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Abstract: Background: Epilepsy is a devastating neurological disorder that affects nearly 70 million
people worldwide. Epilepsy causes uncontrollable, unprovoked and unpredictable seizures that reduce
the quality of life of those afflicted, with 1-9 epileptic patient deaths per 1000 patients occurring annu-
ally due to sudden unexpected death in epilepsy (SUDEP). Predicting the onset of seizures and manag-
ing them may help patients from harming themselves and may improve their well-being. For a long
time, electroencephalography (EEG) devices have been the mainstay for seizure detection and monitor-
ing. This systematic review aimed to elucidate and critically evaluate the latest advancements in medi-
cal devices, besides EEG, that have been proposed for the management and prediction of epileptic sei-
zures. A literature search was performed on three databases, PubMed, Scopus and EMBASE.
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Methods: Following title/abstract screening by two independent reviewers, 27 articles were selected
for critical analysis in this review.

Results: These articles revealed ambulatory, non-invasive and wearable medical devices, such as

DOI: the in-ear EEG devices; the accelerometer-based devices and the subcutaneous implanted EEG de-

[0.21741570159X196662 108153001 vices might be more acceptable than traditional EEG systems. In addition, extracerebral signal-

@ CrossMark based devices may be more efficient than EEG-based systems, especially when combined with an

intervention trigger. Although further studies may still be required to improve and validate these

proposed systems before commercialization, these findings may give hope to epileptic patients, par-
ticularly those with refractory epilepsy, to predict and manage their seizures.

Conclusion: The use of medical devices for epilepsy may improve patients' independence and qual-
ity of life and possibly prevent sudden unexpected death in epilepsy (SUDEP).

Keywords: Electroencephalography, electrophysiology device, seizure prediction, wearable device, extracerebral signals,
SUDEP.

1. INTRODUCTION active or uncontrollable epilepsy within the general popula-
tion at any given time is between 4 to 10 per 1000 people
[2]. Epilepsy may be associated with a range of other disor-
ders (comorbidities), such as depression, anxiety, stroke,

arthritis and dementia [3], which may further reduce pa-

Epilepsy is defined by the International League Against
Epilepsy as at least two unprovoked seizures occurring more
than 24 hours apart, diagnosis of an epileptic syndrome, or

one unprovoked (or reflex) seizure and a probability of fur-
ther seizures similar to the general recurrence risk (at least
60%) after two unprovoked seizures [1]. Reports suggest that
about 80% of people diagnosed with epilepsy live in low-to-
middle income countries, with the majority of them failing to
receive any proper or effective treatment, contributing to a
reduced quality of life and an increased economic burden
[2]. Epilepsy may account for a significant proportion of the
global disease burden, where the estimated proportion of
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tient’s quality of life.

One of the most devastating possible outcomes of uncon-
trollable or improperly treated epilepsy is a sudden unex-
pected death in epilepsy (SUDEP), seen in 1-9 deaths per
1000 patients annually [4]. Thus, it is crucial that epilepsy is
effectively treated and managed to improve the quality of life
of patients and their caregivers. Accurately predicting and
diagnosing epilepsy and its symptoms may aid in the man-
agement of epilepsy as well. This is because, with an effec-
tive prediction of seizure onset/occurrence, proper medica-
tion and personalized treatment/management strategies may
be sought after by patients.

© 2022 Bentham Science Publishers


http://crossmark.crossref.org/dialog/?doi=10.2174/1570159X19666211108153001&domain=pdf

Medical Devices Utilized for Epilepsy Prediction and Management

Currently, electroencephalography (EEG) remains the
mainstay of epilepsy diagnosis and management; however,
with recent advancements in the field of technology, less
bulky and easily accessible devices, such as the utilization of
wristwatches, have been introduced as a possible aiding
technology for the effective prediction of seizures and their
management [5, 6]. This advancement in technology allows
patients to monitor their seizure activity on a daily basis
without the hassle of seeking an EEG-equipped hospital.
Certainly, effective prediction of seizures and accurate diag-
nosis of the type of epilepsy may help clinicians better pre-
scribe treatment strategies.

Anti-seizure drugs (ASD), formerly known as anti-
epileptic drugs (AED), are often prescribed as the first treat-
ment strategy against epilepsy. However, nearly 30% of epi-
leptic patients may not respond or negatively respond to
ASD, thus being diagnosed with drug-resistant/ refractory
epilepsy [7]. Drug-resistant epilepsy or refractory epilepsy is
defined as failure of adequate trials of two tolerated, appro-
priately chosen and used antiepileptic drug schedules
(whether as monotherapies or in combination) to achieve
sustained seizure freedom [8]. Factors that may influence a
patient's response to ASDs include the suitabil-
ity/compatibility of the ASD against the type of epilepsy,
age, and medical/genetic history. When ASD monotherapy
or combination therapy fails, neurostimulator implantation
through vagal nerve stimulation and deep brain stimulation
treatments may be suggested for drug resistant epileptic pa-
tients [9]. These treatments may be invasive and expensive
but have proven to increase the efficiency of managing epi-
lepsy, especially when in combination with ASD [10]. Nev-
ertheless, both ASD and surgical treatments are accompanied
by various side effects [11, 12], impacting the quality of life
of patients, thereby negating the benefits of managing the
seizure condition.

Recently, the utilization of advanced technology, such as
artificial intelligence, has been proposed to overcome these
hurdles with ASD by using algorithms in the detection and
prediction of epileptic seizures and the selection of compati-
ble ASD for epileptic patients [13]. This will possibly reduce
the possibility of side effects and increase the effectiveness
of ASD without going through invasive surgical procedures.
Similarly, other technology-based medical devices have also
been proposed in the past couple of years to help epileptic
patients. A systematic review by van Andel and colleagues,
published in 2016, elucidated the various ambulatory seizure
detection devices that many researchers have proposed over
the years, with the most reaching good sensitivity and accu-
racy but having high false alarm rate and low predictive abil-
ity [14].

However, similar strengths and weaknesses of epilepsy
prediction, management and treatment using various medical
devices have not been discussed previously. Thus, this sys-
tematic review aims to critically evaluate the current medical
technologies and devices presented in the literature, besides
conventional EEG and other commercially available devices
that may be used to manage, predict, and treat epilepsy. This
review also aims to elucidate the potential of these medical
devices to be commercially used as a prediction, manage-
ment and treatment tool for epileptic patients in the future,
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thereby improving their quality of life and decreasing the
burden on the future economy.

2. METHODOLOGY
2.1. Literature Search Method

A systematic literature search was performed to identify
and extract all currently available literature related to medi-
cal devices or technology utilized in the prediction, treatment
and/or management of epilepsy. Since a recent systematic
review has been conducted on seizure detection devices [14],
this paper focused on utilizing medical devices for the pre-
diction, management, and treatment of epilepsy, and not just
seizures. Thus, the search term (“epilepsy”) was searched in
combination with the following search strings: (“medical
device” OR “medical technology” OR “treatment device”
OR “treatment technology”), ("management” AND ("tech-
nology" OR "device")), ("predict" AND ("technology" OR
"device")) in three databases, PubMed, EMBASE, and Sco-
pus. The Boolean operator AND was used to link the search
term with the respective search strings on all databases. All
searches were performed based on the title, abstract and
keyword in all databases. Articles were first screened
through their titles and abstracts before proceeding with the
full-text screening of relevant articles.

2.2. Study Selection and Eligibility Criteria

The inclusion criteria applied in the study selection were:
1) Original research articles that utilized medical devic-
es/technology in the prediction, treatment and management of
epilepsy, and 2) English articles with full-text availability. The
exclusion criteria that were applied in the study selection
were: 1) non-original research articles labeled as editorials,
conference papers, book chapters, reviews, systematic re-
views, and case reports, 2) duplicated articles and 3) articles
that do not align with the aim of the study. The study selection
was conducted in accordance with the Preferred Reporting
Items for Systematic Reviews and Meta-Analysis (PRISMA)
guidelines [15]. Two reviewers independently assessed and
mutually reached a consensus on the selection and quality
analysis of relevant articles included in this review.

2.3. Data Extraction and Risk of Bias Assessment

Data extracted from the selected studies included study
information (study design and sample size), sample charac-
teristics (type of epilepsy, age range and gender), type of
medical device/technology utilized, significant results (de-
vice accuracy, sensitivity, specificity) and limitations (Tables
1-3). The articles that were selected for critical appraisal in
this systematic review were assessed using various quality
appraisal tools. The prospective and retrospective population
studies were evaluated using the Effective Public Health
Practice Project (EPHPP) (Table S1) [16], while the
Cochrane risk-of-bias tool for randomized trials was used to
appraise randomized clinical/controlled trials (RCTs) studies
(Table S2) [17]. The Systematic Review Centre for Labora-
tory Animal Experimentation Risk of Bias (SYRCLE RoB)
tool was used to appraise preclinical animal-based studies
(Table S3) [18]. Articles that were algorithm-based were not
quality assessed due to the unavailability of proper assess-
ment tools for the aforementioned type of studies.
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Table 1.

Utilization of medical devices/technology in clinical management and prediction of epilepsy.

Ong et al.

System Type

System

Function

Type of
Study
(Sample
Size)

Medical
Technology

Participants
(Age, Gender)

Significant Findings

Refs.

Electro-
encephalog-
raphy (EEG)-
based Systems

Monitor-
ing Sys-
tem

Retrospec-
tive cohort
[35]

Robot-assisted
stereo-electro-
encephalography
(SEEG)

Pharmaco-
resistant epilep-
tic children (3-
17 years; 14F,
21M)

- SEEG electrodes were implanted using frameless robotic
guidance.

- More effective and safer at identifying Epileptic Zones in

children with pharmaco-resistant partial epilepsy.

- Shorter surgery time compared to the Talairach frame-based

method.

- Allow more electrode trajectory possibilities, enabling better

localization of epileptic networks.
Limitation: Invasive in nature with possible complications
arising, including death.

[19]

Retrospec-
tive Cohort
[42]

Video EEG-
surface EMG
combination

(EMG - deltoid
and biceps only)

Patients admit-
ted to the
Epilepsy Moni-
toring Unit (11-
62 years; 17F,
25M)

-> Quantitative parameters, such as seizure phase duration,
clonic bursts, silent periods and evolution dynamics, computed
from surface EMGs in the deltoid and brachial bicep muscles
were studied during convulsive seizures.

-> Identified seizures of increased risk with an accuracy of
85%, sensitivity up to 97%, and specificity of 90%.

- Ictal quantitative surface EMG parameters correlated with
postictal generalized EEG suppression (PGES) in real-time.
- Non-invasive method.
> Algorithms developed may be implemented into the weara-
ble detection device.

[20]

Prospective
Longitudi-
nal [24]

Behind-the-Ear
EEG for Weara-
ble Seizure
Detection System

Patients with
refractory focal
epilepsy
(19-64 years;
6F, 6M)

-> Four electrodes were glued to the skin behind the ears, and
the potential difference between both ears was measured, acting
as an EEG channel.

- Had 94.5% sensitivity, very similar to traditional scalp EEG.
- Had a lower false detection rate of 0.52/hour compared to
scalp EEG.

- No visible artifacts (eye-blinking).

Limitation: Unsuitable for frontal lobe epilepsy due to distance
of EEG channels.

[21]

Prospective
Cohort
[9]

Long-term
Subcutaneous
EEG

Epileptic pa-
tients (27-64
years; 7F, 2 M)

-> The implant consists of three leads which were surgically
implanted subcutaneously through an incision behind the ear to
ensure close proximity of the leads to the temporal lobe.

- External logging device was attached to patient’s clothing by
a strong magnet.

- Feasible and well-tolerated, even after 3 months with home
monitoring.

- Moderate compliance (73%) and inter-individual variability
(45-91%).

-> Minimal impact on daily activities.

-> Prevents under-/over-reporting as seen with seizure diaries.
Limitation: Minimally invasive and may cause adverse effects,
such as post-implantation soreness; low sample size and only
TLE patients; the possibility of error due to artifacts; and the
lack of validation data.

[22]

Prospective
Observa-
tional [1]

In-ear EEG
system

Volunteer
(NA; NA)

-> The sensors were in contact with the mastoid of each ear as
positions for reference and ground electrodes, respectively.
-> All-in-one portable system that is suitable to be used in
combination with a smartphone and tablet.
-> Suitable for EEG recordings and real-time processing in
everyday situations.

[23]

(Table 1) contd....
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Type of
System Stud Medical Participants I .
System Type Fu);lc tion (Saml:?;e Technology (Age, Gsn der) Significant Findings Refs.
Size)
- Low-cost, small-sized, and individualized device, increasing
acceptability and tolerability by patients.
Limitations: Spatial limitation, primarily in measuring temporal
- - - - - lobe activity; limited number of signal channels may constraint -
the system; currently available minicomputer limits the possibility
of real-time processing; a single volunteer may not be sufficient
to test the validity, reliability and safety of the system.
- Time and frequency of the implanted intracranial EEG
readings were used to study the progression of EEG readings.
‘ AniEEG based | Epileptic pa- Q.Successfu!ly predicteq the pfogression of focal seizures into
Prospective L . bilateral tonic-clonic seizures in more than 60% of the cases.
Longitudi- prediction system - tients (21-59 -> Allows presurgical evaluation of seizure activity which [24]
for focal seizure years; .
nal [32] evaluation 15F,17M) improves safety.
’ Limitation: Sample size and low number of seizures may deter
the determination of effectivity, reliability and validity of the
system; invasive implantation.
- Algorithm utilized support vector machines to classify
A patient- seizures and maximum thresholds for the absolute amplitude of
independent Childhood EEG signals were applied to recognize artefacts.
Retrospec- algorit‘hm—bas‘ed ébsepce - 97.2% of absence seizures. were successfully detected.
tive [20] detection device | epileptic pa- -> No false positives detected. [25]
of childhood | tients (7.5+1.8 | Limitation: Absence seizures were undetected during dosing;
absence epilepsy | years; 13F, 7M) | reliability and validation may require further verification; detect
seizures paroxysms longer than 2 seconds only; subtle manifestations
may be missed.
-> The proposed system analyzes EEG signals from different
brain locations and predicts seizures onset in an automated
Patient-specific | Epileptic pa- method.
Retrospec- | EEG prediction | tients (10-50 | - The proposed system successfully predicted seizures with a [26]
tive [21] system + LS- years; 13F, 8 | prediction accuracy of 95.4% and a false positive rate of 0.03/h.
- SVM classifier M) -> The prediction system outperforms six unspecified existing
prediction systems.
Limitation: Validity is still unclear for prospective data.
- iEEG recordings were fed into the deep learning system in
the training phase. The prediction system classified EEG sig-
nals into either pre-ictal or interictal phase, and self-optimized
Seizure predic- with parameters updated monthly with incoming data.
Prospective tion system -> Proposed prediction system achieved mean sensitivity of
L utilizing deep Epileptic pa- | 69% and mean time in warning of seizures at 27%, significantly
Prediction | Cohort |, ino classifi- | tients (NA:NA) surpassin ivalent rand dict (271
System [10] g ; rpassing an equivalent random predictor.
er + TrueNorth -> Proposed prediction system may be easily wearable, real-
processor chip time and always on recording, and patient-specific seizure
warning system.
-> Low power consumption with reliable long-term perfor-
mance, a similar concept to hearing aid device.
-> Patient-specific algorithms were configured for each patient
Epileptic pa- prior to surgery. Automated and mapual audio recorfiipgs of
tients with seizure dl'arles were correlated with .the iEEG activity.
Prospective . . . -> Implantation well-tolerated and feasible for drug-resistant
Seizure advisory | partial onset .
Cohort system + iEEG seizures patients. (28]
[15] (20-62 years; Limitations: Invasive and high incidents of adverse events were
years; reported after 4 months; success rate was very low (only 2
6F, 9M) . . OTITS, suewe > Ve ;
patients); high variability in seizure warning times; patients
were required to make significant lifestyle changes.

(Table 1) contd....
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Type of
System Study Medical Participants I N
tem T ficant Find. Refs.
System Type Function | (Sample Technology (Age, Gender) Significant Findings es
Size)
- A system with a vast high-quality database of EEG record-
ings, a structured algorithm, an implantable 16-channel subdu-
ral neural monitoring, and a seizure advisory system, was
Seizure advisory designed and built.
. system + im- o - It was able to predict the high likelihood of seizure in sub-
Prospective Epileptic pa- .
plantable 16- . jects.
- Cohort tients (20-61 . L . [29]
channel subdural -> Long mean seizure advance warning time, allowing suffi-
[15] X years; 6F, 9M) . . . . ..
neural monitor- cient time for patients to take an intramuscular or oral antiepi-
ing leptic drug to prevent the occurrence of the predicted seizure.
- High efficacy.
Limitation: Invasive method; a larger sample required to estab-
lish validity and reliability.
-> An automatic, efficient and scalable mobile-based system to
monitor and predict epileptic seizures in real-time and long-
term, using wearable EEG sensors and cloud computing with
4 health GPS tracking as a hospital alert system.
Cloud Based . Y > The cloud-based system consists of a GPS alert system and
Alarm- Retrospec- . . patients, 1 .
. Seizure Predic- oo . processes the EEG readings, whereas the smartphone was [30]
System tive [5] . epileptic patient .
tion (NA; NA) bluetooth linked to a scalp EEG headset.
’ - Accuracy up to 94.6%, sensitivity up to 93.8%, and specific-
ity up to 92.3% in seizure classification.
Limitation: Small sample size, not accurately representing the
population.
-> Patients were monitored continuously with video, audio,
ECG and EEG sensors where the watch detected rthythmic and
Wristwatch repetitive limb movements.
. Epileptic pa- | = The watch successfully and automatically captured 12 out of
Prospective accelerometer . . . . . : .
S . tients (19-66 13 Generalized Tonic-Clonic Seizures with high accuracy.
Longitudi- biosensor + o . L . o [31]
. - years; 10F, 20 | - Better feasibility than seizure diaries, especially for illiterate
nal [30] online seizure .
database M) patients.
Limitation: Low accuracy with 48% false positives was record-
ed; low sensitivity at 24.2%; artificial environment may not
represent the general population.
-> Disposable ECG electrodes were attached to smartphone
bluetooth-connected telemeter, which measured the interval
time between R-waves on the ECG.
Wearable system | Focal epileptic -> Small in size and follows smaﬁpl}one battery (chargeable),
and being easy for patients to use.
. + Smartphone Japanese pa- e . .

. Prospective . . - A sensitivity of 85.7% along with sufficient accuracy and
Extracerebral | Monitor- [7] app with pre- tients reliability when compared to EEG video-monitoring and ECG (321
Signal-Based ing Sys- calibrated MSPC | (9-54 years; ¥ P data &

Systems tem model 4F, 3M) Limitation: Motion artifacts of daily activities need optimiza-
tion to avoid false positives; limited conditions may limit
representation to the general population; Japanese population
with focal epilepsy and during awake hours.
-> Continuous video-EEG and ECG monitoring was utilised,
while heart electrical activity was monitored using VNS device
monitors and lead electrode.
- CBSDA has a high sensitivity for seizure prediction of more
Randomized| Cardiac-based | Epileptic VNS than 80%.
controlled | seizure detection candidates - CSBDA has an acceptable specificity for triggering VNS, 33]
clinical algorithm (19-66 years, where almost 30% of the participants had more than 50%
trials [31] (CBSDA) 19F, 12 M) reduction in seizures.
- Improved quality of life, reduced anxiety/depression, and
improved social and cognition.
Limitation: Invasive with 29% of developing dysphonia as an
adverse effect.

(Table 1) contd....
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Type of
Study
(Sample
Size)

Medical
Technology

System

System Type Function

Participants
(Age, Gender)

Significant Findings Refs.

Accelerometry-
sensor based
wrist-wearable
system to detect
tonic-clonic
seizures (TCSs)

Prospective
- Longitudi-
nal [75]

Epilepsy sur-
gery candidates
(18-77 years;
47F, 28M)

- Two types of sensors were used for data collection.
- High TCSs detection sensitivity (90-100%), comparable
with a commercial wrist device.

- Low false positive rate achieved with a single modality used.
- Patients had no movement restrictions during video-EEG
recording.

Limitation: Missing data in the study, with a high rate of non-
adherence to wrist-worn sensors.

[34]

Wearable devices
based on extrac-
erebral signals

Prospective
Cohort
[70]

Prediction

Epileptic pa-
tients (20 to 69
years; majority

identified as

female)

- Commercially available wearable sensors measuring physio-
logical signals, like accelerometry, electrodermal activity,
photoplethysmography, and EEG, were utilized.

-> Patients showed a significant preference for wrist-worn
devices.

-> Current wearable devices may provide high-quality data for
routine use.

- Signal quality metrics between the wearable devices provid-
ed good discrimination in the data quality as well as against
noise artifacts.

Limitation: Data quality, consistency, validity and management
may need more improvement.

[35]

System

Prospective
Cohort
[18]

Self-aware
wearable system

Epileptic pa-
tients (NA;
NA)

-> Prediction based on cardiorespiratory function, and achieves
a sensitivity of 88.66% and a specificity of 85.65%.

-> Machine learning techniques that significantly improve
detection quality, better than any other existing real-time wear-
able seizure detection system.

-> Energy-efficient where the battery lifetime outperforms the
state-of-the-art techniques.

-> Patients were able to perform daily activities without con-
straints.

Limitation: May require a larger sample size for validation of
results.

[36]

Ethernet body-
worn motion
sensors-based
alarm system

Prospective
Longitudi-
nal [2]

Alarm
System

Epileptic pa-
tients (NA;
NA)

-> The motion sensors were attached to the subject's torso and
wrist, which sent messages to nurses when motion abnormali-
ties were detected.

- Accurately detected seizures accounted for 90% with a low
average number of false alarms per night.

-> This method is readily accepted by epileptic young adults; it
is a non-invasive system.

-> This new system supports biomedical applications in hospi-
tals or nursing homes, and increases accessibility and compli-
ance.

Limitation: Validation, sensitivity and specificity rate still
underway; low sample size.

[37]

Note: NA: not available; F: female; M: male; VNS: vagal nerve stimulation; EEG: Electro-encephalography; GPS: global positioning system; LS-SVM: least squares support vector

machines; MSPC: multivariate statistical process control.

3. RESULTS

The initial literature search retrieved a total of 1769 arti-

cles, i.e., 271 articles from PubMed, 415 articles from EM-
BASE, and 1083 from Scopus databases. Among these, 585
duplicated articles were removed. Another 841 articles were
also excluded based on the inclusion and exclusion selection
criteria as per the PRISMA guidelines (Fig. 1). Finally, the
abstracts of the remaining 343 articles were screened for
relevance towards the aim of this systematic review, where

313 articles were found to be irrelevant as they mainly con-
sisted of surveys/opinions on the medical/technology devices
used for management of epilepsy without any utilization of
description. Unfortunately, three articles were further re-
moved from the selected articles as they were neither availa-
ble as a full text nor were in English language [45-47]. Thus,
a final total of 27 articles were selected for critical appraisal
and were systematically evaluated and included in this re-
view.
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Table 2.  Utilization of medical devices/technology in management and prediction of epilepsy based on preclinical studies.
Syst: Subject:
System Type ys e.m Medical Technology KDJeess Significant Findings Refs.
Function (Age, Gender)
-> Electrode arrays were placed in the subdural space.
-> The device proves valuable for guiding patient-administered
8 dogs with sponta- antiepileptic therapy.
neous seizures (6 - Two-way communications with other devices and a dictionary
Monitoring | Implantable Continu- | mixed hounds and 2 of stimulation paradigms, machine neuro-evolution. 38]
System ous iEEG device beagles) - Well-tolerated device with low-false positives.
(8 to 43 months; - Better than inpatient video EEG monitoring in terms of diagno-
50%F, 50%M) sis and management of seizures.
Limitation: Invasive and requires further validation in detecting
human seizures.
- The electrodes were anchored to the frontal bone, while the
classification of seizures was done using SVM.
-> Prediction performance was significantly better than a time-
EEG-based Support Vector Ma- . . .
e . 8 dogs with naturally matched Poisson random predictor.
System Prediction chine (SVM) + 16- . . . . . .. .
occurring epilepsy -> Subject-specific tuning of the device is possible. [39]
System channel ambulatory R . . .
{EEG devi (NA; NA) Limitation: Generic placement of electrodes may hinder the predic-
i evice
tion of a clear and consistent seizure onset zone; invasive and
requires battery charging which may conflict the results and even
cause data loss.
- SAS devices were implanted.
- May lead to seizure prediction that alerts clinicians and caregiv-
. ers to administer the appropriate medication in a timely manner,
. . 5 dogs with naturally . . .
Alarm Seizure Advisory . . which will prevent the seizure.
occurring idiopathic S . o . . [40]
System System (SAS) . -> SAS provides information to clinicians regarding onset, duration
epilepsy (NA; NA) .
and frequency of seizures.
Limitation: Some focal seizures could not be detected due to spatial
coverage limitation with strip electrodes in dogs.
- Microelectrodes were implanted ventrally to the cortex in the
dentate gyrus, equivalent to the human temporal lobe.
. . - Low power device and cost-effective.
L. Implantable device 5 Kainate-treated . . . . .
Non-EEG Prediction . . -> The combined algorithm of an implantable monitoring device
with detection algo- Long Evans rats . . o . L. [41]
based system System . . and implanted stimulator exhibited a 33% increase in seizure detec-
rithm design space (NA; 5F) . . .
tion efficacy compared to other algorithm computations.
Limitation: Invasive and requires further validation with a larger
sample size.

Note: NA: not available; F: female; M: male; EEG: Electro-encephalography; iEEG: intracranial electro-encephalography.

These 27 articles were related to medical devices utilized
mostly in the prediction and monitoring of epilepsy; none
were found for the use in epilepsy treatment solely, but one
article discussed the combination of prediction and treat-
ment. These articles can be categorized broadly as follows:
19 clinical studies, four preclinical animal studies, and four
algorithm-based research studies. Clinical and preclinical
studies were further categorized into system type (EEG-
based or extracerebral-signal based) and system function
(monitoring, prediction or alarm system). A summary of
these articles, including their significant findings, is provided
in Table 1 (clinical studies), Table 2 (preclinical animal stud-
ies), and Table 3 (algorithm-based studies).

4. DISCUSSION

This systematic review aimed to elucidate the beneficial
potential and limitations of upcoming medical devices or
technology utilized for the prediction and management of
epilepsy that have been presented in the current literature. In
this review, commercially available medical devices, such as
the EEG, protective headgears, seizure-only alarms/ detec-
tion, and medication reminders were not included. However,
this review highlighted that most of the upcoming devices
and systems in the literature might be an improve-
ment/advancement to these already established medical de-
vices to increase efficiency, accuracy, sensitivity, and
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Table 3.  Utilization of algorithm-based medical devices/technology in management and prediction of epilepsy.

System
Main Method of Algorithm Y . Significant Findings Refs.
Function
-> High detection accuracy with low dimension, which reduces computational complexi-
ties.
Customizable multi-domain features in | Monitorin; . .. .
. . . g -> Customisable and optimisable for wearable device. [42]
the seizure detection algorithm System . . . L.
Limitation: Only 5 datasets were used to test the algorithm, which may lower the reliabil-
ity and validity of results.
- 84% sensitivity and 63% specificity to seizures are achieved.
Adaptive seizure prediction based on | Prediction - Adaptive learning capabilities allowing improvements in performance over time. (43]
EEG synchronization System - Fast processing time allowing embedment into mobile devices.
Limitation: Some false positives could be due to eye movement artifacts.
EEG rhythm decomposition usin . . . . .
. Y . P g L. -> Processing chain for seizure detection yields a 96.25-100 % accuracy
Jacobi polynomial transforms (JPTs) | Prediction . . . .
. . . -> Able to discriminate between seizure-free, healthy and seizure conditions. [44]
and linear discrimination analysis System . . . . .
Limitation: Computational time for processing chain is long.
(LDA)
-> Able to learn a lot of features.
. Prediction -> Better precision and accuracy compared to existing standard models.
1D convolution neural network P Y P 8 [45]
System - 98.33% accuracy, may be useful for the development of automated systems.
Limitation: Training accuracy and validation were found to be good after 20 epochs.
Note: EEG: Electro-encephalography; 1D: 1 dimension.
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Fig. (1). Study selection based on PRISMA flowchart.
specificity towards epilepsy prediction and management in for seizure prediction and management [6], therefore similar
both children and in the adult population, since epilepsy af- factors should be taken into account for other medical devic-

fects all ages. Previous studies have shown that the age of es as well.
the epileptic patient may play a role in EEG recommendation
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In total, there were 19 clinical studies, four preclinical
studies and four algorithm studies that investigated new
medical devices for epilepsy prediction and management
(monitoring). A majority of the medical devices were based
on the former EEG and seizure advisory systems, whilst
some utilized newer deep learning or machine learning tech-
nology and even smartphones, which mainly focused on the
external signatures of epilepsy, such as cardiorespiratory
output and body motion (Fig. 2). Among the clinical studies,
5 studies utilized invasive, mainly implantation methods.
Additionally, the majority of the animal studies also in-
volved invasive methods. Invasive procedures may lead to
medical complications and may pose a financial burden, as
evident with even commonly used invasive devices in the
hospitals [46]. Thus, invasive medical devices may require
further improvements in being cost-effective with minimal
side effects prior to recommendation to patients.

A majority of the clinical papers used adult epileptic pa-
tients as subjects, with only two papers [19, 25] focusing on
epileptic children. This aligned with the prevalence and inci-
dence rate of epilepsy within the global population, where
adults outweighed children in the prevalence of active epi-
lepsy and SUDEP incidence [47, 48]. However, the suitabil-
ity of these medical devices in children should be investigat-
ed in future studies, particularly taking into account their
safety and the precision of the device in the pediatric popula-
tion. While the age of the participants in the clinical studies
may represent the population, the sample sizes of these stud-
ies may not be accurately representative, as the sample size
ranged from 2 to 75 subjects only. The small sample size
utilized by some of the clinical studies may reduce the va-
lidity of the findings in these studies, and thus were also la-
belled as of poor quality with a possible risk of bias based on
the EPHPP and Cochrane quality analysis tools (Supplemen-

tary File 1 and 2, respectively). Sample size may influence
the validity and reliability of research outcomes, regardless
of the results obtained, but depending on the aim of the
study, even a small sample size may be valid and reliable
[49]. Unfortunately, since the clinical studies presented in
Table 1 mostly reported the accuracy, specificity and sensi-
tivity of medical devices, a sample size of 1 to 20 partici-
pants may not be conclusive, especially due to the variability
in seizure presentation between patients. Interestingly,
Yamakawa and colleagues believe that their sample size of 8
Japanese focal epileptic patients was appropriate for their
study findings to be reliable, as their proposed model was
already established in their previous study with 14 patients
and that this model utilized 14 seizure data from 7 patients,
which created statistical significance [32]. However, the re-
cruitment of a small population (heritage and type of epilep-
sy) with only age and sex variability may still hold the relia-
bility and validity of the results in question.

As for the preclinical studies, three papers used 5 to 8
dogs as subjects in their studies (38-40) and only 1 paper
[41] used 5 rats as subjects. The sample size of five rats may
render the quality of this paper weak with a high risk of bias,
as analyzed via the SYRCLE RoB tool (Supplementary File
3), and may question the validity of the study’s findings. As
dogs are able to develop spontaneous naturally occurring
seizures, which mimic human genetic epilepsies and have
been commonly used in EEG-based seizure detection algo-
rithms [50], 5 to 8 dogs per study may be adequate for de-
termining the initial validation from the modified EEG-based
seizure detection medical devices.

Nevertheless, the concept and findings of the medical
devices or technology proposed by the selected studies in
this review should also be considered and critically reviewed
before acknowledging their potential for commercialization.
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4.1. Electroencephalogram for Epilepsy Prediction and
Management

Electroencephalogram (EEG) was first used in humans in
the 1920s [51], but it was not until the 1970s did clinicians
started utilizing EEG for seizure predictions [52]. Today, it is
one of the most commonly used devices for epilepsy predic-
tion and management. This is mainly because the EEG re-
mains to be easily available in many countries, even in low-
to-middle income countries [53].

Although the EEG has achieved reliable sensitivity and
specificity in detecting electrical activity of the brain despite
the various forms of seizures in epilepsy, it is invasive and
often has an intolerance to motion artifacts, thereby provid-
ing false-positive readings [32]. Moreover, hospitals use
EEG to diagnose seizures as a presurgical screening proce-
dure and to monitor patients’ seizure progression, thereafter
prescribing them with anti-seizure medications [54], with no
possibility of predicting the seizure occurrence in the patient
after discharge and not knowing if the prescription made
actively reduces seizures occurrence, other than relying on
patients’ seizure diaries. The preictal period remains as the
most difficult period to be detected as it is not clinically an-
notated and has no presence of recurrent pattern [55]. How-
ever, there are some arguments regarding whether the preic-
tal and interictal spikes/epochs captured by EEG and their
non-real-time detection [32, 56] may not provide sufficient
information for seizure prediction and management as well
as subsequent epilepsy treatment. Thus, with many limita-
tions in the common EEG prediction system, improved med-
ical devices, particularly those with ambulatory and portable
options, may be proposed to further help epileptic patients in
their seizure prediction and subsequent management.

4.2. Medical Devices Based on Electroencephalogram
(EEG) System

Due to familiarity with the EEG system, innovation or
improvement upon the existing scalp-EEG technology have
been proposed in the development of a new medical device
for epilepsy. Ambulatory EEG systems, non-invasive EEG
system, and EEG systems with improved algorithms, are
some of the innovations that have been proposed. In this
systematic review, 12 clinical studies and 3 animal studies
had proposed an improved EEG-based prediction and moni-
toring system for epilepsy (Tables 1-2).

For example, Weisdorf and colleagues described the use
of ambulatory subcutaneous EEG, instead of the traditional
hospital scalp EEGs, which may allow for easy, hassle-free
home-monitoring of epilepsy up to 3 months [22]. The de-
vice consisted of three leads which were surgically implant-
ed subcutaneously through an incision behind the ear to en-
sure close proximity of the leads to the temporal lobe. An
external logging device was attached to the patient’s clothing
by a strong magnet. Most patients concluded that the device
was user friendly and had no issues with its daily operations
[22]. This may allow patients to monitor their seizures dur-
ing their daily activities and sleep, with the time of seizure
occurrence specified, thus allowing more efficient seizure
management and possibly for treatment administration as
well. Even though the patients have reported good tolerabil-
ity and compliance with the subcutaneous EEG device, some
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have reported soreness at the site of implantation of the de-
vice [22]. Furthermore, the accuracy and reliability of this
device were compared to the manual reporting of seizures by
patients/caregivers using their seizure diaries, instead of a
more reliable comparison with hospital-based EEG systems.

There were also some other limitations discussed regard-
ing the device proposed by Weisdorf, such as the detection
of artifacts which may give false positives and the distance
between implanted rods and seizure foci, which may miss
the detection range of some seizures [22]. The position of the
electrodes in relation to the seizure foci plays an important
role in the detection accuracy and specificity of seizures [22,
57, 58]. This spatial limitation of seizure detection was also
witnessed in the other selected studies, even those involving
children and sleep [23, 25, 39, 40], which may not be ideal,
as seizure detection during sleep may play a crucial role in
preventing SUDEP. This is because SUDEP may be associ-
ated with sleep [59], thus identifying true seizure spikes dur-
ing sleep may be important for SUDEP intervention.

Similarly, the false positive or artifact limitation was also
reported in the other non-EEG-based devices studies selected
in this review [31, 32], whereby eye movements created
noise artifacts that were difficult to discriminate between
seizures. Artifact-related false positives have been a common
problem in traditional EEG recordings as well. The rhythmic
patterns generated from a faulty electrode or ocular and mus-
cle movements during EEG may mimic epileptiform activity,
thereby misinterpreting the epileptic seizures [60, 61]. Inter-
estingly, this limitation was only observed by Weisdorf
among the EEG-based systems.

Since there have been many studies that have applied
various methods or algorithms, including the utilization of
principal component analysis (PCA), support vector machine
classifiers or energy interval histograms to overcome or dis-
criminate the artifact detection [61-63], these meth-
ods/algorithms may be applied in the development of future
medical devices. Table 1 presents some clinical studies
(EEG-based and non-EEG based system) applying these
artifact elimination methods/algorithms which have been
successful in reducing their false positive rates while still
maintaining their seizure sensitivity rate [21, 25, 26, 34, 35,
37]. In one study, the prediction device with the appropriate
classifiers encouraged the development of a patient-specific
system, whereby the extraction, classification and regulariza-
tion features of the classifier allowed the distinction of preic-
tal/ictal and interictal EEG signals, thereby increasing the
sensitivity and specificity of the device [26]. Kiral-Kornek,
however, showed low sensitivity in seizure prediction when
iEEG data was coupled with the newer but less optimized
deep learning classifier [27]. In this study, iEEG recordings
were fed into the deep learning system in the training phase.
The prediction system classified EEG signals to preictal or
interictal phase, which then self-optimized with parameters
updated each month with incoming data. Despite their re-
sults, they still argued that with further studies, the deep
learning classifiers together with the neuromorphic chip,
may provide the foundation for real-time, always on, low
power, and patient-specific wearable medical device with
reliable long-term performance, making it the ideal seizure
prediction and monitoring device for epileptic patients.
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Canine studies [38, 39] and a rodent study [41] also uti-
lized algorithms to improve the accuracy, sensitivity and
specificity of seizure prediction medical devices. Davis’s
paper even argued that their seizure detection algorithm,
which was developed using human EEG where electrode
arrays were placed in the subdural space, performed equally
well in predicting canine ictal patterns with precision [38].
The support vector machine algorithm used in the intracrani-
al EEG in Brinkmann’s study showed a subject-specific sei-
zure prediction capability, which may require further valida-
tion [39]. In this study, electrodes were anchored to the
frontal bone, and classification of seizures was done using
SVM. This later invention may resolve the patient variability
issues in seizure prediction and management. Moreover, if
the detection algorithm design space and co-optimization
method proposed by Raghunathan are to be implemented in
future human seizure prediction devices [41], then the effec-
tiveness of algorithm may be determined for each type of
seizures displayed by the patients, thereby increasing the
specificity of many EEG-based and non-EEG-based predic-
tion devices. Similarly, another study proposed a customiza-
ble multi-domain feature pool that enhanced the seizure de-
tection and prediction accuracy of wearable EEG-based med-
ical devices in real-time and at low power consumption [42],
making it ideal to be used in ambulatory seizure prediction
devices. This, together with the 1D Convolution Neural
Network model proposed by Ranga and colleagues and the
single-step processing chain proposed in the study by Djou-
fack Nkengfack’s, may highly improve the currently availa-
ble EEG-based seizure prediction and management devices
worldwide, in terms of precision, accuracy, specificity and
sensitivity. The 1D Convolution model will enable automat-
ed analysis of EEG-signals [45], while the processing chain
involving the Jacobi polynomial transforms and linear dis-
criminant analysis may lead to the development of treatment
triggering prediction devices [44], thus saving time and in-
creasing the efficiency of ambulatory EEG-based devices in
preventing seizures in patients.

Among the clinical studies, the non-invasive EEG-based
devices were found to be more tolerable by patients, as the
invasive devices have reported incidences of adverse effects
[19, 22, 29, 64]. In a 2015 survey, a majority of the patients
voiced their preference for easily removable devices rather
than those requiring implantation [65]. The behind-ear EEG
system [21], in-ear EEG system [23], as well as the video-
EEG and surface EMG combination system [20], may be the
most tolerable and efficient EEG-based medical devices pro-
posed, with a high rate of sensitivity, accuracy and specifici-
ty towards seizure detection and prediction. However, thus
far, these devices, such as the in-ear EEG device, seem to be
more optimized for the prediction of temporal lobe seizures
[23], compared to other types of seizures.

Another promising medical device may be the one pro-
posed by Sareen and colleagues, which utilizes wearable
EEG sensors coupled with the cloud computing technology,
enabling a mobile-based seizure prediction and management
system equipped with a GPS alarm system for fast interven-
tion action [30]. The EEG synchronization method proposed
by Ibrahim and Sohaib, where the baseline, normal and pre-
seizure EEG data were synchronized to predict upcoming
seizures in an adaptive manner [43], may allow mobile EEG-
based systems to be implemented for patients.
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Similar to Sareen’s proposed device, an alarm system-
based EEG device was also suggested in a preclinical study,
where veterinarians were alerted immediately to administer
anti-seizure drugs as a result of the seizure advisory EEG
system [40]. This suggests that an alarm system in seizure
prediction devices may improve the quick management of
these seizures. However, thus far, these EEG-based systems
have only been proven feasible against a single type of epi-
lepsy, which may be due to the small sample sizes of these
studies. Only one study showed the successful prediction of
epilepsy progression from focal seizures to the secondary
generalization of bilateral tonic-clonic seizures, but the relia-
bility of the result may be questionable due to the small sam-
ple size and low seizure frequencies [24]. Therefore, more
studies, preferably with larger sample sizes, should be con-
ducted to investigate the feasibility of these proposed EEG-
based medical devices for a more diverse collection of epi-
lepsies.

4.3. Medical Devices Based on Extracerebral Signals Sys-
tem

Instead of detecting cerebral signals like the EEG-based
system, the extracerebral signals of epilepsy, such as
body/muscular motion, cardiorespiratory outputs and elec-
trodermal activity, may also be used to develop non-EEG-
based medical devices for the prediction and monitoring of
epilepsy. In this systematic review, 7 clinical studies utilized
the extracerebral signals in their proposed medical device
systems. None of the preclinical animal studies selected in
this review utilized these signals in their devices.

Predicting seizures based on extracerebral signals may
provide various benefits; they make it robust and easy to
record the seizures, are simpler to process and analyze, in-
volve the usage of already commercialized and inexpensive
tools, may be used in small and portable devices, and may be
better tolerated among patients [66]. In fact, a couple of stud-
ies included in this review have shown the potential of wrist-
worn devices, similar to the smartwatch, for epilepsy predic-
tion and management, having high accuracy for seizure de-
tection but still lacking validity for sensitivity and specificity
parameters [31, 35]. Wrist-worn devices would be ideal
since they would allow patients to be independent and regain
their quality of life with reduced hinderance in their daily
activities. A review in 2018 suggested that wrist-worn devic-
es still have much room for improvements, particularly in the
battery life, resistance to environmental factors and setting
standards [67]. Privacy may also be a concern for some pa-
tients, especially when their data may be transferred to an
online system to allow real-time prediction and monitoring
of seizures [31]. Wrist-worn devices were equipped with
accelerometers and principal component analysis, which
accurately detected and recorded movement acceleration, as
seen in smartwatches for fitness [68]. Accelerometer
equipped devices have shown to be able to predict seizures
with a low false-positive rate that may be comparable to vid-
eo EEG [34] and may be important for managing nocturnal
seizures [37], suggesting the potential of these devices to be
worn by epileptic patients in the prevention of SUDEP. Alt-
hough the device suggested by Bonnet and colleagues was
equipped with an emergency alarm system that warns care-
givers when the patient is about to have a seizure, allowing



Medical Devices Utilized for Epilepsy Prediction and Management

timely medication administration [37], the 2015 survey sug-
gested that 50% of patients found the alarm system very tire-
some [65], creating a phenomenon known as ‘alarm fatigue’
[14].

On the other hand, Nasseri and colleagues managed to
show that wrist-worn devices may detect more than just ac-
celerated movements, where detection by photoplethysmog-
raphy (blood volume changes) and electrodermal activity
(electrical discharges in the skin) were also capable to pre-
dict and manage epilepsy to the level of an EEG system [35].
However, the paper did conclude that improvements may be
needed in these wrist-worn devices before recommendation
to epileptic patients.

Another extracerebral signal that has been proposed to be
utilized in medical devices for epilepsy prediction and man-
agement involves the cardiorespiratory outcomes of epilepsy.
Cardiorespiratory comorbidities have been found to be preva-
lent in epileptic patients and have even been suggested as a
risk contributor towards SUDEP [69]. In this systematic re-
view, three clinical studies have used cardiac-based detection
system for seizure prediction and management, with one look-
ing into the respiratory signal potential as well. Tachycardia, a
common outcome displayed by epileptic patients, may mani-
fest prior to EEG-electrographic signals [70]. Likewise, res-
piratory rate may also change drastically during ictal/postictal
seizures, which may be distinguishable from the respiratory
rate of exercise [66, 71]. Therefore, these suggest that cardiac
and respiratory signals may be more important than EEG sig-
nals for seizure prediction and management.

Forooghifar’s paper proposed a real-time wearable medi-
cal device, which utilizes the cardiac and respiratory re-
sponses of patients [36]. Their paper concluded the specifici-
ty and sensitivity of above 80% for the proposed medical
device in predicting epileptic seizures. Unfortunately, their
study included only a sample size of 18 epileptic patients,
thus compromising the validity of the results. Similarly,
while Yamakawa’s proposed device also showed an above
80% sensitivity in seizure prediction via heart rate variability
monitoring through a smartphone application [32], their
sample size was also small and not representative of the gen-
eral population.

This review found the medical device proposed by Boon
and colleagues to be most promising. They presented a sei-
zure prediction and management device which utilized the
cardiac-based seizure detection algorithm (CBSDA) as well
as automatically intervened the seizures through vagus nerve
stimulation (VNS) [33]. VNS is one of the common inter-
ventions for epilepsy, the others being surgical resection,
ablative implantation of probes and anti-convulsive drugs
[12]. Boon’s device managed to reduce the seizure activity
by 50% in nearly 30% of their sample size. Their results
showed that the CBSDA exhibited high sensitivity and speci-
ficity towards seizure prediction that allowed accurate trig-
gering of the VNS [33]. When a patient’s heart rate increases
above the set threshold for at least one second, the VNS will
be automatically triggered. Although, for now, this interven-
tion may only be used for epileptic patients with ictal tachy-
cardia, one study suggested the use of ECG patch that will be
able to detect atrial fibrillation as well, but the automatic
algorithm for atrial fibrillation detection may still be under-
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way [72]. Although Boon’s paper claim that further studies
may be required, especially in correcting the adverse effect
(dysphonia) seen in some patients, if successful, this medical
device may be recommended for nocturnal seizure monitor-
ing and for the prevention of nocturnal seizure-related physi-
cal injuries and SUDEP.

Nevertheless, there may still be much improvements to
be made in these non-EEG-based devices, particularly in
terms of sensitivity and specificity towards seizures-related
changes in extracerebral activity and not the changes result-
ing from daily activities. Multivariant-based or multi-
extracerebral signal detection system may enhance the sensi-
tivity and specificity of the automated device, whereby dif-
ferent combinations of signals may be programmed to de-
termine the type and extent of the seizure activity.

CONCLUSION

This systematic review found that EEG-based seizure
prediction and management (monitoring) devices remain the
most investigated form of medical devices for epileptic sei-
zures compared to devices that utilize extracerebral signals.
However, this review believes that extracerebral signals,
especially cardiac signals such as tachycardia, which may
present themselves before cerebral signals, may be more
appropriate and efficient at predicting seizures in a timelier
manner. In addition, wearable ambulatory medical devices,
such as in-ear EEG and wristwatch sensors, are more pre-
ferred among patients due to their lower interference with
daily activities as well as their safety in terms of side effects,
compared to invasive implantable devices. These may also
be advantageous and effective for detecting nocturnal epilep-
tic seizures, which therefore may reduce the occurrence of
SUDEP in epileptic patients, particularly when combined
with an automated alarm system or intervention trigger, VNS
or ASDs. However, given the limitations of the current stud-
ies, there is still a need for further studies for the validation
of these proposed devices in terms of reliability, safety, accu-
racy, sensitivity and specificity in detecting and predicting
patient-specific seizures. With the rapid development in arti-
ficial intelligence, the potential for improvements in these
medical devices may be endless.
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