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Diagnosing and managing epilepsy is difficult for doctors. Surgery can help some patients, but it often 

takes a long time to get there. This research looks at scientific studies to see if artificial intelligence and 

machine learning (ML) can be used to improve epilepsy treatment. In-depth research was conducted 

across PubMed, Google Scholar, Scopus, Wiley, Web of Science, and Microsoft Academia. This search 

focused on studies exploring the use of ML for diagnosing epilepsy, predicting treatment response, and 

predicting outcomes of epilepsy surgery. The search was limited to original English-language articles 

published between 2015 and 2022. This review examined 36 studies on using ML to predict epilepsy. 

The studies fell into four categories: general diagnosis (27), treatment outcome (3), identifying surgical 

candidates (2), and predicting surgical results (4). Researchers employed a diverse set of data, 

including symptoms and brain scans, alongside machine learning algorithms like support vector 

machines and convolutional neural networks, to construct their models. Some models achieved 

impressive results with areas under the curve reaching up to 0.99, but most studies were limited by small 

sample sizes and a lack of independent validation. ML shows potential for epilepsy treatment based on 

initial studies, but real-world use is restricted due to small sample sizes and the need for more validation 

from other studies. Large collaborative research efforts and data on long-term outcomes are essential 

before ML can be widely adopted by doctors and make a positive difference for epilepsy patients. 

(2025;15:2-22)
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Introduction

Epilepsy had a combined incidence rate of 61.4 per 100,000 peo-

ple-years. Incidence was higher in nations with low and middle coun-

tries compared to high-income countries, 139.0 vs. 48.9. Studies 

consistently show that about half of the cases tend to achieve 

long-term seizure remission. Although epilepsy itself has a low risk of 

death, we would expect large differences in mortality when compar-

ing incidence and prevalence studies, children and adults, and in-

dividuals with idiopathic and symptomatic seizures.1 

A group of neurons discharge excessively synchronously and con-

tinuously during epileptic convulsions. Neuronal excitability is con-

sistently elevated, and this is the only characteristic shared by all epi-

leptic disorders. Numerous conditions, including trauma, oxygen 

deprivation, malignancies, infections, and metabolic disturbances, 

can cause abnormal cellular discharges. However, in roughly 50% of 

epilepsy patients, there are no clear-cut causes identified.2 

Patients with epilepsy are managed with three significant aims: 

managing seizures, preventing adverse therapeutic effects, and pre-

serving or recovering quality of life.3 Antiepileptic medications are 

the primary approach to epilepsy therapy, with around two-thirds of 

patients achieving seizure independence.3 Generally, less than 15% 

of patients who continue to have seizures following two adequate 

antiepileptic drugs (AEDs) trials become seizure-free with additional 

AEDs.4  

Epilepsy surgery can eliminate seizures in a fraction of drug-re-

sistant people, and it should be explored when two AEDs have 

failed.5 Epilepsy surgery, which includes excision or, less typically, dis-

connection or elimination of epileptic tissue, is the most effective 

treatment for selected people with drug-resistant epilepsy.5 Among 

the nonpharmacological therapies available for individuals with 

drug-resistant epilepsy, vagus nerve stimulation has been shown to 
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reduce seizures by 50% in half of the patients. However, only 5% 

achieve seizure-free status.6 Deep brain stimulation of the anterior 

nucleus of the thalamus and responsive cortical stimulation, which 

administers electrical stimulation when abnormal electrocortico-

graphic activity is detected via a closed-loop implanted device, are 

two additional neuromodulatory treatments that can be used in pa-

tients with drug-resistant epilepsy.3 

Artificial intelligence (AI) is defined as using aspects of human in-

tellect as computer algorithms to help machines solve problems more 

naturally.7 The term AI was used by Nair et al.7 and he defined AI as 

"the combination of science and engineering to produce intelligent 

devices for human welfare”. Learning, perception, problem-solving, 

language logic, and reasoning are all possible components of AI. As 

a result, numerous fields, including philosophy, logic and mathe-

matics, psychology, cognitive science, computer, neurology, etc., 

have contributed to AI.7 Machine learning (ML) is a branch of artifi-

cial intelligence that studies computer systems that learn via experi-

ence without explicit instructions using different programming lan-

guages to code and pilot algorithms.7 

It can take some time to identify an epileptic irregularity in an electro-

encephalogram (EEG), which necessitates direct examination by highly 

qualified neurologists and epileptologists. Moreover, experts varying 

diagnostic encounters could result in varying thoughts regarding the 

diagnostic outcomes.8 The creation of an automated computerized sys-

tem for the diagnosis of epilepsy is therefore of the utmost importance. 

By extracting entropy characteristics from EEG recordings, several ML 

techniques have been developed for the diagnosis of epilepsy, including 

the fuzzy Sugeno classifier, support vector machine (SVM), k-nearest 

neighbor (KNNC), probabilistic neural network, decision tree (DT), 

Gaussian mixture model, naive Bayes classifier, and pre-trained deep 

two-dimensional convolutional neural network (CNN).8

AI helps in various aspects of the recognition of newborns’ seiz-

ures by identifying the type and starting point.9 AI plays an important 

role in localizing the seizure points. The results of an artificial in-

telligence-based technique in a cohort of 82 patients who underwent 

examination for drug-resistant epilepsy suggest that the time need-

ed to accurately pinpoint the seizure onset zone is between 90 mi-

nutes and 2 hours.10 AI also has an important role in the prediction of 

surgery outcomes in patients with epilepsy.11 In patients with atypical 

mesial temporal lobe epilepsy (MTLE), supervised ML using multi-

modal data compared to unimodal data accurately using a maximum 

relevance minimum redundancy feature selection identifier in combi-

nation with a least square support vector machine classifier, pro-

duced very high surgical outcome prediction accuracy (95%) in pre-

dicted postsurgical outcome. This study assesses the peer-reviewed 

scientific and medical evidence related to the application and impact 

of AI and ML in the epilepsy field. 

Methods and materials 

Search strategy

We performed a search on the terms ("Artificial intelligence"[All 

Fields] OR ("AI"[All Fields] AND "epilepsy"[All Fields] AND 

"surgery"[All Fields] [All Fields]) OR "AI"[All Fields] AND "seizure 

disorder"[All Fields] AND "machine learning"[All Fields]) OR 

"AI"[All Fields]) AND ("surgery"[All Fields] AND "epilepsy"[All 

Fields] OR "AI"[All Fields] OR "surgery"[All Fields] AND "seizure dis-

order"[All Fields] OR "Artificial intelligence"[All Fields]) AND ("seiz-

ure disorder"[All Fields] AND "machine learning"[All Fields] OR 

"Artificial intelligence"[All Fields]) AND ("surgery"[All Fields] AND 

("epilepsy"[All Fields]). The search was limited to articles published 

between 2015 and 2022, excluding those from 2017, using all rele-

vant phrases and Medical Subject Heading terms in four medical liter-

ature databases, including PubMed, Google Scholar, Scopus, Wiley, 

Web of Science, and Microsoft Academia. We consider only 

English-written articles. Furthermore, this systemic review follows the 

Preferred Reporting Items for Systematic Review approach.

Inclusion and exclusion criteria

Studies that satisfied the subsequent criteria were possi-

bly included. A study on coexisting illnesses associated with seizures 

and artificial intelligence intervention. Studies that met the eligibility 

criteria were incorporated, and references were examined to find other 

relevant research. To make sure that no pertinent papers were over-

looked, the references of the included articles were manually searched. 

Excluded materials included unpublished research, conference pre-

sentations, abstracts, non-English articles, articles with no participants 

stated in the study, and publication without peer review. Following an 

initial search approach, duplicate articles were eliminated. All records 

collected from potentially eligible studies were subjected to an in-

dependent screening process for titles and abstracts. Subsequently, 

each full-text record was evaluated independently. Eligibility criteria 

determined whether the articles should be included or excluded.
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Table 1. Describes different AI modalities that can be used for seizure detection and predicting treatment outcome, along with the validation 
methods and seizure detection methods that are commonly used with each modality

Study AI type/modalities 
Methods used for 

data or epilepsy detection
Validation methods

Hou et al. (2022)
18 Graph CNN Video stereo 

electroencephalography 
Leave-one-subject out

Fergus et al. (2016)
17 KNNC Electroencephalogram (EEG) k-fold cross-validation

Lee et al. (2021)
23 SVM EEG k-fold cross-validation

Yamamoto et al. (2021)
27 Intracranial EEG Nested cross-validation

Gleichgerrcht et al. (2018)
24 CNN EEG and MRI 5‐fold cross‐validation

Ito et al. (2021)
14 CNN MRI and EEG 5-fold cross-validation

Tjepkema-Cloostermans et al. 

(2018)
28

Convolutional and 
recurrent neural 
networks

EEG Validation: used another independent set 
consisting of 12 EEGs from patients without 
epilepsy (divided into 11,782 epochs of 2s) 
and seven EEGs from patients with epilepsy, 
where all interictal epileptiform discharge 
were annotated

Zhang et al. (2021)
29 CNN EEG and two neurologists 5-fold cross validation

Geng et al. (2021)
30 Generative adversarial 

network
EEG and MRI Leave-one patient, out cross-validation

Abou Jaoude et al. (2020)
12 CNN EEG, MRI, and clinical Nested 5-fold cross-validation

Wissel et al. (2021)
22 Machine learning not 

specified
EEG, MRI, and clinical 10-fold cross-validation

Wei et al. (2019)
16 Long-term recurrent 

convolutional network 
EEG 10-fold cross-validation

da Silva Lourenço et al. (2021)
31 CNN EEG 5-fold cross-validation

Zheng et al. (2020)
13 CNN Magnetoencephalography Leave k-subject-out validation, 

leave-one-subject-out validation test

Munsell et al. (2015)
26 SVM Criteria defined by the International 

League Against Epilepsy 
10-fold cross-validation

Kang et al. (2022)
19 SVM EEG Leave-one-out cross-validation

Varatharajah et al. (2018)
10 CNN EEG and clinical Leave-one-out cross-validation

Wissel et al. (2021)
22 Natural language 

processing 
EEG and clinical 10-fold cross-validation

Zhang et al. (2021)
29 CNN EEG and MRI 10-fold cross-validation

Muhammad Usman et al. (2021)
32 CNN Intracranial EEG/scalp EEG k-fold cross validation

Fergus et al. (2016)
17 KNNC EEG Leave-one-subject-out cross-validation, k-fold 

cross-validation

Yuvaraj et al. (2018)
33 CNN EEG Leave-one-subject-out cross-validation, k-fold 

cross-validation

Yuan et al. (2019)
34 CNN EEG Leave-one-subject-out cross-validation, k-fold 

cross-validation

Kural et al. (2022)
35 CNN EEG 10-fold cross-validation

Fürbass et al. (2020)
36 CNN EEG 10-fold cross-validation

Kong et al. (2022)
37 SVM Two neuroradiologists+and two 

nuclear medicine physicians
Not mentioned clearly

Gleichgerrcht et al. (2021)
15 CNN MRI 10-fold cross-validation

Asadi-Pooya et al. (2022)21 SVM, random forests, and 
decision trees 

EEG and MRI 10-fold cross-validation

Yamamoto et al.27 Random forest EEG 10-fold cross-validation

Vakharia et al. (2019)38 SVM MRI Not mentioned clearly
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Table 1. continued

Study AI type/modalities 
Methods used for 

data or epilepsy detection et
Validation methods 

Memarian et al. (2015)11 SVM EEG 10-fold cross-validation

Jeong et al. (2021)39 CNN EEG and MRI Leave-one-out cross-validation 

Jiang and He (2022)40 CNN EEG, MRI, and CT k-fold cross validation

Grattarola et al. (2022)41 Graph neural networks EEG k-fold cross-validation, leave-one-out 
cross-validation 

Gleichgerrcht et al. (2020)42 Random forest EEG and MRI k-fold cross validation

Ali et al. (2016)43 SVM EEG k-fold cross validation

AI, artificial intelligence; CNN, convolutional neural networks; KNNC, k-nearest neighbor; SVM, support vector machines; MRI, magnetic resonance 
imaging; CT, computed tomography.

Data extraction

We extracted data separately in four Excel sheets, which were then 

cross-checked against each other and the source material. The data col-

lected included study type, AI type or modalities, methods used/EEG 

data or epilepsy detection, age group, AI group, control group, brief de-

scription on the methods of AI, validation methods, outcomes, statistical 

analysis used, recommendations, and limitations. In the case of un-

resolved discordance, the senior author would adjudicate.

Data analysis

A narrative synthesis and graphical representation of data were 

performed to summarize and present the findings from the included 

studies. This involved synthesizing the data qualitatively and identify-

ing patterns, similarities, and differences across the studies. 

Results

Twenty-seven of the 36 articles were about predicting and diag-

nosing seizures. Three articles were about predicting the outcome of 

epilepsy treatment. Two articles were about identifying candidates 

for epilepsy surgery. Four articles were about predicting the outcome 

of surgery. The methods and results of these articles are summarized 

in Table 1, Table 2. EEG was the method used to diagnose epilepsy in 

31 studies (81%). The largest sample size was 2,030 participants 

while the smallest was 20 participants divided equally between the 

control and AI groups. CNN was the most common AI method used 

in around 55.6% of the studies. k-fold cross-validation was used in 

27 out of 36 studies. The receiver operator curve as a statistical 

method was used in 75% of the studies. The most shared limitation 

between studies was a small sample size followed by a single-center 

study.

In Fig 1, we can see that publications started from 2015 till 2022, 

with no articles in 2017. We can also see that the highest number of 

publications was in 2021. Fig. 2 presents a comprehensive overview 

of the studies conducted on epileptic patients, each color-coded line 

represents a specific study, offering a visual illustration of each age 

group. The X-axis denotes the age groups, while the Y-axis illustrates 

the author’s name of each study. From the visual representation, we 

can see that most of the studies were conducted on adult age groups 

ranging from 20 to 75 years of age.

The systematic review included a total of 36 studies. The most 

common study type was observational retrospective studies (21 stud-

ies). Other study types included cross-sectional studies (four studies), 

retrospective cohort studies (six studies), prospective cohort studies 

(two studies), and other methodological studies (three studies). Fig. 3 

shows a bar chart describing the types of studies that were included.

Conclusion

ML in diagnosis of epilepsy

We identified 27 studies that used an ML approach to aid in the diag-

nosis of epilepsy and a variety of ML algorithms were employed. The 

majority were trained on EEG data, EEG along with magnetic resonance 

imaging (MRI), and few on MRI and other images. Eighteen studies used 

algorithms based on CNN, which are well-suited for image and signal 

processing tasks, the CNNs can learn complex patterns in data by using 

a series of convolutional layers (used to detect interictal epileptiform 

discharges in EEG recordings). The highest performance rate in detect-

ing epileptic discharge was achieved AUC, 0.99; and this was achieved 

by Abou Jaoude et al.12 and Zheng et al.,13 demonstrating the im-
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Figure 2. Age distribution across the published articles.

Figure 3. Types of the studies.

Figure 1. Nnumber of publications per year, we can see that publications 

started in 2015 and ended in 2022, with no articles in 2017. We can also 

see that the highest number of publications was in 2021.

portance of assessing external validity in model evaluation. In those 

studies, the CNN was trained on epileptiform discharges from 46 sub-

jects, which were detected by one epileptologist and were from one type 

of epilepsy (mesial temporal lope), and on epileptic magneto-

encephalography signals from 20 subjects with only one type of 

epilepsy. Using MRI images as input to train CNN algorithms for the 

diagnosis of temporal lobe epilepsy was identified in two studies, which 

revealed a sensitivity of 91.1% and an AUC of 0.94,14 as well as an accu-

racy of 70-90%.15 The long-term recurrent convolutional network 

(LRCN) classifier, which is a spatiotemporal deep learning approach, 

utilizing two-dimensional images from EEG for multichannel fusion for 

the early prediction of epileptic seizures. Compared to the traditional 

CNN classifier, the LRCN classifier achieved an accuracy of 93.40%, 

while the CNN achieved an accuracy of 88.17% Wei et al.16 Moreover, 

the LRCN classifier's runtime was shorter; however, it was trained on 

EEG data from 15 epilepsy patients, and this insisted on fusing ex-

perimental image data from different centers.

Fergus et al.17 used EEG data from the CHB-MIT dataset of 22 pa-
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tients for seizure detection by a non-parametric, supervised learning 

classifier, which uses proximity to make classifications or predictions 

about the grouping of an individual data point by finding the k most 

similar EEG records to a new EEG record KNNC the models achieved 

a sensitivity of 93% and AUC, 0.98; similar study was conducted by 

almost same investigators using KNNC on 342 individuals divided in-

to two groups seizure and no seizure, the models achieved a good re-

sult by a sensitivity of 88% and AUC, 0.93. The data fed to the model 

had already been processed and filtered, so it needs to be trained on 

real-time EEG and MRI data.17 Body and face key points detectors 

were applied on patients with hyperkinetic seizures to detect the 

presence or absence of emotional features and dystonia,18 designed 

a deep learning multi-stream model with appearance and skeletal 

key points, face and body information, using graph convolutional 

neural networks (neural networks that can learn from graph data, 

which is data that is structured as a network of nodes and edge), the 

model was applied on EEG of 19 patients, it achieved accuracy of 

81%, 78% for detection of dystonia and emotion respectively. 

Detecting key points in the body and face is important not only for di-

agnosing this type of disease but also for aiding in the diagnosis of 

many other diseases. However, it needs to be trained on other differ-

ent features, such as abnormal gait and movement.

Differentiated normal subjects from those with hippocampus epi-

lepsy by using diffusion kurtosis imaging (DKI) with kurtosis tensor19 

fed an SVM algorithm with a kurtosis tensor obtained from DKI of 59 

pediatrics hippocampus epilepsy and 70 normal subjects, SVM witch 

work to find a hyperplane in the input space that separates the data 

points into two classes by classifying participants as either having ep-

ilepsy or not having epilepsy based on the kurtosis tensor features 

extracted from their DKI images, the classier accuracy in differ-

entiating between normal and the effected subject was 95.2% and 

AUC, 0.96 compared to studies mentioned by Smolyansky et al.20 us-

ing SVM fed with clinical and EEG data and almost was achieved sim-

ilar AUC, 0.96 and accuracy of 90%. Functional seizure also has been 

studied in the AI era. Asadi-Pooya et al.21 used different types of ML 

to classify patients with functional seizures with comorbid epilepsy 

and functional seizures without comorbid epilepsy. SVM, random for-

ests, and DT have been used and achieved an accuracy of 82.5%, 

81.3%, and 78.7%; respectively.   

Predicting surgical candidates for epilepsy surgery

This study dives into the application of AI and ML algorithms in the 

context of epilepsy treatment, specifically focusing on their capacity to 

identify potential surgical candidates. The natural language process-

ing algorithm was trained on free-text physicians’ notes. It’s encourag-

ing to see that the surgical candidacy scores weren't influenced by pa-

tient demographics, suggesting a level of fairness in the algorithm.22 

It is also interesting how factors such as travel from outside the local 

area, continuation of care past 18, and socioeconomic variables 

played a role in the scores. This illustrates the significance of unbiased 

surgical candidacy scores, highlighting their potential as a valuable 

tool for clinicians. In another study by Wissel et al.,22 the use of ML al-

gorithms to identify potential candidates for resective epilepsy surgery 

seems promising. The predictive capabilities for both pediatric and 

adult surgical patients, especially with AUC scores of 0.93 and 0.95, 

are quite impressive. It is very important and promising how the early 

identification of surgical candidates could significantly impact treat-

ment planning and potentially lead to better outcomes. Emphasizing 

the lead time provided by the ML algorithms-2.0 years for pediatric pa-

tients and 1.0 years for adults-could highlight the potential for timely 

intervention and improved patient care.

Prediction response to antiepileptic medications

Predicting the response to anti-seizure medications (ASMs) is cru-

cial for optimizing epilepsy treatment. AI has shown promise in this 

area as well. One study, using an SVM classifier, achieved an accu-

racy of 87.5% in predicting ASM response in focal epilepsy 

patients.23 This suggests that AI could guide personalized medication 

selection, reducing trial-and-error approaches and improving seizure 

control.

Predicting the outcome of surgery

Several studies have explored the use of AI in predicting the out-

come of epilepsy surgery. These studies have employed various AI 

techniques, ML, SVM, and random forest algorithms. The data used 

for AI training has included clinical characteristics, EEG recordings, 

MRI images, and structural connectome data. A study employing a 

neural network achieved a remarkable success rate of 88% in fore-

casting seizure remission following surgery for MTLE patients, as evi-

denced by its positive predictive value of 88% and mean neg ative 

predictive value of 79%. This significantly surpassed the performance 

of a traditional classification model relying solely on clinical variables, 

which yielded an accuracy of less than 50%.24 

Another study, using SVMs, demonstrated an accuracy of 95% in 

predicting surgical outcomes in complicated cases of MTLE  

Asadi-Pooya et al.21 One more study found that a random forest al-
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gorithm could accurately predict seizure freedom after surgery for 

MTLE patients in 80% of cases (Sinclair et al.25). SVMs have shown 

promise in predicting treatment outcomes in patients with refractory 

epilepsy; one study using SVMs achieved a positive predictive value 

of 90%, a negative predictive value of 70%, and an accuracy of 80% 

in predicting the surgical treatment outcomes of patients with tem-

poral lobe epilepsy.26 These findings suggest that AI could be a val-

uable tool in surgical planning and improving patient outcomes.

Challenging and future directions

Despite the promising results, AI in epilepsy management faces 

challenges, including small sample sizes, retrospective study designs, 

and the need for further validation in larger, prospective studies. 

Additionally, integrating AI into clinical practice requires collabo-

ration between clinicians and data scientists to ensure the interpret-

ability and applicability of AI tools.

Future research directions include developing AI-powered tools 

for real-time seizure prediction and monitoring treatment efficacy. 

Combining AI with other emerging technologies, such as wearable 

devices and genomics, holds the potential for further enhancing epi-

lepsy treatment.

Multiple studies conducted on patients with epilepsy using ML al-

gorithms were able to aid in the diagnosis, treatment, and prognosis 

of epilepsy patients with great accuracy and specificity. Although ini-

tial studies show promise for ML in epilepsy, its clinical adoption is 

hampered by limited sample sizes and a lack of external validation. 

Large-scale collaborative research and prospective outcome evi-

dence are necessary before ML models can become part of daily clin-

ical workflows and positively impact the lives of epilepsy patients.  
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