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Abstract
Objective
Frequent false alarms from computer-assisted monitoring systems may harm the safety of patients with non-convulsive epileptic
state (NCSE). In this study, we aimed at reducing false alarms in the NCSE detection based on preventing from three common
errors: over-interpretation of abnormal background activity, dense short ictal discharges and continuous interictal discharges
as ictal discharges.
Approach
We analyzed 10 participants’ hospital archived 127-hour electroencephalography (EEG) recordings with 310 ictal discharges.
To reduce the false alarms caused by abnormal background activity, we used morphological features extracted by visibility
graph methods in addition to time-frequency features. To reduce the false alarms caused by over-interpreting short ictal
discharges and interictal discharges, we created two synthetic classes—“Suspected Non-ictal” and “Suspected Ictal”—based
on the misclassified categories and constructed a synthetic 4-class dataset combining the standard two classes—“Non-ictal”
and “Ictal”—to train a 4-class classifier. Precision-recall curves were used to compare our proposed 4-class classification model
and the standard 2-class classification model with or without the morphological features in the leave-one-out cross validation
stage. The sensitivity and precision were primarily used as performance metrics for the detection of seizure event.
Main results
The 4-class classification model improved the performance of the standard 2-class model, especially increased the precision by
15% at an 80% sensitivity level when only time-frequency features were used. Using the morphological features, the 4-class
classification model achieved the best performances: a sensitivity of 93% ± 12% and a precision of 55% ± 30% in the group
level. 100% accuracy was reached in a participant’s 4.3-hour recording with 5 ictal discharges.
Significance
False alarms in the NCSE detection were remarkably reduced using the morphological features and the proposed 4-class
classification model.
Keywords: EEG analysis, seizure detection, false alarms, non-convulsive epileptics status

1. Introduction
The overload of clinical alarms is reported at the top 10 list
of the 2020 health technology hazards by Emergency Care
Research Institute [1]. Clinical alarms are important in
warning caregivers about serious changes in a patient’s
condition, but an improper alarm system activates excessive
invalid and non-actionable alarms. This leads to cognitive
overload and even alarm fatigue [2]. Alarm fatigue results in
a decreased awareness of relevant clinical changes and a
delayed response time of caregivers, which harms patients’
safety [3,4].
Patients with non-convulsive epileptic state (NCSE) need
timely treatments. NCSE is described as long-term epileptic
electroencephalography (EEG) activities without obvious
motor symptoms [5–7]. The delayed interventions of a longduration NCSE can threaten intensive care units (ICU)
patients’ life and place out-hospital patients in a dangerous
situation. Nevertheless, recognizing NCSE is problematic for
clinicians or care-givers because of the unobvious signs. The
diagnosis of NCSE is usually confirmed by reading longduration EEG recordings, but the real-time visual EEG
analysis is costly; thus, a computer-assisted analysis system is

Figure 1 Over-interpreted EEG examples [8].

needed in the NCSE detection. However, we previously found
that computer-assisted monitoring systems frequently raised
false alarms because of over-interpreting three EEG patterns
as seizures (Figure 1): abnormal background activity, dense
short ictal discharges (EEG activities during clinical seizures)
and continuous interictal discharges (EEG activities between
two seizures) [8]. The frequent false alarms reduced NCSE
diagnosis accuracy.
A few previous studies have investigated NCSE detection,
but none of them has systematically addressed the problem of
excessive false alarms. James et al. [9] proposed a nonconvulsive seizure detection algorithm applied in ICU and
removed “unwanted detections” using three pre-defined
thresholds to reduce false alarms. Unfortunately, the predefined thresholds are difficult to be generalized on different
datasets. Yissel et al. [10] used multiway data (tensor) analysis
to
detect
non-convulsive
seizures.
To
reduce
misclassifications caused by participant heterogeneity, they
optimized tensor ranks on the first seizure event of each
recording. However, because the seizure patterns of
individuals are not consistent [8,11], this method would result
in a suboptimal performance in diverse-pattern seizure
detection. Other studies either presented a high false positive

detection rate (0.7 per hour) [12] or did not clearly report
performances concerning false alarms [13,14].

excluded in the analysis. When the corresponding interrater
agreement are extremely low, the annotated ictal discharges
are highly debatable; therefore,
we excluded three
participants whose annotations had slight or even no interagreement (Cohen’s kappa and Fleiss’ kappa ≤0.01) [17]. One
participant with many ictal-discharge-like artifacts was also
excluded because its dense artifacts contaminated the training
set of classification models. In total, 10 participants’ EEG
recordings were analyzed. Figure 2 presents the participant
flow chart.

In this study, we aimed at reducing false alarms in the
NCSE detection based on our previously found EEG patterns
related to false alarms [8]. To reduce the false alarms caused
by abnormal background activity that confused timefrequency features, we added morphological features using
visibility graph (VG) analysis [15] to commonly used timefrequency features. Besides, we built a synthetic 4-class
dataset to train a 4-class classification model to reduce the
false alarms caused by short ictal discharges and interictal
discharges that are likely related to the evolution of NCSE and
are difficult to be distinguished from ictal discharges by a
standard 2-class classification model.

The EEG recordings were acquired using three different
systems (BrainRT, Micromed, and EEG stellate) with
different sampling frequencies (256 Hz, 200 Hz, and 100 Hz).
The placements of EEG electrodes during the recordings
slightly differed. We analyzed the data of the 21 electrodes in
common among the recordings (i.e., 19 electrodes in 10-20
system and 2 frontal electrodes: F9 and F10). Five of the 10
recordings were archived into discontinuous time series,
whose 5 minutes’ data for each hour without clinical
abnormalities were archived while the clinically relevant
periods were completely stored. In a summary, we analyzed
around 127-hour EEG recordings with 310 ictal discharges (in
total 14-hour ictal discharges).

2. Dataset & Method
2.1 Dataset
In this study, EEG recordings of adults living in a
residential care setting and out-patient children during NCSE
were analyzed. We retrieved clinical records and EEG
recordings from 20 participants diagnosed as NCSE during the
period from 2008 to 2016 at the EEG department of
Kempenhaeghe, a specialized epilepsy center in the
Netherlands [8]. After a recheck on the recordings by a
neurologist specialized in epilepsy, four participants were
excluded because of non-traceable EEG recording (n=1),
misdiagnosis for symptoms suspected to be NCSE (n=2), and
no consent for scientific research (n=1). Ictal discharges
during NCSE which were longer than 20 seconds were
annotated by two independent raters, and were categorized
into five morphological patterns (“Spike Wave”, “Wave”,
“Fast Spike”, “EMG-like Discharges”, and “Unknown Type”)
based on their dominant discharge patterns [8,16]. Interrater
agreements were measured using Cohen’s kappa and Fleiss’
kappa [8]. Based on the annotations, two participants, whose
ictal discharges were not over-20-seconds in length, were

2.2 Pre-processing
The EEG data were pre-processed to suppress noises and
standardize the recordings collected using the different
systems. A band-pass filter with a passband between 0.5 Hz
and 45 Hz was applied. The data were re-referenced to their
average value (i.e., the mean value of all the 21 electrodes was
subtracted from each electrode.). The sampling rate of the
recordings using the different systems was down-sampled to
100 Hz. Furthermore, the EEG data were segmented into 2.56second epochs for an efficient-computing architecture on the
hardware used for 24/7 monitoring.

Figure 2 Participant flow chart.
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The morphological features have recently been used in
epileptic seizure detections [19,21,22]. The VG algorithm
proposed by Lucas Lacasa et al. [15] converts time series into
a complex network. The network was built based on the
following criterion: Two arbitrary samplings’ values have a
connection when other samplings’ values between these two
do not block their visibility. Horizontal VG (HVG) method is
a geometrically simplified version of the VG method, shown
to be able to identify chaotic series [19,23]. In the network
generated by the HVG method, a connection between two data
values exists when a horizontal line of these two data values
does not intersect with any height of data value between these
two data points. In addition, Difference VG (DVG) highlights
signal peaks and troughs [19,24]. The network generated by
the DVG method is composed of the difference between the
networks using the VG and HVG methods [24]. We extracted
the complex network characteristics as the morphological
features for each epoch [25]. In complex networks, each data
sampling is called the node of a network, and the number of
connections of a node is called degree. The features included:
mean degree (the average degree of all nodes), average
shortest path length (the average number of connections in the
shortest chain between two nodes), global efficiency (an
inverse of the shortest path length), the entropy of degree

2.3 Features extraction
We extracted the commonly used time-frequency and the
morphological EEG features. For the features in the timefrequency domain, we calculated wavelet decomposition
(WD) coefficients [12], the mean and standard deviation of
distances between signal peaks and troughs, and the signal
sample entropy [18]. The morphological features were
extracted using VG methods [19]. For each feature per epoch,
the feature value was averaged across all EEG channels.
Wavelet transformation (WT) has been widely used to
analyze irregular signals, such as ictal discharges, because it
offers a precise time-frequency presentation via a flexible use
of time windows [20]. WD is a computationally efficient
method to perform WT by passing signals through pairs of
low-pass and high-pass filters. The input signals were downsampled via each pair of the filters. The outputs of the lowpass and high-pass filters are called approximation and detail
coefficients, respectively [20]. In our analysis, we set five
pairs of the filters. The cutoff frequencies of the pairs were
close to the upper boundaries of five brain wave bands (from
delta to gamma waves). The sum square and standard
deviation of the coefficients were calculated per EEG channel.

Figure 3 Diagram of the visibility graph methods and their characteristics [15,25].
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distribution (the complexity of the distribution of nodes’
degrees), cluster coefficient of the network (the average
connectivity of individual nodes in densely interconnected
groups), local efficiency of the network (the average global
efficiency computed on the individual nodes in the densely
interconnected groups), and the entropy of nodes’ degree (the
complexity of the node series). Figure 3 shows a diagram
about building the complex networks using VG, HVG and
DVG methods and their networks illustration.

5% would be iteratively added on the 25% until ictal
discharges were included.
In the training stage of the 4-class classifier, a synthetic 4class dataset was built based on the evaluation of the 2-class
classifier. Due to the imbalance proportion of ictal discharges
and non-ictal discharges in the NCSE dataset, we used a
binary RUSBoost classifier that outperforms an AdaBoost
classifier in dealing with imbalance classification problem
[28]. The RUSBoost classifier down-sampled epochs in the
non-ictal class (the majority class) based on the principle of
AdaBoost, where the number of “hard” instances are
iteratively increased during the classifier training [28,29].
Using a 10-fold cross validation method, the classified epochs
were evaluated as the four categories: correct classifications
of ictal discharges, misclassifications of ictal discharges,
misclassifications of non-ictal discharges (false alarms), and
correct classifications of non-ictal discharges. The four
category epochs were labelled with “Ictal”, “Suspected Ictal”,
“Suspected Non-ictal”, and “Non-ictal” and composed the
synthetic 4-class dataset. Furthermore, a 4-class RUSBoost
classifier was trained on the 4-class dataset.

2.4 Feature Selection
To evaluate the value of using the additional
morphological features and to prevent overfitting in the
classification models, a minimal number of features were
selected from feature sets including and excluding the
morphological features according to a feature rank derived by
the correlation-based feature selection (CFS) method [26,27].
The CFS is well known for its two criteria in selecting a good
feature subset: features are highly correlated with classes but
not correlated to each other [26]. The fast CFS (FCFS) was
proposed to efficiently select features satisfying the criteria
[27]. Symmetrical uncertainty (SU) is a normalized version
(ranged from 0 to 1) of the information gain which reflects
additional information about a variable provided by the other
variable. A high value of SU indicates a strong correlation
between the two variables [27]. A feature is selected if the SU
between the feature itself and the class is greater than both a
pre-defined threshold and the SUs between the feature and
other features.

We quantified the epochs in the four classes by gradual
values ranging from 0 to 1 based on the possibility of ictal
discharges. “Ictal” and “Non-ictal” classified epochs were

2.5 Classification & Post-processing
To reduce the misclassifications whose signal patterns
were similar to ictal discharges and hard to be identified only
by the features, we proposed a 4-class classifier to learn the
misclassifications of a standard 2-class classification. We
developed both the 2-class and 4-class classifiers to compare
for their performances. The development of the 2-class
classifier included two stages (Figure 4): model training and
testing. The 2-class classifier was evaluated using a leave-oneparticipant-out cross validation method, and the left-out
participant recording was used for testing. The construction of
the proposed 4-class classifier involved three stages (Figure
5): model training, validation and testing. We used the same
cross validation method to evaluate the 4-class classifier. The
left-out participant recording was used for the validation and
testing stages. Given the individual participants’
heterogeneous demography which affected their EEG
presentation, we used 25% of the left-out participant recording
to optimize the trained 4-class classifier through setting a
personalized threshold in the validation stage, and 75% of the
recording were tested in the testing stage. If the recording used
in the validation stage does not include any ictal discharges,

Figure 4 General workflow of the standard 2-class.
d
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valued as 1 and 0, respectively, because of the uniform
judgement of ictal discharges or non-ictal discharges by both
the binary classifier’s results and the human raters. The value
of the “Suspected Ictal” classified epochs was expected to be

greater than the value of the “Suspected Non-ictal” given that
the human raters considered the “Suspected Ictal” classified
epochs as ictal discharges, even though the 2-class classifier
suspected that they were not. In other words, the possibility of

Figure 5 General workflow of the proposed 4-class classification method.

7

ictal discharges in the “Suspected Ictal” class was greater than
the “Suspected Non-ictal” class. To quantify these two classes
by exact values, we trained a regression model using the
features of each participant recording in the training set (the
independent variables) and the best performed pairs of the two
class values (the depended variables). Given that we only had
nine participant recordings to train the regression model, we
used a gradient boosting model with least square loss function,
which is a form of an ensemble of weak learners as the
AdaBoost and robust for data including outliers[30]. In the
validation and testing stage, the two class values of each 20second EEGs were predicted by the gradient boosting model.

linearly change with the varied levels of recall, and a linear
interpolation between two points in the PR space causes
overestimation of performances, we used the precision
interpolation method proposed by Jesse Davis and Mark
Goadrich [31]. The area under the PR curve (AUC) was
approximated by a composite trapezoidal method. The best
performed model was selected according to the comparisons
using the mean value and the standard error of the individual
participants’ PR curves and the AUC. Empirically, a
sensitivity of at least 80% is accepted by clinicians in practice.
We additionally compared the precision of the models at the
sensitivity level.

NCSE is often a process developing over a long period,
and the alarm value of each epoch was affected by its neighbor
epochs. We defined the epochs within a time window of 10
seconds before and after the current epoch as its nearest
neighbors have more impact than the others. We assigned the
epoch itself and its neighbor different weights that gradually
dropped from the epoch. If the sum of the weighted epoch
values is higher than the personalized threshold, an alarm will
be provoked. In the validation stage of the 4-class classifier,
the personalized threshold was automatically selected when
the best performance was reached. In the testing stage, the
selected threshold was used, and we muted the alarm system
for 2 minutes to simulate real actions taken by clinicians
against false alarms when the duration of false alarms was
longer than 20 seconds.

Several metrics of the selected model were calculated for
a performance evaluation in the testing stage. The metrics are
accuracy, sensitivity (recall), specificity, precision, F1 score,
and false positive rate. Given that half of our recordings were
not continuous, we did not calculate false positive detections
per hour (FPD/h) that was defined in previous research as a
ratio between the number of false alarms and the duration of
testing set in hours [9,12].

2.6 Evaluation
The classification models were evaluated in the form of
event-detections instead of epoch-detections because seizures
are events that most often extend over individual epochs, and
event detection satisfies the requirements of clinical practice.
We considered event detection as the onset detection of ictal
discharges. Empirically, we set two minutes as our evaluation
buffer time according to the regular check duration of
clinicians. When the system reported an alarm within the
period of two minutes before and after the annotated ictal
onset, a true positive event was counted. Any miss detections
of ictal discharges inside or outside the mute periods was
counted as a false negative event. Given that the majority of
the NCSE recordings were non-ictal discharges, we grouped
them into 2-minute units. Namely, each 2 minutes of correctly
classified non-ictal discharges was counted as a true negative
event.
Given that the evaluation using Receiver Operator
Characteristic (ROC) curves is over-optimistic in a severely
imbalanced classification problem [31], we used PrecisionRecall (PR) curves for a performance comparison of the
proposed 4-class and the standard 2-class classification
models trained on feature subsets with and without the
morphological features. Because the precision does not

Figure 6 Overview of the participant demographics and
the recording characteristics.
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3. Results

series. The six features—the signal entropy, the standard
deviation and mean of distances between signal peaks and
troughs, and the standard deviation of the detail coefficients of
Alpha, Beta and Theta brain wave band—were selected as the
feature subset excluding the morphological features when SU
value was greater than 0.91.

3.1 Dataset and interrater agreement
Ten participants with NCSE who ranged in age from 6 to
27 were included in this study. The average age was 18 years
with a standard deviation of ± 6 years. Their historical clinical
signs and the seizure histories were, for example, panic,
laughing, impaired awareness, myoclonias, tonic-clonic
seizures, tonic seizures, atonic seizures, automatisms seizures,
cardio-facio-cutaneous syndrome, ring chromosome 20
syndrome, automatic behavior, and atypical absences. Figure
6 presents an overview of the demographics and the recording
characteristics. In our dataset, most of the recordings were
longer than 1 hour and included sleeping phases. Spike Wave
pattern was the dominant ictal morphological pattern in seven
recordings. The interrater agreement was moderate (Cohen’s
kappa = 0.48±0.26; Fleiss’ kappa =0.60±0.21). The details
about the individual participant demography and their
recordings are provided in Appendix A.

3.3 PR curves
PR curves were used to compare the proposed 4-class and
the standard 2-class classification models trained on the two
feature subsets with (Figure 8) and without (Figure 9) the
morphological features. Using the feature subset with the
morphological features, the AUC of the 4-class classifier
(0.80) was greater than the 2-class classifier (0.67). At the
80% sensitivity level, the precision of the 4-class model was
68% which is higher by 4% than the 2-class model (64%).
Using the feature subset without the morphological features,
the AUC of the 4-class classifier (0.71) was greater than the
2-class classifier (0.50). The precision of the 4-class model
was 66% which is higher by 15% than the 2-class model
(51%) at the sensitivity level. Besides, the standard error band
of precision using the 4-class classifier was generally narrower
than using the 2-class classifier trained on the two feature
subsets. This indicates that the 4-class model is a generalized
method for individual participants to increase the precision.
Given the above comparisons, the 4-class classifier trained on
the feature subset with the morphological features was
selected as the best performed model.

3.2 Features
Features were ranked using the FCFS method, and the
features whose SU value was greater than 0.91 are listed in
Figure 7. The top 11 features were remarkably all from the
morphology domain. The first three features—the entropy of
nodes’ degree generated by VG, HVG, and DVG methods—
were selected as the feature subset including the
morphological features when SU value was greater than 0.94.
These three features were relevant but addressed different
aspects: the complexity of the degree series using the basic
complex network, the chaos-discriminated network, and the
network highlighting topological peaks and troughs of time

Figure 7 Feature rank. The features whose symmetrical uncertainty (SU) were greater than 0.91 were listed here. The
feature subset including the morphological features were marked in orange, and the feature subset including the timefrequency features were marked in green.
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0.22. The performance for the participant 15 was the best with
100% accuracy in the detection of 5 ictal discharges in a 4.3hour recording. The average value and standard deviation of
the epochs classified as “Suspected Non-Ictal” and “Suspected
Ictal” were 0.15 ± 0.03 and 0.36±0.04, respectively. These
average values met our expectations and indicated that the
epochs in the “Suspected Non-Ictal” and the “Suspected Ictal”
classes had respectively 15% and 36% possibility of ictal
discharges on average.

3.4 Performances in the testing stage
Table 1 presents the performances of the 4-class
classification model using the morphological features
evaluated on the individuals’ testing sets. The testing sets
included 81.4-hour recordings with 84 ictal discharges. The
average performances of individuals and their standard
deviation were: an accuracy of 95% ± 7%, a sensitivity of 93%
± 12%, a specificity of 92% ± 15%, a precision of 55% ± 30%,
a false positive rate of 8% ± 15%, and a F1 score of 0.64 ±

Figure 8 PR curves of the models trained on the feature subsets with the morphological features.

Figure 9 PR curves of the models trained on the feature subsets without the morphological features.
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Table 1 Individual participant performance of the 4-class classification model using the morphological features.
Testing set information

Average of the predicted
epoch value of two
synthetic classes

Performance metric

Participant

Number of
ictal
discharges

Recording
duration
in hours

Continuous

Accuracy

Sensitivity

Specificity

Precision

False
positive
rate

F1 score

"Suspected
Non-ictal"

"Suspected
Ictal"

#1

2

0.6

Yes

75%

100%

50%

67%

50%

0.80

0.16

0.40

#4

9

6.6

Yes

98%

78%

98%

70%

2%

0.74

0.15

0.36

#5

8

2.2

Yes

94%

100%

93%

53%

7%

0.70

0.16

0.31

#6

3

7.8

Yes

99%

67%

100%

100%

0%

0.80

0.16

0.40

#7

38

16.3

Yes

94%

82%

95%

51%

5%

0.63

0.16

0.31

#8

2

13.6

No

98%

100%

98%

20%

2%

0.33

0.16

0.37

#11

2

7.5

No

97%

100%

97%

20%

3%

0.33

0.07

0.40

#12

11

12.5

No

97%

100%

97%

50%

3%

0.67

0.11

0.32

#14

4

9.9

No

96%

100%

96%

24%

4%

0.38

0.16

0.36

#15

5

4.3

No

100%

100%

100%

100%

0%

1.00

0.16

0.37

Mean ±
Std

8.4
±10.9

8.1
±5.0

95%
±7%

93%
±12%

92%
±15%

55%
±30%

8%
±15%

0.64
±0.22

0.15
±0.03

0.36
±0.04

before the current epoch for an alarm decision-making. In our
study, we considered both past and future neighbour epochs
(10 seconds before and after the current epoch) because both
sides play a role in the interpretation of the current epoch, and
a 10-second alarm delay does not act as a barrier in the
treatment of patients with NCSE. Besides, short ictal
discharges and interictal discharges are confused for ictal
discharges by the features because of ambiguities in the EEG
manifestations of seizures [33]. The two additional synthetic
classes—“Suspected Non-ictal” and “Suspected Ictal”—
diminished the ambiguities caused by similar manifestations
of ictal and interictal processes (an increase of 0.21 AUC and
15% precision at the sensitivity level of 80%).

4. Discussion
Only few works have addressed the false alarm problem of
non-convulsive seizure detection systems. In this study, we
extracted the morphological features using the VG methods to
reduce the false alarms caused by abnormal background
activity and proposed the 4-class classification model—“Nonictal”, “Suspected Non-ictal”, “Suspected Ictal”, and “Ictal”—
to reduce the false alarms caused by short ictal discharges and
interictal discharges. The 4-class classification model using
the morphological features improved the performances,
especially the precision, of the standard 2-class model.

We could not compare our results with other previous
studies in NCSE detection because these ([9,10,12]) only
reported the FPD/h as the performance metric of false alarms
instead of precision that is a commonly used and more
representative measure. The FPD/h was not calculated in our
study due to some discontinuous datasets and its high
dependence on recording durations. We used sensitivity and
precision because of the low incidence of ictal events.

Using morphological features is helpful in distinguishing
ictal discharges and other similar EEG background signals
(e.g., K-complexes, triphasic waves) that are not epileptiform
[32]. The morphological features of ictal discharges were
highlighted in complex networks: VG methods convert
periodic ictal discharges into regular networks [15]; different
morphology-patterned signals (e.g., Spike Wave and Wave)
can be clearly distinguished by the individual network
characteristics [19]. In our NCSE dataset, the majority of ictal
discharges had Spike Wave or Wave patterns despite the
clinical heterogeneity of the population. This might explain
the critical role of morphological features in the NCSE
detection.

There are some limitations in our study. The overall
interrater agreement of our dataset was moderate (Cohen’s
kappa = 0.48±0.26; Fleiss’ kappa =0.60±0.21), and in the three
excluded participants, slight or even no agreement was found
(Cohen’s kappa and Fleiss’ kappa ≤0.01). This low agreement
is not rarely seen in NCSE datasets given the clinical
heterogeneity and therefore variable EEG manifestations that
prevent uniform definitions [8,34]. The low agreement further
limited the number of participants’ recordings available for
analysis. We expect that the performance of our model could
be further improved when more participants’ recordings could

Context-sensitivity is important in NCSE detection given
that NCSE is by definition a relatively lasting process contrary
to the often short length of the epochs in computer programs.
For example, previous studies [9,10] considered the
classification results of all epochs within 5 or 10 minutes
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be included in the training set. Although the performance was
improved using the morphological features, the
straightforward computation of VG method is energy-timeconsuming; thus the computation should be further optimized
for daily uses of wearable monitoring devices in future.
Besides, we used the average of all EEG channels as the basis
for our features. This averaging of features reduced the need
for storage of individual-channel features and decreased the
demands for large computing memory. However, the
averaging may lead to a suboptimal sensitivity in participants
with focal ictal discharges (e.g., participant 4 and 6). An
efficient computing method based on the individual-EEGchannel features should be investigated in the future. Even
though our model generally performed well, the precision of
some recordings (participant 8, 11 and 14) with high frequent
interictal or a large number of ictal-like discharges was still
lower than 50% and caused a standard deviation of 30%.
Future work should focus on reducing false alarms during
these situations.

[7]
[8]

[9]

[10]

[11]
[12]

[13]

5. Conclusion
Recurring false alarms in the computer-assisted NCSE
monitoring may lead to alarm fatigue and harm patients’
safety. We improved the NCSE detection performances and
especially reduced false alarms by using the morphological
features of spike-waves and waves, and a context-sensitive 4
class classification model.

[14]

[15]
[16]

Acknowledgements
This work is part of the research program BrainWave with
project number 14714, which is (partly) financed by the
Netherlands Organization for Scientific Research (NWO).

[17]
[18]

Declaration of Competing Interest
None of the authors have potential conflicts of interest to be
disclosed.

[19]

References
[1]
[2]
[3]

[4]
[5]
[6]

[20]

BRIEF E 2019 Top 10 Health Technology Hazards for
2020 ECRI Inst. 9
McCartney P R 2012 Clinical Alarm Management MCN,
Am. J. Matern. Nurs. 37 202
Nguyen J, Davis K, Guglielmello G and P. Stawicki S
2019 Combating Alarm Fatigue: The Quest for More
Accurate and Safer Clinical Monitoring Equipment
Vignettes in Patient Safety - Volume 4 (IntechOpen)
Hu X 2019 An algorithm strategy for precise patient
monitoring in a connected healthcare enterprise Nat. Partn.
Journals Digit. Med. 2 30
Meierkord H and Holtkamp M 2007 Non-convulsive
status epilepticus in adults: clinical forms and treatment
Lancet Neurol. 6 329–39
Shorvon S 2007 What is nonconvulsive status epilepticus,
and what are its subtypes? Epilepsia 48 2382–6

[21]

[22]
[23]
[24]

12

Trinka E and Leitinger M 2015 Which EEG patterns in
coma are nonconvulsive status epilepticus? Epilepsy
Behav. 49 203–22
Wang Y, Zibrandtsen I, Lazeron R H C, van Dijk H, Long
X, Aarts R M, Wang L and Arends J 2020 Pitfalls in EEG
Analysis in Patients with Non-convulsive Status
Epilepticus Submitted
Sackellares J C, Shiau D-S, Halford J J, LaRoche S M and
Kelly K M 2011 Quantitative EEG analysis for automated
detection of nonconvulsive seizures in intensive care units
Epilepsy Behav. 22 S69–73
Aldana Y R, Hunyadi B, Reyes E J M, Rodriguez V R and
Van Huffel S 2019 Nonconvulsive Epileptic Seizure
Detection in Scalp EEG Using Multiway Data Analysis
IEEE J. Biomed. Heal. Informatics 23 660–71
Gaspard N and Hirsch L J 2013 Pitfalls in ictal EEG
interpretation Neurology 80 S26–42
Priyanka Sharma, Yusuf Uzzaman Khan, Omar Farooq,
Manjar Tripathi and Hojjat Adeli 2014 A WaveletStatistical Features Approach for Nonconvulsive Seizure
Detection Clin. EEG Neurosci. 45 274–84
Jacquin A, Causevic E and John E R 2007 Automatic
Identification of Spike-Wave Events and Non-Convulsive
Seizures with a Reduced Set of Electrodes 2007 29th
Annual International Conference of the IEEE Engineering
in Medicine and Biology Society (IEEE) pp 1928–31
Khan Y U, Farooq O, Tripathi M, Sharma P and Alam P
2012 Automatic detection of non-convulsive seizures using
AR modeling 2012 2nd International Conference on
Power, Control and Embedded Systems (IEEE) pp 1–4
Lacasa L, Luque B, Ballesteros F, Luque J and Nuño J C
2008 From time series to complex networks: the visibility
graph. Proc. Natl. Acad. Sci. U. S. A. 105 4972–5
Wang L, Arends J B A M, Long X, Cluitmans P J M and
van Dijk J P 2017 Seizure pattern-specific epileptic epoch
detection in patients with intellectual disability Biomed.
Signal Process. Control 35 38–49
Landis J R and Koch G G 1977 The Measurement of
Observer Agreement for Categorical Data Biometrics 33
159–74
Wang L, Long X, Aarts R M, van Dijk J P and Arends J B
A M 2019 EEG-based seizure detection in patients with
intellectual disability: Which EEG and clinical factors are
important? Biomed. Signal Process. Control 49 404–18
Wang L, Long X, Arends J B A M and Aarts R M 2017
EEG analysis of seizure patterns using visibility graphs for
detection of generalized seizures J. Neurosci. Methods 290
85–94
Ocak H 2009 Automatic detection of epileptic seizures in
EEG using discrete wavelet transform and approximate
entropy Expert Syst. Appl. 36 2027–36
Gao Z K, Cai Q, Yang Y X, Dong N and Zhang S S 2017
Visibility Graph from Adaptive Optimal Kernel TimeFrequency Representation for Classification of
Epileptiform EEG Int. J. Neural Syst. 27
Zhu G, Li Y and Wen P P 2014 Epileptic seizure detection
in EEGs signals using a fast weighted horizontal visibility
algorithm Comput. Methods Programs Biomed. 115 64–75
Luque B, Lacasa L, Ballesteros F and Luque J 2009
Horizontal visibility graphs: Exact results for random time
series Phys. Rev. E - Stat. Nonlinear, Soft Matter Phys. 80
Zhu G, Li Y and Wen P P 2014 Analysis and
classification of sleep stages based on difference visibility
graphs from a single-channel EEG signal IEEE J. Biomed.

[25]
[26]

[27]

[28]

[29]
[30]
[31]

[32]

[33]

[34]

Heal. Informatics 18 1813–21
Rubinov M and Sporns O 2010 Complex network
measures of brain connectivity: Uses and interpretations
Neuroimage 52 1059–69
Hall M A 2000 Correlation-based Feature Selection for
Discrete and Numeric Class Machine Learning
Proceedings of the Seventeenth International Conference
on Machine Learning (San Francisco, CA, USA: Morgan
Kaufmann Publishers Inc.) pp 359–66
Yu L and Liu H 2003 Feature Selection for Highdimensional Data: A Fast Correlation-based Filter Solution
Proceedings of the Twentieth International Conference on
International Conference on Machine Learning
(Washington, DC, USA: AAAI Press) pp 856–63
Seiffert C, Khoshgoftaar T M, Van Hulse J and
Napolitano A 2010 RUSBoost: A Hybrid Approach to
Alleviating Class Imbalance IEEE Trans. Syst. Man,
Cybern. - Part A Syst. Humans 40 185–97
Freund Y and Schapire R E 1997 A Decision-Theoretic
Generalization of On-Line Learning and an Application to
Boosting J. Comput. Syst. Sci. 55 119–39
Friedman J H 2001 Greedy function approximation: A
gradient boosting machine Ann. Stat. 29 1189–232
Davis J and Goadrich M 2006 The Relationship Between
Precision-Recall and ROC Curves Proceedings of the 23 rd
International Conference on Machine Learning
(Pittsburgh, Pennsylvania, USA: ACM) pp 233–40
Boulanger J-M, Deacon C, Lécuyer D, Gosselin S and
Reiher J 2006 Triphasic Waves Versus Nonconvulsive
Status Epilepticus: EEG Distinction Can. J. Neurol. Sci. /
J. Can. des Sci. Neurol. 33 175–80
Fisher R S, Scharfman H E and DeCurtis M 2014 How
Can We Identify Ictal and Interictal Abnormal Activity?
Issues in Clinical Epileptology: A View from the Bench.
Advances in Experimental Medicine and Biology ed H
Scharfman and P Buckmaster (Springer, Dordrecht) pp 3–
23
Goselink R J M, van Dillen J J, Aerts M, Arends J, van
Asch C, van der Linden I, Pasman J, Saris C G J, Zwarts M
and Alfen N 2019 The difficulty of diagnosing NCSE in
clinical practice; external validation of the Salzburg criteria
Epilepsia 60 e88–92

13

Appendix A Detailed demographics and recording characteristics of individual participants
Patient
Info

Recordings

Ictal Discharges

Participant

Age

Sex

Duration
(h)

Sleep
Period
Recorded?

Continuous?

Number of
Ictal
Discharges

Duration
of Ictal
Discharges
(h)

Generalized
or Focal?

#1

6

M

0,8

Yes

Yes

2

0,7

#4

12

M

8,8

Yes

Yes

15

#5

21

M

2,9

No

Yes

14

#6

16

M

22,3

Yes

Yes

#7

20

F

21,7

Yes

#8

27

M

18,2

#11

22

M

#12

20

#14
#15

Proportion of Ictal Dischargesᵃ
Spike
Wave

Wave

Fast
spike

EMG-like
discharges

unknown
type

Generalized

100%

0%

0%

0%

0%

0,8

Focal

100%

59%

0%

6%

14%

0,4

Focal

0%

97%

100%

0%

0%

5

0,6

Focal

99%

100%

0%

0%

0%

Yes

118

0,8

Generalized

71%

8%

17%

0%

8%

Yes

No

13

1,3

Focal

3%

100%

0%

0%

0%

10,1

Yes

No

37

1,1

Generalized

98%

36%

0%

0%

0%

M

16,7

Yes

No

33

0,5

Generalized

87%

44%

0%

0%

0%

18

M

18,0

Yes

No

35

5,6

Generalized

100%

0%

0%

0%

0%

22

F

7,2

Yes

No

38

1,9

Generalized

99%

1%

0%

1%

0%

ᵃ The different morphological patterns of the same Ictal Discharges labelled by raters were both recorded as the patterns of the IDs.

