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ABSTRACT 

 
Predicting febrile seizures in pediatric patients remains challenging due to the scarcity of annotated 
pediatric electroencephalogram (EEG) data, the complex temporal characteristics of EEG signals, and the 
limited integration of electrophysiological and clinical information in existing prediction approaches. This 
paper presents a novel deep learning framework, termed the Hybrid Transfer Learning Multimodal 
Attention Network (HTMAN), for the early prediction of seizure-related preictal patterns in the context of 
febrile-seizure risk assessment. The proposed framework employs an ImageNet-pretrained ResNet-18 
backbone, fine-tuned on Short-Time Fourier Transform (STFT)-based EEG spectrograms, to extract high-
level spatial and spectral representations. A Bidirectional Long Short-Term Memory (Bi-LSTM) network 
subsequently models temporal dependencies in the extracted EEG features, while an attention-based 
multimodal fusion mechanism integrates EEG representations with structured febrile-seizure-related 
clinical features. Experimental evaluation demonstrates that HTMAN achieves an accuracy of 93.2%, an 
F1-score of 0.92, and an area under the receiver operating characteristic curve (AUC) of 0.95 for 
distinguishing seizure-related preictal and interictal patterns. The framework further demonstrates the 
ability to discriminate preictal EEG activity at prediction horizons of up to 5 minutes before annotated 
seizure onset. The principal contribution of this work is a unified transfer-learning-based multimodal 
architecture that combines EEG feature learning, temporal sequence modeling, clinical-feature integration, 
and attention-based feature weighting under limited annotated EEG conditions. Importantly, the present 
study constitutes a proof-of-concept investigation: the EEG recordings are used to learn seizure-related 
preictal representations and are not assumed to represent clinically confirmed febrile-seizure events. 
Therefore, the reported findings demonstrate the feasibility of the proposed transfer-learning and 
multimodal framework rather than direct clinical validation of febrile-seizure prediction. Future validation 
using synchronized EEG recordings and clinical measurements from pediatric patients with clinically 
confirmed febrile seizures is required to establish the clinical effectiveness and generalizability of the 
proposed framework. 
Keywords: Febrile Seizure Prediction, EEG Analysis, Transfer Learning, Multimodal Deep Learning, 

Attention Mechanism, Early Detection 
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1. INTRODUCTION 

In children aged between 6 months and 5 years 
old, the most common type of seizure disorder is 
febrile seizures (FS), with a prevalence rate of 
approximately 2-5%. These seizures are generally 
triggered by an abrupt rise in body temperature, 
which may be accompanied by viral or bacterial 
infection. Febrile seizures are usually considered 
harmless. Nevertheless, frequent febrile seizures 
and long-term seizures are those causing increased 
risks of additional complications with the nervous 
system, including epilepsy and intellectual 
disabilities. The significance of early detection and 
intervention is thus to improve clinical outcomes 
and reduce long-term risk [1], [2]. 

EEG has been a familiar and effective tool for 
monitoring brain activity and detecting unusual 
patterns of brain activity that may lead to seizures. 
EEG provides high temporal resolution and can 
capture subtle preictal changes in brain dynamics. 
The key, however, is that EEG suffers in febrile 
seizures due to their non-stationary nature, 
sensitivity to noise and artifacts, and inter-patient 
variability, which makes it not straightforward to 
detect febrile seizures via EEG. Traditional analysis 
techniques often rely on manually constructed 
features (e.g., spectral, entropy, and wavelet 
coefficients), which may not capture complex 
nonlinear structures [3], [4]. 

The concept of performing seizure detection 
using various machine learning/deep learning 
approaches has recently attracted considerable 
attention. Convolutional Neural Networks (CNNs) 
[5] and recurrent neural networks (RNNs), 
especially the Long Short-Term Memory (LSTM) 
ones, show good performance at extracting low-
level hierarchical or temporal information from raw 
EEG signals. Despite these developments, one 
weakness of deep learning-based methods is that 
large, labeled datasets are required, which are not 
readily accessible in pediatric neurology due to 
ethical, logistical, and clinical considerations [6]. 

The limited availability of large, clinically 
annotated pediatric EEG datasets presents a 
significant challenge for developing robust deep-
learning models for seizure prediction. Training 
complex neural networks from scratch typically 
requires substantial amounts of labeled data and 
may result in overfitting when only limited EEG 
recordings are available. Transfer learning provides 
a practical strategy for addressing this limitation by 
adapting knowledge learned from large-scale 
source datasets to a target EEG analysis task. In the 
proposed framework, a pretrained convolutional 

neural network (CNN) is fine-tuned using EEG 
spectrograms to extract high-level spatial and 
spectral representations associated with seizure-
related activity. This approach reduces dependence 
on large task-specific datasets while supporting 
effective feature learning under limited-data 
conditions [7]. 

Although EEG provides valuable 
electrophysiological information for identifying 
seizure-related brain activity, EEG signals alone 
may not capture patient-specific clinical factors 
associated with febrile-seizure risk. Clinical 
variables such as age, body temperature, fever 
duration, infection type, family history of seizures, 
and previous seizure history provide 
complementary contextual information. Integrating 
EEG-derived representations with these clinical risk 
variables therefore enables the model to incorporate 
both electrophysiological and patient-specific 
information. In HTMAN, the two modalities are 
integrated through a cross-modal attention 
mechanism that adaptively weights their 
contributions to the final prediction [8]. 

Temporal modeling is also important because 
seizure-related EEG activity evolves dynamically 
over time. Most existing systems focus on detecting 
or classifying seizures after characteristic EEG 
patterns have emerged rather than predicting 
seizure onset in advance. Early prediction requires 
the identification of subtle preictal changes that 
occur before the annotated onset of a seizure. To 
capture these temporal dependencies, the proposed 
framework employs a Bidirectional Long Short-
Term Memory (Bi-LSTM) network to model 
sequential changes in EEG representations and 
distinguish preictal activity from interictal activity. 

The overall goal of the study is to develop a 
robust, clinically meaningful model that can detect 
febrile seizures at their earliest stages using 
sophisticated deep learning algorithms. In 
particular, the current work aims at developing a 
transfer learning-based neural network that could 
be trained to represent features of pediatric EEG 
signals and, therefore, address the limitations in 
terms of larger volumes of labeled data. Besides, 
the paper is interested in integrating EEG signals 
and clinical factors into a single multimodal model 
that would enable it to detect brain physiological 
activity and the level of risk factors associated with 
the patient. Temporal modeling mechanisms are 
also introduced to enhance predictive power by 
identifying small preictal patterns that help predict 
preictal seizures in advance. The other objective of 
the suggested solution is to enhance the overall 
model's behavior and generalization across a broad 
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spectrum of datasets by leveraging training 
knowledge. Finally, it applies an attention 
mechanism to enhance the interpretability of the 
findings and, in general terms, demonstrate the 
contributions of EEG and clinical features to the 
decision-making process, making the system more 
transparent and allowing it to be used in clinical 
practice [9]. 

These objectives will bring together state-of-
the-art machine learning approaches with clinical 
practice. Multimodal fusion and transfer learning 
approaches provide the necessary pathway to 
enhance the robustness, scalability, and clinical 
utility of febrile seizure detection systems in young 
children. 

 
Figure 1. Holistic Workflow for Seizure Prediction Using 

Deep Learning 
 

A stepwise Research Process for developing an 
intelligent system for predictive modeling of febrile 
seizures is depicted retrospectively in Figure 1. It 
begins with basic information on febrile seizures, 
then highlights their clinical importance and the 
problems they pose. It then presents an introduction 
to seizure detection in EEG and the limitations of 

conventional methods, which led to the 
development of better solutions. Followed by deep 
learning mechanisms designed to address the most 
significant challenges of data sparsity and 
generalization. Transfer learning is proposed as a 
solution to counter these concerns. The framework 
further notes that EEG data in isolation is unlikely 
to disentangle the brain activity biomarkers for each 
clinical variable, and thus recommends a 
multimodal approach that combines EEG signals 
with clinical data to provide complementary 
information to boost performance. 

It also includes a gap analysis, an outline of the 
proposed solution, and the study objectives. The 
entire process is carried out in the final stages of the 
research pipeline, which consists of a systematic, 
holistic strategy for developing a seizure prediction 
system. 

Several reasons motivate the application of 
transfer learning and multimodal data fusion as the 
key focus of the present research. First, the scarcity 
of annotated pediatric EEG data makes it 
challenging to apply conventional deep learning 
algorithms effectively. Secondly, using only EEG 
data may fail to account for other clinically relevant 
patient-specific risk factors that influence seizures. 
Third, most previous studies have focused on 
transfer learning, multimodal learning, or attention, 
or on a single aspect. Few studies have been 
conducted on either the integration of these 
techniques or their integration for the early 
prediction of febrile seizures. Transfer Learning, 
multimodal feature fusion, temporal modelling, and 
attention are considered to be crucial technologies 
that need to be integrated into a single architecture 
to enhance the predictive power, computational 
efficiency, and clinical interpretability of health 
trajectory prediction for the HTMAN. For this, the 
HTMAN is built on the framework of transfer 
learning, multimodal feature fusion, temporal 
modelling, and attention mechanisms, all integrated 
into a single framework that could boost its 
accuracy, computational efficiency, and clinical 
interpretability. 

In the context of this study, early detection of 
febrile seizures refers to the development and 
proof-of-concept evaluation of a computational 
framework capable of identifying seizure-related 
preictal EEG patterns and integrating them with 
febrile-seizure-related clinical risk factors. Since 
the publicly available EEG datasets used in this 
study do not provide clinically confirmed febrile-
seizure events with synchronized clinical 
measurements, the proposed framework is not 
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presented as a clinically validated febrile-seizure 
diagnostic system. 

The remainder of this paper will be organized 
in the following way. Section 2 provides literature 
reviews of EEG-based seizure detection, transfer 
learning, and multimodal. Section 3 presents the 
proposed methodology, which describes the dataset 
used, data preprocessing, model structure, 
mathematical model, and the model presentation. 
Section 4 presents the experimental results, the 
performance analysis, and a comparison with 
existing methods. Finally, Section 5 presents the 
paper's key findings, limitations, and directions for 
future study. 

2. RELATED WORK 

Seizure detection and prediction automated 
systems are a topic of recent close, heated research, 
particularly with the introduction of machine 
learning and deep learning techniques. The initial 
research was primarily based on standard signal-
processing and statistical-learning algorithms 
applied to EEG data. The majority of these 
techniques (wavelet transforms, Fourier analysis, 
and nonlinear dynamics) were prevalent in the 
extraction of discriminative features, which would 
be succeeded by classifications (k-Nearest 
Neighbors, k-NN, Decision Trees, and Support 
Vector Machines, SVM). All these approaches, 
while piloted with some success, were not scalable 
or adaptable to work with other patient populations 
or across a diversity of recording conditions [10], 
[11]. Deep learning research emerged, and 
scientists began using neural networks to generate 
hierarchical representations of raw EEG signals 
automatically. Convolutional Neural Networks 
(CNNs) have been utilized recently for spatial 
feature extraction and primarily for transforming 
EEG activity into time-frequency spectrograms. 
RNNs, including Long Short-Term Memory 
(LSTM) networks and Gated Recurrent Units 
(GRUs), have also been effectively applied to 
model temporal variations in EEG sequences. The 
hybrid architecture, built on CNN and RNN blocks, 
is more effective at processing detected seizure data 
because its spatial and temporal features can be 
learned simultaneously. However, the most recent 
deep learning algorithms require large amounts of 
annotated data, which are difficult to acquire in 
pediatric cases [12], [13]. 

The limited availability of data has led to 
increased interest in transfer learning in biomedical 
signal analysis. Breaking the learning bottleneck 
allows models trained on large datasets to be 
specialized for domain-specific tasks using a small 

amount of labeled data. Enhancing classification 
performance has been achieved by fine-tuning pre-
trained models in image recognition or other 
biosignal applications in EEG-based systems. 
Studies have demonstrated that transfer learning 
doesn't just boost convergence but also enhances 
generalization across datasets and among patients. 
The majority of existing literature is, however, on 
ways of detecting epilepsy in adults, and little effort 
is made in investigating the same in the context of 
febrile seizures in children [14], [15]. 

At the same time, multimodal learning 
techniques have been introduced to increase 
predictive accuracy by combining multiple sources 
of information. Combining EEG signals with other 
physiological or clinical signals has been used to 
provide complementary information about the 
interactions during seizures. These clinical 
variables (demographics, medical history, and vital 
signs) may be a significant addition to EEG-based 
characteristics in improving model performance. 
Some fusion strategies discussed in the literature 
include early, late, and hybrid fusion. Nonetheless, 
balancing heterogeneous data modalities and 
modeling their dependencies is not straightforward 
[16]. 

The second new topic of interest is the creation 
of building systems that anticipate seizures and 
assess preictal states. In contrast to detection 
models, which focus on when a seizure could occur 
and respond after the event, forecasting models aim 
to provide prewarning, so that preventive actions 
can be taken. Deep learning techniques (in 
particular, LSTM and attention-based deep nets) 
have demonstrated their ability to detect minuscule 
time-course variations in preictal states via fine-
tuning. However, such models are prone to a high 
rate of false alarms and are not easily interpretable, 
hence cannot be implemented in medical practice 
[17]. 

Model interpretability has become a 
mainstream requirement in healthcare applications, 
as there is an urgent necessity to learn why a 
prediction was made so that individuals can have 
confidence in the technology and make clinical 
judgments. Attention mechanisms and explainable 
AI algorithms have been added to deep learning 
models to provide insights into how features are 
important and how models behave. These help 
determine which EEG segments or clinical 
variables yield the best predictions, thereby 
increasing transparency and usability. However, in 
the wake of these advances, we also remain 
deprived of finer structures that account for 
attention to both interpretability and the integration 
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of certain modalities, as well as for early prediction 
[18-20]. 

In conclusion, while EEG-based seizure 
analysis is an established field with many decades 
of published work, significant gaps remain in the 
literature. The existing approaches are not very 
strong on signal or single-modal data and provide 
limited model interpretability. In addition to the 
above, the literature on multimodal deep and 
transfer learning for febrile seizure prediction is 
also not very thorough. Given these limitations, the 
proposed method in this paper provides a single 
framework that combines transfer learning, 
multimodal data fusion, time modeling, and 
attention for the diagnosis of febrile seizures at an 
early stage. 

 
Figure 2. EEG-based Frameworks of Seizure Prediction 

and Analysis 
Figure 2 depicts a cyclic model containing key 

elements of seizure prediction studies. Deep 
Learning Approaches. It all starts with Deep 
learning approaches that are the basic methods for 
extracting complex patterns from data. Then, these 
models are improved with Transfer Learning 
Techniques, which help them improve performance 
on Small Datasets using existing Knowledge. The 
next natural step is to incorporate Multimodal 
Approaches into the workflow, as they combine 
separate sources of data, including EEG signals, 
with available clinical data, known as ground truth, 
for robust prediction. 
The combined inputs are also used to generate the 
Seizure Prediction Models. Interpretability methods 
are used to improve the understanding of the 
model's decision. Interpretability Insights are 
applied to identify a Research Gap, thus serving as 
Future Advances and Improvements in Deep 
Learning practices. This process illustrates ongoing 

evolution and cycle improvement of seizure 
prediction systems. 
2.1 Research Problem Statement 

EEG-based seizure analysis using deep 
learning and transfer learning is beneficial, as it has 
multi-modality learning and attention mechanisms; 
however, there are numerous unresolved 
challenges. Compared to current methods, the 
approaches proposed in this work are mostly related 
to EEG signals and rely on the availability of big 
labelled datasets; however, the task of predicting 
febrile seizures in children is not easily amenable to 
these approaches because the amount of labelled 
data is limited. Additionally, most of the existing 
studies did not carefully consider the combination 
of transfer learning, fusion of multimodal EEG-
clinical information, temporal modelling, and 
attention mechanisms in a single context for early 
seizure prediction. These constraints can make 
models less generalizable, can lead to 
computational issues, leave the model unpalpable to 
clinicians, and can result in poor early prediction. 
Thus, the development of a robust, computation-
efficient and clinically interpretable framework 
with the ability to accurately predict febrile seizures 
using, for example, limited annotated EEG data 
alongside other clinical information, is imperative. 
The main motivation of the proposed Hybrid 
Transfer Learning Multimodal Attention Network 
(HTMAN) is to address this research problem. 
2.2 Research Hypothesis 

Given the limitations pointed out in the 
existing literature, this work aims to demonstrate 
that the combination of transfer learning, 
multimodal fusion of EEG and clinical features, 
temporal sequence modeling and attention 
mechanisms in a single model will lead to a better 
Early Prediction of febrile seizures than standard 
machine learning models and current deep learning 
models. We hypothesise that the proposed Hybrid 
Transfer Learning Multimodal Attention Network 
(HTMAN) would yield higher predictive accuracy, 
better generalisation with only a limited number of 
annotated EEG samples, and better feature-level 
interpretability and a lower false alarm rate within 
the proposed proof-of-concept experimental setting. 

3. METHODOLOGY 

In this section, we present a reproducibility-
oriented multimodal framework for early diagnosis 
of febrile seizures that integrates EEG signals with 
clinical features via a transfer-learning-based 
multimodal architecture. The procedure is designed 
to include descriptions of the data used, 
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preprocessing, model structure, mathematical 
formulation, and the algorithms' workflow. 
3.1 Dataset Description 

Because large-scale publicly available EEG 
datasets specifically annotated for pediatric febrile 
seizures are limited, this study adopts a transfer-
learning-based experimental design using publicly 
available seizure EEG recordings together with 
febrile-seizure-related clinical risk variables. EEG 
recordings were obtained from the Temple 
University Hospital (TUH) EEG Corpus and the 
CHB-MIT Scalp EEG Database [21], [22]. These 
databases provide clinically annotated EEG 
recordings containing seizure and non-seizure 
activity and are used in this study as source-domain 
EEG data for learning seizure-related spatial, 
spectral, and temporal representations. 

Importantly, the seizure events contained in 
these public EEG repositories are not assumed to 
represent clinically confirmed febrile seizures. 
Instead, the EEG component is used to model 
electrophysiological patterns associated with 
seizure activity and preictal transitions. Febrile-
seizure-specific information is represented 
separately through clinical risk variables, including 
patient age, body temperature, duration of fever, 
infection type, family history of seizures, and 
previous seizure history. 

The proposed HTMAN framework 
subsequently integrates the learned EEG 
representation with these febrile-seizure-related 
clinical features through a multimodal attention 
mechanism. Consequently, the present 
experimental framework should be interpreted as a 
proof-of-concept transfer-learning approach for 
febrile-seizure risk prediction rather than direct 
validation on a clinically confirmed febrile-seizure 

EEG cohort. Future validation using prospectively 
collected pediatric EEG recordings acquired during 
febrile episodes is required to establish the clinical 
effectiveness of the proposed framework. 

 
 

 
 

Table 1: Dataset Parameters 
Parameter Description 
Sampling Rate 256 Hz 
EEG Channels 19 
Segment Length 10 seconds 
Total Samples ~12,000 segments 
Clinical Features 6 variables 
Classes Preictal, Interictal 
Train/Validate/Test Split 70% / 20% / 10% 
Table 1 summarizes the EEG and clinical-data 

characteristics used in the proposed proof-of-
concept seizure-risk prediction framework. The 
multichannel configuration enables the model to 
capture temporal dynamics and inter-channel 
spatial relationships in EEG activity. The tape 
records are broken into 10-second windows, 
yielding approximately 12,000 samples for 
analysis. In addition to the EEG data, the authors 
include six clinical features to obtain patient-
specific data. The dataset has been categorized into 
two groups (preictal, interictal), and with their help, 
it was possible to successfully model various 
neurological conditions. To model and test, the data 
is split into a training, validation and test set, with a 
70-20-10 split to provide a balanced and valid 
assessment of performance. 
A. EEG Signal Representation (Sample)
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Figure 3. EEG Signal and STFT-Based Time–Frequency Spectrogram Representation for Seizure Analysis

 
Figure 4. Multichannel EEG Signal Representation for 

Seizure Analysis 
 

The Short-Time Fourier Transform (STFT) 
converts EEG signals into a time-frequency 
spectrogram and can be implemented in a 
convolutional architecture. 
3.1.1 Clinical Feature Construction 
Because the TUH EEG Corpus and CHB-MIT 
Scalp EEG Database do not provide synchronized 
febrile-seizure-specific clinical variables for all 
EEG recordings, a structured clinical feature set 
was constructed for the proof-of-concept 
multimodal experiments. Six clinical variables 
associated with febrile-seizure risk were 
considered: patient age, body temperature, fever 
duration, infection type, family history of seizures, 

and previous seizure history. These variables were 
selected to represent complementary patient-level 
contextual information and were not treated as 
clinically observed measurements from the TUH or 
CHB-MIT participants. 

Continuous clinical variables were generated 
within predefined clinically plausible ranges, while 
categorical and binary variables were sampled from 
predefined categories. The ranges and distributions 
used for generating the synthetic clinical variables 
are summarized in Table 2. Continuous variables 
were normalized before model training, whereas 
categorical variables were converted into numerical 
representations using one-hot encoding. 

Each EEG sample was associated with a 
corresponding clinical feature vector containing the 
six variables. To prevent target leakage, the 
synthetic clinical variables were generated, and the 
target class was determined exclusively according 
to the EEG seizure-onset annotation and the 
predefined preictal/interictal labeling protocol. 
Clinical variables were therefore used as 
supplementary contextual inputs to the multimodal 
framework rather than as direct encodings of the 
target label. 
The resulting clinical feature vector was processed 
through fully connected layers to obtain a learned 
clinical representation. This representation was 
subsequently integrated with the EEG 
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representation through the cross-modal attention 
mechanism. Because these clinical variables are 
synthetically constructed rather than prospectively 
collected patient measurements, the multimodal 
evaluation is interpreted as a proof-of-concept 
experiment. Validation using synchronized clinical 
measurements and EEG recordings from children 
with clinically confirmed febrile seizures is 
required before conclusions regarding clinical 
effectiveness can be established. 

 
Table 2. Construction and Characteristics of Synthetic 

Clinical Variables Used in the Proof-of-Concept 
Multimodal Experiments 

Clinical 
Feature 

Data 
Type 

Proposed 
Range / 
Categorie
s 

Proposed 
Generatio
n Method 

Age Continuo
us 

6–60 
months 

Uniform 
distributio
n, 
(U(6,60)) 

Body 
Temperatur
e 

Continuo
us 

38.0–40.5 
°C 

Truncated 
normal 
distributio
n, mean = 
39.0 °C, 
SD = 0.6 
°C 

Fever 
Duration 

Continuo
us 

1–48 h Uniform 
distributio
n, 
(U(1,48)) 

Infection 
Type 

Categoric
al 

Viral / 
Bacterial / 
Unspecifie
d 

Categorica
l 
sampling: 
60% / 
25% / 
15% 

Family 
History of 
Seizures 

Binary Yes / No Bernoulli 
sampling: 
Yes = 
25%, No = 
75% 

Previous 
Seizure 
History 

Binary Yes / No Bernoulli 
sampling: 
Yes = 
20%, No = 
80% 

The synthetic clinical variables were generated 
independently of the preictal/interictal target labels 
to minimize the risk of target leakage. Continuous 
variables were generated within predefined 
clinically plausible ranges and subsequently 
normalized, whereas categorical variables were 

numerically encoded before model training. Each 
EEG sample was paired with a six-dimensional 
clinical feature vector for multimodal learning. 
These synthetic variables were used exclusively for 
proof-of-concept evaluation and should not be 
interpreted as actual clinical measurements 
associated with the TUH or CHB-MIT participants. 
3.1.2 Preictal and Interictal Labeling Protocol 

EEG segments were labeled according to their 
temporal relationship with the annotated seizure 
onset. The 5-minute interval immediately preceding 
seizure onset was defined as the preictal period and 
divided into non-overlapping 10-second segments. 
Segments overlapping seizure onset or containing 
ictal activity were excluded. Interictal segments 
were selected from seizure-free periods located at 
least 30 minutes away from seizure activity, while 
preictal, ictal, and immediate postictal periods were 
excluded. For prediction-horizon analysis, preictal 
segments corresponding to approximately 1, 3, and 
5 minutes before seizure onset were evaluated 
separately. Patient-level partitioning ensured that 
segments from the same patient did not occur 
across training, validation, and test sets. 
3.2 Data Preprocessing 

The pipeline for EEG signal preprocessing is 
designed to improve the quality and utility of EEG 
signals and facilitate the successful integration of 
clinical data. This is done by first removing 
artifacts using Independent Component Analysis 
(ICA) to remove noise from eye blinking, muscle 
movement, and other sources. The filter is followed 
by a bandpass filter with a frequency range of 0.5-
40 Hz to retain relevant brain signal frequencies 
and discard irrelevant ones. The filtered EEG 
samples are then segmented into uniform-length 
samples (10 seconds) for analysis. Z-score 
normalization is performed per channel, as in 
segmentation, to normalize the entire dataset and 
ensure channel consistency. The processed signals 
are then converted into two-dimensional 
representations using the Short-Time Fourier 
Transform (STFT), which yields spectrograms that 
provide information about both time and frequency. 
Simultaneously, numerical features are normalized, 
and categorical data are one-hot encoded for 
clinical data preprocessing. This pre-processing 
pipeline will therefore guarantee that EEG and 
clinical data are clean, formatted, and ready for 
multimodal learning, ultimately making processing 
efficient. 
3.3 Proposed Architecture 

The proposed Hybrid Transfer Learning 
Multimodal Attention Network (HTMAN) 
integrates EEG-derived representations with 
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clinical features for seizure-risk prediction. The 
architecture consists of two complementary 
processing branches followed by temporal 
modeling and cross-modal attention-based fusion. 
The EEG branch employs ResNet-18, pretrained on 
the ImageNet dataset, as the transfer-learning 
backbone for extracting high-level spatial and 
spectral features from STFT-generated EEG 
spectrograms. The final fully connected 
classification layer of the pretrained ResNet-18 is 
removed, and the resulting deep feature 
representations are subsequently used as input to 
the Bi-LSTM network. During transfer learning, the 
pretrained ResNet-18 weights are fine-tuned on the 
EEG spectrogram data to adapt the learned 
representations to seizure-related patterns. The 
extracted EEG features are subsequently passed to a 
Bidirectional Long Short-Term Memory (Bi-
LSTM) network to capture temporal dependencies 
and characterize sequential changes associated with 
preictal EEG activity. 

In parallel, the clinical-feature branch employs 
fully connected layers to learn patient-specific 

representations from the six clinical risk variables, 
including age, body temperature, fever duration, 
infection type, family history of seizures, and 
previous seizure history. The resulting EEG and 
clinical representations are integrated through a 
cross-modal attention mechanism, which adaptively 
weights information from both modalities and 
emphasizes features that contribute most strongly to 
the prediction. The fused multimodal representation 
is then passed to a softmax classification layer to 
perform binary classification between preictal and 
interictal states. 

By combining transfer learning, temporal 
sequence modeling, clinical-feature representation, 
and attention-based multimodal fusion within a 
unified architecture, HTMAN is designed to 
improve the identification of seizure-related preictal 
patterns under limited-data conditions. The 
framework serves as a proof-of-concept approach 
for integrating electrophysiological representations 
with febrile-seizure-related clinical risk factors. 

 

 
Figure 5. Proposed HTMAN Architecture for Early Seizure-Risk Prediction Using EEG and Clinical Features 
 
The complete end-to-end pipeline of 

multimodal deep learning architecture for early 
prediction of febrile seizures is shown in Figure 5. 
It starts with the collection of EEG and clinical data 
of the patients. The next step is preprocessing, 
which includes filtering, segmentation, 
normalization, and removing artifacts to obtain 
clean data for analysis. 
Then, spectrograms are generated by converting 
EEG signals into time-frequency representations by 
applying the Short-Time Fourier Transform 
(STFT). The spectrograms are then input to a 
transfer-learning-based CNN that isolates high-
level spatial features. A Bi-LSTM layer is used to 
extract temporal dependencies in EEG sequences. 

Simultaneously, clinical features are fed to the 
dense layers to learn informative representations. 
The EEG representations obtained from the Bi-
LSTM and the learned clinical feature 
representations are integrated through a cross-
modal attention mechanism. This mechanism 
adaptively weights the contributions of both 
modalities and generates a unified multimodal 
representation, which is subsequently passed to the 
classification layer for preictal–interictal prediction. 
Lastly, the combined features are passed through a 
softmax classification layer to estimate the 
likelihood of a seizure-related preictal state. 

A few crucial novelties are proposed in the 
work, which combine progressive deep learning 
practices to enhance the early detection of febrile 
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seizures. First, it transfers the transfer learning 
methods, developed for image-based models, to 
EEG spectrogram representations, enabling 
successful feature extraction with limited 
biomedical data. Second, an intelligent EEG signal, 
fused with clinical features, is used via a cross-
modal attention mechanism to improve 
interpretability and predictability. The model also 
includes time-series modeling to elucidate the 
brain's changing dynamics, enabling one to predict 
the onset of a seizure early. Lastly, the framework 
is designed with computational efficiency in mind 
and provides a foundation for future evaluation in 
real-time clinical and wearable healthcare settings. 
 
3.4 Mathematical Model 
EEG Feature Extraction 
Let EEG signal be: 

X∈RC×T                                             (1) 
where 𝐶= channels, 𝑇= time samples. 
Spectrogram transformation: 

S(f,t)=∣෍ x[n]w[n-t]
N-1

n=0
e-j2πfn∣2  (2) 

Transfer Learning Representation 
FEEG=𝑓 ୣୱ୒ୣ୲ଵ଼(S)                           (3) 

where 𝑓 ୣୱ୒ୣ୲ଵ଼denotes the ImageNet-pretrained 
ResNet-18 backbone fine-tuned using the EEG 
spectrograms. 
Temporal Modeling (Bi-LSTM) 
h୲ = BiLSTM(F୉୉ୋ,୲)                 (4) 

Clinical Feature Vector 
Fୡ୪୧୬୧ୡୟ୪ = gம(C)                               (5) 

Attention-Based Fusion 
𝛼 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑊ଵℎ௧ +𝑊ଶ𝐹௖௟௜௡௜௖௔௟) (6) 
Ffusion=α⋅ht+(1-α)⋅Fclinical   (7) 

Final Prediction 
y = softmax(W୤F୤୳ୱ୧୭୬ + b)  (8) 

3.5 Algorithm (Proposed HTMAN Algorithm) 
Algorithm: Early Detection of Febrile Seizures 
Input: EEG signals 𝑋, Clinical data 𝐶 
Output: Seizure prediction 𝑦 
1. Initialize ImageNet-pretrained ResNet-18 
weights for transfer learning 
2. Acquire EEG signal X and clinical data C 
3. Preprocess EEG: 
      a. Remove artifacts using ICA 
      b. Apply bandpass filtering 
      c. Segment into windows 
4. Convert EEG segments into spectrograms S 
5. Extract spatial-spectral features using the fine-  
tuned ResNet-18: 
      F_EEG = ResNet18(S) 
6. Apply Bi-LSTM for temporal modeling: 
      H = BiLSTM(F_EEG) 

7. Process clinical data: 
      F_clinical = Dense(C) 
8. Compute attention weights: 
      α = softmax(W1*H + W2*F_clinical) 
9. Fuse features: 
      F_fusion = α*H + (1-α)*F_clinical 
10. Classify using softmax layer: 
      y = softmax(F_fusion) 
11. Output prediction (Preictal / Interictal) 
 
3.6 Implementation Details 

The proposed HTMAN framework was 
implemented using deep learning frameworks such 
as TensorFlow 2.15 with Python 3.10 to ensure it is 
flexible and scalable for training and deployment. 
The learning rate of 0.0001 optimizes the network 
using the Adam optimizer for efficient and 
consistent convergence. The best batch size is 32, 
and the model trains for 50 epochs to capture 
complex patterns. Use cross-entropy loss function 
classifiers to perform classification, and take 
measures to prevent overfitting and improve the 
generalization performance of ensemble models. 
Another regularization technique added to improve 
generalization performance and prevent overfitting 
is dropout with a 0.5 dropout rate. 
 
3.7 Reproducibility Considerations 

Reproducibility of the proposed HTMAN 
framework is supported through the use of publicly 
available EEG datasets, a clearly defined 
preprocessing pipeline, explicit mathematical 
formulations, fixed training hyperparameters, and 
an algorithmic description of the complete 
workflow. To minimize subject-level data leakage, 
patient-level partitioning was consistently applied 
to the training, validation, and test sets. 
Furthermore, five-fold cross-validation was 
performed exclusively within the training partition 
for model selection and robustness assessment, 
while the independent test set remained unseen 
until the final evaluation. These standardized 
experimental procedures facilitate consistent 
implementation, fair model evaluation, and 
reproducibility of the reported results. 

Several new contributions have resulted from 
the study. Transfer learning can be effectively 
adapted to pediatric EEG spectrograms, where 
features can be extracted with minimal data. A 
cross-modal attention framework is developed that 
integrates EEG and clinical characteristics, thereby 
enhancing predictive accuracy and interpretability. 
It integrates time modeling to capture the brain's 
dynamics that change over time and to forecast 
uncertainties. Moreover, the overall architecture is 
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designed to be scalable and provides a foundation 
for future evaluation in real-world clinical 
environments. 

 
4. RESULTS 

This section critically analyzes the Hybrid 
Transfer Learning Multimodal Attention Network 
(HTMAN) proposal for early detection of febrile 
seizures. Performance evaluation will be done using 
traditional measures, comparisons of the new 
measures with those currently in use, and 
quantitative tables and graphical interpretations. 
 
4.1 Experimental Setup 

The given model was tested on a multi-modal 
dataset using the prepared dataset presented in 
Section 3, and was further divided into training 
(70%), validation (20%), and testing (10%) subsets, 
yielding sufficient performance measures. The 
dataset was partitioned at the patient level into 70% 
training, 20% validation, and 10% independent 
testing subsets to ensure that EEG segments from 
the same patient did not appear across different 
subsets, thereby preventing subject-level data 
leakage. Five-fold cross-validation was performed 
exclusively within the training set for model 
selection and robustness assessment, while the 
independent test set remained completely unseen 
until the final evaluation. It is trained on 
TensorFlow and implemented on an NVIDIA GPU 
(8GB) + i7 platform, making it both 
computationally intensive and training-time 
efficient. Training summaries comprised 50 epochs 
with a batch size of 32, resulting in stable training 
and the acquisition of multimodal features that help 
obtain appropriate predictions. 
4.2 Evaluation Metrics 

A collection of metrics assessing different 
dimensions of predictive ability was used to 
evaluate the model's performance. Accuracy (ACC) 
measured overall correctness, and Precision (P) 
represented the fraction of relevant instances among 
the retrieved instances. Recall (sensitivity): how 
well the model can detect early seizures, which is, 
of course, essential in practice. The F1-score was 
an appropriate metric, as it strikes a good balance 
between precision and recall and can indicate a 
model's performance when data is imbalanced. We 
also employed the Area Under the Curve (AUC) 
metric to assess how effectively the model 
distinguishes between positive and negative classes 
at different threshold levels. Last but not least, the 
False Alarm Rate (FAR) was a key clinical 
usability measure, as it directly reflected the 

number of false alarms produced and was closely 
linked to the utility of real-life applications. 

The network is optimized using the Adam 
optimizer with a learning rate of 0.0001, which 
provides stable, efficient convergence. Batch size of 
32 and model trained on 50 epochs, allowing it to 
learn complex patterns. Cross-Entropy Loss 
Function: Verify Classification, prevent 
Overfitting, and improve generalization 
performance. A dropout rate of 0.5 is used here as a 
regularization technique to prevent overfitting and 
improve generalization performance. 
 
4.3 Quantitative Results 

Table 3. Performance of Proposed Model 
Metric Value 
Accuracy 93.2% 
Precision 91.8% 
Recall 92.5% 
F1-Score 92.1% 
AUC 0.95 
False Alarm Rate 0.08 

As shown in Table 3, the proposed model 
performs well, with an accuracy of 93.2%, a 
precision of 91.8%, and a recall of 92.5%, yielding 
an F1-score of 92.1%. With an AUC of 0.95, it 
demonstrates good classification performance and a 
low false alarm rate (0.08), indicating promising 
performance for future clinical evaluation. 
4.4 Compared to Existing Models 

The proposed HTMAN model was compared 
to baseline and state-of-the-art methods. 

 
Figure 6. Comparison Accuracy Analysis of various 

models 
Figure 6 shows a bar graph comparing the 
performance of various models and indicates a 
gradual increase in performance, starting with the 
traditional machine learning (SVM) and 
progressing to the advanced deep learning models. 
With an accuracy of 93.2 percent, the proposed 
HTMAN model is the most accurate, demonstrating 
the effectiveness of both transfer learning and 
multimodal fusion.  



 Journal of Theoretical and Applied Information Technology 
15th August 2026. Vol.104. No.15 

©   Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 

 
173 

 

For a controlled comparison, all baseline 
models were implemented and evaluated using the 
same patient-level data partitioning, preprocessing 
protocol, and evaluation procedure employed for 
HTMAN. 

Table 4. Model Comparison 
Model Type Accuracy F1-

Score 
AUC 

SVM (Traditional 
ML)[5][8] 

78.4% 0.75 0.80 

CNN (EEG 
Only)[11][14] 

85.6% 0.83 0.88 

CNN + LSTM[6] 87.9% 0.85 0.89 
Multimodal (No 
Transfer)[17] 

89.1% 0.87 0.91 

Transfer Learning 
(EEG Only)[16] 

90.3% 0.88 0.92 

Proposed HTMAN 93.2% 0.92 0.95 
Table 4 presents a comparative analysis of the 

different models used to predict seizure onset, and, 
as observed, the proposed HTMAN framework 
offers better results. Less modern machine learning 
models, including SVMs, perform worse, with 
78.4% accuracy and an AUC of 0.80. Deep learning 
models based solely on EEG data, such as CNN 
and CNN + LSTM, have shown substantial returns 
because they capture spatial and temporal data. 
Further gains can also be achieved with multimodal 
methods: by introducing supplementary clinical 
data and using transfer learning with EEG data. 
However, the proposed HTMAN model 
outperforms the other methods, achieving the 
highest accuracy (93.2%), F1-score (0.92), and 
AUC (0.95). This improvement indicates that 
transfer learning, together with cross-modal 
attention and temporal modeling, is effective for 
identifying seizure-related preictal patterns within 
the proposed proof-of-concept experimental 
framework. 
4.5 Key Observations 

The results demonstrate that the provided 
model achieves much higher performance (about 5-
15 percent) than classical methods, indicating that it 
is an effective tool for detecting seizures. Transfer 
learning is notable for producing large performance 
gains, particularly in low-data environments, by 
enabling the model to leverage existing 
representations to improve performance. In 
addition, EEG multimodal fusion with clinical 
features has greater predictive capacity than EEG-
based prediction techniques. An attention 
mechanism also contributes to the model's progress 
by focusing on the most significant features and 
minimizing the impact of noise. Notably, the 
reduced false alarm rate is also an important 

consideration for the future clinical evaluation of 
seizure-risk prediction systems. 
4.6 Early Prediction Performance 

The model was tested on the preictal detection 
window: 

 
Table 5. Prediction Accuracy at Different Time Intervals 

Before Seizure Onset 
Prediction Time Before Seizure Accuracy 
1 minute 95% 
3 minutes 93% 
5 minutes 90% 

Table 5 demonstrates the model's performance 
at various time points before seizure onset, 
indicating that it can predict seizure timing. Up to 
95% accuracy is achieved in identifying imminent 
seizures within 1 minute before annotated seizure 
onset, demonstrating very good short-term 
predictive capability. The prediction accuracy 
would gradually decline as the prediction window 
broadened to 93% and 90% that a seizure event will 
occur after 3 and 5 minutes, respectively. The 
gradual decline in accuracy with increasing 
prediction horizon suggests that discriminative 
preictal EEG patterns become less pronounced 
farther from seizure onset. Nevertheless, the 
observed performance across different prediction 
horizons demonstrates the model's ability to 
identify seizure-related preictal patterns and 
supports its potential for future evaluation in 
febrile-seizure risk assessment. These findings 
demonstrate the model's early-warning capability 
within the experimental setting and motivate further 
evaluation using clinically confirmed pediatric 
febrile-seizure data. 
4.7 Graphical Analysis 

Figure 7 illustrates the ROC curves for various 
classification thresholds, showing the true positive 
rate (sensitivity) and the false positive rate. The 
curve shows a steep rise to the upper-left side, 
indicating the high sensitivity and specificity of the 
proposed model. A positive change of 0.95 in terms 
of Area Under the Curve (AUC) is a confirmation 
of a high degree of discriminative power in terms of 
identification of seizure and non-seizure states. This 
indicates that the model can successfully 
discriminate between seizure-related preictal and 
interictal patterns. 
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Figure 7. Receiver Operating Characteristic (ROC) 

Curve of the Proposed HTMAN Model 
Figure 8 of the confusion matrix shows how 

the proposed model has performed in classifying 
the data, with predictions and actual labels. A 
model gives substantial evidence on predictive 
accuracy when there are numerous true positives 
and true negatives. By contrast, the false positives 
and false negatives are not very high, indicating 
that the classification is correct. These results 
demonstrate effective discrimination between 
preictal and interictal states and support further 
evaluation of the framework using clinically 
confirmed pediatric febrile-seizure cohorts. 

 
Figure 8. Confusion Matrix of Seizure Classification 

Results 
Figure 9 illustrates the trends in the model's 

training and validation loss curves over 50 epochs. 
The two curves exhibit a gradual decrease, 
indicating successful optimization and learning of 
the pertinent features. The convergence point is 
reached at epoch 35, and thereafter the loss levels 
off. The fact that the training and validation curves 
are nearly parallel indicates little overfitting, which 
the application of transfer learning and dropout 

regularization can explain. This shows that the 
model has a strong capacity to extrapolate from 
unseen data. 

 
Figure 9. Training and Validation Loss Convergence 

Curve 
4.8 Ablation Study 

Table 6. Ablation Study of the Proposed HTMAN 
Model Components 

Configuration Accuracy 
Without Transfer Learning 88.2% 
Without Clinical Features 86.7% 

Without Attention Mechanism 89.5% 
Full Proposed Model 93.2% 
Table 6 presents an ablation study examining 

the role of the major components of the proposed 
HTMAN model. The accuracy of the result 
obtained is also lower (88.2) without transfer 
learning, indicating its role in efficient feature 
extraction, particularly in limited-data settings. 
Omission of the clinical-feature branch reduced 
accuracy to 86.7%, suggesting that the multimodal 
architecture can exploit supplementary feature 
representations. However, because the clinical 
variables used in the present study were 
synthetically generated rather than prospectively 
observed and were generated independently of the 
target labels, this performance difference should be 
interpreted as an architectural proof-of-concept 
rather than evidence of the clinical predictive value 
of these variables. Validation with synchronized 
real-world clinical measurements is required to 
determine the actual contribution of clinical risk 
factors. Equally, the lack of an attention mechanism 
reduces its accuracy to 89.5, indicating that it 
focuses on salient features and eliminates noise. 
Conversely, the proposed model with all features 
achieves the highest accuracy of 93.2%, indicating 
that the combination of transfer learning, clinical 
features, and attention mechanisms improves 
overall performance and robustness. 
4.9 Statistical Significance 
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To evaluate whether the performance 
improvement achieved by HTMAN over the 
baseline CNN was statistically significant, a paired-
samples t-test was conducted using the accuracy 
values obtained across the five cross-validation 
folds. HTMAN achieved a mean accuracy of 93.20 
± 0.39%, whereas the baseline CNN achieved 85.60 
± 0.42%. The paired-samples t-test indicated a 
statistically significant difference between the two 
models, t(4) = 138.76, p = 1.62 × 10⁻⁸. These 
results indicate that HTMAN consistently achieved 
higher cross-validation accuracy than the baseline 
CNN across the evaluated folds. 

Table 7. Five-Fold Cross-Validation Performance of 
HTMAN and Baseline CNN 

Fold HTMAN 
Accuracy (%) 

CNN Accuracy 
(%) 

1 92.8 85.2 
2 93.5 86.0 
3 92.9 85.4 
4 93.7 86.1 
5 93.1 85.3 
Mean ± 
SD 

93.20 ± 0.39 85.60 ± 0.42 

 
4.10 Discussion 

According to the findings, the suggested 
HTMAN scheme is superior to current 
methodologies across all assessment criteria. 
Transfer learning allows the model to leverage pre-
trained representations and, as a result, does not 
require it to rely heavily on large datasets. Clinical 
aspect integration is given context, which leads to 
stronger predictive power, and in borderline cases, 
integration is more effective. Using this analysis, 
preictal patterns can be identified by applying the 
Bi-LSTM temporal model to predict when a 
preattack will occur. The attention mechanism 
provides feature-weighting information that may 
support model interpretability by emphasizing 
relevant EEG and clinical representations. 
4.11 Limitations of the Study 

Although the HTMAN outperformed other 
models in terms of predicting febrile seizures 
earlier, certain aspects should be considered as 
limitations to this study. One problem with the use 
of this model was that the study used synthetic 
clinical variables of EEG signals corresponding to 
publicly available datasets because of the lack of 
large-scale multi-modal clinical datasets for 
pediatric age groups. Thus, the findings of this 
analysis regarding the proposed framework may not 
reflect differences in diversity and complexity seen 
in real-world clinical populations. Second, the 
efficacy of the proposed framework was evaluated 

using off-line experiments, and challenges related 
to inference latency, computational resource 
limitations, real-time EEG streaming and hospital 
monitoring systems were not addressed. Third, 
even though the transfer learning approach did 
contribute to improving the generalisation capacity 
in the cases with few annotated EEG datasets, the 
cross-institutional clinical validation is still to be 
done, and limited EEG datasets for various public 
databases were used to test the framework's 
validity. Finally, while attention is helpful for 
interpretability, there are still other explainable AI 
techniques and evaluations from clinicians to 
further boost transparency and clinical confidence. 
They do not do without impact on the effectiveness 
of the proposed framework, but they call attention 
to important directions for future research and 
actual clinical application. 
4.12 Comparison with Existing Literature and 
Critical Analysis 

The key benefit of the proposed Hybrid 
Transfer Learning Multimodal Attention Network 
(HTMAN) is its ability to address some of the 
drawbacks of prior febrile seizure prediction 
models that are based on electroencephalogram 
(EEG). Handcrafted feature extractions are heavily 
used by current machine learning solutions, and 
they are not flexible enough with the patient 
population. Recent CNN/LSTM-based methods 
achieve higher accuracy for automatic feature 
learning and temporal modelling, but these methods 
mostly use only EEG data and rely on a large-scale 
annotated EEG database. Recently, transfer 
learning methods have removed the need for 
annotated data, but do not take clinical data into 
account. Most of the existing multimodal methods 
fail to provide effective cross-modal feature 
learning and more effective interpretability. 

The proposed experimental results show that 
the proposed HTMAN framework is able to 
overcome the drawback mentioned above, as the 
proposed model achieved an accuracy of 93.2%, an 
F1-score equal to 0.92, AUC equal to 0.95, along 
with a low false alarm ratio and early prediction of 
seizure onset 3-5 minutes before it. As a result, the 
aims of better prediction, generalisation with 
limited amounts of annotated EEG, and clinical 
interpretability have been met. 

A main research step made in this paper was 
the demonstration that the combination of the 
mentioned components in the HTMAN yields 
superior performance in comparison to their 
application separately. The proposed multimodal 
feature fusion, temporal sequence modelling, and 
attention mechanism with the integration of transfer 
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learning represents a new scientific contribution by 
proposing an effective proof-of-concept framework 
integrating seizure-related EEG representations 
with febrile-seizure clinical risk factors, 
overcoming the restrictions of limited labelled EEG 
datasets. The experimental findings indicate that 
HTMAN provides promising performance relative 
to the evaluated approaches; however, validation 
using large-scale multicenter clinical datasets is 
required before conclusions regarding clinical 
superiority can be established; however, future 
studies and validations with the use of large-scale 
multicenter clinical datasets are needed. 

5. CONCLUSION 

The early prediction of febrile seizures still 
faces many difficulties because of the limited 
availability of annotated pediatric EEG data, the 
complex temporal characteristics of EEG signals, 
and the insufficient integration of physiological and 
clinical information into existing prediction 
algorithms. All of these challenges limit the 
applicability of conventional machine learning and 
deep learning models in real-world pediatric 
healthcare. For this reason, the HTMAN model was 
proposed in the presented paper, where transfer 
learning, multimodal EEG–clinical data fusion, Bi-
LSTM-based temporal modeling, and attention 
mechanisms were integrated into a unified 
framework for early febrile seizure prediction. 

The experimental results demonstrate that 
HTMAN effectively identifies seizure-related 
preictal EEG patterns and benefits from the 
integration of transfer learning, temporal modeling, 
clinical-risk information, and multimodal attention. 
The proposed model achieved an accuracy of 
93.2%, an F1-score of 0.92, and an AUC of 0.95, 
while maintaining a false alarm rate of 0.08. 
Preictal EEG patterns could be discriminated at 
prediction horizons of up to 5 minutes before 
annotated seizure onset. Because the public EEG 
datasets used in this study do not specifically 
establish that all seizure events are fever-induced 
febrile seizures, these findings should be interpreted 
as proof-of-concept evidence for the proposed 
multimodal framework. Validation on clinically 
confirmed pediatric febrile-seizure EEG cohorts is 
required before claims regarding direct febrile-
seizure prediction or clinical deployment can be 
established. 

The experimental results support the research 
objectives by demonstrating the potential of the 
proposed HTMAN framework to identify seizure-
related preictal EEG patterns and integrate these 
representations with febrile-seizure-related clinical 

risk factors. However, the findings should be 
interpreted as proof-of-concept evidence supporting 
the feasibility of the proposed transfer-learning and 
multimodal architecture rather than as direct 
clinical validation of febrile-seizure prediction. 
Since the EEG recordings used in this study are not 
assumed to represent clinically confirmed febrile-
seizure events, future studies using prospectively 
collected EEG recordings and synchronized clinical 
measurements from pediatric patients with 
confirmed febrile seizures are required to establish 
the clinical validity, robustness, and generalizability 
of the framework.  

Despite the encouraging results, several 
limitations remain. The framework was evaluated 
using publicly available seizure EEG databases 
combined with partly synthetic febrile-seizure-
related clinical variables, and the experiments were 
conducted in an offline setting. Consequently, the 
current findings primarily establish the technical 
feasibility of integrating seizure-related EEG 
representations with febrile-seizure clinical risk 
factors. Validation using large-scale, multicenter 
pediatric datasets containing synchronized EEG 
recordings, confirmed febrile-seizure events, and 
authentic clinical records is therefore necessary to 
establish clinical effectiveness and generalizability. 

Future research will focus on validating 
HTMAN using clinically confirmed pediatric 
febrile-seizure cohorts and real-world clinical 
records. Further investigation will include wearable 
EEG acquisition, edge-computing platforms, 
advanced explainable AI methods, and prospective 
clinical evaluation to support reliable real-time 
prediction. Following successful validation on 
confirmed febrile-seizure cohorts, the proposed 
framework may provide a foundation for future 
clinically deployable systems capable of supporting 
early febrile-seizure risk assessment and timely 
pediatric clinical decision-making. 

REFERENCES 

[1] A. Tiwari, R. J. Meshram, and R. K. Singh, 
“Febrile seizures in children: A review,” 
Cureus, vol. 14, no. 11, p. e31509, Nov. 2022, 
doi: 10.7759/cureus.31509. 

[2] G. Yalçın, R. Yıldırım, E. Ünal, D. Cebeci, A. 
Ersen, B. Özyılmaz, S. Tekeş, M. Anıl, and A. 
Gürbay, “A comprehensive perspective on 
febrile seizures in children: A prospective 
cohort study with evaluation of clinical, 
laboratory, and genetic features,” Journal of 
Clinical Medicine, vol. 14, no. 22, p. 7918, 
2025, doi: 10.3390/jcm14227918. 



 Journal of Theoretical and Applied Information Technology 
15th August 2026. Vol.104. No.15 

©   Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 

 
177 

 

[3] O. Faust, U. R. Acharya, H. Adeli, and A. 
Adeli, “Wavelet-based EEG processing for 
computer-aided seizure detection and epilepsy 
diagnosis,” Seizure, vol. 26, pp. 56–64, 2015, 
doi: 10.1016/j.seizure.2015.01.012. 

[4] J. Su, Z. Huang, Y. Ma, et al., “A model for 
epileptic EEG detection and recognition based 
on multi-attention mechanism and 
spatiotemporal features,” Scientific Reports, 
vol. 15, p. 31993, 2025, doi: 10.1038/s41598-
025-17256-y. 

[5] K. Slama, A. Yahyaouy, J. Riffi, M. A. Mahraz, 
and H. Tairi, “Comprehensive review of 
machine learning and deep learning techniques 
for epileptic seizure detection and prediction 
based on neuroimaging modalities,” Visual 
Computing for Industry, Biomedicine, and Art, 
vol. 8, no. 1, p. 27, Dec. 2025, doi: 
10.1186/s42492-025-00208-8. 

[6] G. Bhanuteja, K. N. Vidyasagar, and N. A. 
Vinay, “Hybrid convolutional neural network 
and bidirectional LSTM framework for 
automated epileptic seizure detection 
supporting sustainable healthcare,” Discover 
Artificial Intelligence, vol. 6, p. 326, 2026, doi: 
10.1007/s44163-026-00942-9. 

[7] R. Lyu, “Deep learning approaches for EEG-
based healthcare applications: A 
comprehensive review,” Frontiers in Human 
Neuroscience, vol. 19, p. 1689073, Jan. 2026, 
doi: 10.3389/fnhum.2025.1689073. 

[8] Y. Sun, X. Chen, X. Zhang, and X. Cai, 
“Research on epilepsy detection methods based 
on interpretable features and machine 
learning,” PLoS One, vol. 21, no. 3, p. 
e0344164, Mar. 2026, doi: 
10.1371/journal.pone.0344164 

[9] S. Gijsen and K. Ritter, “EEG-language 
modeling for pathology detection,” arXiv 
preprint arXiv:2409.07480, Sep. 2024. 

[10] A.A. Ein Shoka, M. M. Dessouky, A. El-Sayed, 
and E. E. Hemdan, “EEG seizure detection: 
Concepts, techniques, challenges, and future 
trends,” Multimedia Tools and Applications, 
pp. 1–31, Apr. 2023, doi: 10.1007/s11042-023-
15052-2. 

[11] D. Jang, K.-Y. Jung, Y.-G. Jeon, T.-J. Kim, S. 
K. Lee, and K.-Y. Min, “Single-channel EEG-
based seizure prediction using deep learning,” 
Sci. Rep., vol. 16, Art. no. 15888, 2026, doi: 
10.1038/s41598-026-44670-7. 

[12] Y. Wu, L. Lu, A. Xu, Y. Wang, Z. Li, Z. Yang, 
L. Zeng, and Q. Li, “Neural networks for 
epilepsy detection and prediction with EEG 
signals: A systematic review,” Artif. Intell. 

Rev., vol. 59, Art. no. 30, 2026, doi: 
10.1007/s10462-025-11441-1. 

[13] J. Hu, C. Wang, Q. Jia, Q. Bu, R. Sutcliffe, and 
J. Feng, “ScalingNet: Extracting features from 
raw EEG data for emotion recognition,” 
Neurocomputing, vol. 463, pp. 177–184, 2021, 
doi: 10.1016/j.neucom.2021.08.018. 

[14] A. Rakhmatulin, M. S. Dao, A. Nassibi, and D. 
Mandic, “Exploring convolutional neural 
network architectures for EEG feature 
extraction,” Sensors, vol. 24, no. 3, p. 877, Jan. 
2024, doi: 10.3390/s24030877 

[15] T. M. Zakaria, A. Z. R. Langi, D. Mahayana, 
and I. Anshori, “Focus detection using EEG: 
Trends, challenges, advantages, application 
areas, background, and implementation,” in 
Health Information Science (HIS 2025), E. R. 
Kaburuan and S. Goundar, Eds., Lecture Notes 
in Computer Science, vol. 16392. Singapore: 
Springer, 2026, doi: 10.1007/978-981-95-6304-
3_20. 

[16] U. Mohammad and F. Saeed, “SPERTL: 
Epileptic seizure prediction using EEG with 
ResNets and transfer learning,” in Proc. IEEE-
EMBS Int. Conf. Biomed. Health Informatics 
(BHI), 2022, pp. 1–5, doi: 
10.1109/BHI56158.2022.9926767. 

[17] W. Xiong, E. S. Nurse, E. Lambert, M. J. 
Cook, and T. Kameneva, “Seizure forecasting 
using long-term electroencephalography and 
electrocardiogram data,” Int. J. Neural Syst., 
vol. 31, no. 9, Art. no. 2150039, Sep. 2021, 
doi: 10.1142/S0129065721500398.  

[18] D. Yedurkar, S. Metkar, T. Stephan, et al., 
“SPA-IoT with MCSV-CNN: A novel IoT-
enabled method for robust pre-ictal seizure 
prediction,” BMC Medical Informatics and 
Decision Making, vol. 25, p. 354, 2025, doi: 
10.1186/s12911-025-03191-5. 

[19] M. Ennab and H. Mcheick, “Enhancing 
interpretability and accuracy of AI models in 
healthcare: A comprehensive review on 
challenges and future directions,” Frontiers in 
Robotics and AI, vol. 11, p. 1444763, Nov. 
2024, doi: 10.3389/frobt.2024.1444763. 

[20] T. Shaik, X. Tao, H. Xie, et al., “Towards 
transparent deep learning in medicine: Feature 
contribution and attention mechanism-based 
explainability,” Human-Centric Intelligent 
Systems, vol. 5, pp. 209–229, 2025, doi: 
10.1007/s44230-025-00104-7. 

[21] A. Harati, S. Lopez, I. Obeid, M. Jacobson, J. 
Tobochnik, and J. Picone, “The Temple 
University Hospital EEG Corpus: A large-scale 
corpus of clinical EEG data,” Frontiers in 



 Journal of Theoretical and Applied Information Technology 
15th August 2026. Vol.104. No.15 

©   Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 

 
178 

 

Neuroscience, vol. 8, p. 353, 2014, doi: 
10.3389/fnins.2014.00353. 

[22] A. Shoeb, “Application of machine learning to 
epileptic seizure onset detection and 
treatment,” Ph.D. dissertation, Massachusetts 
Institute of Technology, 2009. (Dataset: CHB-
MIT Scalp EEG Database) 


