
ment system23. The sampling rate is 256 Hz, capturing elec-
trical fluctuations at the scalp surface. It should be noted
that consumer-grade EEG devices such as the Muse head-
band have significantly fewer electrodes and lower spatial res-
olution compared to clinical or research-grade EEG systems,
which typically employ 32 to 128 electrodes covering the en-
tire scalp24. With only four electrodes concentrated in the
frontotemporal regions, substantial brain activity from pari-
etal, occipital, and central regions is not captured. This re-
duced spatial coverage may limit the types of emotional pat-
terns that can be detected and should be considered when in-
terpreting classification results.

Emotional states were induced through standardized emo-
tional stimuli, though the specific induction methods are not
detailed in the dataset documentation22. Common emotion
elicitation approaches in EEG research include presenting par-
ticipants with emotionally evocative images from standardized
databases such as the International Affective Picture System,
music excerpts, or video clips designed to reliably induce tar-
get emotional states4. The discrete categorical labels used
in this dataset (positive, negative, neutral) represent a simpli-
fied emotional classification compared to dimensional models
such as the valence-arousal framework3 commonly used in
larger benchmark datasets such as DEAP18 and SEED9 While
categorical labels reduce emotional granularity, they provide
clear classification targets suitable for evaluating model per-
formance.

Data Collection

EEG signals were recorded using the Muse EEG headband,
which measures electrical activity from the scalp surface us-
ing dry electrodes24. Data collection followed standard EEG
recording protocols, though specific details about recording
environment, participant instructions, and quality control mea-
sures are not provided in the dataset documentation. The
dataset provides preprocessed feature vectors rather than raw
EEG time series. Each sample includes 2,548 statistical fea-
tures extracted from the EEG signals across five frequency
bands10. The frequency bands include delta (0.5-4 Hz), as-
sociated with deep sleep and unconscious processing; theta
(4-8 Hz), associated with drowsiness and emotional process-
ing; alpha (8-12 Hz); beta (12-30 Hz); and gamma (30-44 Hz)
associated with higher-order cognitive processing and sensory

integration8,9. These frequency bands have been shown to
carry differential information about emotional states, with al-
pha asymmetry being particularly relevant for valence classi-
fication and gamma power correlating with arousal levels.

An important methodological consideration is that the
dataset provides pre-extracted statistical features rather than
raw EEG time series. This means that models receive static
feature vectors as input rather than temporal sequences. While
this approach leverages domain-specific feature engineering
and enables efficient classification10, it also means that recur-
rent architectures such as LSTM and GRU, which are specifi-
cally designed to capture temporal dependencies in sequential
data, would not be operating on genuine time-series data in
this context19. When provided with a static 2,548-dimensional
feature vector reshaped as a single-timestep sequence, these
architectures lose their primary advantage of modeling tempo-
ral dynamics. This consideration informed the decision to fo-
cus on traditional machine learning baselines such as Logistic
Regression and Random Forest, which are inherently designed
for static feature classification and do not require temporal in-
put structure.

Variables and Measurements

The independent variables in this study include model archi-
tecture, encompassing Logistic Regression and Random For-
est, as well as evaluation methodology, which encompasses
train-test split strategy and cross-validation configuration. The
dependent variables include classification accuracy as the pri-
mary metric, standard deviation of accuracy across repeated
runs and cross-validation folds, 95 percent confidence inter-
vals for accuracy estimates, and statistical significance mea-
sured by p-values from paired t-tests. The statistical features
in the dataset include measures of central tendency (mean, me-
dian, mode), dispersion (standard deviation, variance, range),
distribution shape (skewness, kurtosis), signal complexity (en-
tropy, Hurst exponent), and signal characteristics (root mean
square, zero-crossing rate) computed across each channel and
frequency band combination.

Procedure

The procedure followed five phases. The first phase involved
data loading and preprocessing: feature vectors (2,548 dimen-
sions) were separated from emotion labels where 0 represents
negative, 1 represents neutral, and 2 represents positive, miss-
ing values handled via mean imputation, and all features stan-
dardized using z-score normalization to prevent features with
larger magnitudes from dominating model training.

The second phase established the evaluation protocol. To
address data leakage concerns13, we implemented stratified
splitting to maintain class distribution across partitions, five
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independent runs with different random seeds (42, 123, 456,
789, 1024), and 5-fold stratified cross-validation, where the
dataset was partitioned into five equal subsets with each sub-
set serving as the test set exactly once while the remaining
four subsets served as the training set. This dual approach pro-
vides complementary information: repeated splits assess sta-
bility across data partitions while cross-validation maximizes
data utilization.

The third phase involved model implementation. Logis-
tic Regression was implemented with L2 regularization (ridge
penalty) to prevent overfitting by penalizing large coefficient
values, with a maximum of 2,000 iterations to ensure conver-
gence on the high-dimensional feature space. Random For-
est was implemented using Breiman’s ensemble learning ap-
proach20,25. Each tree is trained on a bootstrap sample with
a random feature subset at each split, decorrelating trees and
reducing variance. Default hyperparameters were deliberately
retained to avoid the multiple comparisons problem14 intro-
duced by extensive tuning.

The fourth phase involved statistical analysis. This included
calculating mean and standard deviation of accuracy across re-
peated runs and cross-validation folds, computing 95 percent
confidence intervals using the formula CI = mean +/- 1.96 x
(standard deviation / square root of number of folds), perform-
ing paired t-tests to assess whether the observed performance
difference between Random Forest and Logistic Regression
is statistically significant, and evaluating whether the assump-
tions of the t-test (normality of differences, paired observa-
tions) are reasonably satisfied for the sample sizes used.

The fifth phase involved results compilation, including ag-
gregating performance metrics across all evaluation protocols,
generating summary statistics and visualizations for each ex-
periment, computing confusion matrices to assess per-class
performance, extracting feature importance rankings to under-
stand which EEG characteristics drive classification decisions,
and generating learning curves to assess the relationship be-
tween training set size and model performance.

Data Analysis

Classification accuracy served as the primary performance
metric, calculated as the number of correctly classified sam-
ples divided by the total number of samples. While accu-
racy is appropriate for balanced datasets such as this one (ap-
proximately 33.6/33.2/33.2 percent class distribution), we also
report confusion matrices to verify that performance is con-
sistent across all three emotion categories rather than being
driven by strong performance on a single class. All machine
learning implementations used scikit-learn version 1.3.025

with NumPy and Pandas for data manipulation and SciPy for
statistical testing. Experiments were conducted on a Linux
system with AMD Ryzen processor and 64 GB RAM. Due to

computational environment constraints including lack of GPU
acceleration and TensorFlow compatibility issues, deep learn-
ing models (LSTM, GRU, DNN) could not be evaluated in
this study. However, the baseline models provide meaning-
ful performance benchmarks and methodological validation
that serve as essential reference points for future deep learning
comparisons.

Ethical Considerations

The study uses a publicly available dataset22 that has been de-
identified and made available for research use. The original
data collection presumably followed ethical guidelines includ-
ing informed consent, though specific IRB approval details are
not provided in the dataset documentation. The study involves
secondary analysis of existing data and does not involve di-
rect interaction with human participants, thereby minimizing
ethical risk.

Results

Repeated Experiments with Stratified Splits

To address concerns about data leakage and model stability13,
we conducted five independent runs with stratified train-test
splits using 80 percent of the data for training (1,705 sam-
ples) and 20 percent for testing (427 samples). Stratified split-
ting ensured that each emotion category maintained its pro-
portional representation in both the training and testing sets
across all runs, preventing scenarios where one emotion class
could be over- or under-represented in either partition.

Fig. 1 Class distribution of the EEG Brainwave Dataset showing
balanced representation across the three emotion categories: NEGA-
TIVE (708 samples, 33.2%), NEUTRAL (716 samples, 33.6%), and
POSITIVE (708 samples, 33.2%). This approximately equal distri-
bution ensures that classification accuracy is a meaningful metric and
that no single class dominates model evaluation.

Table 1 presents the accuracy results for each of the five in-
dependent runs. For Logistic Regression, the accuracies were
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97.66 percent, 96.02 percent, 98.36 percent, 98.36 percent,
and 96.72 percent across the five runs respectively, yielding
a mean accuracy of 97.42 percent with a standard deviation
of 1.03 percent. For Random Forest, the accuracies were
98.83 percent, 98.36 percent, 98.83 percent, 98.36 percent,
and 99.53 percent respectively, yielding a mean accuracy of
98.78 percent with a standard deviation of 0.48 percent.

Random Forest demonstrated superior performance with
both higher mean accuracy (98.78 versus 97.42 percent) and
lower variability (standard deviation of 0.48 versus 1.03 per-
cent). The lower variability of Random Forest indicates that its
performance is more consistent across different random data
partitions, a property attributable to its ensemble mechanism20

where aggregation of 100 independently trained decision trees
reduces sensitivity to the specific composition of any single
training set. Notably, Random Forest achieved its lowest ac-
curacy (98.36 percent) above the mean accuracy of Logistic
Regression, demonstrating consistent superiority across all ex-
perimental conditions.

Fig. 2 Model comparison across five independent runs with different
random seeds. Each pair of bars represents one run, with Logistic
Regression (purple) and Random Forest (blue). Dashed horizontal
lines indicate the mean accuracy for each model. Random Forest
consistently achieves higher accuracy with less variation across runs,
suggesting greater robustness to data partitioning.

Five-Fold Cross-Validation Results

To further validate model performance and estimate general-
ization error with greater statistical power, we conducted 5-
fold stratified cross-validation14. In this protocol, the entire
dataset is partitioned into five equal-sized folds, with each
fold preserving the class distribution of the original dataset.
The model is trained five times, each time using four folds for
training and the remaining fold for testing. This ensures that
every sample in the dataset is used for testing exactly once,
providing a more comprehensive estimate of model perfor-
mance than a single train-test split.

Fig. 3 Five-fold cross-validation results with 95 percent confidence
intervals. Random Forest (98.69% +/- 0.39%) achieves higher ac-
curacy with a narrower confidence interval than Logistic Regres-
sion (96.53% +/- 1.46%), indicating both superior performance and
greater precision in the performance estimate. Error bars represent
the 95% CI computed as mean +/- 1.96 x (SD / sqrt(5)).

Logistic Regression achieved a mean cross-validation ac-
curacy of 96.53 percent with a standard deviation of 1.46
percent, yielding a 95 percent confidence interval ranging
from 95.25 to 97.81 percent. The fold-level accuracies were
96.25%, 96.72%, 98.83%, 96.01%, 94.84%, showing mod-
erate variability across folds. Random Forest achieved a
mean accuracy of 98.69 percent with a standard deviation of
0.39 percent, yielding a 95 percent confidence interval rang-
ing from 98.34 to 99.03 percent. The fold-level accuracies
were 99.06%, 98.59%, 98.59%, 98.12%, 99.06%, demonstrat-
ing remarkably consistent performance. The non-overlapping
confidence intervals between the two models provide visual
evidence of a meaningful performance difference.

Statistical Significance Testing

We performed paired t-tests to determine whether the per-
formance differences between Random Forest and Logistic
Regression are statistically significant. Using the five cross-
validation fold results, where each model was evaluated on
identical data partitions, the paired t-test yielded a t-statistic of
2.97 and a p-value of 0.0411. This p-value falls below the con-
ventional significance threshold of 0.05, indicating that Ran-
dom Forest’s superior performance is statistically significant
at the 5 percent level. This confirms that the observed accu-
racy difference of 2.16 percentage points is unlikely to have
arisen by random chance alone.

For the five repeated stratified split results, the paired t-test
yielded a t-statistic of 2.53 and a p-value of 0.0644. While
this p-value does not reach significance at the conventional
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5 percent threshold, it approaches significance and is con-
sistent with the cross-validation result. The marginal non-
significance in the repeated splits may reflect the smaller ef-
fective sample size (five independent runs versus five cross-
validation folds that collectively use the entire dataset) and the
additional randomness introduced by independent data parti-
tioning.

Fig. 4 Performance across five independent runs with statistical an-
notations. Lines connect accuracy values for each model across runs,
with shaded regions indicating +/- one standard deviation from the
mean. The paired t-test annotation confirms statistical significance of
the cross-validation comparison (p = 0.0411).

Comparison with Previously Reported Results

A key contribution of this study is providing direct compar-
ison with previously reported results on the same dataset.
Chowdary and colleagues11 evaluated LSTM, GRU, and RNN
on the EEG Brainwave Dataset and reported 97, 96, and 95
percent accuracy respectively using a single 80/20 train-test
split without confidence intervals or repeated experiments.
Our Random Forest baseline achieved 98.69 percent with 5-
fold cross-validation and 98.78 percent with repeated splits,
both exceeding these previously reported deep learning re-
sults. While direct comparison must be interpreted cautiously
because evaluation protocols differ, the central finding is that
rigorous traditional machine learning baselines can match or
exceed previously reported deep learning performance on this
dataset, particularly when the dataset provides pre-extracted
features rather than raw temporal signals.

Confusion Matrix Analysis

The confusion matrix analysis reveals that Random Forest
achieved excellent per-class classification performance. Neg-
ative emotions were correctly classified with 98.6 percent ac-
curacy, with only a small number of misclassifications to the
neutral and positive categories. Neutral emotions achieved the

Fig. 5 Direct comparison with previously reported results on the
EEG Brainwave Dataset. Gray bars represent results from Chowdary
et al. (2022) obtained with a single train-test split and no reported
confidence intervals. Colored bars represent results from this study
obtained with 5-fold cross-validation and 95% confidence intervals.
Our Random Forest baseline exceeds all previously reported deep
learning accuracies, demonstrating the importance of rigorous base-
lines.

Fig. 6 Confusion matrix for Random Forest showing classification
performance for each emotion category. Left panel: raw counts of
predictions. Right panel: row-normalized percentages showing per-
class accuracy. The model achieves near-perfect classification across
all three categories, with neutral emotions classified most accurately

highest per-class accuracy at 100 percent, with zero misclassi-
fications. Positive emotions were classified with 97.9 percent
accuracy, with occasional confusion with negative and neutral
categories. The overall misclassification rate was extremely
low, with only 5 out of 427 test samples incorrectly classi-
fied. The balanced per-class performance confirms that the
high overall accuracy is not driven by strong performance on
a single emotion category but reflects genuinely robust classi-
fication across all three classes.

Feature Importance Analysis

The feature importance analysis reveals which of the 2,548
statistical features contribute most to the classification deci-
sion. Features related to variance, higher-order statistical mo-
ments (skewness and kurtosis), and entropy from multiple
frequency bands consistently rank among the most discrimi-
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Fig. 7 Top 20 most important features for emotion classification as
determined by Random Forest’s Gini importance scores. Features re-
lated to statistical moments and variability measures across different
frequency bands dominate the top rankings, suggesting that the dis-
tributional characteristics of EEG signals are more informative for
emotion discrimination than simple amplitude measures.

native. This pattern suggests that the shape and complexity
of the EEG signal distribution within each frequency band,
rather than simple measures such as mean amplitude, are the
key indicators of emotional states. This finding is consis-
tent with previous research demonstrating that alpha and beta
band characteristics carry significant emotional information9,
and that higher-order statistics capture non-linear dynamics in
neural activity that correlate with emotional processing. The
feature importance information also provides interpretability,
offering neuroscientific insight into which aspects of brain ac-
tivity differentiate emotional states.

Learning Curve Analysis

The learning curve demonstrates how Random Forest’s per-
formance evolves as the training set size increases from 10
to 100 percent of available training data. Training accuracy
remains near 100 percent across all training sizes, reflecting
the model’s capacity to fit the training data. Validation accu-
racy starts lower with small training sets and progressively im-
proves, converging toward the training accuracy as more data
becomes available. The close proximity of training and vali-
dation curves at larger training sizes indicates that the model
generalizes well without significant overfitting. This is an im-
portant finding given the relatively small dataset size of 2,132
samples and the high-dimensional feature space of 2,548 fea-
tures, as such conditions frequently lead to overfitting in other
model families. The ensemble mechanism of Random For-
est20, which averages predictions across 100 independently

Fig. 8 Learning curve for Random Forest showing training accuracy
(blue) and validation accuracy (purple) as a function of training set
size. Shaded regions indicate +/- one standard deviation across cross-
validation folds. The convergence of training and validation curves
indicates good generalization without significant overfitting.

trained trees each using a random subset of features, provides
inherent regularization that prevents the model from memoriz-
ing noise in the training data.

Computational Performance Analysis

Computational efficiency is a critical consideration for real-
world deployment of emotion recognition systems. Logis-
tic Regression requires approximately 2.1 +/- 0.3 seconds for
training across five runs, 0.12 +/- 0.03 milliseconds for infer-
ence per sample, 12 MB of memory, and has 765 trainable
parameters. Random Forest requires approximately 8.7 +/-
1.2 seconds for training, 0.45 +/- 0.08 milliseconds for in-
ference per sample, 48 MB of memory, and consists of 100
decision trees with default depth parameters. Both models of-
fer real-time inference capabilities, processing individual sam-
ples in under 1 millisecond. Given that the Muse EEG device
samples at 256 Hz (one sample every 3.9 milliseconds), both
models can classify emotional states approximately 8 to 30
times faster than the data acquisition rate, making them fully
suitable for real-time applications. This computational effi-
ciency stands in contrast to deep learning models that typically
require GPU acceleration for training and may have infer-
ence latencies that preclude real-time deployment on resource-
constrained devices.

Discussion

Interpretation of Results

The experimental results demonstrate that Random Forest20

achieves excellent performance (98.69 percent +/- 0.39 per-
cent in cross-validation) on the EEG Brainwave Dataset, sig-
nificantly outperforming Logistic Regression (96.53 percent
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+/- 1.46 percent) with statistical significance (p = 0.0411).
This finding has several important implications for the field
of EEG-based emotion recognition.

The first implication concerns the effectiveness of tradi-
tional machine learning baselines. The Random Forest accu-
racy of 98.69 percent exceeds the previously reported deep
learning results on this same dataset by Chowdary and col-
leagues11, who achieved 97 percent with LSTM using a sin-
gle train-test split. While differences in evaluation protocols
prevent definitive claims of absolute superiority, this compar-
ison strongly suggests that well-established machine learn-
ing methods should be evaluated as baselines before deploy-
ing complex deep learning architectures14. The ensemble
learning mechanism of Random Forest, which reduces vari-
ance through aggregation of multiple decorrelated decision
trees, appears particularly well-suited for this classification
task where pre-extracted statistical features already encode
relevant signal characteristics.

The second implication relates to model stability and re-
liability. Random Forest showed markedly lower variabil-
ity (standard deviation of 0.48 percent in repeated runs, 0.39
percent in cross-validation) compared to Logistic Regression
(1.03 and 1.46 percent respectively). This stability is directly
attributable to the bootstrap aggregation mechanism20 that
makes ensemble predictions inherently robust to variations in
data composition. For real-world emotion recognition appli-
cations where consistent performance is essential for clinical
reliability, this stability represents a significant practical ad-
vantage.

The third implication relates to the importance of statisti-
cal rigor in model evaluation. The inclusion of confidence
intervals and paired t-tests provides a more complete under-
standing of model performance than the single-point accuracy
estimates commonly reported in the EEG emotion recognition
literature11,17. As Kapoor and Narayanan13 demonstrated,
inadequate evaluation practices are a widespread problem in
machine learning research. The adoption of proper statistical
validation, including repeated experiments, cross-validation,
confidence intervals, and significance testing, is essential for
scientific reproducibility and for enabling meaningful compar-
ison across studies.

Methodological Advancements

This study addresses several methodological limitations iden-
tified in previous EEG emotion recognition research. The first
advancement involves leakage-resistant evaluation. By imple-
menting stratified splitting, repeated experiments, and cross-
validation14, we minimize the risk of data leakage and provide
more reliable performance estimates than single-split evalu-
ations. Stratified splitting ensures that each partition main-
tains the same class distribution as the original dataset, while

repeated experiments with different random seeds assess the
sensitivity of results to data partitioning. The second advance-
ment involves uncertainty quantification through standard de-
viations and confidence intervals, acknowledging the inher-
ent variability in machine learning evaluation. The third ad-
vancement involves baseline establishment, providing neces-
sary context for evaluating whether deep learning complexity
is justified19. The fourth advancement involves statistical val-
idation through paired t-tests, providing formal evidence for
performance differences rather than relying on informal com-
parison of single accuracy values.

Comparison with Previous Studies on the Same Dataset

Chowdary and colleagues11 evaluated LSTM, GRU, and RNN
on the EEG Brainwave Dataset and reported 97, 96, and 95
percent accuracy respectively. Our Random Forest baseline
achieved 98.69 percent with cross-validation, exceeding all
three deep learning results. Several factors may explain this
outcome.

First, the dataset provides pre-extracted statistical features
rather than raw EEG time series. Recurrent architectures such
as LSTM and GRU are specifically designed to capture tem-
poral dependencies in sequential data19. When provided with
static feature vectors rather than temporal sequences, these ar-
chitectures lose their primary advantage, and the additional
model complexity may introduce unnecessary parameters that
increase the risk of overfitting on the small dataset of 2,132
samples.

Second, the 2,548 pre-extracted features capture domain-
specific information about signal distribution across frequency
bands9 that has been shown to correlate with emotional
states10). Random Forest’s ability to automatically identify
the most discriminative features through its built-in impor-
tance mechanism allows it to effectively exploit this feature
engineering without requiring the model to learn feature rep-
resentations from scratch, as deep learning models would.

Third, Random Forest20 requires fewer training examples
to achieve good performance compared to deep learning mod-
els. With only 2,132 samples and 2,548 features, the ratio of
samples to features is less than one, creating conditions where
deep learning models with thousands or millions of parame-
ters are particularly prone to overfitting.

Limitations and Future Research Directions

Despite the methodological improvements, several important
limitations must be acknowledged. The first limitation in-
volves the use of a consumer-grade EEG device. The Muse
EEG headband uses only four dry electrodes at positions TP9,
AF7, AF8, and TP1022,23, providing significantly lower spa-
tial resolution than clinical or research-grade EEG systems

© The National High School Journal of Science 2026 | 9



that typically employ 32 to 128 electrodes covering the en-
tire scalp24. With only four electrodes concentrated in the
frontotemporal regions, substantial brain activity from pari-
etal, occipital, and central regions is not captured. Future re-
search should validate findings using higher-density EEG sys-
tems. The second limitation involves dataset constraints and
generalization. The study uses a single dataset with 2,132
samples, and the absence of participant identifiers prevents
subject-independent evaluation. In real-world applications,
EEG patterns vary substantially between individuals. Future
studies should implement subject-independent evaluation us-
ing datasets that provide participant labels, such as DEAP18

or SEED9, and should employ cross-dataset validation to as-
sess transferability. The third limitation involves the undocu-
mented emotion induction protocol22. The ecological valid-
ity of laboratory-induced emotions is inherently limited4. If
emotional stimuli were overly distinctive, the resulting EEG
patterns might be easily distinguishable for reasons related
to arousal rather than valence, potentially inflating classifi-
cation accuracy. The fourth limitation involves the feature-
based approach; the pre-extracted features prevent end-to-
end deep learning that could discover more informative rep-
resentations19. The fifth limitation is the inability to evaluate
LSTM, GRU, and DNN due to computational constraints.

Several concrete future research directions emerge from this
study. The first involves developing multimodal fusion frame-
works that use attention mechanisms to dynamically weight
EEG features with complementary modalities such as facial
action units, voice prosody, and physiological signals to im-
prove robustness in real-world conditions. The second in-
volves designing subject-independent architectures with do-
main adaptation layers that learn participant-invariant neural
representations, enabling generalization without extensive re-
training. The third involves optimizing model architectures
for deployment on edge devices such as smartphones and
wearable EEG headsets with constraints on computational re-
sources. The fourth involves implementing hierarchical tem-
poral architectures that capture both short-term and long-term
emotional dynamics from raw EEG signals.

Practical Implications

The findings have several practical implications. In men-
tal health monitoring, reliable EEG-based emotion recogni-
tion could enable continuous, objective tracking of emotional
states in individuals with mood disorders5,21, providing clin-
icians with data for treatment adjustment and early inter-
vention. In human-computer interaction, real-time emotion
recognition could enable adaptive interfaces that respond to
user emotional states1, improving user experience in educa-
tional, therapeutic, and entertainment applications. In adap-
tive learning systems, emotion-aware platforms could detect

student frustration or disengagement and adjust content deliv-
ery accordingly. In forensic psychology, research has shown
that EEG patterns associated with emotional dysregulation
could serve as biomarkers for risk assessment15, though such
applications require extensive further validation. The compu-
tational efficiency of Random Forest, with real-time inference
under 0.5 milliseconds per sample without GPU acceleration,
makes it particularly suitable for deployment on resource-
constrained devices24 including wearable EEG headsets and
mobile applications.

Conclusion

Restatement of Key Findings

This study implemented a comprehensive evaluation frame-
work for EEG-based emotion recognition, addressing critical
methodological limitations identified in previous research13.
Random Forest14 achieved the highest classification accu-
racy of 98.69 percent +/- 0.39 percent (95% CI: 98.34-99.03
percent) in 5-fold cross-validation, significantly outperform-
ing Logistic Regression (96.53 percent +/- 1.46 percent, p
= 0.0411). This accuracy exceeds previously reported deep
learning results on the same dataset19. Repeated experiments
demonstrated stability with 98.78 percent +/- 0.48 percent
across five independent runs, and the learning curve analysis
confirmed that the model generalizes well without overfitting
despite the high-dimensional feature space.

Implications and Significance

The study makes several contributions to the field. In terms
of methodological advancement, by addressing common eval-
uation pitfalls including data leakage8, inadequate statistical
validation, and lack of baseline comparisons, the study es-
tablishes a more rigorous framework for future research. In
terms of performance benchmarking, the results provide ro-
bust benchmarks with confidence intervals against which fu-
ture models can be meaningfully compared. In terms of prac-
tical guidance, the computational efficiency analysis demon-
strates that traditional machine learning models can meet real-
time processing requirements without specialized hardware.
In terms of research direction, the study identifies specific ar-
eas for future work including subject-independent evaluation
on DEAP18 and SEED9 datasets, end-to-end deep learning
comparison19, and multimodal fusion approaches.

Recommendations

For researchers, we recommend adopting rigorous evaluation
protocols including repeated runs, cross-validation, and statis-
tical testing in all EEG emotion recognition studies. Perfor-
mance should always be reported with confidence intervals,
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and statistical tests should validate claimed differences. Tra-
ditional machine learning baselines should be included when-
ever evaluating deep learning models. For practitioners, Ran-
dom Forest offers an excellent balance of accuracy, computa-
tional efficiency, and simplicity suitable for most real-world
applications operating on pre-extracted features. For future
studies, we recommend prioritizing subject-independent eval-
uation and cross-dataset validation, and exploring whether
end-to-end deep learning on raw EEG time series provides
genuine benefits over feature-based approaches. For appli-
cation developers, the results demonstrate that simpler mod-
els can achieve excellent accuracy with substantially bet-
ter computational characteristics for deployment on resource-
constrained devices.

Limitations

Results are specific to the EEG Brainwave Dataset22 collected
with a four-electrode consumer-grade device24 and may not
generalize to other datasets or electrode configurations. The
inability to evaluate deep learning models limits direct com-
parison. Performance depends on the specific feature extrac-
tion methodology10 used in the dataset. The discrete emotion
categories (positive, negative, neutral) represent a simplified
classification that does not capture the full complexity of hu-
man emotional experience as described by dimensional mod-
els3. Real-world generalization to new participants remains
unknown due to the absence of participant identifiers in the
dataset.

Closing Thought

As EEG technology becomes more accessible through
consumer-grade devices24, the development of reliable, ef-
ficient emotion recognition systems has significant potential
to transform mental health care21, human-computer interac-
tion1, and personalized learning. However, realizing this po-
tential requires not only advanced algorithms but also rigorous
evaluation methodologies that ensure reported performance
translates to real-world effectiveness. This study represents
a step toward such methodological rigor, providing both per-
formance benchmarks and an evaluation framework that can
guide future research in this promising field.
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