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Abstract: Physiological-state classification requires models that can represent dependencies among sensor
channels while preserving temporal variation. This study presents a dataset-specific evaluation of an Adaptive
Komodo Milipir Algorithm-optimized spatiotemporal graph neural network (AKMA-ST-GNN) using four public
physiological datasets with different modalities and target definitions: STEW for cognitive workload, SEED for
emotion, DEAP for affect, and WESAD for stress and amusement. The datasets were analyzed independently. No
EEG signal from one dataset was combined with EMG or peripheral signals from another dataset, and workload,
emotion, affect, and stress labels were not collapsed into a common target. The proposed workflow included signal
filtering, training-set standardization, frequency-domain characterization where physiologically appropriate, within-
dataset channel graph construction, spatiotemporal graph learning, and dataset-specific classification. AKMA was
used as a hyperparameter-search wrapper rather than as an additional predictive layer. Under the preliminary 80%
training and 20% testing protocol preserved in the source manuscript, the reported accuracies were 98.60% for
STEW, 98.31% for WESAD, 98.06% for DEAP, and 98.12% for SEED. Precision, F1-score, specificity, and sensitivity
were available only for selected datasets. Prediction-level outputs, class supports, confusion matrices, and decision
scores were not retained, therefore, macro F1, weighted F1, balanced accuracy, Matthews correlation coefficient,
Cohen's kappa, and ROC/AUC could not be reconstructed. Repeated-seed results and fold- or participant-level
scores were also unavailable, preventing calculation of standard deviations, confidence intervals, and statistical
significance tests. The reported values are consequently interpreted as preliminary evidence of technical feasibility
rather than proof of stable or subject-independent generalization.

Keywords: Cognitive Workload, Stress Recognition, Spatiotemporal Graph Neural Network, Komodo Mlipir
Optimization, Multimodal Bio Signals.

1. Introduction may overlap, as the autonomic, endocrine, cortical, and
muscular systems interact in response to variations in

Stress, cognitive workload, and affect are  task demands and emotional context [1]. But a model
psychophysiological phenomena that are related, butnot  nat can distinguish workload levels is not necessarily a

demand or threat, cognitive workload is the mental  necessarily a prospective stress predictor [2]. This
resources needed to complete a task; and affect is the  gistinction is crucial for creating valid models and for
dimensions or categories of valence, arousal, and  gjinjcally responsible interpretation [3].

discrete emotional states. Physiological expressions
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EEG is a high temporal resolution measure of
the electrical activity of the cortex [4]. Electromyography
(EMG) measures muscle activation; electrodermal
activity, photoplethysmography, respiration, and
temperature measure peripheral or autonomic
responses; and electrocardiography and inertial signals
measure peripheral or autonomic responses. Each
modality is physiologically distinct, with distinct noise
profiles, sampling rates, and sensitivity to experimental
context [5]. Multimodal analysis is thus only useful if
signals are synchronized within the participant and
across trials. Because EEG and EMG data from different
datasets are unrelated and lack a common temporal and
participant reference, neural-muscular coupling cannot
be determined by combining these data.

High classification performance has been
reported for stress and emotion recognition, although the
evidence base is challenging to compare. The studies
differ substantially in participant numbers, recording
hardware, windowing, label construction, preprocessing,
class balance, and validation design [6]. Random
segment-level splits can be especially confusing, as the
same windows from the same participant can appear in
both the training and testing sets. The model can then
leverage stable participant-specific attributes [7] instead
of learning a representation that can be applied to
unseen participants [8]. Subject-independent evaluation
is therefore crucial when the intended application
involves new users or wearable deployment [9].

Graph neural networks provide a principled
approach to model multichannel physiological signals. A
graph representation of channels is a graph with nodes
representing channels and selected relationships as
edges, instead of an unordered feature vector. Spatial
graph operations can be used to aggregate information
across related channels, and temporal convolutions or
recurrent operations can model changes across
successive windows. This structure is appealing for EEG
and multisensor data since the physiological channels
are not independent and are not naturally organized as
conventional image pixels [10]. For a graph model to be
useful, however, its nodes must be well defined, its
adjacency rule must be auditable, and graph estimation
must be leakage-free and controlled through
comparisons with simpler architectures [11].

Many other hyperparameters, such as graph
sparsity, hidden dimensions, temporal kernel widths,
dropout, learning rate, and batch size, are also involved
in deep neural networks. These combinations can be
explored using population-based optimization [12], but
an optimizer does not itself provide predictive capability;
it only searches for suitable model configurations.
Comparisons should be based on the same evaluation
budget for the search procedures and should choose the
candidate configurations based on validation data not
contained in the test set.

The present study updates the scope of the
AKMA-ST-GNN framework to align its claims with the
evidence retained from the original experiments. Four
public datasets are considered: STEW, SEED, DEAP,
and WESAD, but each is analyzed separately due to
differences in their modalities and labels. The cognitive
workload classification is done with STEW, the emotion
classification with SEED, the affect classification with
DEAP, and the stress and amusement classification with
WESAD. The study does not combine accuracies across
incompatible tasks, does not assume EEG-EMG
coupling across datasets, and does not use the term
“early stress” as no prospective onset horizon or pre-
stress interval was specified.

Updated work is thus deliberately restricted.
First, it offers a single spatiotemporal graph-learning
workflow for a given dataset. Second, it states that
AKMA is a hyperparameter search wrapper [13]. Third,
it only fills in the dataset-level metrics recorded in the
source manuscript and leaves blank values that were not
recorded. Fourth, it distinguishes between technical
feasibility in the original 80/20 split and subject-
independent evidence. Lastly, it provides a path for
reproducibility and validation, detailing experiments that
must be conducted before claims of generalization,
interpretability, and wearable readiness can be
substantiated.

2. Related Work

21 EEG-based Recognition of
Workload, and Emotion

Stress,

EEG-based physiological-state recognition has
evolved from handcrafted spectral features and
traditional classifiers to convolutional, recurrent, and
hybrid deep-learning architectures. Afify et al. [14]
demonstrated discrimination of stress across different
cognitive tasks using a convolutional model, highlighting
the potential of spatially organized EEG features. Troyee
et al. [15] investigated EEG signals elicited by visual and
auditory stimuli and achieved high binary classification
accuracy using various machine learning techniques.
Phutela et al. [16] highlighted the importance of temporal
sequence modeling for stress and non-stress
classification using an LSTM-based model. While these
studies demonstrate the general feasibility of EEG-
based state classification, the results depend on the
acquisition devices, cohorts, label definitions, and
validation procedures used.

Hybrid models that integrate decomposition,
convolution, recurrent units, and optimization are more
recent. Gupta et al. [17] proposed a modified support
vector machine approach for detecting stress levels in
EEG. Roy et al. [18] integrated signal decomposition
with CNN, BIiLSTM, and GRU components, whereas
Wang et al. [19] combined differential-entropy feature
matrices with a 2D-CNN—-LSTM network for EEG-based
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emotion recognition. Andhare et al. [20] proposed an
optimized hybrid deep learning approach for mental
stress detection. These techniques show that the
spectral structure and temporal dependencies can be
informative. They also illustrate why it is not possible to
make direct comparisons of accuracy when the studies
are based on different data sets or validation methods.

Frontal EEG has also been investigated as a
less complex alternative to full-cap EEG. AlShorman et
al. [21] used machine learning techniques to analyze
frontal-lobe EEG for real-time stress detection.
Kaminska et al. [22] studied stress recognition in a
virtual-reality environment, and Kamakshi and Rengaraj
[23] investigated augmented EEG for early detection of
stress- and anxiety-associated seizures. This type of
work can be used in reduced-channel or wearable
systems, but channel reduction changes the information
available to the model. It should be evaluated directly
rather than extrapolated from full-channel results.

One common problem is the interchangeable
use of the terms “stress,” “workload,” and “emotion” as
objectives. Experimental labels are different questions;
underlying EEG features may overlap. Typically,
workload labels are derived from task demand, emotion
labels from elicitation paradigms, and stress labels from
stressor conditions or self-report. A good manuscript,
therefore, should remain faithful to the purpose of each
set of data and should not attempt to transform one
construct into another without an explicit and validated
transformation.

2.2 Peripheral, EMG, and Multimodal
Physiological Classification
Peripheral  physiological signals provide

complementary information on autonomic and muscular

responses. Wearable biosensors can capture
electrodermal activity, heart-rate related signals,
respiration, temperature, movement, and muscle

activation in daily or experimental activities. These
modalities are relatively portable but are motion-
sensitive and sensitive to sensor placement,
environmental conditions, and individual physiology. For
good evaluation, artifact handling, validation, and
analysis of missing/corrupted channels on a participant
basis are required.

Intramuscular EMG patterns can assist in
classifying neuromuscular conditions, and EMG
provides discriminative temporal and spectral
information, as demonstrated by Jose et al. [24]. Li et al.
[25] employed a graph-based sequential model to
predict movements during stroke rehabilitation. That
study is a suitable example of neural-muscular modeling
as both EEG and EMG were captured in the same
experimental environment. It also demonstrates the
need for multimodal acquisition in synchrony for
interpreting cross-modal relationships.

Multimodal stress-recognition studies are
increasingly transforming the heterogeneous signals into
representations suitable for deep learning. Modi et al.
[26] transformed multimodal physiological signals into
representations suitable for stress recognition, whereas
Xiang et al. [27] integrated time- and frequency-domain
features within a multimodal framework. But require
synchronized, modality-specific pre-processing, and a
fusion strategy.

The present study has a more conservative
design. DEAP has synchronized EEG and peripheral
physiology in the same data set; WESAD has
synchronized peripheral and motion channels (including
EMG but not EEG).

2.3 Spatiotemporal and

Representations

Graph-Based

Multichannel recordings are usually converted
into a single feature vector for conventional classifiers.
Flattening is simple, but it obscures the anatomical,
functional, sensor, or statistical dependence of
channels. A graph representation preserves channel
identities and enables the model to combine information
across edges selectively. In the case of EEG, nodes may
correspond to electrodes, and edges may represent
anatomical proximity or connectivity from the training
set. Peripheral multisensor data can be modalities or
sensor channels, but the biological meaning of cross-
sensor edges must be explicitly defined.

Spatiotemporal graph neural networks combine
spatial message passing with temporal modeling. A
spatial layer modifies the features of each node based
on its neighbours' information, while a temporal layer
records short- or long-term changes in the node's
features. The combination can be of interest for
physiological data, as state-related information can
manifest as both a channel pattern and a temporal
trajectory. But a graph model is not necessarily
interpretable. While a correlation matrix or a global
feature ranking captures associations in the inputs, the
explanation of an individual prediction requires node and
edge attributions, as well as temporal attributions,
extracted from the trained model.

The AKMA-ST-GNN workflow contains channel
nodes, within-dataset edges, sequential spatiotemporal
blocks, pooling, and a dataset-specific classifier. The
high-level architecture is feasible for the four tasks, but
the contribution of each component cannot be
determined without ablation. A graph model should be
compared to a temporal model without a graph, a graph
model without a temporal component, and a simpler
baseline with the same features and split. In the same
way, the optimized system should be compared with the
same ST-GNN trained with manually selected or
conventionally searched hyperparameters.

Int. Res. J. Multidiscip. Technovation, 8(5) (2026) 1-15 | 3
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2.4 Research Gap and Study Position

Three general conclusions can be drawn from
literature. First, there is a technical possibility of
classifying physiological states using EEG and
peripheral modalities. Second, reported accuracy is
insufficient to demonstrate generalization due to
differences in validation designs, participant leakage,
class imbalance, and preprocessing. Thirdly, multimodal
claims are meaningful only if the modalities are
synchronized, and the fusion is compared against
modality-specific baselines.

A remaining methodological gap is the limited
evidence for rigorously validated frameworks that can be
applied independently across heterogeneous
physiological-state classification tasks. Instead, the
study investigates whether a common high-level graph-
learning workflow can be used independently on
heterogeneous public datasets without altering their
native tasks. This research also corrects a reporting
issue with the previous version, eliminating pooled
accuracy, cross-dataset EEG-EMG fusion claims,
prospective early-stress language, and unsupported
baseline rankings. The other results are reported as
preliminary evidence and need to be confirmed by
subject-independent analysis.

3. Materials and Methods
3.1 Study Design and Evidentiary Scope

This work is a secondary analysis of four public
physiological datasets using a shared high-level
modeling framework. Input preparation and evaluation
are done separately for each dataset. The unit of
analysis, channel set and output classes are still dataset
specific. No mixing of recordings from different datasets
is done to form a sample and no pooled performance

estimate is made. The underlying preprocessing scripts,
model code, split manifest, training logs and optimizer
histories were not available for reconstruction. Explicitly
preserved procedures are described as implemented,
and explicitly not preserved procedures are described as
limitations of reproducibility and not provided
retroactively. The updated article thus introduces the
AKMA-ST-GNN as a technically feasible framework and
provides performance values.

3.2 Datasets, Modalities, and Target Definitions

The datasets differ in participant composition,
sensor modalities, sampling characteristics, elicitation
paradigms, and output definitions. Table 1 summarizes
only the information preserved in the source manuscript.
Fields that were not retained are not reconstructed.

STEW was used solely for cognitive workload
classification. lts low- and high-workload labels were
retained and were not relabeled as stress. SEED was
used for negative, neutral, and positive emotion
classification. Emotion labels were not converted into
stress labels, and the analysis is not described as an
early-stress detection approach. Participant count,
session handling, sampling frequency, and final class
counts were not recoverable from the source file.

DEAP was used for affect classification. The
information for DEAP records 32 participants, 40
audiovisual trials, 32 EEG channels, and synchronized
peripheral physiological signals.

The exact retained peripheral channels and the
threshold or discretization rule applied to the native
affect ratings were not preserved. The results are
therefore reported as dataset-specific affect classes
without assigning an unverified thresholding procedure.

Table 1. Dataset-specific participant information, modalities, native targets, and classification scope

Verified Scope in this
Dataset participant Native channels/modalities Native target Stu d
information y
. Binary cognitive-
STEW 48 male 14-channel EEG Low vs. high workload
participants workload s
classification
- ] Negative, neutral, .
SEED | 2 Participants: 7 62-channel EEG and positive | | ree-class emotion
male, 8 female ) classification
emotion
32 participants, 40 32-chan.nel EEG. plus Affect ratings on Dataset-specific
DEAP o . synchronized peripheral . e
audiovisual trials . native scales affect classification
physiology
: : . . Three-state
WESAD 15 participants Chest anq wnsF peripheral/motion Baseline, stress, stress/affect
signals, including EMG, no EEG and amusement classification

Int. Res. J. Multidiscip. Technovation, 8(5) (2026) 1-15 | 4
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No EEG from one dataset is fused with EMG from another dataset.

Figure 1. Dataset-specific analysis workflow

WESAD was used for baseline, stress, and
amusement classification. It contains synchronized
chest and wrist physiological and motion signals,
including EMG, but no EEG. Accordingly, WESAD
results cannot be interpreted as evidence of EEG-EMG
fusion. Modality-specific sampling rates and the exact
retained channel set were not preserved.

The public data-access locations recorded in the
source were Kaggle mirrors for STEW, SEED, DEAP,
and WESAD.

3.3 Dataset-specific preprocessing

The workflow comprises signal filtering,
standardization, temporal segmentation, and modality-
specific feature extraction. These operations are
performed separately for each dataset. Parameters
learned from the data, including normalization statistics
and any data-driven graph quantities, should be
estimated from the training partition and then applied
unchanged to validation and test observations. This
principle prevents held-out information from influencing
preprocessing. The complete dataset-specific analysis
workflow, from preprocessing and feature extraction to
graph construction, ST-GNN classification, and AKMA-
based hyperparameter selection, is illustrated in Figure
1.

Z-score standardization centers each feature
and scales it by the standard deviation estimated from
the training data. For feature value x, training mean
ptrain, and training standard deviation otrain, the
standardized value z is:

z = (x — ptrain) / otrain

(1)

The same ptrain and otrain must be applied to
validation and test data. Estimating these values from

the complete dataset would introduce leakage,
particularly when multiple windows originate from the
same participant.

Band-pass filtering is reported in the manuscript,
but the filter family, order, cut-off frequencies, and causal
or zero-phase implementation were not retained. These
settings are physiologically and computationally
important because they determine the spectral content
available to subsequent feature extraction. A
reproducible rerun should report the complete filter
specification for each modality and dataset.

For EEG, the source indicates frequency-
domain characterization using power spectral density
and band-level features. A general relative band-power
quantity can be expressed as:

[2f € b Pc(f)]/[Ef € F Pc(f)] )

where Pc(f) is the estimated power spectral
density of channel c at frequency f, b is the target
frequency band, and F is the retained frequency range.
The window duration, overlap, taper, frequency
resolution, and band boundaries were not preserved and
must not be inferred from the figures alone.

RBPb,c =

Peripheral channels should be processed
according to their required attributes. EMG may be
represented using amplitude and spectral descriptors,
electrodermal activity using phasic characteristics,
photoplethysmography using pulse-related measures,
and inertial signals using movement descriptors.

3.4 Within-Dataset Graph Representation

For each dataset, retained channels are
represented as graph nodes. Edges represent
relationships among channels within that dataset. No

Int. Res. J. Multidiscip. Technovation, 8(5) (2026) 1-15 | 5
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cross-dataset nodes or edges are defined. This design
preserves the identity of the acquisition system and
prevents the model from interpreting unrelated
recordings as synchronous observations.

A graph-convolution layer can be written in
normalized form as:

Hs(l+1) = o(D—1/24AD—-1/2HO) Ws1))  (3)

where H(l) is the node-feature matrix at layer I,
A = A + | includes self-connections, D is the degree
matrix of A, Ws(l) is a trainable weight matrix, and ¢ is a
nonlinear activation. Equation (3) describes the general
spatial operation represented in the architecture; it does
not reconstruct the unavailable adjacency estimator,
sparsification rule, graph-convolution order, or hidden
dimensions.

The graph must be estimated without access to
held-out participants. If statistical dependence is used to
define edges, the dependence matrix and any threshold
or top-k selection should be calculated on the training
partition within each fold. An adjacency matrix derived
from all participants before splitting would leak test
information even when the classifier itself is trained only
on the training subset.

3.5 Spatiotemporal Graph Neural Network

The model receives a tensor whose dimensions
correspond conceptually to time windows, graph nodes,
and node features. Figure 2 presents the high-level
AKMA-ST-GNN architecture, including three sequential
spatiotemporal blocks. Each block combines a spatial
graph operation with a gated one-dimensional temporal
convolution, followed by normalization, activation, and
dropout. The output is pooled and passed to a classifier
whose dimensionality matches the native label space of
the current dataset.

A generic gated temporal operation can be
expressed as:

Ht = tanh(Convf(Hs)) © sigmoid(Convg(Hs)) (4)

where Convf and Convg are temporal
convolutions  and O] denotes  element-wise
multiplication. The pooled representation is converted to
class probabilities using a dataset-specific output layer:

y = softmax(Wo Pool(Ht) + bo) (5)

»  AKMA Search Wrapper

Proposed configuration

v \ A v
‘ | | Spatiotemporal Spatiotemporal | | | Spatiotemporal
Block Block ‘ Block
|expanded details: [expanded details: | | | [expanded details:
Gated Temporal Conv. | Gated Temporal Conv. | Gated Temporal Conv.
Graph Convelution] Graph Convolution] Graph Convolation]
) v v j v
T R
= | L Temporal Temporal | Temporal
o S g Conv. Conv. 1 Conv.
» = —
= [ER | ! E==3 -
€D v —
= | S w Graph ’ .| Graph ; Graph T
o R g o | Conv. |, Cony. (1] Conv o xE
=] Eas v ’ — &
= — o o — e V| - 2
Z } g = g Normalization | .| Normalization | | = | | Normalization §“ oEo
Ll = + Activation | + Activation || + Activation 3
g_ S o v 4 | Y
— o :
;§. Dropout r Dropout »  Dropout

Exact dimensions, kernels, dropout, and search bounds are omitted for clarity and
must be cross-referenced with the codebase.

Figure 2. High-level AKMA-ST-GNN architecture.
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The exact temporal kernel widths, dilation,
padding, hidden dimensions, activation functions,
normalization scheme, dropout, pooling operation, and
classifier specification were not preserved. Equations
(3)—(5) therefore communicate the high-level
computational structure and should not be interpreted as
a substitute for the original implementation.

3.6 Adaptive Komodo Mlipir Hyperparameter
Search

AKMA is used as a population-based wrapper
that proposes candidate ST-GNN hyperparameter
configurations. Each candidate is trained and evaluated
using a training-fold objective, after which the search
updates its population and retains the best validation
configuration. The selected configuration is then used for
final evaluation on the held-out portion of the dataset.

The optimizer is not an independent predictive
layer. Its role is limited to selecting hyperparameters
such as architecture size or training settings from a
predefined search space.

A common analysis for all search methods is
required to make a fair assessment of AKMA. Random
search, Bayesian optimization, particle swarm
optimization, Komodo Mlipir  Algorithm  without
modification and AKMA should be compared for the
same number of candidate configurations, same data
splittings and same objective. The performance of the
classifiers reported without such a comparison cannot
be solely credited to the adaptive optimizer.

The workflow can be summarized as follows:

1 Select one dataset and retain its native

channels, participants, and labels.

2 Create training, validation, and test partitions
without mixing records across datasets.

3 Fit normalization and any data-driven
preprocessing on the training partition only.

4  Construct a within-dataset channel graph using
training data only.

5 Generate candidate ST-GNN configurations
within the predefined AKMA search space.

6 Train each candidate on the training subset and
calculate the fitness on validation data.

7 Update the AKMA population until the search
budget is exhausted.

8 Select the best validation configuration and
evaluate it once on the held-out test subset.

9 Report dataset-native metrics without pooling
targets or modalities across datasets.

3.7 Experimental Environment and Validation
Protocol

The experiments were conducted in Python 3.10
using a Jupyter Notebook environment on Windows 11
with an Intel i7 processor, 16 GB RAM, and an NVIDIA
RTX 3060 GPU. Training histories were reported for 50
epochs. The original study utilized an 80% training and
20% test split, but it does not preserve the split manifest.

Because the split unit cannot be verified, the
current results are designated preliminary. They should
not be described as subject independent. A confirmatory
analysis should use grouped cross-validation or leave-
one-subject-out validation. Hyperparameter selection,
early stopping, normalization, feature scaling, graph
estimation, and any feature selection must occur inside
the training process for each fold. The final test
participant or fold must remain inaccessible during
model selection.

The package does not include repeated-seed
outputs, fold-level scores, participant-level predictions,
or a split manifest. Accordingly, the reported accuracies
are single-point estimates from one 80/20 evaluation. A
confirmatory analysis should report the mean, standard
deviation, and 95% confidence interval across
prespecified repeated seeds and subject-grouped folds.
Confidence intervals should be derived from participant-
or grouped-fold distributions, rather than from individual
windows, because windows from the same participant
are not statistically independent.

3.8 Evaluation Metrics

The performance measures include accuracy,
precision, sensitivity, specificity, and F1-score. For a
binary or one-versus-rest class calculation, the standard
definitions are:

Accuracy = (TP + TN) /(TP + TN + FP + FN) (6)

Precision = TP /(TP + FP) (7)
Sensitivity = TP /(TP + FN) (8)
Specificity = TN /(TN + FP) (9)

F1 = 2 X (Precision X Sensitivity) / (Precision +
Sensitivity) (10)

For multiclass datasets, accuracy should be
accompanied by class-wise results and aggregation
rules that remain informative under class imbalance. Let
C denote the number of classes, nc the number of
observations in class c, N the total number of
observations, and F1c and Sensitivityc the class-specific
F1-score and sensitivity, respectively.

Macro F1 = (1/C) X Xc = 1C Flc (11)
Weighted F1 = Xc = 1C (nc/N) X Flc (12)
Balanced accuracy = (1/C) X Zc = 1C Sensitivityc  (13)

Int. Res. J. Multidiscip. Technovation, 8(5) (2026) 1-15| 7
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The multiclass Matthews correlation coefficient
(MCC) can be calculated from the confusion matrix as:

MCC = [cs — Zk pktk] /V[(s* — Zk pk?)(s®* —
Tk tk?)] (14)

where c is the sum of the diagonal entries of the
confusion matrix, s is the total number of observations,
pk is the number of predictions assigned to class k, and
tk is the number of true observations in class k.

Cohen's kappa adjusts observed agreement for
the agreement expected from the marginal class
distributions:

k = (po — pe) /(1 — pe) (15)

where po is the observed agreement and pe is
the expected agreement wunder the marginal
distributions. Confusion matrices should be reported as
raw counts and, where useful, normalized by the true
class. For multiclass ROC analysis, one-versus-rest
class curves and class-specific AUC values should be
reported, together with macro- and weighted-average
AUC. ROC/AUC requires class labels and continuous
decision scores or predicted probabilities; it cannot be
recovered from accuracy alone.

3.9 Statistical Uncertainty and Comparative
Testing

The experimental package contains one
reported performance value per dataset and does not
preserve repeated runs, fold-level scores, participant-
level predictions, or paired baseline outputs. Standard
deviations, 95% confidence intervals, and statistical
significance tests therefore cannot be calculated without
rerunning the original pipeline.

In a confirmatory analysis, all models should be
evaluated on identical subject-grouped folds and
repeated under prespecified random seeds. Results
should be summarized as mean * standard deviation
with 95% confidence intervals derived from participant-
or grouped-fold distributions. Comparisons with baseline
or ablation models should use paired tests on the same
folds or participants, accompanied by an effect-size
estimate and an appropriate correction when multiple
models or datasets are tested. Statistical comparisons
should be made within a dataset; the four datasets
should not be treated as repeated observations of one
common classification problem.

4. Results

4.1 Evidence Retained from the Experiments

The source preserves  dataset-specific
performance values and training histories under the
original 80/20 protocol. It does not preserve subject-level
fold assignments, prediction files, confusion matrices,
decision scores, optimizer trajectories, repeated-seed

results, or controlled baseline experiments. The
numerical findings are therefore reported exactly as
available and are not supplemented with estimated
values.

The previous pooled accuracy of 98.51% was
removed because averaging results across four tasks
with different modalities, labels, and class structures
lacks clear inferential meaning. A pooled score implies
that all datasets measure the same construct, which they
do not.

4.2 Dataset-Specific Classification Performance

Table 2 reports the metrics preserved in the
manuscript. “Not reported” indicates that the source did
not provide the measure and that it was not
reconstructed. For STEW, the retained F1-score did not
specify whether a binary, macro, micro, or weighted
averaging rule was used; it is therefore reported only as
the F1 value.

STEW produced the highest reported accuracy
(98.60%), precision (98.37%), F1-score (98.28%),
specificity (98.01%), and sensitivity (98.23%). These
values indicate internally consistent performance under
the split. They do not establish performance on unseen
participants because the split unit is unknown.

WESAD reported an accuracy of 98.31%. Other
metrics were not preserved. Because WESAD contains
baseline, stress, and amusement states, accuracy alone
does not show whether the model performs equally
across all three classes. Class imbalance or confusion
between baseline and amusement could remain hidden
without class-wise recall and a confusion matrix.

DEAP reported accuracy of 98.06%, specificity
of 98.32%, and sensitivity of 98.12%. Precision and F1-
score were not retained. The exact affect-label
transformation is also unavailable, so the result is
described only as dataset-specific affect classification. It
should not be compared directly with studies that use
different valence or arousal thresholds.

SEED produced a reported accuracy of 98.12%,
specificity of 98.05%, and sensitivity of 98.03% for
negative, neutral, and positive emotion classification.
Precision and F1-score were not retained. These values
describe the emotion task and are not interpreted as
evidence of stress detection. The four reported dataset-
level accuracies are presented visually in Figure 3.

4.3. Training Histories

Figure 4 presents the training and validation
accuracy and loss trajectories for STEW, WESAD,
DEAP, and SEED over 50 epochs. Across all four
datasets, training and validation accuracy increased,
while the corresponding loss values decreased. The
curves suggest numerical convergence under the
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in both subsets, which means that correlated windows
from the same participant may result in similar behavior
in both subsets.

Vol 8 Iss 5 Year 2026

original data partition. The closeness of the training and
validation trajectories is visually reassuring. However, it
cannot rule out participant leakage, as correlated
windows from the same participant may have appeared

Table 2. Preliminary dataset-specific performance reported for AKMA-ST-GNN under the 80/20 protocol.

Precision | F1-score | Specificity | Accuracy Sensitivity .
Dataset (%) (%) (%) (%) (%) Native target
STEW 98.37 98.28 98.01 98.60 98.23 Low/high workload
WESAD | Not reported rer:\cl)c:e d Not reported 98.31 Not reported Baseline/stress/amusement
DEAP | Not reported Not 98.32 98.06 98.12 Dataset-specific affect classes
reported
SEED | Not reported | MO 98.05 98.12 98.03 Negative/neutralipositive
reported emotion
w00 Reported dataset-specific accuracy of the proposed model
98.8
98.60
98.6
8 %84
§ 98.2
2
98.0
97.8
97.6

DEAP

WESAD
Dataset-specific task

Preliminary 80/20 results reported in the submitted manuscript; no pooled estimate is used.

Figure 3. Reported dataset-specific accuracies under the preliminary 80/20 evaluation. The bars are not a pooled
estimate and do not constitute a controlled comparison across datasets.
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Figure 4. Training and validation accuracy and loss histories for (a-b) STEW, (c-d) WESAD, (e-f) DEAP, and (g-h)
SEED over 50 epochs
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Table 3. Evaluation outputs in the experimental package.

Requested Status in the Data required for valid calculation
measure/output package
Macro F1 Not computable Class-wise F1-scores or true and predicted labels
Weighted F1 Not computable Class-wise F1-scores and class supports

Balanced accuracy Not computable

Class-wise sensitivity/recall values

Multiclass MCC Not computable

Complete confusion matrix or true and predicted labels

Cohen's kappa Not computable

Observed and expected agreement from the confusion matrix

Confusion matrices Not available

True and predicted class labels

ROC/AUC Not computable True labels and class-wise decision scores or probabilities
Repeated-gjg mean and Not available Scores from repeated seeds or grouped folds
5 -
95 /?n(;gp\fg:nce Not computable Participant-, grouped-fold-, or repeated-run score distributions
Statistical significance Not performed Paired results from the same fol.ds/part|0|pants for the proposed
tests and comparison models

The source package does not specify the
checkpoint-selection rule, early stopping criterion, best
epoch, or if the plotted validation subset was used for
final reporting. These curves are therefore considered to
be descriptive training histories, rather than unbiased
generalization.

4.4. Availability of Multiclass and Uncertainty
Measures

Certain extended multiclass and uncertainty
measures could not be reconstructed. The calculation
requires true labels and model predictions, class
supports, continuous decision scores or probabilities,
and repeated fold- or seed-level outputs. None of these
records was available in the source package. Table 3
documents the status of each requested output so that
missing evidence is distinguished from a negative result.

This restriction is directly applicable to the
multiclass WESAD, DEAP and SEED tasks and also
restricts a full uncertainty analysis for the binary STEW
task. These outputs are not present and thus the
reported accuracies are not suitable to assess class-
balanced performance, calibration, run-to-run stability or
statistical superiority.

5. Discussion

5.1 Principal Findings

The new analysis results in a small but important
finding: a common high-level spatiotemporal graph-
learning workflow can be used for EEG, peripheral, and
synchronized multimodal datasets, individually, without
changing the native task of each dataset. The 80/20
results were consistently high with a range of 98.06% to
98.60%. The results give a preliminary technical proof-
of-concept of combining channel-aware spatial
modelling and temporal processing with hyperparameter
search on heterogeneous physiological data.

The principal methodological contribution of the
revised analysis is the explicit separation of datasets,
modalities, and target constructs. The four datasets are
no longer offered as a single EEG-EMG corpus. STEW
and SEED are EEG tasks, DEAP has synchronized EEG
and peripheral physiology, and WESAD has peripheral
and motion signals without EEG. This separation
ensures that the model is not given credit for neural—
muscular fusion when there is no synchronized neural-
muscular signal.

The updated interpretation also distinguishes
between workload, affect, emotion, and stress. This is
important because a high score on one construct does
not validate another. STEW performance is related to
low and high workload. SEED performance is related to
three classes of emotions. DEAP performance is related
to the affect-label transformation for the implementation,
but this rule also needs to be recovered. WESAD
performance is related to baseline, stress, and
amusement.

5.2 Rationale for
Representation

Spatiotemporal Graph

Physiological channels are not independent of
each other. EEG electrodes can be coupled due to
volume conduction, anatomical proximity, or functional
coordination. Autonomic and motor responses co-occur,
leading to peripheral signals covarying. A graph model
can preserve the channel's identity and enable selective
information exchange, whereas a flattened vector treats
all features as equally unrelated inputs. One such
structural prior is why GNNs are appealing for
multichannel biosignals.

Temporal modeling is also crucial. Stress,
workload, and affective responses are not a single value,
but change over time. Gated Temporal Convolutions can
model local changes and regulate information flow.
Thus, spatial and temporal operations are better suited
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to the general organization of the data than a purely
static classifier.

Plausibility is not evidence of benefit, however.
The results do not include a temporal-only baseline, a
graph-only baseline, or a model using shuffled or identity
adjacency. If these controls are not included, the
observed performance cannot be attributed to the graph
structure. A high-capacity temporal network with the
same input features could perform equally well,
particularly if there is leakage in the split in terms of
participants.

5.3 Dataset-Specific Interpretation of Results

STEW was the most accurate reported and the
only dataset to retain all five of the metrics listed above.
This apparently good result might be partly because
binary classification is less complex than the distinction
of three classes or the discretization of continuous affect
ratings. This interpretation is still preliminary as class
counts, participant allocation, and windowing were not
saved.

WESAD also achieved a high reported
accuracy, but accuracy alone is insufficient for a three-
state task. Class duration and physiological variability
may differ among baseline, stress, and amusement,
allowing a model to obtain a high overall score while
performing poorly on a minority class. A confirmatory
evaluation should therefore report class-wise sensitivity,
macro F1, weighted F1, balanced accuracy, multiclass
MCC, Cohen's kappa, a confusion matrix, and one-
versus-rest ROC/AUC where valid decision scores are
available.

Label construction is particularly important for
the DEAP result. DEAP is continuous, and studies often
convert these ratings into classes based on thresholds
or exclude trials in the ambiguous mid-range. The
sample size and the task difficulty vary under different
rules. The threshold cannot be directly compared with
published DEAP studies, as it is not available. It is
therefore a priority to recover the label-generation code.

SEED performance is related to negative,
neutral, and positive emotions. The reported specificity
and sensitivity are close to the accuracy, indicating
broadly similar aggregate behaviour, but the averaging
rule is unknown. Session effects and individual variability
also influence emotion recognition at the subject level. A
grouped protocol is required to assess the generalization
of the representation beyond the participants in the
training set.

5.4 Comparison with Previous Physiological-
State Classifiers

The accuracies are numerically superior to
many of the accuracies summarized in the related
literature, such as EEG stress classifiers, multimodal

stress models, and graph-based rehabilitation systems.
This numerical observation should not be interpreted as
superiority. Published studies use different participants,
sensors, class definitions, augmentation procedures,
and validation units. A model evaluated with random
windows can appear substantially stronger than the
same model evaluated on unseen participants.

A valid benchmark must rerun competing
methods on the same preprocessed data and subject
partitions. At minimum, the proposed framework should
be compared with a conventional classifier using the
same features, a CNN, an LSTM or BIiLSTM, a graph
convolutional network without temporal blocks, and an
ST-GNN without AKMA. The optimizer comparison
should use an equal number of candidate evaluations.

5.5 Role and Limits of AKMA

Hyperparameter search can be used to find
combinations that might not have been considered when
manually tuning the model, which could improve the
model. Population-based procedures can be helpful if
the search space contains both discrete and continuous
variables, and if the interactions between the parameters
are strong. The AKMA is a reasonable search strategy
for the ST-GNN.

The performance of the final model is not a
measure of the quality of the optimizer, since the same
architecture might have been able to find an equivalent
solution by random search or by conventional tuning.

In the future, search performance and predictive
performance should be distinguished. Search
performance includes the best validation score as a
function of evaluation budget, variance across optimizer
runs, convergence speed, and computational cost.
Predictive performance includes the final held-out
metrics of the selected model. Reporting both would
allow readers to determine whether AKMA contributes a
practical advantage.

5.6 Interpretability and Physiological Validity

Physiological interpretation is not inherent in
graph architecture. Input correlations show relationships
between features, and a global feature ranking shows
which features were deemed important by a separate
importance procedure. Neither explains how the ST-
GNN arrived at a particular decision. For each prediction,
influential nodes, edges, frequencies, and time intervals
should be identified through  model-specific
interpretation.

Gradient-based node and temporal attribution,
integrated gradients, edge masking, attention analysis (if
attention is part of the model), and perturbation tests
(remove channels or time segments) are useful. The
explanations should be evaluated for consistency
between folds and participants.
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There is a need for extra caution when
interpreting across modalities. In DEAP, synchronized
EEG and peripheral channels could be analyzed
together if the channels are retained and the fusion
mechanism is described. In WESAD, the interaction
between peripheral and motion signals can be
investigated. EEG—-EMG coupling is not possible with
the current datasets, as they do not have the same
participants or trials.

5.7 Generalization, Leakage and Uncertainty

The biggest validity problem is the lack of a
subject-level split manifest. Physiological windows of the
same person are highly correlated due to stable
anatomy, sensor contact, baseline amplitude, and
recording conditions. Those windows are not
independent as required for deployment to a new user if
they are divided randomly. The model can identify
participants' signatures rather than the intended state.

Grouped cross-validation is thus not an optional
improvement, but rather a change of the scientific
question. A random-window split is a question that asks
whether the model can classify other windows from
participants it has already seen. A subject-independent
split is a question that determines whether a new
participant can be classified. The latter is required for
claims of generalization.

A single accuracy value provides no information
about run-to-run or participant-to-participant stability,
and the four dataset values cannot serve as replicates
because they correspond to different tasks. The
absence of repeated seeds, grouped-fold scores, and
participant-level predictions prevents calculation of
standard deviations, 95% confidence intervals, and
paired significance tests. These analyses must be
generated from a leakage-controlled rerun. Calibration
curves and expected calibration error should also be
reported when predicted probabilities are retained.

5.8 Failure Conditions

Motion artifacts, electrode movement, sweat,
varying contact impedance, sensor dropout, hardware
variations, environmental temperature, and participant
behaviour may affect real-world performance. Classifiers
trained in a controlled laboratory environment may not
perform well when the state distribution or acquisition
context changes. Domain shift is especially important if
public datasets are gathered using different devices and
protocols.

The number of parameters, the size of the model
when serialized, the inference latency, the peak memory
usage, the energy consumption, and the throughput
should be measured on the target hardware.
Masking/corruption of channels should be performed to
mimic real sensor failure in robustness experiments.

False-alarm rates and class-transition behaviour
should also be assessed. Even if the window level
accuracy is high, a physiological monitor with rapid state
transitions may be unusable. For the intended use, the
temporal smoothing, decision latency and
clinical/operational cost of false positives and false
negatives should be defined.

5.9 Reproducibility Roadmap

Before making any larger claims, a confirmatory
study should follow this sequence:

» Normalize, extract features, estimate graphs, and
select hyperparameters within each training fold.

» Report class counts, window counts, class-wise
metrics, confusion matrices, repeated-seed
variability, and confidence intervals.

» Compare the proposed model against conventional,
temporal, graph, and spatiotemporal baselines
using the same inputs and folds.

» Conduct ablations for graph edges, temporal blocks,
frequency features, modality groups, and AKMA
optimization.

» Compare the performance of AKMA and random
search, Bayesian optimization, particle swarm
optimization, and unmodified KMA under the same
budget.

» Make code, versions of dependencies, random
seeds, trained configurations, and scripts available
that reproduce all tables and figures.

» Assess model attribution, reduced channel
performance, missing-sensor robustness, and
embedded-device resource requirements.

5.10 Strengths and limitations

A strength of the proposed research is its explicit
separation of datasets and constructs. It prevents
scientifically misleading pooling and focuses the
interpretation on what the evidence can support.

The restrictions are significant. The source
package does not contain the original code, split
manifest, full model configuration, exact preprocessing
parameters, DEAP label-generation rule, class counts,

prediction-level outputs, continuous class scores,
repeated-seed results, or controlled baselines.
Consequently, macro and weighted F1, balanced

accuracy, MCC, Cohen's kappa, confusion matrices,
ROC/AUC, standard deviations, confidence intervals,
and statistical significance tests cannot be
reconstructed. The 80/20 split also cannot be verified as
participant independent. The figures do not replace
these missing records.
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6. Conclusion

In this study, a dataset-specific AKMA-ST-GNN
framework is proposed for the classification of cognitive
workload, emotion, affect, and stress using STEW,
SEED, DEAP, and WESAD. The new scope keeps the
original participants, modalities, acquisition conditions,
and labels for each dataset. It does not combine EEG
from one source with EMG or peripheral signals from
another, merge incompatible targets, or claim
prospective early-stress prediction. The main dataset
characteristics, such as the number of participants,
sensor configuration, sampling rates, and recording
protocols, were obtained from public documentation.

The manuscript reported accuracies of 98.60%
for STEW, 98.31% for WESAD, 98.06% for DEAP, and
98.12% for SEED under an 80%/20% split. These are
single estimates from a single assessment. Prediction-
level outputs, class supports, decision scores, repeated
seeds, fold-level results, controlled baseline runs were
not saved and macro or weighted F1, balanced
accuracy, MCC, Cohen's kappa, confusion matrices,
ROC/AUC, standard deviations, 95% confidence
intervals and statistical significance tests cannot be
reported. The values are thus only indicative of the
technical feasibility and do not indicate class-balanced
performance, stability, superiority or  subject-
independent generalization.

A confirmatory study should be performed with
the same partitions for all comparison models, repeated
seeds, training-fold-only preprocessing and graph
estimation, and the whole pipeline repeated with subject-
grouped cross-validation. It should contain class-wise
metrics, macro and weighted F1, balanced accuracy,
MCC, Cohen's kappa, confusion matrices, and
ROC/AUC (where applicable), mean +* standard
deviation, 95% confidence intervals, effect sizes, and
paired statistical comparisons. The reported accuracies
should be used with caution until these analyses are
completed.
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