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Electroencephalography (EEG) allows noninvasive access to temporal brain
activity; however, many EEG classifiers are tailored to a single dataset or
disorder and are not easily compared across heterogeneous recording settings.
A gap that this study fills is the evaluation of a fixed hybrid temporal—spatial
EEG representation pipeline with an identical processing flow on public
datasets for epilepsy, attention-deficit/hyperactivity disorder (ADHD), and
schizophrenia. Each window passes through a one-dimensional temporal
branch and a two-dimensional spatial branch. Their outputs are projected and
concatenated into a 256-dimensional fused vector, then standardized and
reduced to 64 components by principal component analysis (PCA) fitted only
on the training data. The six post-fusion classifiers were tested under dataset-
specific validation protocols, with experiment-specific blending applied where
applicable, without using held-out test data for scaling, PCA fitting, model
selection, threshold adjustment, or blending. Subject-wise ADHD
classification achieved around 98.62% accuracy and approximately 98.60%
macro-F1. Under 28-fold leave-one-subject-out evaluation, schizophrenia
classification yielded an aggregated segment-level accuracy of 96.28% and a
fold-averaged macro-F1 score of 73.92%. The selected intra-subject CHB-
MIT chb02 experiment attained a seizure-class F1 of 92.31%. The internal
four-class experiment was considered exploratory feature-space analysis
rather than evidence of dataset-independent clinical diagnosis, as the classes
were drawn from disparate datasets and acquisition conditions. The results
provide a consistent engineering baseline across the investigated protocols and
may inform future EEG decision-support studies, although broader clinical
interpretation requires harmonized cohorts, broader multi-subject evaluation,
and external validation.
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1. INTRODUCTION

EEG is a non-invasive way to measure electrical activity in the brain with high temporal resolution and
has become an important source for biomedical signal processing, intelligent healthcare engineering, and
automated analysis of brain disorders. Recent advances in deep learning have been particularly useful with
regard to this problem, as they learn discriminative spatio-temporal patterns directly from multichannel EEG
recordings [1]. However, EEG-based classification remains difficult due to the strong influence of intersubject
variability, signal heterogeneity, and preprocessing choices on performance [1].

Three representative EEG-based classification problems with different signal characteristics and
evaluation difficulties are considered: epilepsy, attention deficit hyperactivity disorder (ADHD), and
schizophrenia. The CHB-MIT scalp EEG database has remained a popular public reference database in seizure-
related EEG analysis [2]. However, experimental results also show that segment-level splitting can lead to an
overestimation of performance because it may assign segments from the same subject to both the training and
test partitions [3]. Recent ADHD and schizophrenia studies have shown strong performance using deep
learning approaches leveraging multidomain features, structured EEG representations, and graph-based
learning methods [4]-[6]. However, most of these methods are still developed and tested on a single disorder
or dataset.

Characteristics of the assessed datasets are heterogencous. CHB-MIT segments include 23 EEG channels
sampled at 256 Hz, ADHD recordings include 19 channels, and RepOD/Warsaw recordings consist of 19
channels sampled at 250 Hz. The datasets were acquired under different acquisition settings and differ in
electrode montage and channel configuration, recording duration, subject population, class balance, and
preprocessing conditions. These differences can induce domain shift and may cause the learned representations
to encode acquisition-related or dataset-origin features in addition to disorder-related EEG patterns. Hence, the
internal four-class investigation is interpreted only as an exploratory feature-space assessment and not as proof
of dataset-independent neurological separability.

Most pipelines introduced in the EEG-classification literature are limited to a single disorder or dataset,
with preprocessing, representation design, model architecture, classifier selection, and validation procedures
tailored to the corresponding benchmark [1],[3]-[6]. While such dataset-specific optimization may enhance
performance within an individual benchmark, differences in methodological design and data-separation
protocols limit direct comparisons across heterogeneous EEG tasks [1],[3],[6]. Thus, it is valuable to
investigate whether a fixed core EEG-based representation and classification pipeline can be applied across
multiple public datasets under separate dataset-specific protocols while explicitly accounting for acquisition
heterogeneity and domain-related confounding.

An attempt is made in this study to introduce a hybrid temporal—spatial EEG representation pipeline with
principal component analysis (PCA) and ensemble learning for evaluation across selected brain-disorder
datasets. Moreover, the pipeline involves a 1D temporal branch to capture waveform-level dynamics of EEG,
a 2D spatial branch to learn structured representations of EEG data, feature fusion, train-only PCA-based
dimensionality reduction, and post-fusion ensemble classification. The same core pipeline is evaluated
separately on public EEG datasets corresponding to epilepsy, ADHD, and schizophrenia according to dataset-
specific validation protocols with leakage-aware processing. The epilepsy experiment is confined to a selected
intra-subject CHB-MIT benchmark, whereas the ADHD and schizophrenia evaluations use subject-aware
separation and LOSO-style evaluation, respectively.

This research primarily contributes an engineering-oriented evaluation of a fixed hybrid EEG pipeline
across multiple disorder-related datasets. In particular, it provides: (1) a temporal-spatial EEG feature
extraction strategy that combines raw-segment temporal learning with structured spatial representation; (2) a
train-only PCA stage to reduce feature dimensionality while reducing leakage risk; (3) consistent post-fusion
classification using the same candidate classifier pool, with experiment-specific blending applied where
appropriate; and (4) an internal four-class feature-space experiment used only for exploratory representation
analysis. This experiment should not be interpreted as evidence of dataset-independent clinical diagnosis or
purely neurological separability because the four classes stem from distinct public datasets and acquisition
conditions. By maintaining the same core methodology, the proposed study provides a coherent engineering
framework in which to assess EEG representations under the considered protocols, as opposed to a wide-
reaching cross-dataset clinical diagnostic model.

The rest of this paper is organized as follows. Section 2 reviews related studies on EEG-based
classification of epilepsy, ADHD, and schizophrenia. Section 3 describes the proposed hybrid temporal—spatial
EEG pipeline, datasets, validation settings, and reproducibility controls. The experimental results are reported
and discussed in Section 4, including the disorder-specific evaluations, the internal four-class feature-space
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analysis, and the dataset-aligned comparison with related studies. Section 5 concludes the paper and discusses
future research directions.

2. RELATED WORK AND PROBLEM STATEMENT
2.1. Epilepsy EEG Classification

Seizure-related EEG signals are complicated and vary considerably [7][8], which makes EEG-based
epilepsy classification an ongoing research topic. This includes the following recent work: a set of
convolutional and recurrent deep-learning architectures reviewed for seizure detection and prediction [7][8],
latent-space strange-attractor reconstruction for epileptic EEG classification [9], as well as a multi-attention
model combining a Transformer encoder with spatiotemporal feature fusion [10]. Together, these studies
demonstrate the potential of using deep representation learning for seizure-related EEG analysis; however, they
also indicate that differences in models and evaluation criteria across studies can make direct comparison
difficult.

However, epilepsy EEG classification still suffers from class imbalance and from the complexity and
variability of seizure-related EEG signals [7][8]. Moreover, if segments from the same subject appear in both
the training and test sets, segment-level splitting can lead to an overestimation of performance when assessing
generalization to previously unseen subjects [3]. Thus, results from an intra-subject seizure-window
experiment should be viewed as within-subject performance rather than evidence of generalization to new
subjects. In this paper, we use the epilepsy experiment as a benchmark-level seizure-window classification task
to test whether the temporal—spatial representation pipeline retains discriminative seizure-related features
within the selected intra-subject evaluation setting.

2.2. ADHD EEG Classification

The classification of ADHD from EEG data (EEG-based ADHD classification) is a topic that has recently
attracted considerable attention, and several studies have presented analyses based on different EEG
representations as well as classification strategies. The methodologies adopted range from EEG feature-map
images combined with deep learning [11], multidimensional spectral, entropy, and functional-connectivity
features evaluated using machine-learning models [12], Gabor-filter-based statistical features [13], to graph
convolutional networks integrating time-domain, frequency-domain, and functional-connectivity information
[5]. In aggregate, these studies demonstrate that ADHD-versus-control classification has been approached with
a variety of feature representations and model families rather than following a single standardized pipeline.

The ADHD studies reviewed have largely been developed and validated within individual datasets, often
involving disparate preprocessing procedures, feature representations, model architectures, and validation
designs [5],[11]-[13]. Such methodological differences limit direct comparison of performance across studies,
since reported performance often depends not only on the classifier used but also on windowing, electrode
configuration, feature construction, and the data-separation protocol. Motivated by this, we evaluate a fixed
EEG representation pipeline with a well-defined subject-wise protocol. Hence, the ADHD experiment is
utilized in the present study to evaluate the performance of the proposed hybrid temporal—spatial pipeline with
separate training, validation, and test subjects.

2.3. Schizophrenia EEG Classification

Recent EEG-classification studies use microstate semantic modeling [14] and deep-learning architectures
that utilize multi-scale temporal feature extraction with adaptive weight fusion for schizophrenia classification
[15]. Other related EEG studies have focused on spatial-spectral-temporal representation learning [16] and
convolutional Transformer architectures for EEG decoding and brain—computer-interface tasks in various
application settings [17]-[20]. These works offer methodological context for structured EEG representation
learning; however, the studies in [16]-[20] were not conducted on schizophrenia datasets and thus are not
interpreted herein as direct evidence of schizophrenia classification performance.

Additionally, the difficulty with schizophrenia EEG classification lies in the fact that available datasets
are limited and heterogeneous in size, preprocessing and feature-extraction procedures vary between studies,
and reported performance may be driven by preprocessing choices, classifier design, and class imbalance [6].

However, fair interpretation relies on reproducibility, which translates into explicit feature construction,
dimensionality reduction, classifier design, and metric definitions. Here, schizophrenia classification is
included to see whether the same core temporal-spatial EEG representation pipeline can remain effective
beyond seizure and ADHD datasets.

Dawood S. Hasan (Hybrid Temporal-Spatial Electroencephalographic Classification Using Principal
Component Analysis and Ensemble Learning: Epilepsy, Attention-Deficit/Hyperactivity Disorder, and
Schizophrenia)



1480 Buletin Ilmiah Sarjana Teknik Elektro ISSN: 2685-9572
Vol. 8, No. 5, October 2026, pp. 1477-1492

2.4. Problem Statement

While there is increasing EEG-based machine-learning and deep-learning research on epilepsy, ADHD,
and schizophrenia [7]-[15], the studies reviewed here are primarily disorder-specific and dataset-specific.
Consequently, it is challenging to compare the effects of representation design, dimensionality reduction,
classifier selection, and validation strategy across heterogeneous EEG tasks. Thus, this work responds to the
need for a reproducible EEG engineering pipeline that allows consistent evaluation across selected public
datasets without redesigning its central elements for every disorder under study.

Therefore, the present work examines a fixed hybrid temporal—spatial EEG pipeline with train-only PCA
and post-fusion ensemble learning. This is intended to evaluate representation stability and classification
behavior in a controlled manner under dataset-specific protocols, while cautiously avoiding overgeneralization
beyond the available public datasets or the experimental validation scope.

3. METHODS
3.1. Proposed Temporal-Spatial EEG Pipeline

Our proposed pipeline is a fixed multistage temporal—spatial EEG representation and classification
workflow. As illustrated in Figure 1, the processing chain consists of multichannel EEG preparation, window-
based segmentation, temporal representation learning, spatial representation learning, feature fusion, train-only
PCA-based dimensionality reduction, post-fusion classification, and an experiment-specific final decision
stage. To ensure methodological consistency, we kept the same sequence of processing stages across the
evaluated datasets, while dataset-specific input dimensions, recording conditions, encoder implementation
details, and validation protocols were reported separately.

The first part of our pipeline is dataset preparation, which includes channel-wise organization, resampling,
when necessary, fixed-window segmentation, and normalization. It is important to note that all fitted
preprocessing and representation transformations were estimated using only the training partition or training
fold. Validation data were used only for model selection and threshold determination, where appropriate. The
test partition was processed using the fitted pipeline, but scaling and PCA fitting, classifier training, classifier
selection, threshold determination, and meta-model training were not performed on it; only the fitted
transformations and selected models were applied unchanged to the held-out test data during final evaluation.

Each EEG window was encoded through two complementary branches. Let X; € R¢ *Ti denote the i-th
EEG window, where C; is the number of channels and T; is the number of temporal samples for the
corresponding dataset. In the 19-channel ADHD and schizophrenia implementations, the temporal encoder
comprised four one-dimensional convolutional layers with output channels of 32, 64, 128, and 256; kernel
sizes of 7, 5, 5, and 3; unit stride; and padding values of 3, 2, 2, and 1, respectively. Each convolution was
followed by batch normalization and ReLU activation, and a max-pooling operation with kernel size 2 and
stride 2 followed the first convolution. Adaptive average pooling reduced the final temporal feature maps to
256 values, after which a fully connected projection mapped the temporal vector from 256 to 128 dimensions.
The epilepsy benchmark used the corresponding one-dimensional residual temporal encoder for its CHB-MIT
input, while retaining the same 256-dimensional post-fusion feature interface before PCA.

For the structured spatial branch, the activity assigned to channel ¢ of window i was defined as the
temporal mean-squared amplitude:

T
1
e = = Z X, (c, 0)? (1)
L

t=1
The resulting channel-activity vector was centered and standardized within each window as:
€ic — Hi

fie = 5T 1076 @

where X (c, t) in (1) denotes the EEG amplitude of channel ¢ at temporal sample t in window i, and the quantity
defined in (1) represents the temporal mean-squared activity of that channel. The standardized activity value is
given by (2). For window i, T and C, denote the numbers of temporal samples and channels, respectively,
whereas i and o; denote the mean and standard deviation of the C channel-activity values. The constant 107°
was added to prevent division by zero. The standardized vector was zero-padded when C, < 25 or truncated
when C, > 25, reshaped into a single-channel 5 x 5 map, and bilinearly resized to 32 x 32. This fixed ordered
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channel-activity layout was used in the implementation; it is not presented as an anatomical electrode-
coordinate interpolation scheme.

[ Raw multichannel EEG signals ]

i

Preprocessing and representation preparation
channel handling, resampling where required, segmentation, and normalization

v
v :

( Y '4 N
Temporal branch Structured spatial branch
ADHD and schizophrenia: ConvlD 32 - 64 — 128 - 256 mean-squared activity per channel
kernel sizes 7 = 5 = 5 — 3; BatchNorm and RelLU within-window centering and standardization
MaxPool after the first ConvlD layer ordered 5 x 5 map; bilinear resize to 32 x 32
adaptive pooling; projection 256 - 128 DenseNet121 with single-channel input
CHB-MIT: corresponding 1D residual encoder adaptive pooling; projection 1024 — 128
| J o | J
s ‘ ~

Feature fusion
HybridEEG: 128-D temporal + 128-D spatial
concatenation — Linear 256 — 256 — ReLU
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Experiment-specific decision stage
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blending used in the epilepsy and ADHD experiments

!

[ Final prediction J

Figure 1. Block diagram and implementation details of the proposed temporal—spatial EEG classification pipeline

The HybridEEG spatial encoder used a DenseNet121 feature extractor initialized without pretrained
weights. Its first convolution was modified to accept one input channel and used 64 filters, a 7x7 kernel, stride
2, and padding 3. Following the DenseNet121 feature blocks, ReLU activation and adaptive average pooling
produced a 1024-dimensional vector, which was projected to 128 dimensions. The 128-dimensional temporal
and spatial vectors were concatenated and passed through a fully connected 256—256 layer followed by ReLU
activation. The resulting fused representation contained 256 features per EEG window, and the same 256-
dimensional feature representation was used as the input to PCA in all disorder-specific experiments.

After feature fusion, the 256-dimensional hybrid vectors were standardized and reduced using PCA with
64 retained components. The StandardScaler and PCA transformations were fitted only on the training data
within each split or LOSO fold and were then applied unchanged to the corresponding validation and test
partitions. PCA used n_components = 64, svd_solver = auto, whiten = False, and random_state = 42. PCA
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reduces redundancy by representing high-dimensional data using a smaller set of components [21]. In this
study, the retained 64 components provided the same dimensional input to all post-fusion classifiers.

The reduced features were evaluated using six conventional classifiers: logistic regression, random forest,
support vector machine with a radial-basis-function kernel, k-nearest neighbors, Gaussian naive Bayes, and
gradient boosting. Their implementation settings are summarized in Table 1. Where blending was applied,
validation-level or out-of-fold class-probability outputs from the base classifiers were used instead of test
predictions. The retained decision model was selected only within the corresponding training/validation
procedure. In the epilepsy experiment, the selected blend used meta-logistic regression and a validation-
selected decision threshold. In the ADHD experiment, 10-fold out-of-fold base-classifier probabilities were
generated, and a random-forest meta-model was selected through the corresponding validation procedure.
Accordingly, blending is described as an experiment-specific post-fusion decision stage rather than as
universally logistic-regression blending [22][23].

The pipeline was not designed to replace specialized clinical workflows. The study aims to test whether
a consistent stage-level EEG representation and post-fusion classification strategy can provide engineering
evidence within selected heterogeneous public datasets while maintaining leakage-aware processing. It was
definitely not built as a dataset-invariant or universal clinical diagnostic system.

Table 1. Hyperparameter settings for post-fusion classification and blending

Component Configuration

Logistic regression StandardScaler; C=1.0; solver=Ibfgs; max iter=2000; class weight=balanced; random state=42

n estimators=300; max depth=None; min samples split=2; min samples leaf=1;

Random forest class weight=balanced; random_state=42; n_jobs=-1

StandardScaler; C=1.0; kernel=rbf; gamma=scale; probability=True; class weight=balanced,

SVM-RBF random state=42
k-NN StandardScaler; n neighbors=7; weights=distance; metric=minkowski; p=2
Gaussian NB StandardScaler; var smoothing=1¢-9
Gradient boosting n estimators=200; learning rate=0.05; max depth=3; random state=42
Blending input Validation-level or out-of-fqld base-cl'assiﬁer prpbabilities; no test predictions used for meta-model
fitting, classifier selection, or threshold selection
Epilepsy meta-model Meta-logistic regression; decision threshold selected using validation data

10-fold out-of-fold base-classifier probabilities; random-forest meta-model selected through the

ADHD meta-model . S
corresponding validation procedure

Schizophrenia decision Validation-selected post-fusion classifier within each LOSO fold; no test data used for classifier
model selection

3.2. Classifiers and Experiment-Specific Decision Strategy

After PCA-based dimensionality reduction, the 64-dimensional hybrid feature vectors were evaluated
using the same candidate set of six conventional machine-learning classifiers: support vector machine with a
radial-basis-function kernel, logistic regression, random forest, k-nearest neighbors, Gaussian Naive Bayes,
and gradient boosting. Their implementation settings are summarized in Table 1. These classifiers represent
complementary decision mechanisms, including margin-based classification, linear probabilistic modeling,
tree-based ensemble learning, instance-based classification, probabilistic generative modeling, and boosting-
based classification. The same candidate classifier pool was retained across the evaluated datasets to preserve
a consistent post-fusion comparison, whereas the final classifier and decision rule were selected only within
the corresponding training and validation procedure.

Where blending was used, the base classifiers generated class-probability outputs either at the validation
level or through out-of-fold predictions, and these outputs were used as input features for the meta-
model [22][23].

Test labels and test predictions were not used to train the meta-model, select the final classifier, or
determine the decision threshold [23]. In the epilepsy experiment, the selected blend used meta-logistic
regression with a decision threshold determined from the validation data. In the ADHD experiment, 10-fold
out-of-fold base-classifier probabilities were combined using a random-forest meta-model selected through the
corresponding validation procedure. For the schizophrenia experiment, the final post-fusion classifier was
selected within the training and validation procedure of each LOSO fold. Accordingly, the same PCA-reduced
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representation and candidate classifier pool were maintained across the experiments, while the final decision
mechanism remained experiment-specific.

From a computational standpoint, the largest part of the processing cost is associated with deep feature
extraction in the temporal and spatial branches. The temporal branch processes each multichannel EEG window
through successive one-dimensional convolutional operations, while the DenseNet121-based spatial branch is
expected to be the more computationally intensive component because of its deeper convolutional structure.
After branch-level projection and fusion, PCA reduces the feature dimension from 256 to 64, thus lessening
the computational overhead and memory requirements of the subsequent conventional classifiers. The post-
fusion classifiers therefore operate on lower-dimensional compact feature vectors rather than on the original
EEG windows or high-dimensional deep representations. Exact wall-clock runtime, memory usage, and
floating-point operation counts were not benchmarked under a controlled hardware configuration and therefore
are not reported here as comparative performance measures.

3.3. Datasets and Validation Settings

We then evaluated the proposed pipeline separately on three public EEG-based disorder datasets
representing epilepsy, ADHD, and schizophrenia. Moreover, the three datasets differ widely in channel
configuration, sampling conditions, recording duration, subject population, class balance, acquisition
processes, and preprocessing requirements. We used 23 EEG channels sampled at 256 Hz for the implemented
CHB-MIT inputs, 19 channels for the ADHD recordings, and 19 channels sampled at 250 Hz for the
RepOD/Warsaw recordings. No cross-dataset domain-adaptation objective, acquisition harmonization
procedure, or common electrode-coordinate interpolation was applied. Consequently, the three datasets were
not viewed as a unified clinical cohort; rather, the same stage-level processing pipeline was assessed separately
using dataset-specific protocols.

Before feature extraction, dataset-specific window segmentation was conducted. The CHB-MIT
recordings were divided into 4096-sample windows with a stride of 2048 samples, representing 16-s windows,
an 8-s stride, and 50% overlap. Whenever a CHB-MIT window intersected a seizure annotation, it was assigned
to the seizure class. For the ADHD recordings, 256-sample windows with a 128-sample stride were created,
corresponding to 50% overlap. The RepOD/Warsaw recordings were cut into 4096-sample windows with a
2048-sample stride, corresponding to 16.384-s windows, an 8.192-s stride, and 50% overlap.

The CHB-MIT scalp EEG database serves as a seizure-window benchmark for epilepsy in accordance
with recent studies based upon the CHB-MIT [24]-[26]. The epilepsy experiment reported was performed in
the selected intra-subject chb02 setting, with training, validation, and test windows coming from the same
subject. Consequently, this experiment assesses within-subject seizure discrimination and does not serve as
evidence of cross-subject or full-cohort CHB-MIT generalizability. Recent studies for ADHD included work
using the public EEG dataset of 121 participants [27], separate diagnostic and attention-state datasets [28], and
a further study on the same 121-participant dataset [29]. In the current study, this 121-participant dataset was
partitioned at the subject level into training subjects (n=84), validation subjects (n=18), and test subjects
(n=19), with no subject present in more than one of the three partitions. For schizophrenia, the RepOD/Warsaw
dataset with 28 participants was used [30]-[32]. This was assessed with 28-fold leave-one-subject-out
validation, where one participant was held out for testing during each fold. All training-dependent
transformations were fitted using only the corresponding training data, while classifier selection was performed
within the corresponding training and validation procedure for each experimental setting.

In addition to these disorder-specific evaluations, an exploratory four-class feature-space analysis was
run based on previously extracted 256-dimensional representations. The operational labels were healthy
control, epilepsy seizure windows, ADHD, and schizophrenia. We included only seizure-window
representations under the epilepsy label, but this choice does not eliminate the differences in acquisition
equipment, recording protocols, electrode arrangements, subject populations, and preprocessing conditions
among the source datasets. Because the four classes were constructed from heterogeneous public EEG datasets,
the analysis might capture dataset-origin or acquisition-related signatures in addition to disorder-related
information. Thus, it is regarded only as an exploratory representation-level analysis, rather than evidence of
dataset-independent neurological separability or a cross-dataset clinical diagnostic model.

This exploratory analysis uses the class distribution presented in Table 2. The disorder-specific
experiments are still the main evidence for classification performance, while the four-class analysis provides
only supplementary information about how the extracted representations behave when combined in a shared
feature space.
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As shown in Figure 2, the internal four-class feature-space experiment starts from the extracted 256-
dimensional disorder-specific features, applies training-only standardization and PCA, and then performs class-
weighted four-class classification using a model selected from the validation data.

Table 2. Class distribution used in the exploratory internal four-class feature-space analysis.

Class Total Train  Validation  Test

Healthy control 11584 8108 1738 1738
Epilepsy seizure windows 46 32 7 7

ADHD 6735 4714 1010 1011

Schizophrenia 1912 1339 287 286

Extracted 256-D features
from disorder-specific experiments

A 4

Exploratory combined
feature matrix

A 4

Train-only StandardScaler
+ PCA (64 components)

Y

Validation-selected
class-weighted classifier

v

Exploratory four-class
feature-space prediction

: Class labels: 0 = Healthy control; 1 = Epilepsy seizure windows;
! 2 = ADHD; 3 = Schizophrenia
.

Figure 2. Workflow of the exploratory internal four-class feature-space analysis

3.4. Evaluation Metrics and Reproducibility Controls

Based on the binary or multiclass setting of each experiment, performance was computed using accuracy,
macro-F1, weighted-F1, balanced accuracy, sensitivity, specificity, and confusion matrices. Since the evaluated
datasets differed in class balance, number of subjects, and validation protocol, we report metrics within each
disorder-specific experiment and avoid a single global measure. In the case of the epilepsy experiment, we
report seizure-class F1 and macro-F1 separately since they embody different aspects of performance under
severe class imbalance. For schizophrenia, accuracy from the aggregated confusion matrix was presented
together with fold-averaged macro-F1, allowing overall segment-level performance to be differentiated from
performance variability across the 28 LOSO folds. Results from the exploratory four-class feature-space
analysis were interpreted solely in the context of that experiment—our data were not presented as evidence
either for (i) dataset-independent neurological separability or (ii) clinical generalization.

All transformations needing parameter estimation, such as StandardScaler and PCA, were fitted only on
the training data within the corresponding split or LOSO fold [3],[21]. Neither base classifiers nor any meta-
models were trained using the final test partition. If a separate validation procedure was performed, validation
data were used only for classifier selection and decision-threshold selection. The transformations fitted on the
training data and the chosen models were applied unchanged to the test data during final evaluation. The
random states were fixed, the split definitions and subject identifiers were saved, and fitted preprocessing
objects, saved feature representations, available model checkpoints, prediction outputs, and confusion matrices
were retained to support verification of the reported experiments.
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4. RESULTS AND DISCUSSION

Notably, the experimental results were reported separately for epilepsy, ADHD, and schizophrenia
because the datasets differed in subject population, acquisition conditions, class distribution, and validation
protocol. Despite retaining the same stage-level temporal-spatial EEG pipeline across the experiments, the
results were interpreted relative to each dataset and evaluation setting. No performance metric was aggregated
across the datasets into a single global score. All train-dependent transformations, model selection, blending,
and decision-threshold selection were performed without access to the final test data, as detailed in Section 3.4.

4.1. Epilepsy Results

In the selected intra-subject CHB-MIT chb02 experiment, the validation-selected blending model with a
logistic regression meta-classifier produced the test confusion matrix [[9443, 0], [1, 6]]. This corresponds to
an accuracy of 99.99%, a seizure-class F1 of 92.31%, a sensitivity of 85.71%, and a specificity of 100%. Six
of the seven seizure windows were detected correctly, one seizure window was missed, and no non-seizure
window was falsely classified as a seizure.

The extremely high accuracy must be interpreted with caution because the test partition was highly
imbalanced, with seven seizure windows compared with 9443 non-seizure windows. Consequently, seizure-
class F1 and sensitivity offer more informative indicators of seizure-window discrimination than accuracy
alone. The macro-F1 derived from the same confusion matrix was approximately 96.15%, which is the
unweighted average of the F1 scores of both classes, seizure and non-seizure.

These results provide evidence of intra-subject seizure discrimination only for the selected chb02
experimental setting. They do not demonstrate cross-subject generalization or full-cohort CHB-MIT
performance because the training, validation, and test windows all originated from the same subject, and the
number of seizure windows in the test partition was very small. Broader multi-subject and external validation
remain necessary before drawing more general conclusions.

4.2. ADHD Results

For the subject-wise ADHD evaluation, the validation-selected random-forest meta-model provided the
following test confusion matrix: [[1335, 5], [29, 1090]]. Out of 1340 control samples, 1335 were classified
correctly and five were misclassified as ADHD samples. Out of the 1119 ADHD samples, 1090 were correctly
classified and 29 were misclassified as control. These outcomes correspond to an accuracy of 98.62%, a macro-
F1 of approximately 98.60%, an ADHD sensitivity of 97.41%, and a specificity of 99.63%.

The low error rates in both classes reflect the adequate performance of the temporal—spatial
representation, PCA-based dimensionality reduction, and experiment-specific post-fusion decision strategy
within the held-out subject-separated test partition. As shown in Figure 3, ADHD samples were misclassified
as control slightly more often than control samples were classified as ADHD. Thus, the result provides
substantial evidence of subject-separated classification performance within this ADHD dataset. As a caveat,
the result is interpreted within the established dataset and validation protocol rather than as evidence of
independent external or cross-dataset clinical validation.

2000
1750
Control 1500
1250

1000

True label

ADHD

Number of EEG segments

! 0
Control ADHD

Predicted label
Figure 3. Confusion matrix for the subject-wise ADHD test partition
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4.3. Schizophrenia Results

As shown in Fig. 4, the aggregated confusion matrix for the 28-fold LOSO evaluation on the
RepOD/Warsaw dataset was [[1644, 42], [91, 1799]], where class 0 indicates healthy control and class 1
indicates schizophrenia. It contains 3443 correct predictions among 3576 EEG segments, yielding an
aggregated accuracy of 96.28%. This also corresponds to a schizophrenia sensitivity of 95.19%, a specificity
0f 97.51%, and an aggregated macro-F1 of around 96.27%.

In contrast, the fold-averaged macro-F1 across the 28 LOSO folds was 73.92%. The difference between
the metrics aggregated across all test segments and those averaged over folds suggests that subject-to-subject
variability can be obscured when pooling all test segments, especially when the held-out subjects differ
substantially in segment count and classification difficulty. Hence, the aggregated confusion matrix
characterizes overall segment-level performance, while the fold-averaged macro-F1 provides a more
conservative summary of generalization across held-out subjects.

These results imply strong aggregate performance within the analysed RepOD/Warsaw LOSO protocol.
However, they do not establish external or cross-dataset clinical generalization. To determine whether this
performance is consistent across recording systems and subject populations, additional independent cohorts
recorded under distinct acquisition conditions are needed.

The main dataset-specific results are presented in Table 3, where the exploratory four-class feature-space
analysis is treated as a separate entry. The exploratory analysis is not considered evidence of dataset-
independent neurological separability or cross-dataset clinical diagnosis.

2000
1750
Healthy control

1500

1250

= 1000

True label

— 750

Schizophrenia
-~ 500

Number of EEG segments

- 250

Healthy control Schizophrenia
Predicted label
Figure 4. Aggregated confusion matrix across the 28 LOSO folds for the schizophrenia experiment

Table 3. Summary of dataset-specific results and the exploratory four-class analysis

Experiment Protocol Main result
Epilepsy CHB-MIT chb02 intra-subject Acc. 99.99%; seizure-class F1 92.31%; macro-F1 96.15%
evaluation
ADHD Subject-wise train/validation/test split Acc. 98.62%; macro-F1 98.60%
. . RepOD/Warsaw 28-fold LOSO Aggregated Acc. 96.28%; aggregated macro-F1 96.27%; fold-averaged
Schizophrenia ;
evaluation macro-F1 73.92%
Four-class Exploratory CZTE;;(: feature-space Acc. 96.61%; macro-F1 95.47% — exploratory feature-space analysis

4.4. Exploratory Internal Four-Class Feature-Space Results

First, we conducted an exploratory four-class analysis to understand how the previously extracted 256-
dimensional representations behaved when combined in a shared feature space. The operational classes were
healthy control, epilepsy seizure windows, ADHD, and schizophrenia. After training-only standardization and
PCA, a validation accuracy of 96.98% and a validation macro-F1 of 95.71% were obtained using a class-
weighted random-forest classifier selected through the validation partition. The performance summary of the
classifier on the held-out test partition is presented in Table 4, where accuracy was 96.61%, macro-F1 was
95.47%, and balanced accuracy and weighted-F1 were reported as 95.10% and 96.59%, respectively.
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These scores suggest high predictive performance among the four operationally defined labels within the
constructed feature-space experiment. Nevertheless, the labels were assembled from several heterogeneous
public EEG datasets. For the healthy-control class, we combined 10,014 control-window representations from
the ADHD dataset with 1,570 healthy-subject representations from the RepOD/Warsaw dataset, yielding a total
of 11,584 samples. The ADHD class originated from the ADHD dataset, while the epilepsy seizure-window
and schizophrenia classes were derived from the CHB-MIT and RepOD/Warsaw datasets, respectively. The
four-class analysis excluded CHB-MIT non-seizure windows and did not assign them to the healthy-control
class. These sources differ in acquisition conditions, electrode configurations, subject populations, class
distributions, and preprocessing procedures. Therefore, the observed performance may also exhibit dataset-
origin or acquisition-related signatures alongside disorder-related EEG information. Thus, this analysis is
interpreted only as an exploratory representation-level experiment and not as evidence of dataset-independent
neurological separability or validation of a cross-dataset clinical diagnostic model.

The test confusion matrix is presented in Figure 5. All seven epilepsy seizure windows were classified
correctly; however, the very small size of this class prevents this result from being interpreted as strong
evidence of generalization. Among the errors, 45 schizophrenia segments were labelled as healthy control,
followed by 33 healthy-control segments labelled as schizophrenia. Moreover, 12 healthy-control segments
were misclassified as ADHD, and 13 ADHD segments were misclassified as healthy control. Thus, the matrix
reflects generally high classification performance within the exploratory setting while revealing class-specific
error patterns and limitations associated with the highly unequal class sizes.

Thus, under their respective validation protocols, the disorder-specific epilepsy, ADHD, and
schizophrenia evaluations provide the primary evidence. While the four-class analysis offers additional
representation-level evidence within the constructed experimental setting, its interpretation must account for
the heterogeneity of the contributing datasets.

Table 4. Validation and test metrics for the exploratory four-class analysis.

Metric Validation Test
Accuracy 96.98% 96.61%
Macro-F1 95.711% 95.47%
Balanced accuracy — 95.10%
Weighted-F1 — 96.59%
Number of
EEG segments
- 1800
Health: | =
ealthy control 1600
- 1400
Seizure windows - ~ 1200
2
] - 1000
Q
2
5 ADHD - 800
600
Schizophrenia — 400
200
Healthy control Seizure windows ADHD Schizophrenia 0

Predicted label

Figure 5. Test confusion matrix for the exploratory internal four-class feature-space analysis

4.5. Dataset-Aligned Comparison and Methodological Considerations

Table 5 provides a dataset-aligned comparison between the proposed experiments and existing EEG-
based studies conducted on the same datasets or under closely related evaluation settings
[24][25]1,[27][28],[301,[32]. This type of comparison is meant to provide a descriptive contextual assessment
rather than a controlled head-to-head ranking. However, direct numerical comparisons should be treated with
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caution because the studies differ in subject composition, segmentation strategy, preprocessing procedure,
subject-separation protocol, model configuration, class balance, and metric definition.

The proposed chb02 result is therefore not directly comparable to cross-subject or multi-subject CHB-
MIT evaluations reported elsewhere [24][25], since it was obtained using a specific intra-subject protocol for
epilepsy. For ADHD, the proposed outcome was obtained using a subject-wise train/validation/test split,
making comparison most applicable to studies performed on the same dataset, although differences in
validation design must still be considered [27],[29]. The 28-fold LOSO evaluation on the RepOD/Warsaw
dataset [30],[32] was used for the proposed schizophrenia experiment. Thus, the aggregated accuracy of
96.28% and the fold-averaged macro-F1 of 73.92% represent different aspects of performance and should not
be compared interchangeably with results obtained using conventional cross-validation or a single train/test
split.

Recent seizure-based EEG investigations have pursued deep-learning and hybrid architectures for seizure
detection and classification [33]-[35]. Attention-based learning, deep models, dataset diversity, and the
influence of validation strategy on reported performance have been considered in ADHD-oriented and broader
EEG-classification studies [36]-[39]. Other studies on structured EEG representation learning have
investigated hybrid temporal-functional features and adaptive graph-convolution approaches [40],[41].
Visibility-graph-based representations, neural-network models, and convolutional frameworks with integrated
attention further illustrate alternative approaches to structured feature learning [42]—-[44]. Studies of motor-
imagery EEG classification have addressed transformer-based and multi-scale methods [45]-[48], whereas
subject-independent studies have evaluated representations on participants not used during model development
[49](50]. Further recent scholarship on heterogeneous domain adaptation has indicated that device-related and
cross-domain heterogeneity in EEG data may require explicit adaptation strategies rather than direct
comparison across datasets [51]. Although these studies help to contextualise the methods, their results do not
constitute a controlled ranking because their datasets, preprocessing procedures, and evaluation protocols
differ.

Table 5. Dataset-aligned comparison with selected EEG studies.

Disorder Study and protocol Acc./F1 (%)
Epilepsy Abdallah et al. [24]; CHB-MIT cross-subject F197.90
Epilepsy Ravi and Radhakrishnan [25]; CHB-MIT 5-fold CV Acc. 95.90; F1 95.95
Epilepsy Proposed; CHB-MIT chb02 intra-subject evaluation Acc. 99.99; seizure-class F1 92.31
ADHD Atila et al. [27]; same dataset Acc. 97.46
ADHD Alhussen et al. [28]; sepa:iezfa;i:tisgnostlc and attention-state Acc. 98.52: F1 98.26
ADHD Proposed; subject-wise train/validation/test split Acc. 98.62; macro-F1 98.60
Schizophrenia Alazzawi et al. [30]; RepOD/Warsaw Acc. 93.00
Schizophrenia Latreche et al. [32]; RepOD/Warsaw 10-fold + unseen test Acc. 99.18

Aggregated Acc. 96.28; fold-averaged macro-F1

Schizophrenia Proposed; RepOD/Warsaw 28-fold LOSO evaluation 7392

For each of the evaluated experiments, the same stage-level processing sequence was preserved: temporal
and structured spatial representation learning, 256-dimensional feature fusion, training-only PCA reduction to
64 components, and post-fusion classification. Nevertheless, the final classifier and decision rule remained
experiment-specific, as described in Section 3.2. The main contribution is therefore the consistent
implementation and evaluation of this processing pipeline across selected public EEG datasets under dataset-
specific protocols, rather than evidence of a dataset-invariant or universally generalizable clinical model.

Nonetheless, the comparisons should be interpreted with caution given some methodological limitations.
The evaluated datasets are heterogeneous in terms of subject populations, channel configurations, acquisition
conditions, class distributions, and validation designs. The epilepsy result is limited to the selected intra-subject
chb02 experiment, while the exploratory four-class analysis may be influenced by dataset-origin or acquisition-
related signatures in addition to disorder-related EEG information. Because the CHB-MIT experiment used
overlapping windows within a selected intra-subject setting, its result should be regarded only as an internal
seizure-window benchmark and not as evidence of cross-subject generalization. Due to the nature of the
present experiments, a systematic ablation study was not conducted; therefore, the contributions of the temporal
branch, spatial branch, PCA stage, and experiment-specific decision strategy were not quantified separately.
Formal statistical significance testing and confidence interval estimation were not included in the present
experiments. Future controlled comparisons should use paired predictions or repeated subject-level resampling
within each dataset-specific protocol to determine whether observed differences among classifiers are
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statistically reliable. The present experiments did not include model-specific explainability analyses. Future
studies should utilize methods such as Grad-CAM on the spatial branch, along with SHAP-based attribution at
the post-fusion classification stage, to investigate which spatial patterns and fused-feature inputs contribute
most strongly to dataset-specific predictions. Future studies should encompass broader multi-subject epilepsy
evaluation, harmonized acquisition and preprocessing settings, independent external cohorts, and prospective
validation across recording systems and subject populations.

5. CONCLUSIONS

This paper proposed a hybrid temporal—spatial EEG representation and classification pipeline involving
temporal feature learning, structured spatial representation, 256-dimensional feature fusion, training-only PCA
reduction to 64 components, and post-fusion machine-learning classification. The same stage-level processing
sequence was consistently applied across selected public EEG datasets, while dataset-specific input
dimensions, validation protocols, classifiers, and decision rules were retained where required. This design
provides a reproducible engineering framework for evaluating temporal—spatial EEG representations under
different disorder-specific experimental settings.

The results showed strong classification performance under the corresponding validation protocols. For
the subject-wise ADHD assessment, the accuracy and macro-F1 of the validation-selected random-forest meta-
model were 98.62% and 98.60%, respectively. Using the aggregated confusion matrix, the accuracy was
96.28% and the aggregated macro-F1 was approximately 96.27%, while the fold-averaged macro-F1 across
the 28 LOSO folds was 73.92%. These complementary metrics indicate strong overall segment-level
performance while also revealing variation across subjects. In the selected intra-subject CHB-MIT chb02
experiment, the seizure-class F1 was 92.31%, providing encouraging evidence of seizure-window
discrimination within the evaluated subject-specific setting.

This exploratory four-class feature-space analysis further showed that the extracted representations
retained considerable predictive information when combined within the constructed shared feature framework.
Since the operational labels were assembled from heterogeneous public EEG sources, the observed
performance may include dataset-origin or acquisition-related signatures in addition to disorder-related EEG
information. Consequently, this analysis is presented as supplementary representation-level evidence and as a
useful foundation for future harmonized cross-dataset studies, rather than as definitive evidence of dataset-
independent clinical discrimination.

The main contribution of this work is the consistent implementation and evaluation of a fixed temporal—
spatial EEG processing sequence across selected dataset-specific experiments. The strong results obtained
under the corresponding validation protocols support the engineering feasibility and methodological value of
the proposed framework. Before practical deployment, the framework should also be evaluated for inference
latency, memory requirements, computational cost, robustness to variations in EEG signal quality, and
compatibility with heterogeneous EEG acquisition systems. Future studies may extend this foundation through
broader multi-subject epilepsy evaluation, harmonized acquisition and preprocessing settings, independent
external cohorts, and prospective validation across recording systems and subject populations.
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