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Abstract—Epileptic seizures affect approximately 65 million
people worldwide, and standard antiseizure medications fail
to achieve seizure control in roughly one-third of patients [4],
[6]. Automated, EEG-based seizure detection offers a
promising avenue for improving diagnosis and enabling
timely clinical intervention. In this study, we evaluate and
compare logistic regression, random forest, support vector
machines (SVM), and XGBoost for binary classification of
seizure versus non-seizure EEG activity using the UCI
Epileptic Seizure Recognition dataset (11,500 EEG
segments, 500 subjects) [16], [17]. We evaluate frequency-
domain (FFT) feature augmentation, hyperparameter
optimization, and two class-imbalance mitigation strategies
(class-weight balancing and SMOTE). XGBoost trained on
combined time- and frequency-domain features achieved
98.19% test accuracy with a seizure-class F1-score of 0.95.
A SMOTE-resampled voting ensemble achieved a
comparable 98.05% accuracy while further improving
seizure recall to 0.98, a trade-off we argue is preferable in
clinical seizure-detection contexts, where missed seizures
typically carry a higher cost than false alarms. Five-fold
cross-validation (97.63% =+ 0.35% for random forest)
confirms these results are stable. We further report and
correct a data-provenance issue encountered during the study,
in which an initial experimental run inadvertently used a
synthetic placeholder dataset due to a network connectivity
fallback, underscoring the importance of validating dataset
integrity in reproducible machine learning research.

Index Terms—epilepsy, EEG, seizure detection, machine
learning, ensemble learning, class imbalance, SMOTE,
XGBoost.

I. INTRODUCTION

Epilepsy is one of the most common serious neurological
disorders, affecting up to 1% of the global population and
ranking fourth in the world's disease burden [1], [2], [3].
Despite the availability of nearly 30 antiseizure medications,
approximately one-third of patients continue to experience
seizures despite treatment, and many others suffer from
medication side effects that significantly impact quality of
life [6], [7].

Accurate and timely detection of seizure activity from
electroencephalogram (EEG) recordings is central to both
clinical diagnosis and epilepsy research [11]. Manual EEG
review by trained neurophysiologists remains the clinical
gold standard but is time-intensive, subject to inter-rater
variability, and does not scale to the volume of continuous

EEG monitoring increasingly used in critical care [9], [39].
Automated seizure detection using machine learning has
therefore attracted substantial research interest [40].

This paper evaluates a set of standard supervised
classification algorithms on a widely used public EEG
dataset, establishing a reproducible performance benchmark
and examining which modeling choices -- feature
representation, algorithm choice, hyperparameter tuning, and
class-imbalance  handling --  meaningfully  affect
classification accuracy and, critically, per-class recall. The
remainder of this paper is organized as follows: Section II
reviews related work; Section III describes the dataset and
methodology; Section IV presents results; Section V
discusses findings; Section VI states limitations; and Section
VII concludes.

II. RELATED WORK

The UCI Epileptic Seizure Recognition dataset, derived
from the original Bonn EEG database [16] and restructured
for machine learning use [17], has been used extensively as a
benchmark for seizure classification. Talukder and Sulaiman
[28] compared random forest, decision tree, extra trees,
logistic regression, and gradient boosting after oversampling
and outlier handling, reporting up to 99.29% accuracy with
an extra-trees classifier. Rahman et al. [29] compared SVM,
random forest, and multi-layer perceptron models with and
without hyperparameter tuning, achieving 97.86% accuracy
with SVM. Rabby et al. [30] combined principal component
analysis with a genetic algorithm for feature selection prior
to classification.

Several studies have applied deep learning to this dataset.
Hilal et al. [31] proposed a deep canonical sparse autoencoder
achieving up to 98.73% accuracy. Nanthini et al. [32] and
Mahapatra et al. [33] applied LSTM and autoencoder-based
architectures, respectively. Xu et al. [34] reported a one-
dimensional CNN-LSTM model achieving 99.39% binary
classification accuracy. Alalayah et al. [35] combined
dimensionality reduction (PCA, t-SNE) with K-means
clustering prior to classification. Farooq et al. [36], [37]
provide broader taxonomies of machine learning approaches
to seizure detection, and a recent ensemble-based study [41]
combined interpretable machine learning with LIME
explanations on a related benchmark, reporting 97.06%
accuracy under nested cross-validation.

Notably, reported accuracies across this literature vary
from approximately 82% to over 99%, a range that likely



reflects differences in preprocessing, class-imbalance
handling, and evaluation rigor (e.g., whether nested or
subject-level cross-validation was wused) rather than
differences in the underlying signal alone. Few of the
reviewed studies report per-class recall alongside accuracy,
motivating the explicit focus on this metric in the present
work, consistent with broader concerns about imbalanced
learning in seizure detection [38].

III. METHODOLOGY

A. Dataset

We used the UCI Epileptic Seizure Recognition dataset
[16], [17], comprising 11,500 EEG segments from 500
subjects, each represented by 178 time-domain feature
values. The five original classes were recast into a binary
task: seizure activity (2,300 samples) versus non-seizure
activity (9,200 samples, pooled across four non-seizure
states), consistent with common practice in the reviewed
literature.

B. Data Provenance Verification

During initial experimentation, a dataset-loading routine
included a fallback mechanism that silently substituted a
small synthetic dataset when the primary data source was
unreachable due to a network restriction. An initial round of
experiments was inadvertently run on this synthetic
placeholder. This was identified by cross-checking reported
test-set sample sizes against the expected dataset dimensions,
and corrected by sourcing a verified copy of the real dataset
for all results reported herein. We disclose this transparently,
as automated fallback logic in data pipelines can silently
substitute unintended data if dataset dimensions are not
explicitly verified.

C. Feature Engineering

Features were standardized (zero mean, unit variance)
prior to training. To evaluate whether frequency-domain
information improves classification, we computed the fast
Fourier transform (FFT) magnitude spectrum of each
segment and concatenated the first half of the spectrum (89
coefficients) with the 178 original features, yielding 267 total
features for the FFT-augmented experiments.

D. Models and Class-Imbalance Handling

We evaluated logistic regression [22], random forest [18],
[24], SVM with an RBF kernel [19], and XGBoost [20], [23],
implemented via scikit-learn [22] and the official XGBoost
library. Random forest hyperparameters were selected via
randomized search cross-validation. We further evaluated
soft-voting ensembles of the tuned random forest, XGBoost,
and SVM under three class-imbalance strategies: no
adjustment, class-weight balancing, and SMOTE [21]
applied to the training set only.

E. Evaluation Protocol

Data were split into training (75%, n=8,625) and held-out
test (25%, n=2,875) sets using stratified sampling. We
additionally report mean accuracy and standard deviation

from stratified 5-fold cross-validation. Performance was
assessed using accuracy, precision, recall, and F1-score per
class.

IV. RESULTS

Table I reports held-out test-set performance. Table II
reports 5-fold cross-validation results for the three baseline
classifiers, confirming stability across resampling.

TABLE 1. TEST-SET PERFORMANCE BY MODEL (n=2,875)

Model Acc. (%) Prec. Rec. F1
Logistic Regression (raw) 81.70 0.96 0.09 0.16
Random Forest (raw) 97.63 0.95 0.93 0.94
SVM, RBF kernel (raw) 97.29 0.96 0.90 0.93
XGBoost (raw+FFT) 98.19 0.96 0.95 0.95
Random Forest, tuned 97.88 0.94 0.96 0.95
(raw+FFT)

Ensemble, unweighted 98.12 0.96 0.95 0.95
Ensemble, class-balanced 97.91 0.94 0.95 0.95
Ensemble, SMOTE (final) 98.05 0.93 0.98 0.95

TABLE II. 5-FOLD CROSS-VALIDATION, BASELINE MODELS

Model Mean CV Acc. Std. Dev.
Logistic Regression 81.67% +0.21%
Random Forest 97.63% +0.35%
SVM (RBF kernel) 97.25% +0.19%

Fig. 1 compares overall accuracy against seizure-class
recall. Logistic regression achieves reasonable overall
accuracy (81.7%) almost entirely by favoring the majority
class, correctly identifying only 8.9% of true seizures. All
nonlinear models substantially closed this gap; the SMOTE-
resampled ensemble achieved the highest seizure recall
(98.1%) of any model evaluated.

Accuracy vs. Seizure Recall by Model
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Fig. 1. Overall accuracy vs. seizure-class recall across all evaluated
models.

Fig. 2 shows the confusion matrix for the final model
(SMOTE-resampled ensemble). Of 2,875 test samples, the
model correctly classified 2,255 of 2,300 non-seizure
segments (45 false positives) and 564 of 575 seizure
segments (11 false negatives), corresponding to 98.1%
seizure recall and 92.6% seizure precision.
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Fig. 2. Confusion matrix, final model (SMOTE-resampled ensemble).

A. Model Selection: Accuracy vs. Clinical Priority

XGBoost achieved the highest single-model accuracy
(98.19%) and seizure F1-score (0.95). However, for a clinical
seizure-detection use case, minimizing missed seizures
should arguably be prioritized over raw accuracy, since an
undetected seizure carries substantially higher clinical risk
than a false alarm requiring manual review. We therefore
designate the SMOTE-resampled ensemble -- with the
highest seizure recall (98.1%) at only a 0.14-percentage-point
cost to overall accuracy relative to XGBoost -- as our final
recommended configuration, while reporting XGBoost as the
accuracy-optimal alternative.

V. DISCUSSION

The gap between the linear baseline (81.7% accuracy,
8.9% seizure recall) and all nonlinear models (97-98%
accuracy, 90-98% seizure recall) indicates that seizure versus
non-seizure activity in this dataset is separable primarily by
nonlinear decision boundaries, consistent with the
understanding that seizure activity reflects complex,
nonlinear neuronal synchronization [10].

Frequency-domain feature augmentation combined with
gradient boosting produced the single best-performing
model, suggesting spectral information contributes
meaningfully to discriminating seizure activity, consistent
with clinical practice of inspecting EEG frequency content
when diagnosing seizures. The three class-imbalance
strategies produced an interpretable trade-off: the unweighted
ensemble favored precision (95.8% seizure precision, 94.8%
recall), while SMOTE shifted the balance toward recall
(92.6% precision, 98.1% recall) at comparable overall
accuracy -- consistent with prior findings on imbalance-
aware seizure detection [38]. This is exactly the behavior
expected from minority-class oversampling, and suggests the
choice of imbalance strategy should be guided by the clinical
cost asymmetry of the task rather than by accuracy alone.

Our results (97.6-98.2% accuracy) fall within the range
reported across the reviewed literature on this dataset (82-
99.4%) [28]-[35], [41], and are broadly consistent with
studies employing comparable ensemble and gradient-

boosting approaches without extensive deep learning
infrastructure. We note that several studies reporting
accuracies above 99% did not report per-class recall or use
subject-level validation, making direct comparison difficult;
we recommend future benchmarking on this dataset adopt
both practices.

Finally, we highlight the data-provenance issue described
in Section III-B as a broader methodological point:
automated fallback logic in data pipelines can silently
substitute unintended data, and any research pipeline should
verify dataset dimensions and class distributions against
expected values before interpreting results.

VI. LIMITATIONS

The dataset consists of pre-extracted, single-channel EEG
segments rather than raw multi-channel clinical recordings,
limiting direct clinical applicability. Binary recasting of the
original five-class problem may obscure clinically relevant
distinctions between non-seizure states. Model performance
was evaluated on a single public dataset; external validation
on independent clinical EEG data would be needed before
clinical deployment. We did not conduct a full patient-level
(grouped) cross-validation to rule out the possibility that
segments from the same subject appear in both training and
test sets; while the stratified random split used is standard in
the reviewed literature, a stricter subject-level split would
provide additional confidence that performance generalizes
to unseen patients.

VII. CONCLUSION

This study compared five classical supervised machine
learning approaches for EEG-based seizure classification on
the real UCI Epileptic Seizure Recognition dataset. XGBoost
with combined time- and frequency-domain features
achieved the highest accuracy (98.19%), while a SMOTE-
resampled voting ensemble achieved the highest seizure
recall (98.1%) at a comparable 98.05% accuracy, which we
recommend for clinical seizure-detection contexts where
missed seizures carry high cost. We further reported and
corrected a data-provenance error encountered during the
study. Future work should explore multi-channel clinical
EEG datasets, patient-level cross-validation, cost-sensitive
learning encoding the clinical asymmetry between missed
seizures and false alarms, and external validation on
independent cohorts.
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