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ABSTRACT

A seizure is a sudden, uncontrolled surge of electrical activity in the brain that affects millions of 
people leading to serious impairments. Seizures can be caused by many factors commonly attributed 
to epilepsy; however, other factors, such as brain tumors and drugs, can induce seizures as well. Such 
seizures, especially in early childhood, can have a devastating impact on a child’s development, or 
induce physical harm due to the immediate loss of consciousness and other severe side effects. Currently, 
seizure treatments are limited, with medications and surgery being the two main points. However, 
models based on artificial intelligence and machine learning have emerged as newer prevention methods 
for seizure treatments, allowing for forecasting ahead of time to apply treatments in case a seizure can 
happen. This systematic review paper investigates recent literature, from 2022 to 2025, and explores 
the application of artificial intelligence and machine learning to seizure forecasting and detection. The 
sources are screened through the PRISMA (Preferred Reporting Items for Systematic Reviews and 
Meta-Analyses) flowchart. Additionally, the review addresses the limitations, reliability, accuracy, and 
barriers to widespread use indicating that seizure care is shifting from reaction to prediction. Through 
artificial intelligence and machine learning, seizures can now be detected before they occur, allowing 
earlier intervention and improved patient safety. This review establishes the state of the art in models, 
performance, and challenges, and will help researchers continue to advance in the realm of seizure 
forecasting, thereby improving the quality of life of many people around the globe.
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INTRODUCTION

Seizures impact over 50 million people around the 
world, and one in ten people has a seizure at one point 
in their lives (1). A seizure is a sudden, uncontrolled 
surge of electrical activity in the brain that causes 

temporary changes in muscle control, behavior, 
sensation, or awareness (2). This occurs through 
mechanisms such as increased activity of the excitatory 
neurotransmitter glutamate and reduced activity of 
the inhibitory neurotransmitter GABA, which are 
typically attributed to epilepsy but can also result from 
other factors (3). Consequently, a single stimulation 
triggers repetitive, high-frequency firing (a paroxysmal 
depolarization shift) that can spread to other neurons 
through synchronized activity and failed inhibition (4). 
Symptoms of seizures can include, but are not limited 
to, confusion, uncontrollable movement, nausea, and 
loss of consciousness (5). Seizures can happen to anyone 
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and can happen anywhere, and even minor seizures in 
muscles may lead to bigger consequences. 

There are a multitude of types of seizures as well, 
such as focal seizures, which happen in one part of the 
brain and the patient will be confused or in a dream-like 
state and may lose consciousness along with generalized 
seizures, occurring due to abnormal activity on both 
hemispheres of the brain and will lead to body stiffening, 
loss of consciousness, and jerking movements (6). These 
are the two types of seizures that encompass additional 
subtypes. A person of any age can experience a seizure, 
whether a child, a teenager, an adult, or an older adult (7). 

Treatment options for seizures include antiseizure 
medications such as levetiracetam and carbamazepine, as 
well as surgical interventions like lobectomy to remove 
seizure-generating brain tissue. Other approaches 
include vagus nerve stimulation, which delivers electrical 
impulses to reduce seizure activity, and dietary therapies 
(8). For immediate treatment of acute seizures, diazepam 
(9) or midazolam (10) can be administered by injection 
or nasal spray. 

Seizures may be prevented depending on the 
strength, amplitude, and energy of the seizure (11). There 
is also no single threshold for preventable seizures, as 
individuals differ (12). Historically, seizure detection 
relied primarily on visual observation, detailed written 
logs, or visual/audio recordings of the event (13). These 
methods, however, were not very accurate due to their 
subjective nature, false alarms, and inaccurate visual/
sensory detection. Additionally, limited technology 
meant that logs or recordings could only be viewed after 
the seizure had occurred, thereby being ineffective for 
prevention (14). Moving on to modern methods, seizures 
can be monitored using cameras, electroencephalography 
(EEG) (15), bed sensors (16), and other wearable devices 
(16).

In recent years, integration of artificial intelligence 
and medical devices reinforced capabilities to analyze 
brain waves and correlate them to forecast a seizure. 
Accordingly, the waves can be used to train specialized 
models, such as Generative Adversarial Networks 
(GANs) (17), Deep Learning Models, and others. Such 
models can also be incorporated into wearable devices 
that are then worn to allow early detection of seizures, 
and immediate notification will facilitate timely 
intervention. For instance, a person can be rushed to 
emergency care, administered antiseizure medications 
(as previously mentioned), or prepared to minimize 
seizure-related harm, such as physical injury to others. 
Benefits of early intervention include reduced risk of 

injury and brain damage from prolonged seizures, 
immediate assistance, peace of mind, and improved 
quality of life for the caregiver or affected person, 
among others (18). Therefore, in recent years, artificial 
intelligence and machine learning have become state-
of-the-art for seizure detection (13), providing detailed 
reports of seizures before they occur. Nowadays, artificial 
intelligence or machine learning can achieve 80-99% 
accuracy and detect seizures up to an hour before they 
occur, and some devices will even contact emergency 
services without manual input (20). 

This comprehensive review examines the use 
of artificial intelligence and machine learning for 
seizure detection. Additionally, the overview of the 
current research landscape in state-of-the-art seizure 
detection and prevention serves as an initial reference 
for researchers seeking to pursue further work in this 
area. This review will also include summarized datasets 
for seizure forecasting applications, state-of-the-art 
detection models, primary issues in artificial intelligence 
and machine learning, the number of published articles 
on seizure detection, and the future reliability of artificial 
intelligence and machine learning for early seizure 
detection.

METHODS AND MATERIALS 

Study Design
This study was conducted as a systematic review of 

the literature examining artificial intelligence (AI) and 
machine learning (ML) approaches in seizure detection 
and forecasting. The review was guided by the Preferred 
Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) framework to ensure transparency 
and reproducibility. The research was structured around 
five predefined research questions, summarized in Table 1. 

Search Strategy
A structured literature search was performed using 

Google Scholar. The following search query was applied: 
(“Seizure”) AND (“Detection” OR “Prediction” OR 
“Diagnosis” OR “Forecast”) AND (“Machine Learning” 
OR “Artificial Intelligence” OR “Algorithms” OR 
“Brainwaves” OR “Reliability” OR “Accuracy” OR 
“Performance”). The survey employed multiple criteria, 
as listed below.

Inclusion criteria
Studies were selected based on predefined inclusion 

and exclusion criteria to ensure relevance and quality. 
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Eligible studies were required to be original research 
articles published between 2022 and 2025, with a 
minimum of 25 citations to indicate credibility. In 
addition, included studies had to present quantitative 
results, address at least one of the predefined research 
questions, and contain at least one relevant keyword in 
the article title.

Exclusion criteria
Studies were excluded if they were duplicate records, 

review articles, or contained misleading or non-original 
content. Articles that did not focus on machine learning 
applications in seizure detection were also excluded. 
Furthermore, studies without publicly accessible full 
texts and those not written in English were omitted from 
the analysis.
 
RESULTS AND DISCUSSION

The results of the study are presented below. Figure 
1 is the PRISMA flow diagram outlining the phases of 
the article review, retrieved from Google Scholar via 
the search query. Initially the SCOPUS search resulted 
in 902,000 results, however they were screened for the 
exclusion criteria with 876,500 records identified as not 
being between 2022-2025 and the keywords not in the 
title leading to excluding 24,688 records, also removing 
75 unoriginal records, 622 non-specific records, and 60 
records that did not provide full text. Out of the remaining 
55 records that were screened, 0 were excluded. The 55 

records were then sought to be retrieved, 42 were not 
retrieved, leading 13 to be assessed for eligibility and 
eventually having those 13 studies included in the review. 

Figure 1. Prisma Flowchart. The diagram shows the 
route data taken from the initial search towards the final 
selected papers.

Table 1. Overview of Research Questions explored in this Research Paper.

Research 
Questions

Research 
Question 1 

(RQ1)

Research 
Question 2

(RQ2)

Research 
Question 3 (RQ3)

Research 
Question 4

(RQ4)

Research 
Question 5

(RQ5)
Question Available 

datasets 
accessible 
for seizure 
forecasting 
applications.

State-of-the-art 
performance of seizure 
detection models.

Primary issues 
regarding artificial 
intelligence in its 
ability to be used 
within a seizure 
detection application.

The current number 
of published articles 
regarding seizure 
detection.

The paths artificial 
intelligence will 
take to become 
more reliable and 
dependable for early 
seizure forecasting.

Why 
should it be 
explored

The question 
helps identify 
datasets to 
review.

The performance of 
state-of-the-art models 
is useful for comparing 
with traditional models 
and for estimating future 
performance.

Artificial Intelligence 
is not always reliable, 
and several key issues 
need to be addressed 
for it to be used 
correctly.

This will help 
identify when 
the articles were 
published and 
whether they are 
more prevalent now.

New paths help 
increase awareness 
and future proof, so 
people will have more 
trust in this idea.
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RQ1: Available datasets accessible involving seizure 
forecasting applications

Table 2 presents four datasets covering a range of 
subjects, collected in a controlled environment. The 
table identifies each dataset by name, its modality, how 
it gains data, the amount of data, quantifiable in hours 

or number of files, the year the dataset was published, 
the number of subjects participating in the dataset, the 
authors of the dataset, examples of where the dataset is 
used in published works, and a description of the datasets 
information. 

Table 2. Datasets with data related to seizure patients.

Dataset CHB-MIT Scalp EEG 
Dataset

Freiburg Hospital iEEG 
Dataset

EPILPSIAE 
Dataset

Empatica EpiMonitor 
Study

Modality EEG Intracranial 
Electroencephalography 
(iEEG)

sEEG & iEEG Wearables

Amount of 
data

664 EDF files with 
recordings from 22 
pediatric patients

509 hours of intracranial 
EEG data from 21 
patients, including about 
87 seizures

40,000 hours of recording; 
documenting 2,700 seizures 
across over 300 patients; a 
subset of data focusing on 
temporal lobe epilepsy includes 
5,600 hours of recording with 
227 seizures from 41 patients.

Ongoing, estimated 
thousands of hours of 
patient recordings

Year 2010 2012 2012 2024
Number of 
subjects

22 subjects 21 patients (focal 
epilepsy)

Over 300 patients Varies, some studies 
report in the hundreds, 
while others in the 
thousands

Author(s) Jack Connolly, REEGT; 
Herman Edwards, 
REEGT; Blaise 
Bourgeois, MD; and 
S. Ted Treves, MD. 
Investigators from MIT 
include Ali Shoeb, PhD 
and Professor John 
Guttag.

Andreas Schulze-
Bonhage,
Michael Dümpelmann,
R. Winterhalder,
B. Schelter,
J. Timmer,

Matthias Ihle,
Hinnerk Feldwisch-Drentrup,
Andreas Schulze-Bonhage,
César A. Teixeira,
Adrien Witon,
Björn Schelter,
Jens Timmer

Rosalind W. Picard,
Matteo Z. Poh,
Tanusri Pal Attia,
Tomás Loddenkemper,
Giacomo Regalia,
Maurizio Onorati,
Caterina Carboni

Used in 
literature

Machine Learning 
approaches, Deep 
Learning Methods, CNNs, 
RNNs, LSTMs, (20,21)

Machine Learning and 
Deep Learning, Epileptic 
Seizure Prediction 
and Detection, feature 
extraction, Epileptic 
Seizure Prediction and 
Detection, SVMs, LNNs, 
(22,23), (24).

Clinical Trials, Artificial 
Intelligence approaches, 
epilepsy research, seizure 
detection or prediction, and 
machine learning in EEG, 
(25),(26),(27),(28)

Clinical trials, SUDEP, 
algorithm validation, 
seizure forecasting, 
major pharmaceutical 
companies for 
treatments, and other 
extensive scientific 
papers

Description A widely used dataset 
for seizure detection 
and prediction, offering 
continuous EEG 
recordings from pediatric 
patients.

Contains intracranial 
EEG recordings from 
adult patients, useful for 
high-resolution seizure 
analysis.

Provides data on patients with 
drug-resistant epilepsy, aiding 
the development of forecasting 
models.

A real-world dataset 
collected via a 
wearable device, 
aiming to develop 
seizure forecasting 
algorithms.
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RQ3: Primary issues regarding artificial intelligence 
in its ability to be used within a seizure detection 
application

There are several issues related to artificial 
intelligence in seizure detection applications. These 
include accuracy, the amount of data needed in datasets, 
the quality of those datasets, the usefulness of detection 
relative to forecasting, regulatory approval (FDA), 
and real-time/latency issues (29). Accuracy is a major 
concern; if many false positives are generated, this 
would lead the patient to overuse emergency medications 
and to distrust the artificial intelligence’s reliability (13). 
Another major issue identified is the large volume of 
data required; researchers concluded that the volume is 
overwhelming and must be of such high quality that it is 
not yet fully developed (30). Additionally, some models 
are designed solely for detection, which is less helpful 
than forecasting because no preventive measures can 
be taken (13). Furthermore, FDA approval is difficult to 
obtain, particularly given the invasive nature of iEEG 
(31), which requires placement within the brain; although 
the procedure is generally considered safe, constant 
monitoring of EEG signals is still required. Finally, real-
time and latency issues arise because no technology has 
yet been developed to reliably transmit data from an 
iEEG to a patient-monitoring device; this process can 
also be harmful, as radio waves may interfere with brain 
function and even cause internal damage (32).

RQ4: The current number of published articles 
regarding seizure detection

There is a substantial body, over 40, of published 
datasets on seizure detection. Evaluation using these 

RQ2: State-of-the-art performance of seizure 
detection models

In a study aimed at assessing the accuracy of advanced 
mathematical models in seizure forecasting, researchers 
developed a seizure-prediction wearable model based 
on electrocardiogram, electroencephalogram, and 
photoplethysmography (19). The developed seizure-
prediction model has been validated only under static, 
fixed conditions. To compare with clinical data, a model 
based on Boosted Trees (19)using eight predictors 
achieved 91.5% prediction accuracy using only data 
from the wearable device. Based on the accuracy of the 
predictive model, the developed state-of-the-art device, 
the best technology, can potentially serve as a support 
tool to determine status epilepticus, a severe seizure 
classified as being over 5 minutes (23), and prevent 
a seizure, thereby improving the lives of people with 
epilepsy. Deep Learning Models, complex networks to 
identify patterns in large amounts of data, using raw 
EEG signals, such as fully convolutional neural networks 
(CNN), have achieved an area under the curve (AUC) 
of 98.5% in neonatal seizure detection (19). A model 
using the CHB-MIT dataset achieved a true-positive 
rate of 92.23% and an average prediction time (time 
before seizure onset) of 23.60 minutes on the scalp of 
patients, consistent with the findings of (25). Table 3 
lists model types, their seizure-detection task (whether 
to detect a seizure after it has occurred or to predict 
future seizures), performance quantified as accuracy 
percentages, publication year, and the resources required 
for model operation. Due to the limited data and models, 
Table 3 draws models from outside the inclusion criteria 
(2022-2025) to provide thorough information.

Table 3. Machine Learning Models for Seizure Forecasting presents a comparison of model types that can be used for seizure 
forecasting/detection, along with their performance metrics to each other with their publishing date, with the required resources 
needed to function the model.

Model type Detection vs 
Forecast Performance Year of 

Publishing Required resources

Deep learning 
models

Detection AUC of 98.5% in neonatal seizure 
detection.

2020 Raw EEG signals need to be 
attached to the machine

Feature 
Embedding 
Approaches

Detection Embedding raw EEG data has led to 100% 
sensitivity and 99% specificity in seizure 
detection tasks.

2012 Continuous monitoring with 
iEEG

Generative 
Adversarial 
Networks

Forecast Performance varies; 77.68% accuracy for 
the CHB-MIT dataset and 65.05% for the 
EPILEPSIAE dataset.

2014 Require EEG signals after 
being trained with multiple 
datasets
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EDA is increased during pre-ictal, ictal, and postictal 
periods (39). Additionally, wearables are able to gain 
this information, which is why companies like Empatica 
use this technology to have non-invasive monitoring, 
providing people seizure forecasting.

RQ5: The paths artificial intelligence will take in the 
future to become more reliable and dependable for 
early seizure forecasting

In the future, artificial intelligence will require 
further improvements before it can be used on a scale 
in commercial settings. Such changes concern accuracy 
and reliability, as patients need to trust that what they 
are using is correct and provides reliable information that 
can be acted upon. As a solution, additional data will be 
obtained through increased model training and testing, 
as well as reliability testing with research participants. 
This is consistent with patients’ experiences with 
wearables, including negative experiences (40). There is 
also an emerging interest in personalized models (41), 
similar to OpenAI’s ChatGPT, that use a person’s data 
to augment existing datasets and improve prediction 
accuracy. Regulatory compliance is also a consideration 
that must be addressed and requires approval from the 
FDA’s medical device division, the Center for Devices 
and Radiological Health (CDRH). As a result, some 
experiments are still conducted in hospitals, particularly 
with multimodal approaches (42). Finally, clinician 
trust is required for these wearables and other devices, 
through exposure and trustable data, as physicians must 
be able to prescribe them and have full confidence in 
the performance of artificial intelligence or machine 
learning, therefore hospitals in China, have multiple 
physicians exposed to this technology (43) which allows 
physicians to already know if the technology works and 
whether or not to prescribe it. Lastly, to guide future 
research, it is heavily important for it to cover accuracy, 
as it is a major factor when considering if people will 
choose the modern over traditional methods.

Some limitations in this study were the lack of 
access to Empatica data systems along with this paper 
being a systematic review and not having experimental 
knowledge to base this review off of. Furthermore, there 
were difficulties in finding accessible data, as most data 
was not in the subject timeframe as found in Figure 1, 
along with recent works not being included due to not 
having enough citations (<25), with 2026 papers not 
being included. Another area for future researchers is 
to incorporate and encompass the significance of these 
methods’ comparative to the effects if not used.

datasets demonstrates that Machine Learning and 
artificial intelligence are becoming increasingly effective 
and approaching perfection in the modern era. As 
explored in Table 2 and reference (33), the SH-SDU and 
CHB-MIT EEG datasets achieve an accuracy of 95% 
or higher. Furthermore, the current media landscape in 
the scientific world is shifting its focus toward artificial 
intelligence and machine learning approaches. These 
approaches now require ever more training data and a 
constant feed of information, leading to the rise of iEEG 
(34). Additionally, multimodal approaches are emerging 
as a new direction in external hospital monitoring (35). 
Currently, these are the only available approaches, 
constrained by technological limitations and federal 
regulations, that permit data collection only via EEGs 
and EMGs (36). Finally, there is an emerging interest 
in wearables, with the seizure prediction wearable 
market projected to reach 1.41B in 2025, such as those 
from Empatica (37), which enable easy, real-time data 
collection for both the company’s research and direct 
data feed to a person’s cellular device for monitoring. 
Wearables are a promising future, as they can be always 
worn without discomfort and provide real-time data 
feedback. Figure 2 shows a medical signal chart from 
(37) using variable data to make diagnostic decisions. 
The figure uses electrodermal activity (EDA), and it is 
relevant towards seizure forecasting, as EDA is a marker 
for the sympathetic nervous system and data shows 

Figure 2. Seizure Analysis. The figure presents a chart 
comparing data-collection modalities and their accuracy 
relative to analysis, providing electrodermal activity and 
its effect on autonomic disruption over time. Figure from 
(38).



AI and ML in Seizure Forecasting and Detection

March 2026    Vol. 4 No. 2    American Journal of Student Research    www.ajosr.org 212

CONCLUSION 

The use of artificial intelligence and machine 
learning has shown significant potential in enabling 
seizure prevention by improving monitorization methods 
and streamlining care for patients who require or prefer 
alternatives to traditional treatments. Continuing this, 
future work should focus on improving the clinical 
translation of seizure forecasting models by prioritizing 
the development of streamlined and generalized models; 
capable of performing consistently across diverse patient 
populations, accounting for variability in seizure types 
and data quality. Expanding and standardizing both 
large-scale and high-quality datasets will be essential to 
improving model accuracy and reproduction, whilst also 
allowing for comparison between researchers. In parallel, 
research should emphasize the integration of these models 
into real-time clinical and wearable monitoring systems, 
such as hospital-based neurological equipment and 
portable devices, like watches accessible by cellphones; 
should allow for both continuous and nonintrusive early 
seizure forecasting allowing for timely intervention by 
healthcare providers. Ensuring model interpretability and 
transparency is critical for building clinician trust and 
allowing for adoption in healthcare workflows, alongside 
careful prospective clinical checks to evaluate safety, 
accuracy, and impact on patient outcomes. Furthermore, 
collaboration between data scientists, neurologists, 
biomedical engineers, and other healthcare providers in 
this field, technology, seizure related, or parallel, will 
play a central role in bridging the gap between simple 
technological innovation and healthcare implementation. 
Future research should also explore personalized and 
adaptable learning approaches that tailor individualized 
predictions to patients, as well as address the ethical, 
regulatory, and data privacy considerations associated 
with artificial intelligence driven decision making in 
seizure care. By going headfirst against these challenges, 
this paper can help guide the next generation of research 
toward clinically viable, patient centered solutions 
that not only improve seizure forecasting accuracy but 
also reduce treatment load, minimize physical and 
psychological effects, and ultimately enhance the quality 
of life for individuals living with seizures or epilepsy. 

ACKNOWLEDGEMENTS 

I would like to acknowledge Joe Xiao and Morteza 
Sarmadi for their support and mentorship in the creation 
of this paper.

CONFLICT OF INTEREST

The author declares that there are no conflicts of 
interest related to this work.

REFERENCES

1.	 Anwar H, Khan QU, Nadeem N, Pervaiz I, Ali M, 
Cheema FF. Epileptic seizures. Discoveries. 8 (2): 
e110. doi:10.15190/d.2020.7 PubMed PMID: 32577498; 
PubMed Central PMCID: PMC7305811. 

2.	 Fisher RS, Acevedo C, Arzimanoglou A, Bogacz 
A, Cross JH, Elger CE, et al. ILAE official report: a 
practical clinical definition of epilepsy. Epilepsia. 2014 
Apr; 55 (4): 475–82. doi:10.1111/epi.12550 PubMed 
PMID: 24730690. 

3.	 Jewett BE, Sharma S. Physiology, GABA. In: 
StatPearls [Internet]. Treasure Island (FL): StatPearls 
Publishing; 2025 [cited 2025 Dec 3]. Available from: 
http://www.ncbi.nlm.nih.gov/books/NBK513311/ 
PubMed PMID: 30020683. 

4.	 Tryba AK, Merricks EM, Lee S, Pham T, Cho S, Nordli 
DR, et al. Role of paroxysmal depolarization in focal 
seizure activity. J Neurophysiol. 2019 Nov 1; 122 (5): 
1861–73. doi:10.1152/jn.00392.2019 PubMed PMID: 
31461373; PubMed Central PMCID: PMC6879965. 

5.	 Kammerman S, Wasserman L. Seizure disorders: 
Part 1. Classification and diagnosis. West J Med. 
2001 Aug; 175 (2): 99–103. doi:10.1136/ewjm.175.2.99 
PubMed PMID: 11483551; PubMed Central PMCID: 
PMC1071497. 

6.	 Sarmast ST, Abdullahi AM, Jahan N. Current 
Classification of Seizures and Epilepsies: Scope, 
Limitations and Recommendations for Future Action. 
Cureus. 12 (9): e10549. doi:10.7759/cureus.10549 
PubMed PMID: 33101797; PubMed Central PMCID: 
PMC7575300. 

7.	 Lovik K, Murr NI. Seizure. In: StatPearls [Internet]. 
Treasure Island (FL): StatPearls Publishing; 2025 
[cited 2026 Jan 25]. Available from: http://www.ncbi.
nlm.nih.gov/books/NBK430765/ PubMed PMID: 
28613516. 

8.	 Ghosh S, Sinha JK, Khan T, Devaraju KS, Singh P, 
Vaibhav K, et al. Pharmacological and Therapeutic 
Approaches in the Treatment of Epilepsy. 
Biomedicines. 2021 Apr 25; 9 (5): 470. doi:10.3390/
biomedicines9050470 PubMed PMID: 33923061; 
PubMed Central PMCID: PMC8146518. 

9.	 Calcaterra NE, Barrow JC. Classics in Chemical 
Neuroscience: Diazepam (Valium). ACS Chem 
Neurosci. 2014 Feb 19; 5 (4): 253–60. doi:10.1021/
cn5000056 PubMed PMID: 24552479; PubMed 



AI and ML in Seizure Forecasting and Detection

March 2026    Vol. 4 No. 2    American Journal of Student Research    www.ajosr.org 213

Central PMCID: PMC3990949. 
10.	 Lingamchetty TN, Hosseini SA, Patel P, Saadabadi A. 

Midazolam. In: StatPearls [Internet]. Treasure Island 
(FL): StatPearls Publishing; 2025 [cited 2025 Dec 3]. 
Available from: http://www.ncbi.nlm.nih.gov/books/
NBK537321/ PubMed PMID: 30726006. 

11.	 Lado FA, Moshé SL. How do seizures stop? Epilepsia. 
2008 Oct; 49 (10): 1651–64. doi:10.1111/j.1528-
1167.2008.01669.x PubMed PMID: 18503563; PubMed 
Central PMCID: PMC2738747. 

12.	 Walker MC, Galovic M, Álvarez‐Barón E, Strzelczyk 
A. Seizures beget more than seizures: Understanding 
the cellular, structural, individual and societal impact 
of seizures in epilepsy. Epilepsia Open. 2025 Oct 10; 
10 (6): 1762–73. doi:10.1002/epi4.70143 PubMed PMID: 
41071564; PubMed Central PMCID: PMC12716293. 

13.	 Kerr WT, McFarlane KN, Figueiredo Pucci G. The 
present and future of seizure detection, prediction, 
and forecasting with machine learning, including the 
future impact on clinical trials. Front Neurol. 2024 
Jul 11; 15: 1425490. doi:10.3389/fneur.2024.1425490 
PubMed PMID: 39055320; PubMed Central PMCID: 
PMC11269262. 

14.	 Sreenivasan N, Gargiulo GD, Gunawardana 
U, Naik G, Nikpour A. Seizure Detection: A 
Low Computational Effective Approach without 
Classification Methods. Sensors. 2022 Nov 3; 22 
(21): 8444. doi:10.3390/s22218444 PubMed PMID: 
36366141; PubMed Central PMCID: PMC9657642. 

15.	 Müller-Putz G, Riedl R, C S. Electroencephalography 
(EEG) as a Research Tool in the Information 
Systems Discipline: Foundations, Measurement, and 
Applications. Commun Assoc Inf Syst. 2015 Nov 1; 37 
(1). doi:10.17705/1CAIS.03746 

16.	 Atwood AC, Drees CN. Seizure Detection Devices. 
Neurol Clin Pract. 2021 Oct; 11 (5): 367–71. 
doi:10.1212/CPJ.0000000000001044 PubMed PMID: 
34840863; PubMed Central PMCID: PMC8610510. 

17.	 Gui J, Sun Z, Wen Y, Tao D, Ye J. A Review on 
Generative Adversarial Networks: Algorithms, 
Theory, and Applications [Internet]. arXiv; 2020 
[cited 2025 Dec 3]. Available from: http://arxiv.org/
abs/2001.06937 doi:10.48550/arXiv.2001.06937 

18.	 van Heugten C, Renaud I, Resch C. The role of early 
intervention in improving the level of activities 
and participation in youths after mild traumatic 
brain injury: a scoping review. Concussion. 2017 
Aug 10; 2 (3): CNC38. doi:10.2217/cnc-2016-0030 
PubMed PMID: 30202580; PubMed Central PMCID: 
PMC6093851. 

19.	 Zambrana-Vinaroz D, Vicente-Samper JM, Manrique-
Cordoba J, Sabater-Navarro JM. Wearable Epileptic 
Seizure Prediction System Based on Machine 

Learning Techniques Using ECG, PPG and EEG 
Signals. Sensors. 2022 Jan; 22 (23): 9372. doi:10.3390/
s22239372 

20.	 Ali E, Angelova M, Karmakar C. Epileptic seizure 
detection using CHB-MIT dataset: The overlooked 
perspectives. R Soc Open Sci. 2024 May 29; 11 (5): 
230601. doi:10.1098/rsos.230601 

21.	 Ozdemir N, Yildirim E. Patient Specific Seizure 
Prediction System Using Hilbert Spectrum and 
Bayesian Networks Classifiers. Comput Math Methods 
Med. 2014; 2014: 572082. doi:10.1155/2014/572082 
PubMed PMID: 25246941; PubMed Central PMCID: 
PMC4163414. 

22.	 Nesaei S, Sharafat AR. Real-time Detection of 
Precursors to Epileptic Seizures: Non-Linear Analysis 
of System Dynamics. J Med Signals Sens. 2014; 4 (2): 
103–12. PubMed PMID: 24761374; PubMed Central 
PMCID: PMC3994714.  https://doi.org/10.4103/2228-
7477.130467

23.	 Wylie T, Sandhu DS, Murr NI. Status Epilepticus. In: 
StatPearls [Internet]. Treasure Island (FL): StatPearls 
Publishing; 2025 [cited 2025 Dec 27]. Available from: 
http://www.ncbi.nlm.nih.gov/books/NBK430686/ 
PubMed PMID: 28613459. 

24.	 Mirchi N, Warsi NM, Zhang F, Wong SM, Suresh 
H, Mithani K, et al. Decoding Intracranial EEG 
With Machine Learning: A Systematic Review. 
Front Hum Neurosci. 2022 Jun 27; 16. doi:10.3389/
fnhum.2022.913777 

25.	 Kode H, Elleithy K, Almazaydeh L. Epileptic Seizure 
Detection in EEG Signals Using Machine Learning 
and Deep Learning Techniques. IEEE Access. 2024; 
12: 80657–68. doi:10.1109/ACCESS.2024.3409581 

26.	 Al-Adhaileh MH, Ahmad S, Alharbi AA, Alarfaj 
M, Dhopeshwarkar M, Aldhyani THH. Diagnosis of 
epileptic seizure neurological condition using EEG 
signal: a multi-model algorithm. Front Med. 2025 
May 20; 12: 1577474. doi:10.3389/fmed.2025.1577474 
PubMed PMID: 40463980; PubMed Central PMCID: 
PMC12129907. 

27.	 Ihle M, Feldwisch-Drentrup H, Teixeira CA, Witon 
A, Schelter B, Timmer J, et al. EPILEPSIAE – A 
European epilepsy database. Comput Methods 
Programs Biomed. 2012 Jun 1; 106 (3): 127–38. 
doi:10.1016/j.cmpb.2010.08.011 

28.	 Andrade I, Teixeira C, Pinto M. On the performance 
of seizure prediction machine learning methods 
across different databases: the sample and alarm-
based perspectives. Front Neurosci. 2024 Jul 15; 18. 
doi:10.3389/fnins.2024.1417748 

29.	 Farooq MS, Zulfiqar A, Riaz S. Epileptic Seizure 
Detection Using Machine Learning: Taxonomy, 
Opportunities, and Challenges. Diagnostics. 2023 Jan; 



AI and ML in Seizure Forecasting and Detection

March 2026    Vol. 4 No. 2    American Journal of Student Research    www.ajosr.org 214

13 (6): 1058. doi:10.3390/diagnostics13061058 
30.	 Cohen B, Vawdrey DK, Liu J, Caplan D, Furuya EY, 

Mis FW, et al. Challenges Associated With Using 
Large Data Sets for Quality Assessment and Research 
in Clinical Settings. Policy Polit Nurs Pract. 2015 
Aug; 16 (0): 117–24. doi:10.1177/1527154415603358 
PubMed PMID: 26351216; PubMed Central PMCID: 
PMC4679583. 

31.	 Jobst BC, Bartolomei F, Diehl B, Frauscher B, Kahane 
P, Minotti L, et al. Intracranial EEG in the 21st 
Century. Epilepsy Curr. 2020 Jul 1; 20 (4): 180–8. 
doi:10.1177/1535759720934852 

32.	 Emmady PD, Asuncion RMD, Anilkumar AC. EEG 
Abnormal Waveforms. In: StatPearls [Internet]. 
Treasure Island (FL): StatPearls Publishing; 2025 
[cited 2026 Jan 10]. Available from: http://www.ncbi.
nlm.nih.gov/books/NBK557655/ PubMed PMID: 
32491587. 

33.	 Zhang Y, Yao S, Yang R, Liu X, Qiu W, Han L, et al. 
Epileptic Seizure Detection Based on Bidirectional 
Gated Recurrent Unit Network. IEEE Trans Neural 
Syst Rehabil Eng. 2022; 30: 135–45. doi:10.1109/
TNSRE.2022.3143540 

34.	 Qamar WUR, Lee MH, Abibullaev B. Deep 
learning in intracranial EEG for seizure detection: 
advances, challenges, and clinical applications. Front 
Neurosci. 2025 Oct 30; 19: 1677898. doi:10.3389/
fnins.2025.1677898 PubMed PMID: 41245840; 
PubMed Central PMCID: PMC12611905. 

35.	 Nielsen JM, Kristinsdóttir ÁE, Zibrandtsen IC, 
Masulli P, Ballegaard M, Andersen TS, et al. Out-of-
hospital multimodal seizure detection: a pilot study. 
BMJ Neurol Open. 2023 Aug 2; 5 (2): e000442. 
doi:10.1136/bmjno-2023-000442 PubMed PMID: 
37547054; PubMed Central PMCID: PMC10401242. 

36.	 Gohel V, Mehendale N. Review on electromyography 
signal acquisition and processing. Biophys Rev. 2020 

Nov 10; 12 (6): 1361–7. doi:10.1007/s12551-020-
00770-w PubMed PMID: 33169207; PubMed Central 
PMCID: PMC7755956. 

37.	 C2C Digital Magazine (Spring / Summer 2017) 
[Internet]. [cited 2026 Jan 10]. C2C Digital Magazine 
(Spring / Summer 2017): Affective Computing. 
Available from: https://scalar.usc.edu/works/c2c-digital-
magazine-spring--summer-2017/affective-computing 

38.	 Empatica [Internet]. [cited 2026 Jan 25]. Research on 
seizure detection and sympathetic activation. Available 
from: https://www.empatica.com/research/science 

39.	 Casanovas Ortega M, Bruno E, Richardson MP. 
Electrodermal activity response during seizures: 
A systematic review and meta-analysis. Epilepsy 
Behav EB. 2022 Sep; 134: 108864. doi:10.1016/j.
yebeh.2022.108864 PubMed PMID: 35952508. 

40.	 Sasseville M, Attisso E, Gagnon MP, Supper JMW, 
Ouellet S, Amil S, et al. Performance, impact and 
experiences of using wearable devices for seizure 
detection in community-based settings: a mixed 
methods systematic review. mHealth. 2024 Jul 12; 
10: 27. doi:10.21037/mhealth-24-7 PubMed PMID: 
39114464; PubMed Central PMCID: PMC11304097. 

41.	 Beniczky S, Karoly P, Nurse E, Ryvlin P, Cook M. 
Machine learning and wearable devices of the future. 
Epilepsia. 2021; 62 (S2): S116–24. doi:10.1111/epi.16555 

42.	 Zhang J, Swinnen L, Chatzichristos C, Broux V, 
Proost R, Jansen K, et al. Multimodal wearable EEG, 
EMG and accelerometry measurements improve the 
accuracy of tonic-clonic seizure detection in-hospital 
[Internet]. arXiv; 2024 [cited 2025 Dec 3]. Available 
from: http://arxiv.org/abs/2403.13066 doi:10.48550/
arXiv.2403.13066 

43.	 He Z, Zheng J, Duan J, Jin Z, Huang Z, Wu S, et al. 
Long-term reliable neural decoding based on flexible 
implantable microelectronics and machine learning for 
seizure prediction application. 


