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Abstract
A reliable seizure detection or prediction device can potentially reduce the mor-
bidity and mortality associated with epileptic seizures. Previous findings indicat-
ing alterations in cardiac activity during seizures suggest the usefulness of cardiac 
parameters for seizure detection or prediction. This study aims to examine avail-
able studies on seizure detection and prediction based on cardiac parameters 
using non-invasive wearable devices. The Embase, PubMed, and Scopus data-
bases were used to systematically search according to the Preferred Reporting 
Items for Systematic Reviews and Meta-Analysis guidelines. Human studies that 
evaluated seizure detection or prediction based on cardiac parameters collected 
using wearable devices were included. The QUADAS-2 tool and proposed stand-
ards for validation for seizure detection devices were used for quality assessment. 
Twenty-four articles were identified and included in the analysis. Twenty stud-
ies evaluated seizure detection algorithms, and four studies focused on seizure 
prediction. Most studies used either a wrist-worn or chest-worn device for data 
acquisition. Among the seizure detection studies, cardiac parameters utilized for 
the algorithms mainly included heart rate (HR) (n = 11) or a combination of HR 
and heart rate variability (HRV) (n = 6). HR-based seizure detection studies col-
lectively reported a sensitivity range of 56%-100% and a false alarm rate (FAR) 
of 0.02-8/h, with most studies performing retrospective validation of the algo-
rithms. Three of the seizure prediction studies retrospectively validated multi-
modal algorithms, combining cardiac features with other physiological signals. 
Only one study prospectively validated their seizure prediction algorithm using 
HRV extracted from ECG data collected from a custom wearable device. These 
studies have demonstrated the feasibility of using cardiac parameters for sei-
zure detection and prediction with wearable devices, with varying algorithmic 
performance. Many studies are in the proof-of-principle stage, and evidence for 
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1  |   INTRODUCTION

Epileptic seizures are associated with an increased risk of 
depression, anxiety, seizure-related injuries, and prema-
ture death, known as sudden unexpected death in epilepsy 
(SUDEP).1,2 The lifetime prevalence of epilepsy, including 
cases in remission, is 7.60 per 1000 people overall.3 A signifi-
cant number of people with epilepsy (PWE) still experience 
inadequate seizure control, despite considerable progress 
in treatment and surgical interventions.4 Due to the un-
predictability of seizures, physicians are reliant on patients 
and caregivers to document seizure events.5 However, self-
reporting is often unreliable and inaccurate,6–8 posing chal-
lenges to timely and effective treatment, self-management, 
and the risk of seizure-related injuries and SUDEP.

Recent technological advancements have paved the 
way for improved treatment and management strategies 
through seizure detection and prediction. Seizure detec-
tion is the identification of a seizure upon onset, providing 
objective seizure quantification,9 while seizure prediction 
involves identifying physiological changes preceding a 
seizure and alerting patients and caregivers of a seizure 
risk at any given time. An online survey conducted by 
the Epilepsy Innovation Institute (Ei2) revealed that un-
predictability was the most hindering aspect for PWE.10 
A reliable seizure prediction system may reduce anxiety, 
improve quality of life, and potentially eliminate the risk 
of injuries and SUDEP. It can also be used in the context 
of treatment, as medications could be titrated according to 
periods of high or low seizure likelihood, further improv-
ing patient adherence and side effects.11,12

Research on seizure detection or prediction based on 
non-cerebral signals has grown significantly due to the ris-
ing prevalence of wearable devices that can non-invasively 

measure signals such as accelerometer (ACC), electrocar-
diogram (ECG), electrodermal activity (EDA), and electro-
myography.13–16 By coupling these measurements with the 
application of machine learning tools, substantial progress 
has been made in generating new insights into seizure pat-
terns (Figure 1). Dysfunction in the autonomic nervous sys-
tem (ANS) has been particularly observed in focal seizures 
with a temporal lobe origin, as well as focal-to-bilateral and 
generalized tonic-clonic seizures.17 This systematic review 
mainly focuses on the cardiac changes associated with ep-
ileptic seizures as an indicator of seizure onset, given the 
compelling evidence for pre-ictal and ictal cardiac man-
ifestations.17,18 Alterations in heart rate (HR) are the most 
commonly observed ictal autonomic changes and could po-
tentially serve as the earliest clinical sign of an impending 
seizure.17 This includes ictal tachycardia19,20 or a decrease in 

real-time detection or prediction is currently limited. Future studies should pri-
oritize further refinement of the algorithm performance with prospective valida-
tion using large-scale longitudinal data.

Plain Language Summary
This systematic review highlights the potential use of wearable devices, like wrist-
bands, for detecting and predicting seizures via the measurement of heart activity. 
By reviewing 24 articles, it was found that most studies focused on using heart rate 
and changes in heart rate for seizure detection. There was a lack of studies look-
ing at seizure prediction. The results were promising but most studies were not 
conducted in real-time. Therefore, more real-time studies are needed to verify the 
usage of heart activity-related wearable devices to detect seizures and even predict 
them, which will be beneficial to people with epilepsy.

K E Y W O R D S

cardiac, heart rate, seizure detection, seizure prediction, wearable device

Key Points

•	 There is promising evidence for seizure detec-
tion and prediction based on cardiac param-
eters using wearable devices.

•	 Most of the studies aimed to develop seizure 
detection algorithms, with only a few studies 
focusing on seizure prediction.

•	 Cardiac parameters used included heart rate, 
heart rate variability, or a combination of both, 
yielding diverse algorithm performance.

•	 Future studies should focus on prospectively 
validating algorithms with large-scale longitu-
dinal data to enhance algorithm performance.
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heart rate variability (HRV),21 which is the variation in time 
intervals between successive heartbeats. HRV is a reflection 
of cardiac activity regulation by the ANS, suggesting its po-
tential value in the identification of an upcoming seizure.21

In this systematic review, we aim to examine currently 
available studies on seizure detection or prediction based 
on cardiac parameters using non-invasive wearable de-
vices and to compare the performance between different 
cardiac parameters.

2  |   METHODS

2.1  |  Search strategy

The Scopus, PubMed, and Embase databases were used 
to conduct a systematic search in accordance with the 
Preferred Reporting Items for Systematic Reviews and 
Meta-Analysis (PRISMA) guidelines. All available publi-
cations up to August 2022 were included, although it is 
worth noting that the utilization of sensor technology has 
only emerged in the last decade.22,23 Keywords related 
to [“epilepsy” or “seizure”] were combined with terms 
related to [“detection” or “prediction”], [“heart rate” or 
“cardiac”] and [“wearable device”]. Searches in all data-
bases were conducted based on title and abstract.

2.2  |  Study selection

All resulting articles were imported into Covidence software 
(Veritas Health Innovation), and duplicates were automati-
cally removed. One reviewer screened titles and abstracts 
to identify relevant research articles. Two independent 
reviewers screened the full-text articles for inclusion, and 
conflicts were resolved by a third reviewer. The following 
inclusion criteria were used: (a) written in English; (b) ob-
servational studies (prospective or retrospective studies) 
involving human participants; (c) peer-reviewed original 
research articles related to seizure detection or prediction 
using wearable devices in people with epilepsy; (d) ECG 
or cardiovascular parameters were used as a basis for sei-
zure detection or prediction, either alone or with other 

physiological signals, (e) provided at least one algorithm 
performance indicator as an outcome. We also included 
studies that analyzed blood volume pulse (BVP) obtained 
from photoplethysmography (PPG) signals, as it provides 
information about heart rate.24 Studies were excluded 
based on the following criteria: (a) articles identified as 
conference papers, reviews, book chapters, commentaries, 
editorials, and case reports; (b) ECG or cardiovascular data 
not collected using a wearable device; (c) studies that did 
not use cardiac parameters as a basis for seizure detection 
or prediction; (d) studies involving neonates.

2.3  |  Data extraction and synthesis of  
results

Data from the included studies were extracted elec-
tronically using Covidence. Data were extracted in the 
following categories: study identifiers (author, year of 
publication), study characteristics (study population, 
study setting, reference standard, total participants 
recruited, and number of patients analyzed), wear-
able device (wearable device used, device location, and 
physiological signal[s] collected), seizure detection 
or prediction algorithm (type of validation, detection 
or prediction, modality, cardiovascular parameter[s] 
used), and results (seizure type[s] and algorithm per-
formance). Studies on seizure detection were analyzed 
separately from those on seizure prediction, which also 
included seizure forecasting.

2.4  |  Quality assessment

Two reviewers independently conducted the quality as-
sessment for all included studies, and conflicts were re-
solved by discussion. The QUADAS-2 tool, a risk of bias 
tool that can be applied to primary diagnostic accuracy 
studies, was used to assess the quality of the studies in-
cluded in the review using Review Manager version 5.4 
(Cochrane Collaboration). The risk of bias was assessed 
based on each of these four domains: patient selection, 
index test, reference standard, flow, and timing. The 

F I G U R E  1   Schematic diagram of a seizure detection/prediction system. Physiological signals collected from wearable devices undergo 
pre-processing, and biomarkers for seizure detection/prediction are extracted. Analysis of these biomarkers is followed by the classification 
step, which is used to make a decision, triggering an alert notifying users of an upcoming seizure.
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patient selection domain assesses the method of patient 
recruitment and the patients included in the study. The 
index test and reference standard domains assess how 
they were conducted and interpreted, where interpre-
tation of the index test results may be influenced by the 
knowledge of the reference standard and thus introduces 
the potential for bias. Concerns regarding applicability to 
the review question were also assessed for the first three 
domains. The flow and timing domain assesses the inclu-
sion of all patients in the analysis and the interval between 
the index test and reference standard.25 All included stud-
ies were also evaluated based on proposed standards for 
clinical validation of seizure detection devices.26 The stud-
ies were categorized into five different phases based on 
key features, including subjects, recordings, analysis and 
alarms, and reference standard.

3  |   RESULTS

The database searches yielded a total of 2394 articles, out 
of which 1537 were screened based on title and abstract 
and 136 articles were selected for full-text review. After 
reviewing the full text based on eligibility criteria, 24 arti-
cles were included for analysis. Twenty studies evaluated 

seizure detection algorithms,27–46 whereas the remain-
ing four studies focused on seizure prediction, including 
forecasting the likelihood of seizures (periods of high and 
low risk).24,47–49 The screening stages and results are out-
lined in more detail in Figure  2. Articles were excluded 
mainly due to being a conference abstract or review, the 
study design not involving the validation of an algorithm 
on patients, or not using a wearable device to measure 
cardiovascular signals. Studies that recorded and analyzed 
cardiovascular signals before or during seizures but not in 
the context of validating a seizure detection or prediction 
algorithm were also excluded.

3.1  |  Studies on seizure detection

The characteristics of the 20 seizure detection studies in-
cluded in the review are listed in Table  1. The number 
of patients included in the analysis for seizure detection 
ranged between 3 and 94 participants (median = 15.5 par-
ticipants). Most studies took place in an inpatient setting 
(n = 17), where patients with a diagnosis of epilepsy ad-
mitted to an epilepsy monitoring unit (EMU) for presurgi-
cal evaluation, seizure assessment, or diagnostic purposes 
were recruited. Two studies were conducted in a residential 

F I G U R E  2   PRISMA (Preferred 
Reporting Items for Systematic Reviews 
and Meta-Analyses) flowchart for 
database search, screening, and selection 
of studies.
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setting, where they validated seizure detection devices for 
detecting nocturnal seizures.28,40 In studies with inpatient 
monitoring, patients were allowed to move around freely 
and perform normal daily activities despite being confined 
to a hospital room.33,42 Fifteen studies used video-electro-
encephalography (EEG) as a reference to validate seizure 
events,29–31,33–39,42–46 where clinical experts annotated the 
electrographic seizure onset and offset. The other stud-
ies used infrared-sensitive video cameras,28,40 EEG with-
out video recording,31 and video recording with EMFIT 
monitor41 as the reference standard. One study did not 
report on the reference standard used.27 Some of the stud-
ies also reported incomplete data and that not all patients 
that enrolled in the study were included in the analysis, 
mainly due to factors such as poor connection or signal 
quality,34,44 withdrawal of participants,28 insufficient or 
unsuitable seizures,29,30,37,39,42,46 unusable data,31,32,34 par-
ticipant's non-compliance to study protocol.40

3.1.1  |  Wearable devices

Information on wearable devices used in the seizure de-
tection studies is listed in Table 1. A wide range of non-
invasive wearable devices were used to collect the ECG 
or HR data. Four studies used Empatica E4,29,43,45,46 
three studies used the ePatch device,37–39 and three 
studies used Bittium Faros 180°.34,42,45 Other wear-
able devices that were noted include Nightwatch,28,40 
Nonin WristOx2,31,32 SmartCardia INYU wearable sen-
sor,33 Zephyr Biopatch,34 cosinuss° In-Ear sensor,35 
EcgMove,36 and Shimmer sensor.44 Interestingly, two 
studies developed custom wearable devices to collect 
the ECG or PPG data.30,41 The devices were primarily 
either worn on the chest (n = 8)33,34,36–39,41,42 or wrist 
(n = 5).27,29,31,32,46 In the remaining studies, the wearable 
devices were worn on the arm (n = 4)28,30,40,44 and ear 
(n = 1).35 One study used two wearable devices, where 
one device was worn on the chest and the other on the 
wrist,45 while another study allowed their participants 
to wear the device either on their wrists or ankles.43

3.1.2  |  Seizure detection algorithms

Information on the seizure detection algorithms and 
their performance are listed in Table 2. Eleven studies ex-
tracted HR features for the seizure detection algorithms, 
with a combined sensitivity range of 56%-100% and a 
false alarm rate (FAR) of 0.02-8/h. Most of the studies 
that used HR as a basis for their seizure detection algo-
rithm (eight out of 11 studies) validated their algorithm 
retrospectively using an existing dataset.27,29–32,35,41,46 

For example, data analysis and algorithm testing were 
performed after the recording of physiological signals 
from patients (offline). Of the 11 seizure detection 
studies based on HR, four studies involved adult par-
ticipants,27,28,31,41 three studies included both adult and 
child participants29,30,44 and one study involved children 
only.40 The remaining three studies did not report infor-
mation on the participants' ages.32,35,46

Studies with adult participants achieved a combined 
sensitivity range of 85%-100%. The first study used a un-
imodal approach, where a custom miniaturized wear-
able ECG monitor was developed and integrated with a 
beat-detection algorithm and a real-time epileptic seizure 
detection algorithm to detect seizures. The device was 
validated in three patients with epilepsy who had HR 
changes. Tonic-clonic, generalized tonic, and hypermotor 
seizures were detected with a mean sensitivity of 75% and 
PPV of 70%.41 The remaining three studies with adults 
used a multimodal algorithm that was validated either 
prospectively28 or retrospectively.27,31 In the prospective 
study, the multimodal sensor detected a median of 14 sei-
zures, with a median sensitivity of 86%, median positive 
predictive value (PPV) of 49%, and a false positive (FP) 
rate of 0.25 per night.28 The authors also demonstrated 
that HR is a critical modality, as it accounted for 92% of 
the detection of true positives, whereas the ACC modal-
ity accounted for only 8% of detections. One retrospective 
study developed a seizure detection algorithm by analyz-
ing HR, blood oxygen saturation (SpO2), and EDA biosig-
nals acquired with a wrist-worn device. The personalized 
algorithm was able to detect seizures with 100% sensitiv-
ity and a FAR of 0.00/h in six out of 10 patients.31

In the study focused on HR-based seizure detection 
among children, an adapted algorithm was developed to 
reduce false alarms, where the alarm was only triggered 
when the participant was lying in a horizontal position. 
This algorithm detected 305 out of 384 seizures (median 
sensitivity: 93%), with a median PPV of 58% and a false 
negative alarm rate of 0.02/h.40 Studies that included both 
adults and children did not provide a clear distinction 
in algorithm performance between the two age groups, 
although one retrospective study used a leave-one-sei-
zure-out method for evaluation across three patients and 
reported lower sensitivity and higher FAR in one pediatric 
patient compared to the other two adult patients (sensi-
tivity: 67% vs 100%, FAR24: 41.52 vs 0.85-17.69).29 In this 
study, HR features were extracted from the BVP signals 
and combined with ACC and EDA features. An optimized 
model was also developed, which could detect focal motor 
seizures with a mean sensitivity of 75%, a mean FAR of 
13.4/24 h, and a PPV of 2.1%.29

Two studies have used HRV as a parameter for sei-
zure detection.33,42 One retrospective validation study 
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collected ECG, ACC, and behind-the-ear EEG signals 
from both adults and children using separate devices 
and extracted HRV measures such as Modified Cardiac 
Sympathetic Index (ModCSI) and Modified Cardiac 
Sympathetic Index with Slope (ModCSISlope) from the 
R peaks of the ECG signal.42 A support vector machine 
(SVM) algorithm, another machine learning tool, was 
used to classify seizure or non-seizure events based on 
the multimodal signal features extracted. This study 
reported the detection of focal tonic (sensitivity: 84%, 
FAR: 8 per 24 h) and focal non-motor seizures (sensi-
tivity: 100%, FAR: 13 per 24 h) in three patients. In an-
other retrospective study, the ECG signal collected using 
the chest-worn SmartCardia INYU wearable sensor was 
used to extract the R-R interval (RRI) and ECG-Derived 
Respiration (EDR) time series. For HRV analysis, time 
domain, frequency domain, Lorenz plot, and multifrac-
tality features were extracted from the RRI to assess 
changes in cardiac function. The random forest classi-
fier, a machine learning tool, was applied to classify sei-
zure and non-seizure segments. The algorithm was able 
to detect focal seizures with a sensitivity of 88.7% and a 
specificity of 85.7%.33

Six studies evaluated seizure detection based on both 
HR and HRV parameters.34,36–39,45 Three of these studies 
included both adult and child participants, two involved 
adults only, while the remaining study included children 
only. Among the studies with adult participants, one uni-
modal algorithm study analyzed and compared ECG and 
PPG wearable devices for seizure detection in patients 
with temporal lobe epilepsy (TLE).45 The seizure detec-
tion algorithm in this study utilized HRV and pulse rate 
variability extracted from ECG and PPG signals, respec-
tively, and identified an HR increase before performing 
classification using a SVM classifier. The wearable ECG 
achieved the highest sensitivity (70%) compared to the 
hospital ECG and wearable PPG, with a comparable FAR 
of 2.11/h. The other study with adult participants retro-
spectively validated a multimodal algorithm combining 
HRV and HR with ACC and EDA, achieving a sensitivity 
of 67% and an FP rate of 0.03/h.36

In the study with children, a multimodal seizure detec-
tion algorithm based on ECG and ACC signals was eval-
uated.34 The authors also developed a custom prototype 
unit to employ the algorithm and allow for real-time sei-
zure detection. The cardiac algorithm, where both HR and 
HRV were analyzed, was able to detect tonic-clonic and 
focal seizures without focal to bilateral tonic-clonic fea-
tures with an overall sensitivity of 72% and FAR or 0.04/h. 
Interestingly, when ECG and ACC parameters were com-
bined, four seizures were detected faster, but the overall 
sensitivity did not improve.34 Studies that evaluated HRV 
and HR-based algorithms in both adults and children 

(n = 3) were all retrospective studies evaluating unimodal 
algorithms that achieved a combined sensitivity range of 
87%-100%. However, differences in performance between 
adults and children were not reported.37–39

3.2  |  Studies on seizure prediction

Characteristics and wearable devices of studies on sei-
zure prediction are listed in Table 3, and information on 
their algorithms is summarized in Table  4. Three stud-
ies employed multimodal seizure prediction algorithms 
and conducted retrospective validation.24,47,48 The first 
retrospective study evaluated a multimodal algorithm 
combining EDA, HR, and skin temperature collected 
with the wrist-worn Empatica E4 in three patients with 
refractory epilepsy. A naïve Bayes classifier was trained 
on a set of sample data and then evaluated using five-fold 
cross-validation for preictal and interictal classification 
during wakefulness, achieving a sensitivity of 78% and a 
specificity of 80%.47 The second retrospective study also 
used Empatica E4 to acquire ACC, EDA, PPG, and tem-
perature data in adults and children with epilepsy. Out 
of 69 patients included in the analysis, seizure forecast-
ing was significantly better than chance for 43.5%, of 
which achieved a mean improvement of chance (IoC) of 
28.5 ± 2.6%, a mean sensitivity of 75.6 ± 3.8%, and a mean 
percentage of time spent in warning (TiW) of 47.2 ± 3.4% 
(mean ± SEM). The same study also assessed the effect of 
reducing the training dataset on seizure forecasting algo-
rithm performance and reported improvements in IoC 
with larger datasets.24 Another retrospective study uti-
lized a smartwatch to acquire PPG, sleep, and step count 
data, and a smartphone seizure diary app to monitor sei-
zures in adults with refractory epilepsy. HR, HR cycles, 
and HRV features were extracted from the PPG signal for 
the algorithm to forecast periods of high and low risk of 
seizures. The hourly forecasts achieved a median accuracy 
of 86%, and the average time spent in high-risk (prediction 
time) prior to a seizure onset was 37 minutes. Meanwhile, 
the daily forecast achieved 83% median accuracy, and the 
average prediction time before a seizure was 3 days.48

Only one study prospectively validated their seizure 
prediction algorithm and extracted both time-domain and 
frequency-domain HRV features.49 A custom wearable 
ECG device for seizure prediction was developed in this 
study, which consists of an RR interval telemeter con-
nected to a custom smartphone app via Bluetooth connec-
tion. The smartphone app is able to receive and analyze 
RRI, which is used to extract HRV features. A machine 
learning tool known as multivariate statistical process 
control for seizure prediction was employed, where a 
successful prediction was defined as a seizure identified 
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between 15 minutes and immediately before seizure onset. 
The custom seizure prediction system demonstrated the 
ability to predict focal impaired awareness seizures, focal 
to bilateral tonic-clonic seizures, and focal aware seizures 
in both adults and children (sensitivity: 85.75%, FAR: 
0.62/h).49

3.3  |  Quality assessment

The studies included in this review are of mixed quality 
(Table 5). Some studies did not provide a clear description 
of the recruitment process or reference standard; there-
fore, it was difficult to assess the limitations and quality of 
these studies. Although a majority of the studies used EEG 
or video-EEG as the reference standard (n = 19), only five 
studies28,37,39,44,45 explicitly reported blinded annotation of 
seizures. It was unclear in the remaining studies whether 
the reference standard was reviewed without knowledge 
of the cardiac data. In the flow and timing domain, studies 
mostly had a low risk of bias as the data from the reference 
standard was collected concurrently with the cardiac data, 
and all patients received the same reference standard. Due 
to the heterogeneity in study design and algorithm per-
formance indicators reported in the studies, we could not 
conduct a meta-analysis in this present study.

Most of the studies are categorized as phase 1 (n = 19) 
according to the proposed standards by Beniczky and 
Ryvlin (Table  6). Three studies are categorized as phase 
2,28,37,39 while the remaining two studies are phase 0.30,48 
Although all studies used a dedicated device and a majority 
used video recording or video-EEG (n = 22) as the reference 
standard, some studies could not be classified as phase 2 
due to an inadequate number of patients or because the 
safety of the device was not addressed. Thirteen studies 
trained and tested their algorithms on the dataset, and 10 
studies used predefined algorithms and cutoff values. Only 
four studies evaluated their algorithms in real time.28,40,41,49

4  |   DISCUSSION

The findings from this systematic review highlighted both 
the promise and challenges of the feasibility of cardiac-
based seizure detection and prediction using non-invasive 
wearable devices. There is a clear feasibility with utilizing 
cardiac-based algorithms in non-invasive wearable de-
vices for seizure detection, especially in adult populations 
of epilepsy with generally good cardiovascular health; 
however, the feasibility of them for seizure prediction, 
whether in adults or children, may be too soon to conclude 
given the lack of data/clinical studies on their real-world 
prospective usage. Moreover, the reliability, validity, and 

sensitivity of these devices when taking into account the 
effect of cardiovascular abnormalities, such as a history of 
bradycardia or tachycardia, among people with epilepsy 
have not been investigated. The findings were based on 
articles that were either in phase 1 (proof-of-principle) or 
phase 2 (safety of device addressed) of their study, with 
none being in phase 3 (confirmation of safety and accu-
racy) or phase 4 (in-field, usability aspects), suggesting 
that the feasibility of these cardiac-based seizure detec-
tion and prediction devices is still in the early stages of 
development and validation, mainly in a controlled envi-
ronment. Real-world effectiveness accounting for patient 
clinical heterogeneity in not only seizure development 
but also general health, as well as patient usability in their 
daily lives, still requires further research. Since the risk 
of bias was found to be mostly unclear for a number of 
the studies due to a lack of information in the reference 
standards used, the conclusions from these studies could 
be potentially biased. Although a dedicated device was 
used in all studies, most of them lack an assessment of 
device safety and even have low sample sizes, contributing 
to a lack of feasibility information and data interpretation 
biasness. Nevertheless, findings from these studies may 
still contribute as an important stepping stone toward the 
epilepsy diagnostic and possibly therapeutic avenue upon 
further validation.

Some of the studies have trained and validated their 
own machine learning algorithms to detect changes in 
physiological signals that indicate seizure events,43 while 
others have also used pre-trained algorithms. It is unclear 
at this point in time whether there are any confounding 
variables to be considered with either one style of algo-
rithm but a recent paper stated that while pre-trained 
models may speed up optimization of the algorithm, they 
may have biased notions from previous machine learning 
training that will lead to inaccuracies in current data inter-
pretation.50 Moreover, multiple different machine learn-
ing techniques have been employed for seizure detection 
and prediction across the studies, resulting in diverse 
performance results, thereby creating a more convoluted 
conclusion. However, the diversity in machine learning 
techniques used may bring to light the limitations and ad-
vantages of each technique, thereby providing future stud-
ies with a better idea of which technique would be best 
suited for further testing.

In addition, diverse algorithmic performance was 
also reported when comparing seizure detection be-
tween adults and children. Among studies that use HR 
as an input for the seizure detection algorithm, a gener-
ally higher FAR was observed in children. However, one 
prospective study involving children only achieved an 
improvement in FAR by using an adapted algorithm.40 
In studies that used HRV and HR, higher detection 
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sensitivity was reported among children compared to the 
studies involving adults, possibly due to the utilization 
of a patient-dependent algorithm in the study with chil-
dren. It is difficult to compare the performance between 
adults and children among the studies that reported on 
both, as they did not provide a clear difference between 
the two age groups. Resting HR was found to increase 
with age51 and a pre-ictal decrease in HR has been re-
ported exclusively in studies on pediatric population,18 
therefore, the large variation in HR among different age 
groups may contribute to diverse performance results. 
While training and testing algorithms on one specific 
age group at a time could potentially improve the de-
tection or prediction performance of the cardiac-based 
devices, it should also be noted that adults and children 
have distinct seizure profiles and requirements and 
therefore should always be treated as separate subject 
groups in future studies, unlike some studies reviewed 
in this manuscript.24,29,30,43,44,49

In regards to the cardiac parameters utilized, it was 
found that HR was most commonly extracted and an-
alyzed for seizure detection, with a few studies report-
ing the use of HRV or the combination of HRV and HR. 
There is a high incidence of pre-ictal HR increase more 
specifically in studies involving TLE patients, adults, 
or patients receiving antiseizure medications (ASM).18 
However, there may be limitations, as not all seizures 
have changes in HR52 and may be prone to fluctuations 
contributed by medication, stress, age, sleep quality, and 
exercise.53 Some studies have provided a possible solu-
tion to this by using a multimodal algorithm and com-
paring it with a unimodal algorithm,24,30,44 and others 
have also asked patients to perform an exercise or stress 
test to sample real-life situations.37,39 Another mean-
ingful cardiac measurement is the HRV, and studies 
that used this parameter as a basis for seizure detection 
achieved a slightly higher sensitivity compared to those 
using HR only. HRV is regulated by the balance between 
the sympathetic and parasympathetic nervous systems; 
therefore, changes in HRV serve as an indicator of the 
ANS function. Studies investigating the correlation be-
tween interictal HRV and epileptic seizures reported a 
lower HRV, suggesting an imbalance that shifts more 
toward sympathetic activity.54 This is in line with an-
other study, which also reported an increase in peri-ictal 
(pre-ictal and post-ictal) sympathetic activity in gener-
alized tonic-clonic seizures.55 Taken together, it is clear 
that both HR and HRV cardiac parameters should be 
included in the device algorithm to improve the sensi-
tivity and specificity of seizure detection and prediction, 
which could also greatly improve with the addition of 
other physiological parameters such as skin temperature 
and electrodermal activity. The combination of cardiac 

and other physiological parameters may also reduce the 
chances of false alarms, which will encourage greater 
patient compliance and usability.

Unfortunately, detection of seizures was more fre-
quently assessed and reported among the studies compared 
to seizure prediction. Since the latter is more aimed at no-
tifying patients and caregivers of an imminent seizure,56 
it is imperative to accurately determine pre-ictal periods 
when training the algorithm.24 Accurate prediction of sei-
zures will allow patients and caregivers to take the neces-
sary precautions (medications or safe space) prior to their 
seizures, thus eliminating possible scenarios that may 
reduce their quality of life. Among the seizure prediction 
studies, there were variations in the performance metrics 
reported, maybe due to the different forms of prediction 
evaluated. Some studies provided a binary prediction (yes 
or no), while others forecast periods of high or low seizure 
likelihood, which could present more benefits as it allows 
users to plan activities and manage treatment according to 
the different periods of seizure likelihood.11,12 At present, 
it is difficult to compare prediction performance between 
age groups as we did not find any studies that evaluated 
seizure prediction exclusively in pediatric patients. The 
studies included either adults only or both adults and 
children. In the studies that included both adults and chil-
dren, they did not provide separate performance metrics 
for either population. Similar to seizure detection studies, 
multimodal algorithms or patient-specific algorithms may 
help to improve prediction rates, especially since there is 
no one-size-fits-all approach to developing a seizure pre-
diction algorithm.57 Billeci et al58 developed a patient-spe-
cific algorithm for seizure prediction and found that 
optimal performance was achieved in patients with more 
conventional seizures. A considerable number of studies 
have also used multiple modalities, combining cardiac 
parameters with other physiological data in an effort to 
improve algorithm performance. Nevertheless, one or two 
modalities could be sufficient, depending on the type of 
seizures or the presence of ictal tachychardia.42

Wearable technology has made a remarkable impact 
in healthcare by allowing non-invasive monitoring of 
patients' health status and providing easier access to 
information for physicians. The studies included in the 
analysis have used a wide range of wearable devices, col-
lecting multiple physiological signals that are utilized 
for seizure detection or prediction algorithms. Most 
studies used devices that are currently available in the 
market, and studies that have developed custom wear-
able devices are currently at the prototype stage and 
have reported preliminary data. Further clinical test-
ing, particularly on validity and reliability, as well as an 
evaluation of user acceptance, may still be needed. For 
instance, a study investigating signal quality in wearable 
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devices used for epilepsy management and monitoring 
has evaluated the patient experience and revealed their 
significant preference for using wrist-worn devices.59 
Despite the ease and convenience associated with wear-
able devices, motion artifacts caused by normal daily ac-
tivities should also be taken into consideration. Signal 
quality may also differ between individuals due to device 
or battery failures, consequently resulting in a lack of 
usable data for analysis. Yamakawa and colleagues have 
suggested that an ECG that can be worn like clothing 
may be an option to improve signal and reduce motion 
artifacts.49 Nevertheless, most of the currently available 
studies were conducted in an inpatient setting, where 
data from wearable sensors was collected either pro-
spectively or from an existing dataset, and algorithms 
were validated retrospectively. Hence, the real-world 
factors such as motion artifacts and battery failures (loss 
of signal) that could influence the sensitivity of the sei-
zure prediction still lack clarity.

This systematic review is limited by the lack of statis-
tical analysis or meta-analysis to objectively compare the 
different cardiac parameters used in the seizure detection 
and prediction algorithms. This is due to the large hetero-
geneity in study design, setting, and population among 
the included studies, representing a challenge that may be 
overcome in the future by following guidelines for con-
ducting and reporting seizure detection or prediction stud-
ies.26,60,61 Developing studies using these guidelines will 
ensure that studies are comparable and data can be shared 
across different seizure detection or prediction research 
groups, subsequently improving the quality of evidence.

Based on current advancements in technology and 
digital health, there is a possibility that patient-specific 
algorithms with an integration of multiple physiological 
parameters that enhance the accuracy and reliability of car-
diac-based seizure detection and prediction devices may be 
available in the near future. Indeed, real-time validation is 
first required, especially for the seizure prediction device, 
to ensure patient compliance and acceptance do not con-
found the validity and reliability of the seizure prediction. 
Moreover, with real-time clinical studies, preferably long-
term studies, the safety, cost-effectiveness, logistics, and 
practical utility of the devices can be assessed as well. Large-
scale and long-term patient data are required to develop 
and refine patient-specific algorithms. In addition, prospec-
tive validation of the algorithms in a real-world setting and 
assessment of signal quality would also be useful, taking 
into account any artifacts and noise that could be contrib-
uted by normal daily activities. A recent systematic review 
discovered that performance, design, comfort, and cost are 
crucial factors that determine the acceptance of wearable 
devices in real-world settings although this was not specific 
to seizure detection or prediction.62 Additionally, people 

with epilepsy highly prefer non-stigmatizing devices that 
can be seamlessly integrated into their daily lives thereby 
justifying the need for real-world usability studies for these 
cardiac-based seizure detection and prediction devices.61

Once validated, the cardiac-based seizure device, partic-
ularly the seizure prediction device, will be a game-changer 
in epilepsy management, as treatment against seizures can 
be utilized more efficiently in a proactive manner than the 
current reactive seizure management strategies, thereby 
ensuring timely prevention of seizures and reducing the 
occurrence of drug adverse effects and resistance caused by 
overloading of current ASMs. In fact, by utilizing the car-
diac-based seizure detection and prediction device, treat-
ment against seizures could also become more automated, 
leaving children with epilepsy to be more independent in 
managing their condition and adults to have better adher-
ence to their treatment plan. Thus, successful implementa-
tion of these cardiac-based tools into clinical practice may 
improve current methods of epilepsy management, possi-
bly preventing seizures before their manifestation, thereby 
ensuring the preservation of quality of life among people 
with epilepsy.

5  |   CONCLUSION

Altogether, the studies analyzed in this systematic review 
have collectively demonstrated the feasibility of utiliz-
ing cardiac parameters as a tool for seizure detection or 
prediction. The integration of machine learning tools and 
non-invasive wearable devices signifies a promising ad-
vancement in epilepsy care and management. However, 
future research should focus on refining the detection or 
prediction performance and providing stronger evidence 
with more large-scale, multicenter studies conducted in 
an outpatient, real-life setting. Evaluation of user experi-
ence and feedback would be equally important to provide 
more insight into the clinical value of seizure detection or 
prediction using non-invasive wearable devices.
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