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Abstract
Objective: The objective of this study was to evaluate the accuracy of a semiauto-
mated classification of nocturnal seizures using a hybrid system consisting of an 
artificial intelligence-based algorithm, which selects epochs with potential clini-
cal relevance to be reviewed by human experts.
Methods: Consecutive patients with nocturnal motor seizures admitted for 
video-electroencephalographic long-term monitoring (LTM) were prospectively 
recruited. We determined the extent of data reduction by using the algorithm, 
and we evaluated the accuracy of seizure classification from the hybrid system 
compared with the gold standard of LTM.
Results: Forty consecutive patients (24 male; median age = 15 years) were ana-
lyzed. The algorithm reduced the duration of epochs to be reviewed to 14% of the 
total recording time (1874 h). There was a fair agreement beyond chance in sei-
zure classification between the hybrid system and the gold standard (agreement 
coefficient = .33, 95% confidence interval = .20–.47). The hybrid system correctly 
identified all tonic–clonic and clonic seizures and 82% of focal motor seizures. 
However, there was low accuracy in identifying seizure types with more discrete 
or subtle motor phenomena.
Significance: Using a hybrid (algorithm–human) system for reviewing noctur-
nal video recordings significantly decreased the workload and provided accu-
rate classification of major motor seizures (tonic–clonic, clonic, and focal motor 
seizures).
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1   |   INTRODUCTION

The inaccurate identification of seizure types is a major 
challenge in the diagnosis and treatment of epilepsy. 
Descriptions of paroxysmal events obtained from patients 
and eyewitnesses are often unreliable and lead to erroneous 
classification.1 Inpatient video-electroencephalography 
(EEG) is the gold standard for electroclinical characteri-
zation of epileptic seizures, especially when there is diag-
nostic uncertainty in classifying seizure types or epilepsy 
syndrome. However, video-EEG may be impractical for 
some patients who have a low frequency of events.2 Other 
factors, such as geographical limitations and transporta-
tion constraints, may restrict access to video-EEG, and 
socioeconomic conditions may hinder the availability 
of video-EEG, particularly in developing countries, thus 
leading to a longer delay in a definitive diagnosis.3

Visual analysis of video recordings of motor seizures 
by experts significantly increased the accuracy of seizure 
classification compared to patients' and eyewitnesses' de-
scription of seizures.1 Expert interpretation of home video 
recordings (smartphone video) was accurate in diagnosing 
epileptic seizures 89%–94% of the time.4,5 However, smart-
phone video recordings may also be misleading, because 
the start of the seizure is typically missing, and occasion-
ally, only the postictal period is recorded. An additional 
difficulty is recording nocturnal seizures with smart-
phones. Whole-night recordings capture these events, but 
browsing whole-night recordings to find and interpret 
nocturnal seizures carries considerable workload.

Published results on video-based automated seizure de-
tection have been promising.6,7 We took this one step fur-
ther by using a semiautomated (hybrid) system to classify 
the seizure types from the automatically detected events. 
We hypothesized that automated detection of potentially 
relevant epochs will decrease the workload, and video 
assessment of these epochs by human experts will give 
high specificity. In this prospective study, we compared 
the accuracy of semiautomated seizure classification from 
the hybrid system with the gold standard of video-EEG 
recordings (including polygraphic channels) from the 
epilepsy monitoring unit. We evaluated the decrease in 
workload by using the algorithm that detects potentially 
relevant epochs to determine the extent of data reduction.

2   |   MATERIALS AND METHODS

Patients with suspected epilepsy were admitted to the 
Danish Epilepsy Center and Aarhus University Hospital 
for long-term video-EEG monitoring as part of their di-
agnostic workup. Inclusion criteria were patients with 
nocturnal motor seizures; exclusion criteria were patients 

who did not have nocturnal motor seizures or detections 
during the monitoring, and patients with unclassified 
seizures (i.e., when the gold standard could not provide 
a seizure classification). The study was approved by the 
regional ethics committee (SJ-756). Patients and caregiv-
ers gave their informed consent.

These patients were also monitored with a CE-
marked novel video/audio-based seizure detection sys-
tem (Nelli).8,9 Nelli detects activity that is indicative of 
seizure events with a positive motor component using 
audio/video recordings. Pretrained detection models with 
selected thresholds provide captured events including se-
curely accessible audio/video recordings of those events 
to clinical professionals. Clinical professionals then utilize 
the captured events and recording to confirm and classify 
the events accordingly. The hybrid system uses computer 
vision and machine learning to detect relevant epochs 
potentially containing seizures or other paroxysmal ep-
isodes, and human experts visually assess these epochs. 
The input is an audio–video recording using a specialized, 
high-definition video camera and microphones. This mo-
bile recording system can be set up at home or in hospital 
settings. A previously developed artificial intelligence-
based algorithm with a predefined cutoff value was used 
to mark epochs with potential seizures/clinical episodes 
in optical flow/audio data.9 The detection threshold was 
set to maximum sensitivity, yielding an event for every 
period of detectable motion. Subsequently, human ex-
perts blinded to all other data visually assessed the videos 
during the detected periods and classified the motor sei-
zures. Figure 1 shows the analysis workflow diagram.

The two experts assessing the Nelli videos were trained 
in clinical neurophysiology. First, they independently 
classified the algorithm-detected epoch. Afterward, 
they discussed their interpretation and, based on con-
sensus discussion, established the classification. This 

Key Points
•	 We evaluated a semiautomated classification of 

nocturnal seizures using video analysis
•	 The hybrid system consisted of an artificial in-

telligence algorithm, selecting potentially rel-
evant epochs for review by human experts

•	 The algorithm reduced the duration of video re-
cordings to be reviewed by humans to 14%

•	 For all seizure types, there was a fair agreement 
beyond chance with the gold standard

•	 The hybrid system accurately identified all 
tonic–clonic and clonic seizures and 82% of 
focal motor seizures
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classification was the index test, that is, the outcome of 
the hybrid system.

The gold standard was derived from the assessment of 
the long-term video-EEG recordings by another group of 
experts (i.e., other than the ones who assessed the Nelli 
videos). The recording array comprised EEG (19–25 elec-
trodes for diagnostic monitoring and 40 electrodes for 
patients undergoing presurgical evaluation), electrocar-
diographic, and surface electromyography electrodes, 
placed as specified in the guidelines of the International 
Federation of Clinical Neurophysiology.10 Two experts 
blinded to the results of the hybrid system evaluated the 
video-EEG recording data and classified the recorded clin-
ical episodes. Any discrepancies were resolved through a 

consensus discussion with a third expert. The gold stan-
dard was then compared with the index test (i.e., the clas-
sification of the hybrid system). Epochs marked by the 
hybrid system, but originally not marked by the gold stan-
dard, were re-evaluated to ensure that no relevant epoch 
was overseen.

The seizures were categorized into seizure types ac-
cording to International League Against Epilepsy classifi-
cation,11 as shown in Table 1.

The index test from the hybrid system was compared 
with the gold standard at the seizure-type level. Hence, 
when a patient had several types of seizure, each of them 
was compared separately. We compared the agreement 
between the hybrid system and the gold standard using 
Gwet's agreement coefficient (AC1).12 The analyses were 
done using Stata version 15.1.

3   |   RESULTS

Of the 90 consecutive patients admitted for long-term 
video-EEG monitoring, 40 patients (24 male, 16 female) 
fulfilled the inclusion criteria (Figure 2). Median age was 
15 years (range = 2–59 years).

A total of 1874  h have been monitored. Device defi-
ciency was 10.3% of the total recording time, resulting in 
25 failed nights out of the total of 248 nights. Automatic 
detection markedly reduced the duration of epochs that 
had to be reviewed by experts to 259 h (13.8% of the total 
recording time), with 100% sensitivity for epochs with 
seizures (i.e., no seizures were left undetected by the 

F I G U R E  1   Schematic presentation of the Nelli workflow. ILAE, International League Against Epilepsy; VEEG, video-
electroencephalography

T A B L E  1   Seizure types based on ILAE classification

1 Focal to bilateral tonic–clonic seizures or 
generalized tonic–clonic seizures

2 Clonic seizures

3 Tonic seizures

4 Epileptic spasms

5 Myoclonic seizures

6 Focal motor seizures

7 To make a distinction from typical focal motor 
seizures, an additional seizure type “subtle 
seizure” with no or minimal behavioral features 
was constructed (not included in ILAE-
recognized seizure types)

Abbreviation: ILAE, International League Against Epilepsy.



4  |      PELTOLA et al.

algorithm). Figure 3  shows the graphical user interface 
displayed to the users after automated detection. The 
users can quickly access the epochs that were considered 
relevant to review by the algorithm.

Table 1  summarizes the seizure classifications from 
the semiautomated (hybrid) system compared with the 

gold standard. For all recorded seizure types, there was 
a fair agreement beyond chance in seizure classification 
(AC1 =  .33; 95% confidence interval = .20–.47) between 
the hybrid system and the gold standard. The hybrid 
system correctly identified all tonic–clonic and clonic 
seizures and correctly identified 82% of the focal motor 

F I G U R E  2   Flowchart of patients 
enrolled in the Nelli hybrid study. VEEG, 
video-electroencephalography

F I G U R E  3   Graphical user interface view. Epochs detected by the algorithm (seizure candidate events) are depicted over a 6-day period 
with a lighter color and small squares. Three different types of seizures were identified by human annotators and marked by larger dots. The 
time of the day is represented on the x-axis. White background color refers to registration periods. The videos of the epoch can be reviewed 
by clicking on a dot (subwindow)
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seizures. However, there was lower accuracy in detecting 
more discrete motor seizures (myoclonic jerks, tonic sei-
zures, and epileptic spasms). Table 2 provides the classifi-
cation of seizure types in individual patients by the Nelli 
hybrid system compared to gold standard video-EEG.

Detailed demographic data and seizure types of all in-
cluded patients are presented in Table S1.

4   |   DISCUSSION

We evaluated a semiautomated classification of nocturnal 
seizures using a video/audio-based automated detection 
system (Nelli) by selecting potentially relevant epochs for 
subsequent review by human experts. This hybrid system 
significantly reduced the workload of humans: only 14% 
of the total recording time had to be reviewed by human 
experts. None of the seizures remained undetected by the 
algorithm. All motor seizures with major motor seizure 
symptoms (tonic–clonic and clonic seizures) and most of 
the focal motor seizures (82%) were correctly classified by 
the hybrid system. However, the overall agreement with 
the gold standard was lower in the whole cohort because 
of the low accuracy in classifying other motor seizure 
types.

The motor components of the misclassified seizures 
were discrete or subtle. Nocturnal tonic seizures were 
often unnoticeable under the blanket, yet they were 
clearly identifiable on the surface electromyographic 
electrodes, which were part of the gold standard, as they 
were included as a polygraphic channel in the recording 
array, in addition to the EEG channels. Similarly, many 
misclassified myoclonic seizures and epileptic spasms 
were barely discernible on the video recordings. This ex-
plains the poor performance of the semiautomated video 
analysis for these seizure types and shows that video-EEG 
recordings (including polygraphic channels) remain the 
best method to classify epileptic seizures.

There are a few seizure detection devices that are 
cleared by regulatory bodies to identify tonic–clonic sei-
zures,13 but none of these devices can be used to classify 
seizures. According to previous studies, the variation 
in sensitivity for automated video-based detection of 
seizures depends on the seizure type, with the best per-
formance of 94%–100% for convulsive seizures7 but less 
accurate detection of hyperkinetic and tonic seizures, 
with a sensitivity of 57%.6 The Nelli algorithm used in 
this study for detecting potentially relevant clinical ep-
isodes provides an evolving detection paradigm based 
on specific biomarkers of visual dataflow,9 and prepares 
the detected epochs for further evaluation/classification 
by human experts. Moreover, audio seizures have been 
shown to serve as a useful tool for seizure classification14 T
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and can be combined in a multimodal way to better dif-
ferentiate video-based detections from false positives. 
Recently, smartphone videos taken by patient caregivers 
have been successfully used for the differential diagno-
sis of paroxysmal neurologic events, for the diagnostic 
evaluation of psychogenic nonepileptic seizures, and for 
identifying semiological seizure classification types, giv-
ing further recognition to video-based devices/systems.4

The strength of this study is a rigorous assessment of 
the performance of the Nelli hybrid system in a blinded 
setting without any prior information on the patients or 
their seizure types against video-EEG monitoring at a 
well-established epilepsy center. The limitations include 
the lack of some seizure types, such as hyperkinetic sei-
zures, in the patient population, which included 90 con-
secutive preplanned registrations, but only 29 patients 
had seizures within the scope of this study. As a technical 
limitation of the Nelli system, the camera must be placed 
so that it observes the patient's body and limbs to detect 
movement, especially small movements that can be dif-
ficult to recognize using marker-free systems, especially 
if part of the patient's body is covered by a blanket.9 The 
current challenge for video detection systems is the rec-
ognition of seizures with more subtle motor features, as 
was observed in our study, which benefits only part of the 
patient population.15 Therefore, reliable detection of sub-
tle seizures might be a future goal for seizure monitoring 
devices to serve a larger population of epilepsy patients.

5   |   CONCLUSIONS

Semiautomated video analysis can be an important tool 
for classifying major motor seizures, especially in patients 
with rare nocturnal seizures, where reviewing whole video 
recordings by human experts is not feasible due to the 
huge workload. By decreasing the amount of time for re-
viewing by human experts, the hybrid, algorithm–human 
expert system will enable the monitoring of patients with 
nocturnal seizures, even when seizures are rare.
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