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Abstract. - Epileptic seizure prediction remains a critical
challenge in clinical neurology, particularly for patients with drug-
resistant epilepsy. Recent advances in deep learning have improved
predictive performance; however, the lack of interpretability and
reliability limits their adoption in real-world healthcare settings. This
paper proposes a trustworthy Internet of Medical Things (IoMT)
framework for automated seizure prediction from multi-channel
EEG signals, integrating explainable artificial intelligence
techniques with a hybrid deep learning architecture. The proposed
approach employs a CNN-BILSTM model integrated with a
channel-wise attention mechanism to enhance EEG preprocessing
and feature extraction across various domains. SHapley Additive
exPlanations (SHAP) and Gradient-weighted Class Activation
Mapping (Grad-CAM) are used to show how the model makes
decisions on both a global and a local level. The framework is
evaluated using the benchmark CHB-MIT scalp EEG dataset
through patient-wise cross-validation to mitigate data leakage. The
average accuracy of the experiments was 94.7%, the sensitivity was
95.6%, and the AUC was 98.2%. Also, the calibration analysis shows
a very small Expected Calibration Error of 0.018, which means the
probability predictions are good. These results show that the new
method does a great job of balancing accuracy, clarity, and
trustworthiness. This makes it a good choice for helping doctors
figure out when someone might have a seizure.

Keywords. - Epileptic seizure prediction,
electroencephalography, explainable artificial intelligence, Internet
of Medical Things, trustworthy Al

I. INTRODUCTION

Epilepsy is one of the most prevalent neurological
disorders worldwide, affecting more than 50 million people
across all age groups. It is characterized by recurrent seizures
caused by abnormal and excessive electrical discharges in the
brain, significantly impacting patient safety, independence, and
quality of life [1], [2]. Despite advances in pharmacological
treatments, approximately 30% of patients continue to suffer
from drug-resistant epilepsy, making seizure prediction and
prevention a persistent clinical challenge [3].

Recently, the Internet of Medical Things (IoMT) has
emerged as a key enabler for continuous and remote health
monitoring, allowing physiological signals to be collected in
real time through wearable and connected medical devices. In
epilepsy, long-term ambulatory electroencephalogram (EEG)
monitoring offers a lot of detailed brain activity data. However,

it is laborious to analyze this data by hand because it is complex,
changes over time, and can be affected by noise and errors [4].
As a result, there is an increasing demand for automated and
intelligent systems that can analyze multichannel EEG signals
with clinical-grade precision and dependability.

Deep learning (DL) methods have shown great promise in
processing medical signals, especially for tasks like predicting
and detecting seizures based on EEG [5]. Convolutional Neural
Networks (CNNs) are good at learning spatial and spectral
features. Recurrent types, like Long Short-Term Memory
(LSTM) networks, are good at modeling time-based
relationships in data that comes in sequences [6]. Hybrid CNN—
LSTM architectures have therefore become a dominant
paradigm in seizure prediction, achieving superior performance
compared to traditional machine learning approaches [7].

But just having a high predictive accuracy isn't enough for
real-world clinical use. Most DL-based models work like black
boxes, which means that we can't see how they make decisions.
This lack of openness makes it harder for doctors to trust each
other, raises ethical questions, and makes it harder for safety-
critical healthcare applications to get regulatory approval [8].
The result is that the demand for trustworthy artificial
intelligence has been gaining increasing momentum,
emphasizing not only accuracy but also interpretability,
reliability, calibration, robustness, and accountability [9].
Explainable Artificial Intelligence (XAI) approaches have been
suggested to mitigate these issues by offering human-
interpretable explanations for model predictions. Post-hoc
explanation methods such as SHapley Additive exPlanations
(SHAP), which are based on cooperative game theory, quantify
the extent to which each input feature contributes. Meanwhile,
Gradient-weighted Class Activation Mapping (Grad-CAM)
shows important time and space areas in convolutional models
[10], [11]. In EEG-based seizure prediction, XAl techniques
enable clinicians to validate whether model decisions are
consistent with established neurophysiological knowledge,
thereby increasing trust and facilitating clinical adoption [12].

Motivated by these challenges, this paper proposes a
trustworthy IoMT-oriented framework for automated seizure
prediction from multi-channel EEG signals. The suggested
method combines an improved EEG preprocessing and feature
extraction process with a hybrid CNN-BiLSTM structure that

24" LACCEI International Multi-Conference for Engineering, Education, and Technology: “Engineering without Borders: Artificial Intelligence, Knowledge, Innovation, and

Alliances for a Future from the Americas”. Hybrid Event, Santiago-Chile, July 15 - 17, 2026


https://orcid.org/0000-0003-2354-4986
https://orcid.org/0000-0003-2354-4986
https://orcid.org/0000-0003-2354-4986
https://orcid.org/0000-0003-2354-4986
https://orcid.org/0000-0003-2354-4986
https://orcid.org/0000-0003-2354-4986
https://orcid.org/0000-0003-2354-4986

includes a channel-wise attention mechanism. Furthermore,
SHAP and Grad-CAM are jointly employed to provide
complementary global and local explanations of the model’s
predictions. The framework is thoroughly tested on the CHB-
MIT EEG dataset from scalp recordings. Its performance is
measured with classification metrics, statistical significance
tests, and trust indicators like calibration and uncertainty
measurement.
II. RELATED WORKS

2.1. Traditional machine learning approaches for seizure
prediction

Early seizure prediction systems relied on handcrafted
feature extraction from EEG signals followed by conventional
machine learning classifiers. Statistical descriptions, features
from the frequency domain, and time-frequency representations
were often collected and used with classifiers like Support
Vector Machines (SVM), k-Nearest Neighbors (k-NN), and
Random Forests. Time-domain measures like variance, line
length, Hjorth parameters, and entropy-based features showed
a decent ability to predict outcomes when there was enough
knowledge in the field [13], [14].

Frequency-based approaches leveraging Fourier and
wavelet transforms have also been widely explored. The
Discrete Wavelet Transform (DWT) and spectral power
features can effectively detect quick changes in EEG activity
that happen before seizures [15]. However, noise, patient
differences, and changing EEG characteristics often affect these
traditional methods, which heavily rely on manual feature
engineering. This limits their ability to scale and perform well
in real clinical situations.

2.2. Deep Learning-Based Seizure Prediction Models

The introduction of deep learning caused a major advance
in EEG-based seizure prediction by enabling automatic
hierarchical features to learn directly from raw or minimally
processed signals. Convolutional Neural Networks (CNNs)
were among the initial deep architectures utilized for EEG data,
exhibiting enhanced performance through the acquisition of
spatial and spectral patterns across EEG channels [16]. Truong
et al. found that CNN-based models did better than traditional
machine learning methods on the CHB-MIT dataset because
they were able to accurately capture preictal characteristics
[17].

Recurrent neural networks, particularly Long Short-Term
Memory (LSTM) models, have been employed to analyze long-
term temporal relationships in EEG data. Tsiouris et al. showed
that LSTM-based models could learn patterns of how seizures
start over time [ 18]. To improve performance even more, hybrid
CNN-LSTM architectures have been suggested. These
combine spatial feature extraction with temporal modeling.
Using a CNN-LSTM framework, Daoud and Bayoumi got
92.1% accuracy on the CHB-MIT dataset. Residual and
attention-enhanced versions have reported even better results
[19], [20].

Despite their strong predictive performance, most deep
learning models for seizure prediction focus primarily on

accuracy and lack transparency, which remains a critical barrier
to clinical adoption.

2.3. Explainable  Artificial
Healthcare Applications

The increasing use of deep learning in healthcare has
intensified the demand for interpretable and transparent models.
Explainable Artificial Intelligence (XAI) aims to provide
insights into the internal decision-making processes of complex
models, enabling validation, accountability, and trust [21].
Post-hoc explanation techniques have been widely adopted in
medical Al due to their flexibility and compatibility with
existing models.

SHapley Additive exPlanations (SHAP), based on
cooperative game theory, give reliable and locally precise
explanations for features by calculating how much each input
feature contributes to the model's output [22]. At the same time,
Gradient-weighted Class Activation Mapping (Grad-CAM)
allows us to see important areas in convolutional neural
networks by using gradient data from the last convolutional
layers [23].

In EEG-based seizure analysis, XAl techniques have been
applied to identify relevant frequency bands, channels, and
temporal segments associated with preictal and ictal states [24].
Most current studies use either SHAP or Grad-CAM on their
own and seldom combine explainability with trustworthiness
measures like calibration, uncertainty estimation, and
robustness assessment.

2.4. Research Gap and Motivation

Although recent deep learning-based seizure prediction
models have achieved high accuracy, several limitations persist.
First, most approaches operate as black-box systems, limiting
clinical interpretability and trust. Second, people often think of
explainability as an extra analysis instead of an important part
of the framework. Third, trustworthiness aspects like
calibration and uncertainty quantification are not often talked
about, even though they are important for making clinical
decisions.

To fill these gaps, this work suggests a single IoMT-
focused framework that merges a hybrid CNN-BiLSTM
architecture with attention mechanisms. It also has useful XAl
methods like SHAP and Grad-CAM, and it directly tests how
trustworthy something is by using calibration and uncertainty
analysis.

Intelligence in EEG-Based

TABLE1
RELATED WORKS COMPARISON

Author Dataset Model Accuracy (%) Explainability
Tmzfg ¢ | CHB-MIT| CONN 88.5 No
TSi";‘.’iS ° | CHB-MIT| LSTM 90.2 No
g:;’ggn‘f‘i CHB-MIT E;\I;\Il\j[ 92.1 No
Weietal. | CHB-MIT Rf;?ﬁ* 94 Partial
Proposed | CHB-MIT XQIL'S%\[I . 94.7 Yes
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II1. PROPOSED METHODOLOGY

This section presents the proposed trustworthy IoMT-
oriented framework for automated seizure prediction from
multi-channel EEG signals. The overall method has four
connected parts: collecting EEG data, preparing the signals,
extracting features, and classifying them using a clear hybrid
deep learning model. The complete framework is illustrated in

Fig. 1.
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Third, Independent Component Analysis (ICA) is used to
break down multichannel EEG signals into parts that are not
related to each other. Based on their temporal and spectral
characteristics, artifact-related components that correspond to
eye blinks, eye movements, and muscle activity are found and
removed.

Finally, Z-score normalization is done on a channel-by-
channel basis to make EEG amplitudes the same across
channels and recording sessions. This makes the model

converge better and reduces variability between sessions.
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Fig. 1 Proposed IoMT-XAI Framework Architecture for Seizure Prediction

3.1. Dataset description

This study utilizes the publicly available CHB-MIT Scalp
EEG Database, collected at Boston Children’s Hospital and
widely adopted as a benchmark for seizure prediction research.
The dataset comprises long-term scalp EEG recordings from 23
pediatric patients diagnosed with intractable epilepsy, with ages
ranging from 1.5 to 22 years. EEG signals were recorded using
the international 10-20 electrode placement system with 23
channels, a sampling frequency of 256 Hz, and 16-bit
resolution.

The dataset includes a total of 198 annotated seizure events
across 983 hours of EEG recordings. Seizure types encompass
focal, partial, and generalized seizures, providing diverse
seizure dynamics for evaluation. Table II summarizes the key
characteristics of the CHB-MIT dataset.
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TABLE II
COMPARISON OF SEIZURE PREDICTION METHODS ON CHB-MIT
Parameter Value Parameter Value
Patients 23 Channels 23
Total Seizures 198 Sampling Rate 256 Hz
Recording Hours 983 Resolution 16 bits

3.2. EEG Signal Preprocessing

Raw EEG recordings are very sensitive to artifacts caused
by eye movements, muscle activity, baseline drift, and
interference from power lines. A multi-stage preprocessing
pipeline is used to improve the quality and reliability of the
signal, as shown in Fig. 2.

A fourth-order Butterworth band-pass filter with cut-off
frequencies of 0.5—40 Hz is used to keep important parts of the
EEG while getting rid of low-frequency drift and high-
frequency noise. Forward-backward filtering is how zero-phase
filtering works.

A second-order notch filter with a quality factor of Q = 30
is used to get rid of power-line noise at 50/60 Hz, depending on
how the recording is done.
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Fig. 2. EEG Slgnal Preprocessmg Pipeline: (a) Raw 51gnal w1th artifacts, (b)

Power spectrum, (c-d) After filtering, (e-f) after removing artifacts.

3.3. EEG Segmentation and Feature Extraction

Preprocessed EEG recordings are split into 4-second (1024
samples at 256 Hz) windows, which provides a trade-off
between time resolution and computational speed. Here we use
non-overlapping windows in order not to get the same
information twice.

Preictal segments are taken from a 30-min window before
the seizure, and interictal segments come from regions of EEG
that are at least 4 hours away from any treatment event. This
method reduces cross-class contamination and attenuates
temporal bias.

A multi-domain feature extraction approach is used to
extract heterogeneous EEG features in time-space, frequency-
space, and time and frequency space. For each EEG channel,
the following features are computed:

- Time-Domain Features: Statistical descriptors
including mean, variance, skewness, kurtosis, line
length, zero-crossing rate, and Hjorth parameters
(activity, mobility, and complexity).

- Frequency-Domain Features: Spectral power is
estimated using Welch’s periodogram within five
physiological frequency bands: delta (0.5—4 Hz), theta
(4-8 Hz), alpha (8-13 Hz), beta (13-30 Hz), and
gamma (30—40 Hz).

- Time-Frequency Features: A four-level Discrete
Wavelet Transform (DWT) is applied to capture
transient dynamics and frequency evolution associated
with seizure activity.
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- The extracted features from all channels are
concatenated and provided as input to the deep
learning model.
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Fig. 3. Multi-domain Feature Extraction: (a) EEG comparison, (b)
Spectrogram, (c¢) Band power, (d) Connectivity matrix, (¢) DWT coefficients,
(f) Statistical features

3.4. XAI-CNN-BiLSTM Architecture

The proposed classification model integrates convolutional
feature learning, attention-based channel weighting, and
temporal sequence modeling. The EEG recordings were pre-
processed and divided into 4-second (1024 samples, at 256 Hz)
blocks, representing a balance between temporal resolution and
computational speed. In this study, non-overlapping window
segments allow us to not sample the same information twice.

Preictal segments were selected from a 30-minute period
leading up to the seizure, and interictal segments were taken
from those sections of the EEG that were spaced at least 4 hours
away from any treatment period. This technique helps to
minimize the amount of cross-class contamination and reduce
temporal bias.

The entire EEG signal was analyzed using a multi-domain
feature extraction strategy to collect heterogeneous EEG
features in the time-space domain, frequency-space domain,
and time and frequency-space domain.

A self-attention mechanism that works on each channel is
used to highlight EEG channels that are more useful and hide
those that are less useful. This mechanism allows the model to
dynamically concentrate on clinically pertinent brain regions.

A Bidirectional Long Short-Term Memory (BiLSTM)
layer with 128 hidden units in each direction shows temporal
dependencies. This makes a 256-dimensional representation.
This structure captures the temporal context of EEG sequences
from both the past and the future.

The final classification is performed using a fully
connected layer with SoftMax activation. Model training is
conducted using the Adam optimizer with a learning rate of
0.001, minimizing binary cross-entropy loss over 100 epochs
with a batch size of 128.

TABLE II
XAI-CNN-BILSTM ARCHITECTURE SPECIFICATIONS.

Layer Configuration Output Shape
Input EEG Window 23 x 1024
ConvID-1 64 filters, k=5, BN, ReLU 23 x 512 x 64
Conv1D-2 128 filters, k=3, BN, ReLU 23 x 256 x 128
Conv1D-3 256 filters, k=3, BN, ReLU 23 x 128 x 256
Attention Self-attention 23 x 128 x 256
BiLSTM 128 units x 2 256
Dense 128 — 2, Softmax 2
Input | |ConviD-1| |ConviD-2| |ConviD-3| faptention | | BILSTM | | Dense
D3x1024) | 64 filters 128 filters | | 256 filters Self-Attn 128 units 1282
k=5 | k=3 k=3 o ~ ~

Fig. 4. Proposed XAI-CNN-BiLSTM architecture for seizure prediction from
multichannel EEG.

3.5. Explainability and Trustworthiness Assessment

To enhance transparency and clinical interpretability, two
complementary XAI techniques are employed. SHapley
Additive exPlanations (SHAP) help measure the importance of
features both overall and for specific cases. They show how
much each EEG feature contributes to the predictions made by
the model. Gradient-weighted Class Activation Mapping
(Grad-CAM) is applied to visualize discriminative temporal
and spatial regions within the convolutional layers.

In addition to explainability, trustworthiness is evaluated
through calibration analysis and uncertainty estimation.
Expected Calibration Error (ECE) is used to assess the
alignment between predicted probabilities and observed
outcomes, ensuring reliable decision support in clinical
scenarios.

IV. RESULTS

4.1. Experimental setup and validation protocol

All experiments were conducted on a workstation equipped
with an Intel Core 19-12900K CPU, 64 GB RAM, and an
NVIDIA RTX 4090 GPU. Python 3.10 and TensorFlow 2.12
were used for implementing the proposed framework, and
explainability analysis was performed with the aid of the SHAP
(Shapley Additive Explanations) library, version 0.42. To
promote appropriate evaluation of the model performance and
reduce the risk of data contamination with cross-validation
techniques, a patient-wise 5-fold cross-validation procedure
was used to split each patient’s EEG recordings into an
exclusively designated training or testing set at each fold. Thus,
EEG from any given patient was never included in both a
training and testing set at the same time. This protocol reflects
realistic clinical deployment scenarios and enhances
generalization assessment.

Preprocessed EEG signals were segmented into non-
overlapping 4-second windows (1024 samples at 256 Hz). A
total of 45,231 interictal and 8,742 preictal segments were
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obtained following the segmentation strategy described in
Section III.
4.2. Overall classification performance

Table III summarizes the overall classification
performance of the proposed XAI-CNN-BiLSTM framework
under patient-wise 5-fold cross-validation. The model achieved
an average accuracy of 94.7% + 0.9, sensitivity of 95.6% + 1.1,
specificity of 93.9% =+ 1.0, precision of 94.0% + 1.2, F1l-score
0f 94.8% + 1.0, and an AUC-ROC of 98.2% + 0.6.

These results demonstrate strong discriminative capability
in distinguishing preictal from interictal EEG segments while
maintaining balanced sensitivity and specificity.

TABLE III

OVERALL CLASSIFICATION PERFORMANCE
(PATIENT-WISE 5-FOLD CROSS-VALIDATION)

Metric Mean £ SD
Accuracy 94.7% £ 0.9
Sensitivity 95.6% + 1.1
Specificity 93.9% £ 1.0
Precision 94.0% + 1.2

F1-score 94.8% £ 1.0

AUC 98.2% + 0.6

Metric Mean + SD

4.3. Explainability Analysis
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Fig 5. SHAP-based explainability analysis of EEG features for seizure
prediction: (a) Global feature importance, (b) Summary plot, (c) Dependence
plot, (d) Force plot.

To enhance model transparency, SHAP and Grad-CAM
were applied to analyze feature-level and spatiotemporal
contributions to seizure prediction.

SHAP analysis indicated that gamma-band power (30—40
Hz) exerted the most significant influence on pre-ictal
classification (mean [SHAP| = 0.185), followed by beta-band
power and variance-related features. These results align with
neurophysiological evidence that associates high-frequency
oscillations with seizure onset regions. These results align with
neurophysiological evidence that associates high-frequency
oscillations with seizure onset regions. Temporal attention
maps showed that the model mostly focused on 1-2 second

intervals before large-amplitude EEG changes, which is in line
with what is already known about preictal dynamics.

{a} Multi-chanel LLG (b) lemporal Allention Map [¢) Chunnel lmportance

e TN AT

RN

e
VAN BN AN
[ R T S R G
o WA A AR A ALY
ran AR ARy Y

3 %0 a5 4

08I0 04ZR Ar GATT A0 E1R AW R
10 Temporal Allenlion Profile
-~ Tareebold

ar o8 13 18
() EEG with Grad-CAM Overlay

{e) Topographic Map

@ PR
A

>

o

Fig. 6. Grad-CAM visualizations highlight discriminative EEG channels and
temporal regions: (a) Multi-channel EEG, (b) Temporal attention, (c) Channel
importance, (d) Overlay, (e) Topographic map, (f) Attention profile.

4.4. Patient-specific performance analysis

Patient-level evaluation was conducted to assess inter-
subject variability. The proposed framework achieved an
average sensitivity of 94.2% + 3.1 and specificity of 93.1% =+
2.8 across patients. There were differences in performance
because of varying seizure patterns, but no strong link was
found between patient index and performance measures. This
indicates that the results are consistent across the group of
children studied.
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Fig 7. Patient-specific performance analysis across the CHB-MIT cohort: (a)
Sensitivity/specificity per patient, (b) F1/AUC per patient, (c) Distribution, (d)
Correlation analysis

4.5. Comparison with State-of-the-Art

The proposed XAI-CNN-BiLSTM framework was
compared against recent state-of-the-art seizure prediction
models evaluated on the CHB-MIT dataset. As shown in Table
IV, the proposed method achieved superior or comparable
performance across all metrics while uniquely providing full
explainability.
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TABLE IV
COMPARISON WITH STATE-OF-THE-ART METHODS ON CHB-MIT

Method Acc (%) |Sen (%) | Spec (%) | AUC (%) |[Explainable
CNN [22] 88.5 86.3 89.2 91.2 No
LSTM [23] 90.2 88.7 91.0 93.5 No
CNN-LSTM [25] 92.1 91.2 92.5 95.2 No
ResNet [26] 94.0 93.5 93.8 97.2 Partial
Transformer [29] 93.5 92.8 93.2 96.5 Partial
Proposed 94.7 95.6 93.9 98.2 Yes
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Fig. 8. Performance comparison with state-of-the-art seizure prediction
methods on CHB-MIT: (a) Performance metrics bar chart, (b) multi-
dimensional radar chart

4.6. Ablation Study

An ablation study was conducted to quantify the
contribution of each architectural component. Removing the
attention mechanism resulted in a 2.4% reduction in precision,
while excluding the BiLSTM layer led to a 2.9% decrease in
overall accuracy. These results confirm the complementary role
of attention-based channel weighting and temporal modeling in
seizure prediction performance.
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Fig. 9. Ablation study analyzing the contribution of architectural components:
(a) Component contribution analysis, (b) Window size optimization

4.7. Evaluation of Statistical Significance and Trustworthiness

We used paired t-tests to see if the proposed model was
statistically significant by comparing it to baseline methods
across cross-validation folds. All comparisons produced p-
values less than 0.001. Cohen's d analysis of effect size showed
medium to large effects, with values ranging from 0.42 (vs.
Transformer) to 1.82 (vs. CNN).

(@) Calibration Plat
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Fig 10. Statistical significance and robustness analysis of the proposed model:
(a) Cross-validation heatmap, (b) Bootstrap distribution, (c) Significance
matrix, (d) Effect sizes.
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Fig. 11. Prototype of the clinical decision support interface for seizure
prediction.

V. DISCUSSION

A. Interpretation of Feature Importance and Model Behavior

The explainability analysis conducted using SHAP and
Grad-CAM offers helpful information about the decision-
making process of the proposed XAI-CNN-BiLSTM
framework. SHAP results indicate that gamma-band (30—40
Hz) power exhibits the highest contribution to preictal
classification, followed by beta-band power and variance-
related features. These findings are consistent with established
neurophysiological ~ evidence  linking  high-frequency
oscillations to epileptogenic regions and seizure onset
mechanisms.

Grad-CAM visualizations further revealed that central
electrodes, particularly C3 and C4, were consistently
highlighted as the most discriminative channels across patients.
This observation aligns with focal seizure onset patterns
commonly reported in pediatric epilepsy cohorts included in the
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CHB-MIT dataset. Additionally, temporal attention maps
demonstrated that the model predominantly focused on 1-2
second intervals preceding large-amplitude EEG fluctuations,
which correspond to early pre-ictal transitions.

B. Performance Analysis and Comparison with State-of-the-Art

The proposed framework achieved an average accuracy of
94.7% and an AUC of 98.2% under patient-wise cross-
validation, outperforming or matching recent state-of-the-art
seizure prediction models evaluated on the CHB-MIT dataset.
Residual and transformer-based architectures have reported
comparable accuracy, but most existing approaches lack
integrated explainability or comprehensive trustworthiness
assessment.

The proposed model is better for three main reasons: (1) it
combines EEG features from many areas to capture different
temporal and spectral dynamics; (2) it uses a hybrid CNN—
BiLSTM design to model spatial-spectral patterns and long-
range temporal dependencies; and (3) it uses a channel-wise
attention mechanism to focus on clinically relevant EEG
channels. These improvements are important since they don't
sacrifice interpretability, which was a big problem with
previous deep learning-based seizure prediction systems. The
explainability analysis conducted using SHAP and Grad-CAM
offers useful information about the decision-making process of
the proposed XAI-CNN-BIiLSTM framework. SHAP results
indicate that gamma-band (30—40 Hz) power
C. Trustworthiness and Clinical Reliability

Beyond classification accuracy, the trustworthiness of Al-
based clinical systems is essential for real-world deployment.
The proposed framework demonstrates strong calibration
performance, as evidenced by a low Expected Calibration Error
(ECE) of 0.018. This means that the predicted chances of
having a seizure are very close to what actually happens, which
makes the risk estimates doctors give more accurate.

Doctors can make better decisions when they combine
calibrated probabilistic outputs with clear explanations. This is
especially true when false alarms or missed seizures could have
serious safety consequences. This work enhances seizure

prediction research beyond performance-oriented
methodologies by explicitly integrating trustworthiness
assessment.

D. Clinical implications and deployment considerations

The integration of explanation and trustworthiness within
an IoMT-oriented framework positions the proposed system as
a promising candidate for real-time clinical deployment. The
ability to highlight relevant EEG channels, frequency bands,
and temporal segments may assist clinicians in validating
automated predictions and tailoring personalized treatment
strategies.

However, several practical considerations remain. The
current evaluation is conducted on retrospective data from a
single benchmark dataset. Real-time implementation in
wearable IoMT devices introduces additional constraints
related to latency, computational resources, and energy

efficiency. Furthermore, inter-patient variability and seizure
heterogeneity necessitate extensive validation across diverse
clinical populations.

E. Limitations and Future Work

Despite the encouraging results, this study has several
limitations. The CHB-MIT dataset only includes children with
focal epilepsy, which may make it hard to apply to adults or
other types of seizures. Second, the experiments rely on offline
analysis of prerecorded EEG data, and prospective real-time
validation has not yet been performed.

Future endeavors will concentrate on (1) multi-center
validation involving diverse patient cohorts, (2) the
optimization of the proposed architecture for edge computing
and low-power IoMT devices, (3) the integration of multimodal
physiological signals, including ECG and EMG, and (4)
prospective clinical studies to assess real-world usability and
impact.

VI. CONCLUSIONS

This paper presented a trustworthy artificial intelligence
framework for automated seizure prediction from multi-
channel EEG signals within an Internet of Medical Things
(IoMT) context. The proposed approach integrates an
optimized EEG preprocessing and multi-domain feature
extraction pipeline with a hybrid understandable CNN-
BiLSTM architecture enhanced by a channel-wise attention
mechanism.

Experimental evaluation on the benchmark CHB-MIT
scalp EEG dataset demonstrated that the proposed XAI-CNN-
BiLSTM model achieves state-of-the-art performance, reaching
an average accuracy of 94.7%, sensitivity of 95.6%, and an
AUC of 98.2% under patient-wise cross-validation. These
results validate the efficacy of integrating convolutional feature
learning, temporal modeling, and attention mechanisms for
elucidating intricate spatiotemporal EEG dynamics linked to
preictal states.

This work focuses on trustworthiness and clinical
interpretability in addition to predictive performance, which are
both essential for using this in real-world healthcare. When
SHAP and Grad-CAM are used together, they make it easier to
understand model predictions by showing which EEG channels,
frequency bands, and time segments are most important. Also,
the low Expected Calibration Error (ECE = 0.018) shows that
the probabilistic outputs are trustworthy, which helps doctors
make smart choices.

The suggested framework improves seizure prediction
based on EEG by combining high-performance deep learning
models with Al systems that are clinically interpreted and
trustworthy. Future efforts will focus on multicenter validation
with varied patient populations, real-time implementation on
resource-constrained IoMT devices, integration of multimodal
physiological signals, and upcoming clinical trials to assess
real-world outcomes.
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