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CHAPTER 11

GENERAL DISCUSSION



SUMMARY AND GENERAL DISCUSSION

We started our journey by exploring the value of various autonomic parameters
for seizure detection. Following our review on hidden autonomic signs of
epilepsy, we continued by studying the management of ictal asystole. We later
focused on the home-based validation of a wearable autonomic and a remote
non-autonomic seizure detection device in children with epilepsy and assessed
the value of these devices for families and society. We extended our journey
with qualitative user-evaluation studies aiming to explore needs of parents of
children with epilepsy.

Uncovering autonomic signs in epilepsy

Autonomic manifestations in epilepsy can cause serious complications. Post-
ictal arrhythmias are often associated with sudden unexpected death in epilepsy
(SUDEP),"2 and ictal asystole (IA) can cause dangerous, traumatic falls.
Conversely, ictal autonomic phenomena may help in the development of
interventions to prevent epilepsy complications.

In Chapter 2 we explored the potential of changes in autonomic functions as a
tool for timely seizure detection. We systematically reviewed the literature and
evaluated the quality of studies using QUADAS-23 and recently reported quality
standards on reporting seizure detection algorithms.* We found that the overall
quality of studies on seizure detection using autonomic parameters was low.
Heart rate (HR) and heart rate variability (HRV) were most frequently integrated
into available detection algorithms. Overall, these algorithms yielded high
sensitivity (mostly >80%)>'® and, especially for HRV, a short detection latency
(varying from eight minutes prior to seizure onset to nineteen seconds after).5"
9.10.13 False alarm rates (FARs), when mentioned, were high. These rates did not
drop below one false alarm per three hours for an individual specific algorithm.”
Generic algorithms resulted in up to five false alarms per hour.® We found
evidence that the combination of multiple modalities may lower FAR. Another
solution may be personalized tailoring of the detection algorithm to improve the
FAR.” 8 |ong-term and real-time ambulatory validation studies are needed to
obtain more reliable data, and to test the proposed strategies to optimize FAR.

In Chapter 3 we discussed the complexity of IA management. IA is often
misdiagnosed as a primary cardiac condition and treated with pacemaker
implantation. While pacemaker therapy might help to prevent syncope in some



patients with IA, it will not prevent seizures. Pacemaker implantation should
therefore only be considered in those in whom treatment failed to prevent
seizures with syncope. The benefit of cardiac pacing may be limited when
vasodepression dominates as the syncope triggering mechanism.20-22
Cardioinhibition, vasodepression or a combination of both can cause syncope in
IA.Z28 In Chapter 4 we examined a novel, indirect method of unravelling the
dominant mechanism, considering the relative timing of IA onset and syncope
onset. We retrospectively analysed video-electroencephalographic (EEG)
recordings of 38 focal seizures in 29 individuals and found that in only two
cases |A started too close to the onset of syncope (<3 sec) to have been the
primary cause. Awareness among physicians of the different pathophysiological
mechanisms of syncope in IA might help to prevent unnecessary pacemaker
implantation.

Validating the performance of seizure detection devices
The seizure detection device (SDD) market is booming, yet the level of
performance evidence is low.?” According to the standards for testing and
clinical validation of seizure detection devices published in 2018, only three
available devices have been validated in phase 3 studies and two of them were
also validated in a phase 4 study.?” This shows that the majority of studies
applied seizure detection algorithms that were trained and tested on the same
dataset and also often lacked continuous real-time data, thus questioning the
generalizability of the results.* ?” The two phase 4 studies demonstrated the
feasibility and usability of wearables for the detection of convulsive seizures in
the home environment, but included many people living in a residential care
setting.?8 2®

The PROMISE trial was the first prospective phase 4 multicentre implementation
study in the home environment to combine long-term video-controlled
performance data from NightWatch in a paediatric cohort with data from
questionnaires on the effect of NightWatch on caregivers’ stress, sleep, and
quality of life (QoL). In Chapter 5 we presented the results of the PROMISE trial.
Based on 2310 recorded nights (28,173 hours), including 552 major seizures,
NightWatch showed a median sensitivity of 100% (range 46 - 100%), with a
median FAR of 0.04 (range 0.00 - 0.53) per participant per hour. Compared to
previous results of NightWatch in adults, the sensitivity in this paediatric cohort
was slightly higher and so was the frequency of false alarms.? One third of false
alarms related to minor seizures, and the remainder to arousals or non-epileptic



rhythmic movements. Children present with different heart rate profiles than
adults (i.e., higher resting values and greater HR variability)® *' and with
challenging behaviour and sleep-related rhythmic movements, particularly in
those with developmental disorders.? Caregivers reported a positive effect on
their experienced stress during NightWatch use, while their quality of sleep and
QoL did not change significantly. A possible explanation for this minimal effect
could be the duration of the intervention period, which might have been too
short for parents to learn to trust the device and let go of their own alertness at
night. Another explanation is that an SDD, at least in the short term, does not
take away the overall burden of caring for a child with epilepsy and all its
accompanying stressors.

The usability of two wearables has been shown in phase 4 studies,? 2° but not
every person with epilepsy will tolerate a wearable device; some prefer remote
solutions. We therefore retrospectively analysed the performance of a real-time
video-based detection algorithm on 1661 recorded nights of 22 children
(Chapter 6). The video algorithm had an overall sensitivity of 78% for the
detection of convulsive seizures and 73% for the detection of hyperkinetic
seizures. False alarms (n=87) occurred in only a minority of children (overall
FAR 0.05/night) and were mainly behaviour related. Compared to the previous
study in adults®®, we found a lower sensitivity for the detection of convulsive
seizures as well as lower FARs. This was the first video-based seizure detection
method that was tested on a large dataset (different from the training dataset)
with continuous video recordings. Compared to other remote SDDs using bed
sensors this method showed slightly lower sensitivity, but also lower FAR. It
therefore provides an attractive alternative to wearable SDDs.?°

The value of seizure detection devices for families and

society

According to recent clinical practice guidelines, wearable devices are effective
for accurate detection of convulsive seizures, but whether these detections
result in meaningful outcomes remains unknown.?” The value of SDDs can be
measured on different levels; from clinical outcomes in the person with epilepsy,
to the impact on a family, to even bigger effects from a societal perspective. All
these contexts are important to establish the added value of SDDs.



In Chapter 7 the first economic evaluation of an SDD from a societal
perspective was described. Based on data from 41 children from the PROMISE
study, we assessed the cost-utility and cost-effectiveness of NightWatch
implementation. A decrease in mean costs of €775 during the two-month
intervention period with NightWatch use was observed, compared to a two-
month baseline period without any SDD. At a ceiling ratio of €50,000 per quality
adjusted life year (QALY), NightWatch showed a 72% probability of being cost-
effective. This effect was mainly due to changes in health care costs, including
hospitalization, medication, and physiotherapy. Parental stress and QALYs did
not, however, contribute to the cost-effectiveness, with similar scores between
the baseline and intervention period. This may be explained by the short
intervention period, as building trust in NightWatch might need more time.
Alternatively, the NightWatch may already be manifesting its potential positive
impact within this time frame, but the benefits may be outweighed by alarm
fatigue thus resulting in unaltered levels of parental stress and QALYSs.

In Chapter 8 we explored the added value of seizure detection for parents
caring for a child with epilepsy. In-depth interviews with 21 parents from the
PROMISE study showed that the value of NightWatch was mainly influenced by
the way parents handled the care of their child and experienced their burden of
care. The detection performance of NightWatch seemed less important. Driven
by the fear of child loss, parents developed a personal protective behaviour
towards their child with epilepsy. This behaviour is also seen in parents of
children with other chronic health conditions.?*3¢ While it may be of help to feel
in control of the situation and to decrease anxiety, this may also conversely
increase the burden of care. Parental flexibility in the existing protective
behaviour appeared to determine the extent to which NightWatch could support
the family. In many families, NightWatch added value by providing an extra
back-up and relieving the burden of seizure monitoring. NightWatch could not,
however, take away the fear of child loss. Health care professionals and device
companies should be aware of parental protective behaviour and the high
parental burden of care. It is essential to appreciate differences in parental
needs, and to keep an open mind for personalised adjustments to improve
implementability.

User needs for seizure detection
During the development of SDDs crucial choices are made by device
companies, often in collaboration with health care professionals. Their values,



however, may not be representative of all stakeholders. Successful SDD
implementation requires a good fit with the end-user. It is therefore important to
understand user preferences for SDDs.

In Chapter 9, we explored the deeper needs and wishes regarding SDDs of
professional and informal caregivers of children with epilepsy, using a new
qualitative research method in epilepsy: context mapping. Trust emerged as the
most important theme; multiple elements were identified that could help
caregivers gain trust in a device. The elements included integration of different
modalities, ability to view all parameters overnight, personal adjustment of the
algorithm, recommendation by a neurologist, and a set-up period. The most
important elements were integrated into a discrete choice experiment (DCE) to
quantify their relative strength influencing user preferences. Chapter 10 shows
the results from this online questionnaire, including the DCE, fully completed by
49 parents. All DCE attributes had a high impact on parental choices, in the
following order of importance: “Introduction to use”, “personalisation”,
“interaction”, “alert” and “interface”. Parents preferred to be alerted to both
major and minor seizures, and to personalise the detection algorithm. This
contrasts with results from previous studies in which preferences for limited and
automated alerts and interactions with the device were expressed by users.?”
The online questionnaire also explored parental preferences regarding the
trade-off between sensitivity and positive predictive value, while accounting for
individual seizure frequency. Relatively more false alarms were favoured over
missed seizures, particularly among those with a low seizure frequency. We
identified considerable variation in SDD preferences between different user
groups, both within our study and compared to other studies. For example,
parents of children with a learning disability, compared to those without, were
more likely to prefer consultation with a neurologist before SDD use, device
interface options during an alarm, and the option to adjust the device’s
algorithm by giving personal feedback. These findings underscore the
heterogeneity among user groups and emphasises the importance of user-
centred and tailored approaches of SDD development to meet the contrasting
needs and to optimise implementation.

Future directions

Clinicians,?” people with epilepsy and their caregivers®-4 have expressed a need
for reliable seizure detection at home. SDDs are being developed rapidly to
meet this need, but device implementation does not always follow this pace.



The major delay in SDD implementation concerns the clinical validation
process. This step is crucial in reliably estimating device performance and
improving counselling, and reimbursement. Quality validations are, however,
very time and cost consuming. There is a trend of SDDs becoming
commercially available without any performance data published. The big
advantage of this development is that these devices are instantly ready for use
in practice. Yet, this overly ready availability may expose users to unknown risks
without reimbursement of costs. The latter may create health care inequality if
some people cannot buy a device. Another obstacle for successful SDD
implementation is strict governmental regulations for medical devices. Recent
adjustments in European Union legislations for medical devices (Medical Device
Regulation; MDR) make it more difficult for devices to enter the market but are
needed to guarantee quality.*

Decreasing seizure-related mortality is one of the main goals of SDDs.?’
Ideally, mortality may be chosen as a study endpoint, but this is not realistic.
While SUDEP is the most common cause of epilepsy-related mortality,** it is still
a relatively rare event with estimated incidence 1 in 1000 adults with epilepsy
per year.**" It is therefore impractical to use SUDEP as a primary study
endpoint in the validation of SDDs. Instead, retrospective, long term cohort
studies comparing SUDEP rates between SDD and non-SDD users could
provide alternative evidence. These cohorts should, however, be large enough
to account for the various factors affecting SUDEP risk.

Detecting different seizure types

Most available SDDs target potentially dangerous seizures only (focal to bilateral
or generalized tonic-clonic seizures).*® This thesis emphasises the need for
devices that warn of all seizure types. Focal seizures without bilateral spread do
not pose a SUDEP risk, but they do carry risks of other complications.*® These
risks include death by injury, drowning or traffic accidents, with important
psychosocial consequences.® Focal seizures without bilateral spread are more
difficult to detect, because they do not always show pronounced changes in
autonomic function or motor signs.%' Additionally their semiology is often less
stereotyped and the variability between individuals may be high, which makes it
hard for a generic device to detect them.** %2 The currently available evidence
for the detection of seizure types other than convulsive seizures is derived
exclusively from phase 2 validation studies.* ®** HRV algorithms seem to have the
best performance (overall sensitivity 83%% and 91%°%; FAR 0.11%° and



0.22%/night), but only after a preselection of responders (i.e., >66% of seizures
detected®® or >50 bpm ictal HR increase®*). A study on photoplethysmography
(PPG) data from a wearable device, found significant changes during the ictal
period of focal seizures.®® A multimodal device combining electrodermal activity
(EDA) and accelerometery was retrospectively tested on data from 22
individuals, which included six focal tonic-clonic seizures.®” With optimal
thresholds, the algorithm was able to detect half the focal seizures (sensitivity
50%).%” Another study on bio-signals in focal seizures from twelve individuals
confirmed the potential advantage of multimodal devices.® Common time-
evolving patterns were recognised in HR, EDA and movement, especially in
focal motor seizures with impaired awareness.>° Prospective validation of these
methods is needed to obtain reliable performance data for the detection of focal
seizures.

Approaching big data

Commonly used bio-signals integrated in validated devices can also be used to
monitor seizure severity.?” Active monitoring of convulsive seizure frequency
with markers of seizure severity can be used to further improve SUDEP
prediction.** To expand the scope beyond convulsive seizures, new bio-signals
and long-term ambulatory data is needed to recognise natural fluctuations and
specific seizure-related patterns. Recently, the protocol was published for a
long-term observational study on people with epilepsy using non-invasive SDDs
at home (EEG@HOME study).% This study will collect EEG data from a portable
EEG device twice a day, and continuous non-EEG bio-signals (HR, sleep quality
index, steps) from a wrist-worn device (Fitbit Inc.). The person with epilepsy or
the caregiver will register data related to seizure occurrence, medication taken,
sleep quality, stress and mood using a smartphone application. This personal
record represents the biggest challenge of collecting reliable long-term
ambulatory recordings. Seizures are often underreported, which may result in
unreliable seizure diaries.?® Without an accurate reference standard, it is very
difficult to identify the appropriate bio-signals and patterns in the data.
Unfortunately, there is no simple solution to this problem. The optimal reference
standard would consist of continuous video-EEG recordings. Scalp-EEG is very
uncomfortable and obtrusive, and sufficient quality measurements require well-
glued electrodes; this is impractical for ambulatory use. Smaller, less obtrusive
EEG devices based on single-channel or multiple behind-the-ear channels are
limited by their location, and have not yet provided high accuracy.® ¢!



Intracranial EEG recording devices are highly accurate, though chronic
implantation carries other disadvantages: cost and risk issues, and limitations in
spatial sampling.5? These devices may also detect subclinical seizure patterns,
which may be valuable for seizure forecasting, but would not necessitate an
alarm.®" & To distinguish clinically relevant seizures from subclinical ones, EEG
recordings are therefore often combined with video. Video monitoring is,
however, limited to one place, unless multiple cameras or portable camera
systems (e.g., drones) are used.

Another challenge is the interpretation of long-term SDD and reference
data. Expert human analysis of this growing amount of data is very time
consuming and will require automated approaches by artificial intelligence (Al)
in the future.®* As shown in chapter 2, machine learning (ML) techniques can
help us to automate processes (e.g., algorithm feature selection) to improve
SDD detection performances.®® % ML algorithms have also shown good results
for automated detection of ictal and interictal epileptiform discharges on scalp-
EEG.%" Recently, interest has grown in the application of deep learning (DL) in
epilepsy care.®® DL frameworks automatically and repeatedly optimise their
parameters, so they presumably require less prior expert knowledge about the
dataset for good performance.® Especially for large datasets, these methods
can therefore have an advantage. Less control over the process is a huge
disadvantage, and when bad quality data goes into the model, results will
probably be of poor quality.

Seizure forecasting

Apart from seizure detection, ML and DL techniques can also be used for
seizure forecasting. Seizure unpredictability is one of the major factors
influencing the psychological burden of epilepsy and has great impact on QoL.%°
People with epilepsy and caregivers have emphasised the need for seizure
forecasting to improve safety and independence.”® A survey study using best-
worst scaling on 346 people with epilepsy and 147 caregivers accentuated the
importance of short forecasting range and notification of a high chance of a
seizure.”® As mentioned before, subclinical seizure patterns in the EEG signal
can be used to forecast seizures.®® 7' The Neurovista study was the first to
collect long-term (six months - two years) intracranial EEG data from fifteen
people with refractory epilepsy in an ambulatory setting.”' The seizure-likelihood
was predicted by pre-ictal electrical activity. Based on correlated clinical
seizures in eleven subjects, the sensitivities to indicate ‘high seizure likelihood’



ranged from 65-100%. This dataset has been instrumental in unveiling circadian
and multidien patterns in seizure occurrence and in improving forecasting
algorithms.”> ”* The methods described are, however, based on highly invasive
devices and personalised algorithms, which makes them less generally
applicable. Recently, seizure forecasting based on non-EEG wearables was
examined, but these methods have not yet reached high accuracy.” 7 A
feasibility study using wearable smartwatches found that circadian and multiday
heart rate cycles showed the best predictive value for seizure forcasting.”® Apart
from bio-signal monitoring, SDDs and smartphones are able to detect more
complex behavioural changes.” Activity and sleep patterns, and indicators of
concentration and mood might provide an interesting tool for seizure
forecasting in the future.

Personalized seizure detection

Multiple chapters of this thesis have discussed the potential advantages of
tailored SDD approaches including personalised algorithms. The
implementation of these strategies poses significant challenges. Manual
adjustment by clinical experts is very time-consuming and can only be applied
when a sufficient number of seizures is recorded. Real-time user feedback and
automatic personalisation are more practical approaches.” 8 Personal feedback
gives users control over their device and has the potential to optimise the
device to the user’s needs. Conversely, there is a high risk of incorrect
feedback, especially in people with seizures with impaired awareness or post-
ictal confusion. This might negatively influence device accuracy, and
consequently may influence SDD certification and reimbursement. Automated
personalisation methods using Al have more potential to become accurate. All
performance claims, however, are based on the original, fixed algorithm, so they
pose the same certification and reimbursement problems. A possible solution
might be to develop a device with multiple certified and validated algorithms
tailored to specific user groups and user needs. During ambulatory use, the
device would recognise individual seizure characteristics and thus be able to
select the best suitable algorithm in response to user feedback.



OVERALL CONCLUSIONS

In conclusion, while current wearable SDDs may accurately detect convulsive
seizures, future long-term home-based trials are needed to improve
performance for other seizure types, to offer tailored solutions for specific user
groups and to explore their potential in monitoring individual treatments and
seizure forecasting.
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