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Summary
Both seizures and the fear of having another seizure can have far-reaching consequences
for patients with epilepsy. In many cases, anti-epileptic drugs can provide a better
seizure control and thereby a better control of one’s everyday life. Epileptologists must
balance the pros and cons of each treatment option when choosing the best care for
their patients. Poor sleep can lead to a higher seizure propensity, but seizures and
anti-epileptic drugs can also negatively affect sleep quality. Seizures, drugs and sleep all
impact the patient’s quality of life. There is therefore a growing consensus that possible
sleep disturbances should also be taken into account when comparing treatment schemes.

The interaction between epilepsy and sleep may vary depending on the type of epilepsy
and other factors specific to a given patient. The patient specific interaction could be
illuminated by observing how seizure occurrence and sleep quality evolve over extended
periods of time. Monitoring sleep and seizures by technological means could reveal pat-
terns unknown to the patient, as subjective accounts of these are known to be inaccurate.
Objective seizure and sleep measures could therefore provide crucial information to the
treating epileptologist. Continued monitoring could also reveal changes in seizure pat-
terns in response to altered medication.

This thesis presents a pilot study testing a wearable, subcutaneous EEG device on pa-
tients with epilepsy. Nine patients wore the device continuously for three months. Four
of the nine patients furthermore wore the device while submitted to the epilepsy mon-
itoring unit, providing concurrent scalp and subcutaneous EEG measurements. Based
on the concurrent recordings, we show that epileptiform and sleep related events appear
similar in the subcutaneous recordings compared to scalp EEG recorded from similar
electrode positions. Furthermore, by training patient-specific sleep staging algorithms,
we obtain classification performances on par with human experts. Based on work per-
formed on a publicly available EEG database, we show that there is a potential for
saving time and resources by training personalized sleep models in a semi-supervised
fashion.

Based on data collected while the patients wore the device in their everyday lives for
three months, we show that the device is safe to use and is well-tolerated by the pa-
tients. A comparison of seizure diaries and seizures visually detected in the subcutaneous
EEG revealed that the self-reported seizure pattern often differed from the electrograph-
ical seizure pattern. We cannot know whether the discrepancy stems from undetected
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seizures in the EEG, or whether the patients suffers from seizure unawareness. As in-
formation on seizure occurrence is important for the treating epileptologist, we argue
that the additional information provided by at-home-monitoring could help make better-
informed treatment decisions.

A small investigation of how sleep length affects the probability of having a seizure
the next day, revealed that the collected dataset was not optimal to statistically investi-
gate this complex question. A qualitative analysis revealed that severe sleep deprivation
did influence seizure propensity, but that there were other, unknown factors influencing
the seizure patterns as well. Without more information about these other factors (that
may or may not interact with sleep), it is difficult to tease out the predictive power of
sleep length alone.

Another small study investigated whether it was feasible to monitor citizens of a Danish
”tech town” using a wrist-worn activity tracker that measures the amount of physical
activity and sleep for four weeks. The study was conducted as preparation for a larger
upcoming study that aims to investigate how using an activity tracker affects aerobic ca-
pacity and how removing electronic media devices from the bedroom affects sleep. The
results showed that compliance of wearing the activity tracker was high, and that sleep
estimates were obtained for most nights. The participants using the activity tracker
for fitness monitoring increased their aerobic capacity and reduced their systolic blood
pressure. The experience from this small feasibility study suggested a few adjustments
that will be incorporated in the future, large-scale study.

Although this thesis shows that it is feasible to monitor patients for long periods ”in the
wild”, future research is needed to illuminate the clinical utility of this new treatment
aid.



Resumé
Både anfald og frygten for nye anfald kan have vidtrækkende konsekvenser for epilepsi-
patienter, men i mange tilfælde kan anti-epileptisk medicin give en bedre kontrol over
anfaldene og hverdagen. Fysiologer afvejer grundigt fordele og ulemper ved enhver be-
handling når de skal vælge den optimale behandlingsplan for deres patienter. Dårlig
søvn kan medvirke til flere anfald, men anfald og anti-epileptisk medicin kan også have
en negativ indvirkning på søvnkvaliteten. Anfald, medicin og søvn har alle betydning
for patienternes livskvalitet. Derfor er der en voksende enighed om at eventuelle søvn-
forstyrrelser skal tages med i overvejelserne når den rette behandling skal udvælges.

Vekselvirkningen imellem søvn og epilepsi varierer afhængigt af typen af epilepsi og
andre faktorer der kan være forskellige fra patient til patient. De patientspecifikke
sammenhænge kan belyses ved at observere hvordan anfaldsforekomst og søvnkvalitet
forløber over en længere tidsperiode. Monitorering af søvn og anfald ved hjælp af tek-
nologiske hjælpemidler kan afsløre mønstre der er skjulte for patienten, da subjektive
erindringer er kendt for at være upræcise. Objektive søvn- og anfaldsmålinger kan der-
for give væsentlig information til fysiologen. Kontinuerlig monitorering kan også afsløre
ændringer i anfalsmønstrene som reaktion på ændret medicinering.

Denne afhandling præsenterer et pilotstudie som tester et bærbart, subkutant EEG-
apparat på patienter med epilepsi. Ni patienter brugte apparatet kontinuerligt i tre
måneder. Fire af de ni patienter brugte også apparatet mens de var indlagte på epilep-
simonitoreringsenheden, hvilket resulterede i samtidige målinger af overflade- og subku-
tant EEG. Baseret på de samtidige målinger, viser vi at epileptiforme og søvnrelaterede
hændelser ser ens ud i subkutane målinger og i overflade-EEG målt fra lignende elek-
trodepositioner. Ydermere, ved at træne patientspecifikke søvnklassificerings algoritmer
opnås klassificeringer der er på niveau med manuelle analyser. Baseret på arbejde fore-
taget på en offentligt tilgængelig EEG database har vi vist at der er potentiale for at
spare tid og ressourcer ved at træne semi-superviserede personspecifikke søvnmodeller.

Baseret på data, indsamlet i et studie hvor patienter har anvendt det subkutane ap-
parat i deres hverdagsliv i tre måneder, viser vi at apparatet er sikkert at bruge og
bliver taget godt imod af patienterne. En sammenligning af anfalds-dagbøger og anfald
visuelt identificeret i EEG’et afslørede at det afrapporterede anfaldsmønster ofte afveg
fra det elektrografiske anfaldsmønster. Vi kan ikke vide om afvigelsen kommer fra anfald
der ikke kan findes med EEG eller om patienterne ikke bemærker anfaldene. Da præcis
information om anfaldsforekomst er vigtigt for den behandlende fysiolog, argumenterer
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vi for at den objektive information der fås ved monitorering af patienterne i hjemmet
kan hjælpe med at foretage bedre oplyste behandlingsbeslutninger.

En mindre undersøgelse af sammenhængen mellem søvnlængde og sandsynligheden for
et anfald den efterfølgende dag, afslørede at det indsamlede dataset ikke var optimalt
til en statistisk undersøgelse. En kvalitativ analyse indikerede at søvnmangel påvirker
anfaldstendensen, men også at der var andre ukendte faktorer der påvirker anfaldsmøn-
steret. Uden yderligere information omkring disse faktorer (der måske eller måske ikke
interagerer med søvn) er det vanskeligt at drage en konklusion.

Et andet mindre studie undersøgte om det var gennemførligt at monitorere personer ved
hjælp af en håndledsbåret aktivitetstracker der måler mængden af fysisk aktivitet og søvn
over en periode på fire uger. Studiet blev udført som forberedelse til et større fremtidigt
studie der har som mål at undersøge hvordan brugen af en aktivitetstracker påvirker
den aerobe kapacitet og hvilken effekt på søvnkvaliteten det har at fjerne skærme fra
soveværelset. Test-personerne bar aktivitetstrackerne næsten konstant og søvn estimater
blev indsamlet for stort set alle nætter. En undergruppe af deltagerne brugte aktivitet-
strackeren til at følge sin fysiske aktivitet, og de fleste af dem var glade for det. Denne
undergruppe opnåede højere aerob kapacitet og lavere systolisk blodtryk. Erfaringerne
fra dette lille studie antydede nogle justeringer der vil blive indarbejdet i det fremtidige
stor-skala studie.

Selvom denne afhandling viser at det er gennemførligt at monitorere patienter over
længere perioder ”i det fri”, er yderligere forskning nødvendigt for at belyse den kliniske
anvendelighed af hverdagsmonitorering som et hjælpemiddel til behandlingsoptimering.



Preface
This thesis was prepared at the Department of Applied Mathematics and Computer
Science at the Technical University of Denmark (DTU Compute) in partial fulfillment
of the requirements for obtaining a PhD.-degree. It was an industrial PhD.-project that
started in September 2016 and ended in May 2020. The project was a collaboration
between UNEEG medical A/S, DTU Compute and the Center of Neurophysiology at
Zealand University Hospital (ZUH), and was funded by UNEEG medical and Innovation
Fund Denmark. It was part of a larger endeavour initiated by UNEEG medical and the
Center of Neurophysiology at ZUH. This endeavor encompassed another paralell PhD.-
project titled ”Subcutaneous EEG for ultra-long-term home monitoring of epilepsy and
sleep”, where the candidate was M.D. Sigge Weisdorf. Weisdorf was enrolled at the Fac-
ulty of Health and Medical Sciences at the University of Copenhagen. The two projects
are intertwined, but where Weisdorf’s thesis had a medical angle, the current thesis has
more of a technical angle.

An interdisciplinary team of supervisors guided the process. The main university su-
pervisor was Prof. Lars Kai Hansen, Head of Section, from the section of Cognitive Sys-
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PhD. Martin Christian Hemmsen, Lead Sleep and Cognition Researher, also from UN-
EEG medical. The main clinical supervisor was Prof. M.D. Troels Wesenberg Kjær,
Chief Physician in charge of Neurophysiology, at Zealand University Hospital.

This thesis consists of one published conference paper, three published journal papers,
one submitted, but still unpublished journal paper, one technical report and a conclusion
tying it all together. It will guide you through the first attempt ever at subcutaneously
monitoring the brain activity of patients with epilepsy in their everyday lives.
Enjoy the journey.

Sirin W. Gangstad
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CHAPTER 1
Introduction

1.1 Epilepsy and sleep

The fear of having a sudden and unexpected seizure reduces the quality of life for many
patients with epilepsy. Seizures can occur erratically, but for some patients, several
factors influence the probability for having a seizure. Common factors are alcohol, hor-
monal cycles, caffeine, stress and poor sleep to name a few [52]. The relationship between
sleep and epilepsy is complex, and we are learning more about it. Research suggest that
having epilepsy, the occurrence of seizures and anti-epileptic drugs (AEDs) can each
have a negative impact on sleep. Conversely, poor sleep can increase the probability
of having a seizure. Additionally, many patients with epilepsy suffer from co-morbid
sleep disorders. Insufficient or fragmented sleep can exacerbate common epilepsy symp-
toms such as memory problems and further reduce the patient’s quality of life. Several
studies have implicated that improving sleep hygiene and treating sleep disorders can
significantly improve outcomes in epilepsy [78]. This could include adjusting AEDs that
negatively impact sleep. There is therefore a growing consensus that inquiring about
sleep quality is important and that treatment of sleep disturbances should be included
in the total care of patients [4, 43], see Figure 1.1.

Anti-
epileptic
drugs

Seizures

Sleep

QoL
Figure 1.1: The effect of AEDs, sleep

and seizures interact, and
they all affect quality of
life (QoL). Ultra long-
term monitoring could il-
luminate the dynamics al-
lowing for individualized
treatment.



2 1 Introduction

1.2 Motivation
Seizure frequency and severity are two of the most important factors when choosing or
evaluating epilepsy treatment. A reliable estimate of the seizure burden is therefore im-
portant [20]. Seizure dairies are the most common tool for recording seizure occurrence
at home, but several studies have shown such subjective reports to be unreliable [24,
9]. An objective seizure count could help the clinician make a well informed treatment
decision, balancing the positive effects and the side effects of AED medication.

Most people would agree that good sleep quality is important for your quality-of-life,
and this is especially true for patients with epilepsy. Sleep is quantified into a suc-
cession of sleep stages using a polysomnography (PSG) examination. The measurement
setup is extensive, and not suitable for at-home-use over longer periods of time (∼ weeks
or months). The current clinical practice for ultra long-term monitoring, here defined as
continuous monitoring for more than a couple of weeks, is to use subjective sleep diaries
or actigraphy. Actigraphy has been shown to provide reasonably accurate estimates of
the sleep-wake cycle in persons with healthy sleep. However, subjective sleep diaries and
actigraphy should be used with care in patients with pathological sleep and frequent day-
time naps [69, 71]. Furthermore, sleep diaries and actigraphy do not provide accurate
estimates of sleep stages or architecture.

As Electroencephalography (EEG) can be used to measure both seizures and sleep stages,
a wearable EEG device could deliver both an objective seizure count and a nuanced sleep
quality measure in a single product solution. Few commercially available solution for
ultra long-term monitoring exists, and the most advanced options is perhaps the Dreem
headband [18]. This product is designed for sleep and nightly epilepsy monitoring. How-
ever, for around-the-clock monitoring in everyday life, a more discrete and permanent
solution would be preferable. UNEEG™ medical A/S have recently developed a subcuta-
neous EEG recording device that might be a suitable candidate. The device was tested
in this project and is described in more detail later.

Besides being a tool for treatment optimization, ultra long-term monitoring of sleep,
epileptic activity and their response to AEDs could also advance our knowledge on their
interaction through research. The exact mechanisms underlying a possible connection
might depend on the type of epilepsy. Understanding this connection might allow for
new, personalized therapeutic opportunities [78].

1.3 Thesis objective
This project can be viewed as a pilot study to investigate the feasibility of using two-
channel subcutaneous EEG for estimating a patient’s true seizure burden and sleep
pattern by ultra long-term monitoring. A previous study has shown that the signal
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quality of subcutaneous EEG in healthy adults is comparable to that of scalp EEG [19]
under controlled conditions. The objectives of the current project is to

• Establish whether subcutaneous EEG can be used to record epileptiform and sleep
related events of clinical value

• Investigate the feasibility of ultra long-term subcutaneous EEG monitoring in pa-
tients everyday lives

• Investigate the feasibility of using subcutaneous EEG and customized algorithms
to analyze sleep

Furthermore, based on another study of volunteer citizens of a Danish tech town, this
thesis investigates the feasibility of conducting a study aiming at

• estimating the effect of restricting bedtime media usage on total sleep time

• estimating the effect of self-monitoring of physical activity on aerobic capacity

1.4 Thesis structure
The thesis is organized as follows:

Chapter 2 briefly introduces some central concepts underpinning the thesis.

Chapter 3 is a method section describing the clinical trial and the subcutaneous EEG
device under investigation.

Chapter 4-Chapter 7 describe four published articles, of which three are based on the
dataset collected during the clinical trial. These chapters offer motivation for each study
and a reflection upon the main results, but the description of the methods is kept on
a conceptual level. For details such as the exact toolboxes, functions and parameter
settings, the reader is referred to the relevant articles in the Appendix.

Chapter 4 describes the first Proof-of-Concept article that lies the foundation for the
rest of the project. It describes how subcutaneous EEG is similar to scalp EEG
recorded from spatially equivalent channels, and that the investigational device
can record seizures, inter-ictal discharges and common sleep phenomena.

Chapter 5 serves as a proof-of-concept to show that subcutaneous EEG can be used
for automatic sleep scoring.

Chapter 6 describes the feasibility of at-home-monitoring of patients over a period of
months.
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Chapter 7 describes another sleep scoring algorithm designed to be trained with par-
tially sleep scored EEG. This article was published while still collecting the sub-
cutaneous EEG dataset, and the algorithm was developed using publicly available
scalp EEG.

Chapter 8 and Chapter 9 describe unpublished work, the latter recently submitted.

Chapter 8 is a short chapter, and describes our initial attempt at investigating how
sleep length affects the probability of having a seizure the next day. It quickly
became apparent that the size of the dataset and the nature of the research hy-
pothesis was not a good match. The investigation was therefore paused until the
nuances of the research question is better defined.

Chapter 9 describes work on a different project, not related to subcutaneous EEG. It
presents a feasibility study to investigate whether long term monitoring using an
activity tracker can be used to assess

1. the effect of removing electronic media devices from the bedroom on the total
sleep time

2. the effect of using an activity tracker on aerobic capacity

Chapter 10 reflects on the lessons learned throughout the project and the outlook on
future research.



CHAPTER 2
Background theory

As this thesis is inter-disciplinary, readers may come from different backgrounds and
have different skill sets. This chapter covers some basic background theory that might
be useful when reading the remainder of the thesis. It is a brief introduction to some of
the underlying concepts of EEG, epilepsy, sleep and machine learning.

2.1 Origin of EEG

EEG is a tool for recording brain activity by measuring potential differences between
multiple electrodes placed across the head. There are electrodes designed to be im-
planted into the brain itself, but for purpose of this thesis, we will restrict ourselves to
electrodes placed outside of the skull. To be more specific, EEG measures differences in
the electrical potential field temporarily created during a post-synaptic potential (PSP).
During the PSP, there is a local redistribution of charges in and around the neurons,
causing the neurons to act as electrical dipoles. The electrodes are unable to detect
the activity of a single neuron, so they measure the summed activity of a large number
of neurons being electrically active. PSPs have a small voltage amplitude compared
to other fields generated in the neuron. However, they are relatively slow (50-500 ms),
allowing for the measurement of summed potential fields across large groups of neurons.
The bulk of the signal measured by EEG is thought to originate from pyramidal cells, as
they are arranged parallel to each other, which prevents their electrical fields to cancel
each other out. Furthermore, they are located close to surface of the brain, which is
advantageous since the magnitude of the electrical field falls off with the square of the
distance. The averaging effect caused by measuring thousands of neurons firing syn-
chronously combined with volume conduction across different tissue layers, leads to a
rather poor spatial resolution. Furthermore, the recording is mainly a reflection of the
activity of the superficial layers of the brain. However, EEG has excellent temporal
resolution and of all of the common brain imaging techniques, the hardware is relatively
wearable.
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Figure 2.1: The main lobes of
the human brain.
The temporal lobe
is shown in green.
Figure adapted from
plate 728 in [30].

2.2 The fourth most common neurological
disorder

Epilepsy is a neurological disease popularly defined by recurrent seizures - episodes where
the neurons in the brain show abnormal excessive or synchronous activity. Special task
forces of the International League Against Epilepsy (ILAE) are constantly reviewing
the definition and classification of seizures and epilepsy, and the most recent versions
can be found in [22, 25, 23]. There are several types of epilepsies, and classifying each
type usually starts with identifying what kind of seizure the patient is experiencing [72].
Seizures are categorized according to their onset zone: focal onset, generalized onset and
unknown onset. In the focal onset category, temporal lobe epilepsy (TLE) is the most
common with an approximate incidence rate of 10.4/100,000/year [75]. The temporal
lobe is illustrated together with other main lobes of the brain in figure Figure 2.1. TLE
is further divided into two categories [76]. In mesial TLE (MTLE), seizures originate in
the internal structures of the temporal lobe, and accounts for 80 % of all TLE seizures.
In contrast, lateral TLE (LTLE) involves the outer parts of the temporal lobe. Some
TLE patients retain their awareness during their seizures, meaning that they are fully
aware of the fact that they are having a seizure. However, many TLE patients have
impaired awareness, which ultimately means they might not have a realistic picture of
their seizure burden. This presents a challenge for their treating neurologist. About
one third of TLE patients do not achieve a complete seizures reduction when using anti-
epileptic drugs (AEDs). Many of these medically refractory patients show abnormal
findings on magnetic resonance imaging (MRI). Drug-resistant epilepsy is associated
with a a higher risk of experiencing mood and memory problems, Sudden unexpected
death in epilepsy (SUDEP) and a lower quality of life [33]. This does not necessarily
mean there is no benefit from using medication. As for all patients, finding the right
treatment (by drugs or by other means) corresponds to finding the right balance between
the negative impact of the seizures and the treatment side effects.
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Figure 2.2: An example of a hypnogram (white line) plotted on top a spectrogram
based on subcutaneous EEG. The length of the EEG recording is 8.9 hours.

2.3 Sleep
Sleep is a vital process in a variety of animal species, and we are still learning more
about its effect on the physiological and cognitive functions of the brain [82]. Hans
Berger, often termed the Inventor of EEG, first noticed the profound differences in the
EEG between the awake and the sleeping brain in the 1920. Today, EEG is still the
most important tool to characterize sleep.

Sleep is not a single state, but a sequence of several alternating states. Loomis et
al. [48] discovered sleep spindles in the 1930s and proposed a five stage categorization
system of sleep. Today, the categorization system has matured into the The AASM
Manual for the Scoring of Sleep and Associated Events. A proper sleep in-
vestigation according to the AASM manual requires a Polysomnography (PSG). The
PSG is a multi-modal examination that monitors brain activity through EEG, muscle
activity through Electromyography (EMG) and eye movement through Electrooculog-
raphy (EOG). Depending on the indication for the examination, respiratory function
and hearth rhythm are also often included. The current five stages used to classify the
progression of sleep are as listed below [7].

Wakefulness (W) is characterized by muscle contractions and movement artifacts on
the EMG, which can also contaminate the EEG. If the eyes are open, eye blinks is
recorded by the EOG, and can also be visible in the low frequency range (0.5-2 Hz)
in the EEG. If the eyes are closed, posterior dominant rhythm (PDR, also called
alpha rhythm) is present in the 8-12 Hz range in most people.

Non-REM stage 1 (NREM1) is the first and lightest sleep stage, and is often con-
sidered a transition stage between wakefulness and the next sleep stage, Non-REM
sleep stage 2. A person with healthy sleep spends relatively little time in this sleep
stage, which renders NREM1 under-represented in most sleep dataset. NREM1 is
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notoriously difficult to learn to recognize for an algorithm, because there is often
an insufficient amount of data from it. It is also often mislabeled by human scor-
ers. Furthermore, it can resemble both wakefulness and Non-REM sleep stage 2.
NREM1 is characterized by the gradual attenuation of the PDR, which is replaced
by EEG activity in the theta range (4-7 Hz), a decrease in muscle tone as measured
by EMG and slow eye movements (SEM) in the EOG.

Non-REM stage 2 (NREM2) is a slightly deeper sleep than NREM1, and is de-
fined by the appearance of K-complexes and sleep spindles. K-complexes are high-
voltage, slow potentials (< 1.5 Hz), with an initial negative peak followed by a
positive complex and a final negative voltage. K-complexes can be evoked by a
sudden, auditory stimuli such as a knock (thereby the name). They often appear
in association with a sleep spindle. Sleep spindles are bursts of oscillatory waves
in the sigma band (12–14 ± 2 Hz) with a duration of 0.5-2 seconds. They have a
characteristic waxing-and-waning shape.

Non-REM stage 3 (NREM3) is the deepest sleep stage and is characterized by slow
wave activity (0.5 - 2 Hz) which may reach high amplitudes. Spindle activity
declines, and may disappear. The muscle tone in the EMG is relatively low and
eye movements are seldom.

Rapid Eye Movement (REM) sleep is clearly seen in the EOG, and the EEG con-
sists of low-amplitude, mixed frequency activity. Although dreaming can occur in
all sleep stages, REM sleep is often called dream sleep, as the most vivid dreams
often occur in this stage. Another characteristic of REM sleep is the low muscle
tone, as all muscles capable of voluntary movements are paralyzed, except for the
eyes. This is to prevent the acting out of the dreams in REM sleep. Epileptiform
discharges are seldom in REM sleep.

Sleep stage scoring a PSG recording results in a time series of sleep stage labels known
as a hypnogram. Based on the hypnogram, a sleep expert can decide whether the distri-
bution of sleep stages is good, and whether the sleep is sufficiently uninterrupted. An
example of a hypnogram plotted on top of a spectrogram is shown in Figure 2.2. In a
good nights sleep, NREM and REM sleep alternate 4-6 times during a night. The need
for sleep changes throughout life, but most adults need 6-9 hours of sleep each night
[37]. A lack of sleep can be caused by complete sleep deprivation for one or more nights,
or by interrupted and shallow sleep over long periods. The effect of the latter is less
studied, but chronic sleep reduction for several days tend to accumulate and resemble
the effects of acute sleep deprivation [65]. Insufficient sleep affects cognitive abilities
such as attention and working memory, and triggers emotional disturbances. Chronic
sleep deprivation also weakens the immune system and decreases the general feeling of
well-being [1, 65].
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2.4 Wearable EEG
EEG is an indispensable tool in the diagnosis of both epilepsy and sleep disorders. Mod-
ern scalp EEG equipment commonly used in hospitals, sleep clinics and in ambulatory
outpatient settings do allow for a certain freedom of movement, but is hardly suitable
for everyday use [15]. The last decade has seen a substantial development of wearable
EEG devices such as in-the-ear-EEG, around-the-ear electrode arrays and head bands.
Looney et al. summarized what they perceive as the most important characteristics of
wearable devices[49]:

Discreet: Small, not stigmatizing

Unobtrusive: Does not impede everyday activities

Robust: Stays in place, maintains data quality

User-friendly: Easy to operate

Feasible: Realistic to implement with current technology

And, as my co-PhD-student Sigge Weisdorf nicely added, the device also needs to be
validated.

Validated: Proven to be able to provide clinically relevant information

The realization of such a device opens up for new, individualized treatment options and
research.

Figure 2.3: A wearable EEG device must be discrete and easily integrated into your
life style. The illustration shows a man wearing the 24/7 EEG™SubQ,
a candidate for real life monitoring of EEG. A beta version of the 24/7
EEG™SubQ device was tested in this project, which is described in more
detail in the next chapter. Pictures by UNEEG™medical.
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2.5 Machine learning
...what we want is a machine
that can learn from experience.

Alan Turing
1947

Machine learning has attracted much attention in the last decade, especially since the
breakthrough of deep learning. In it’s most basic form, a machine learning algorithm
uses statistics to learn a pattern from a particular dataset [31]. Here, the term pattern
is quite broad, and can refer to categories or correlations in the data. The dataset from
which the algorithm learn the pattern in called the training set. To test the quality of
the pattern that the algorithm learned, it is applied to another, independent dataset
called the test set. The goal of testing is to give the algorithm a grade (a performance
measure) according to how well the learned pattern corresponds to the true pattern of
the test set. It gives us an indication of how much we can trust the predictions of the
algorithm. Obviously, the usefulness of an inaccurate algorithm is limited.

There are several ways to categorize machine learning algorithms, but a popular cat-
egorization is by their learning style. The learning style is in large degree dictated by
the nature of the dataset. In supervised learning, the observations in the dataset are
associated with a label [8]. During training, the machine learning algorithm learns how
to interpret the data in order to predict the label. An example of a supervised algorithm
could be a cat/dog-detector. It learns to interpret images of cats and dogs in order to
decide which of the two animals an image depicts. In unsupervised learning, the data do
not have labels [8]. The algorithm discovers patterns that describe the dataset, which
may or may not turn out as expected. Using the cat/dog example, an unsupervised
algorithm might discover that there are two categories in the image dataset; big furry
animals (dogs) and small furry animals (cats and small dogs).

The work in this thesis contains both supervised and unsupervised algorithms, as well as
a semi-supervised one. A semi-supervised algorithm is a mix between the two former, in
which the dataset is partially labelled [16]. The algorithms are conceptually explained
in the relevant chapters.

Apart from choosing the right model, a machine learner must also choose the right
representation of the data to input to the model. As biological signals (such as EEG)
are relatively noisy, machine learning models rarely look for patterns in the raw data.
Instead, the raw signal is represented by a set of features. A feature is a certain charac-
teristic describing the data, and we humans do also represent data by features subcon-
sciously. For example, an epileptologist might screen for inter-ictal spikes by looking for
peaks in the EEG that are pointy and sharp. Here, ”pointiness” and ”sharpness” are
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features of the EEG. The features used for each model in the thesis are also described
in the relevant chapters.
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CHAPTER 3
Data collection

This chapter first describes the device under investigation before briefly outlining the
clinical trial. A more detailed description of the trial can be found in [80, 81].

3.1 The investigational device
The investigational device is produced by UNEEG medical A/S (Lynge, Denmark), and
is illustrated in Figure 3.1. A beta-version of the currently commercially available device
was used in this study. It consists of an implant and a logging device that is attached
to a piece of clothing by magnet. The implant has three electrodes encapsulated in
a silicone tube which is connected to a ceramic housing. It was implanted over the
hemisphere known to contain the seizure focus. The three electrodes are called Proximal
(P), Center (C) and Distal (D) for their relative placement to the implant house. They
form two bipolar channels P-C and D-C, the middle electrode being the reference. The
logging device has a box-like body containing power supply and a memory card. It is
connected to a disk-shaped transceiver by wire, which is attached to the skin behind
the ear directly over the implant house by a glue pad. The transceiver both powers the
implant and receives the recorded EEG data using an inductive link through the skin.
The EEG is sampled at 207 Hz. In addition to logging the subcutaneous EEG data, the
logging device also records three-axis accelerometry and light intensity with a sampling
frequency of 10 Hz. The recorded data can be downloaded from the device and saved in
EDF+ format.

3.2 The clinical trial
The study was conducted according to the Helsinki Declaration and the guidelines for
good clinical practice. It was approved by the regional committee on health research
ethics (SJ-511) and is registered in clinicalstrials.gov (NCT02946151).

Patients with known or suspected temporal/frontotemporal lobe epilepsy were recruited
from the outpatient epilepsy clinic at Zealand University Hospital (ZUH) to participate
in the first part of a clinical trial. The first part was a proof-of-concept study and the
data was collected while the patients were admitted to epilepsy monitoring unit (EMU)
at ZUH. It aimed at establishing whether the investigational device could record elec-
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Figure 3.1: A: The commercially available device. B: A person sleeping with the
investigational device (beta-version of logging device). C: Illustration of
the implanted part of the device. The three electrodes are indicated with
arrows. They form two bipolar channels P-C and D-C. In this study, the
implant is placed such that it spans the temporal lobe.

troencephalographic events of clinical relevance. After discharge from the EMU, the
patients would wear the investigational device for approximately three months at home.
Once sufficient data for a proof-of-concept analysis had been collected, additional trial
participants were included to take part in the same at-home-part of the trial as the first
proof-of-concept participants. Here, patients with known or suspected temporal/fron-
totemporal lobe epilepsy with a self-reported seizure frequency of > 1 per month were
recruited from the outpatient clinics at ZUH and Odense University Hospital (OUH).
Once the patients had been included in the study and the subcutaneous implant had
been implanted, the incision wound was let to heal for 7-11 days. After healing, a start-
up visit was conducted, from which time the data recording started. The patients in
the first part of the study had their start-up meeting (termed ”start-up A”) on the first
day of their EMU admission, where they were instructed in the use of the subcutaneous
recording device. In order to record as much subcutaneous data as possible, each patient
was given two logging devices; one to wear while the other was charging. They were
instructed to swap devices when going to bed in the evening and when getting out of
bed in the morning. They used the investigational devices throughout the admission,
thereby providing concurrent EEG recordings from both the EMU’s standard equipment
and from the investigational device. The scalp EEG was sampled at 1024 Hz, using 25
electrodes (10-20 system with additional low row), see Figure 3.2. After the EMU ad-
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Figure 3.2: Scalp electrode po-
sitions used in the
EMU recordings.
The orange electrode
positions marks the
positions closest to
the subcutaneous
electrodes. Note that
the orange circle does
not mark the position
of the subcutaneous
electrodes, but the
scalp electrode po-
sitions closest to
the subcutaneous
electrodes.

Figure 3.3: Flow chart of the clinical trial.
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mission, the patients wore the investigational device for approximately three months at
home. During this period, there were three scheduled data collection visits, followed by
an explantation of the subcutaneous electrodes and a follow-up visit to remove sutures
and ensuring the incision healed well. Five more patients were included in the study
to go through the home-moitoring part. They had a start-up visit (”start-up B”) at
ZUH were they were instructed in the use of the device, before proceeding to the same
”at-home” part of the trial as the first patients. Besides wearing the subcutaneous device
(one during the day and another during night), the trial participants were asked to keep
a seizure dairy while at home, in order to log dates for when they experiences a seizure
and how they perceived it. An overview of the clinical trial is shown in Figure 3.3. In
total, 20 participants were invited to take part in the study, of which seven declined
and three were precluded by the investigator. Ten participants were included in the
study, and the first four patients were admitted to the EMU before continuing to the
at-home-monitoring. The remaining six patients underwent at-home-monitoring only.
Out of the ten included patients, eight completed according to protocol. One partic-
ipant dropped out of the study before implantation due to personal reasons, and one
participant dropped out after one month due to discomfort from the implant.

The collected dataset represents a milestone, as it is the first subcutaneous EEG to
be recorded in patients with epilepsy in their everyday lives.
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Proof-of-Concept

Before analyzing the novel and ultra-long-term subcutaneous EEG, it must first be es-
tablished whether the investigational device can record phenomena of clinical value in
this patient group. The first article, High similarity between EEG from subcutaneous
and proximate scalp electrodes in patients with temporal lobe epilepsy [80], aimed to show
that subcutaneous EEG is similar to scalp EEG recorded at nearby electrode positions.
To this end, subcutaneous and scalp EEG from the four EMU-patients were compared.
An overview of patient characteristics such as age, gender, MRI findings and AED’s can
be seen in Table 1 in [80] in Appendix A.

The naming of the subcutaneous electrodes have evolved during the lifetime of the PhD
project. In this article, the electrodes names have the subscripts SQ, which is short for
subcutaneous. The distal channel D-C is called DSQ−CSQ and the proximal channel
P-C is called PSQ − CSQ.

4.1 Methods
Examples of relevant phenomena such as seizures, interictal spikes, slow-wave sleep
(SWS), spindles and K-complexes were identified in the scalp recordings. The two EEG
modalities are expected to have similar signal characteristics in general, not only during
clinically relevant events. Therefore, examples of other common phenomena and artifact
such as eye blinks, chewing and posterior dominant rhythm (PDR) were also compared.
In this chapter though, only EEG events related to epilepsy or sleep will be presented.
In order to better compare the subcutaneous channels to the scalp channels, the scalp
recordings were re-referenced from a common average to longitudinal bipolar montage.

All investigated events were identified in the scalp EEG recordings. In order to com-
pare the signals from the scalp EEG equipment and the investigational device, the two
recordings were synchronized using their cross-correlation. Events that were rhythmic in
nature, such as SWS and seizures were compared in the time domain using Spearman’s
correlation coefficient ρS and in the time-frequency domain using spectral coherence
Cx,y(f):

ρS(rx, ry) = cov(rx, ry)
σ(rx)σ(ry)

, (4.1)
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where rx, ry are the rankings of the values in the signals x and y, cov is the covariance,
and σ is the standard deviation,

Cx,y(f) = |Gx,y|2

Gxx(f)Gyy

, (4.2)

where Gx,y(f) is the cross-spectral density and Gxx(f) and Gyy(f) are the auto-spectral
densities. Note the similarity between the expressions for the Spearman correlation co-
efficient ρS and the spectral coherence Cx,y(f). In fact, the spectral coherence can be
though of as the correlation between the frequency content of two signals. Short, non-
rhythmic events where the morphology of the EEG is important were compared in the
time domain alone, using Spearman’s correlation coefficient ρS.

A typical TLE seizure from one of the patients was chosen for analysis. The seizure,
as recorded by the proximal subcutaneous channel and the corresponding scalp channel,
was qualitatively compared in the time domain and in the time-frequency domain by
visual inspection. The Spearman’s correlation coefficient ρS was computed between the
subcutaneous proximal channel and all scalp channels. The mean spectral coherence
was computed between the subcutaneous channel and all scalp channel across the theta
band (4–8 Hz).

Interictal spikes were detected in the scalp recordings of patient four by first identi-
fying a suitable template spike, and then scanning a randomly chosen 24 h period using
template matching (software: Curry version 7.0.9, Compumedics Neuroscan,Australia).
Only scalp channels close to the subcutaneous channels were scanned. All detected
events were visually reviewed by an experienced epileptologist to reject false positives.
The remaining signal segments containing spikes were aligned by their peak such that
an average ”scalp spike” could be computed. The corresponding signal segments were
extracted from the subcutaneous recording and an average ”subcutaneous spike” was
computed. The two average spikes was compared using Spearman’s correlation coeffi-
cient ρS in Equation (4.1).

Spindles and K-complexes are typically best seen fronto-centrally [28, 54], and the tem-
poral placement of the subcutaneous electrodes might not be optimal for recording these
events. Nonetheless, one example of each event was identified and visually compared in
the time domain and in the time-frequency domain. The time-frequency decomposition
was computed using the same parameters as with the example seizure.

SWS is a more widespread phenomena that can be detected from a variety of elec-
trode positions. Five epochs of five seconds length containing SWS were identified for
all patients except number 3 (who had a sleep disorder and did barely have any SWS
during the admission). The mean coherence in the delta band (0.5-4 Hz) was computed
between the proximal subcutaneous channel and all scalp channels.
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4.2 Results

In general, the subcutaneous EEG was similar to the scalp EEG recorded at nearby
electrode positions. The scalp EEG was less similar at electrode positions further away
from the location of the subcutaneous channels. The amplitude of the subcutaneous
EEG was slightly lower than that of the EEG in the corresponding scalp channels. The
EEG from the investigational device was in some periods during wakefulness contam-
inated by muscle artifacts in one of the four patients. The distal channel DSQ − CSQ
was more affected than the proximal channel PSQ − CSQ. The muscle artifacts were
also present in the scalp recordings, but less prominent. They disappeared completely
when the patient fell asleep. For the other three patients, the amount of artifacts was
comparable in the two EEG modalities as assessed by visual inspection.

A comparison of a typical TLE seizure as recorded by the the proximal subcutaneous
channel PSQ − CSQ and the closest scalp channel (P7-T7) can be seen in Figure 4.1.
The two EEG traces are similar in both the time domain and in the time-frequency
domain. The subcutaneous channel showed the highest correlation and spectral coher-
ence (ρS = 0.80, Cscalp,subc.(f) = 0.89) with the closest scalp channel, and both similarity
measures between the subcutaneous channel and all other scalp channel fell as a function
of the distance between the compared channels.

The average subcutaneous and scalp spikes from patient four can be seen in Figure 4.2.
The averages are based on 74 individual interictal spikes. The average spike is clearest
in scalp channel F8-T8 and its closest subcutaneous channel DSQ −CSQ. The Pearson’s
correlation coefficient between them is 0.98 (95% CI: 0.98–0.99). The spike morphology
is less distinct in scalp channel P8–T8 and subcutaneous channel PSQ − CSQ, and the
correlation coefficient between them is 0.85 (95% CI: 0.78–0.90).

Figure 4.3A shows an example of a spindle and a K-complex. The spindle was clearest
in scalp channel Fp1-F3, but less visible in the temporal channels. The spindle appears
to be slightly more visible in temporal scalp channels compared to the subcutaneous
ones. However, based on the time-frequency decomposition of the two modalities, the
frequency content in the two modalities appear to be similar. Figure 4.3B shows an
example K-complex, which was clearest in scalp channel F3-C3. The K-complex is also
clear in the temporal scalp channel F9-T9 and in the corresponding subcutaneous chan-
nel DSQ−CSQ. Again, the signal in the two recording modalities are qualitatively similar
in both the time domain and in the time-frequency domain.

Figure 4.4 shows the mean coherence averaged across five epochs of five seconds con-
taining SWS in the frequency range 0.5-4 Hz, between channel PSQ −CSQ and all scalp
channels for patient one. The mean coherence values are plotted as a function of inter-
electrode distance in the left hemisphere Figure 4.4C (this patient had the implant on the
left side), and as a topgraphical map in Figure 4.4D. The subcutaneous channel had the
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highest coherence with scalp channel T7-P7, with a value of Cscalp,subc.(f) = 0.96± 0.02.
Patient two had maximum coherence of Cscalp,subc.(f) = 0.93 ± 0.02 between channels
PSQ − CSQ and T9-P9, and patient four had maximum coherence of Cscalp,subc.(f) =
0.94± 0.02 between channels PSQ − CSQ and F4-C4.

4.3 Discussion and conclusion
The first study to compare simultaneous subcutaneous and scalp EEG in patients with
epilepsy showed that the two modalities record similar signals at similar electrode posi-
tions during a variety of clinically relevant events. The amplitude of the subcutaneous
signal was smaller than the scalp signal, which could be an effect of inter-electrode dis-
tance, electrode- or amplifier characteristics.

The daytime recordings of patient two were more contaminated by muscle artifacts com-
pared to the other patients, and especially the distal channel. It is not clear why this
was the case, but it is possible that the subcutaneous electrodes were implanted closer
to the temporal muscle in this patient compared to the others. The relative position of
the implant to the muscle was unfortunately not measured. Patient two had undergone
resective temporal lobe surgery over ten years prior to the trial. The surgery resulted in
a small skull defect, which was located close to the distal channel. It is therefore possible
that part of the artifact contamination could be explained by breach artifacts. Except
for patient 2, the signal quality appeared good.

The study was based on a small number of patients, which limits the generalizabil-
ity of the results. However, a previous study by Duun-Henriksen at al. [19] has shown
that subcutaneous EEG is similar to scalp EEG under controlled conditions in healthy,
awake adult. Taken together, there is a growing evidence that EEG recorded by scalp
and subcutaneous electrodes are similar in general when recorded at similar locations.
Important to this thesis, was that epilepsy- and sleep related phenomena that were
clearly visible in the temporal scalp channels, were also clearly visible in the subcuta-
neous channels. Sleep and epilepsy will play a major role in the chapters to come. Of
the investigated sleep phenomena, sleep spindles were not as easily distinguished in the
temporal areas of the brain as compared to other areas. This is as expected, but it
highlights an important fact. The small size of the investigational device which makes
it easy to wear in everyday life, comes at a cost of spatial coverage. This means that
the implant must be placed mindfully in order to capture the events of clinical interest.
In this clinical trial, the subcutaneous implant was placed to maximize the probability
to record ictal and interictal events in patients with temporal lobe epilepsy.
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Figure 4.1: A typical temporal lobe seizure as recorded by subcutaneous PSQ − CSQ
and the closest scalp channel in patient two. A: A ten second excerpts
containing the seizure onset (marked by diamond). B: Spectrograms of a
longer time series containing the EEG excerpts in A. C: Mean coherence
averaged across the frequency range 4-8 Hz between subcutaneous channel
PSQ − CSQ and all scalp channels. D: Spearman correlation coefficients
between the same subcutaneous channel and all scalp channels. Figure
from [80].
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Figure 4.2: Comparison of average spikes as recorded by subcutaneous electrodes (col-
umn B) and the closest scalp electrodes (column A) in patient four. The
spikes from the two modalities are plotted together in column C. The
spikes recorded by the subcutaneous electrodes have similar morphology,
but slightly lower amplitude. Figure from [80].
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Figure 4.3: Examples of a sleep spindle and a K-complex. Both are visualized in
the scalp channel in which they were the most prominent, in the distal
subcutaneous channel DSQ − CSQ and in the closest scalp channel. The
sleep related events are plotted both in the time domain and in the time-
frequency domain. The subcutaneous EEG has a slightly lower amplitude
compared to the scalp EEG, which is why the power in the relevant areas
in the spectrograms are a little lower for the subcutaneous EEG. Figure
from [80].
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Figure 4.4: A: An example of one five-second epoch containing SWS. Grey trace: sub-
cutaneous proximal channel PSQ−CSQ. Red traces: scalp channels on left
hemisphere. Black traces: central scalp channels. Blue traces: scalp chan-
nels on right hemisphere. B: The power spectra of the EEG traces in A.
C: Mean coherence between channel PSQ − CSQ and all scalp channels on
the left hemisphere as function of inter-electrode Euclidian distance (mean
± SD). D: The same mean coherence values plotted as a topographical
scalp map. Figure from [80].



CHAPTER 5
Subcutaneous sleep

monitoring
The very first article published on the data collected in this project showed that the
subcutaneous EEG device could record certain common sleep phenomena similarly to
scalp EEG [80]. But can the subcutaneous recordings be used for automatic sleep scoring
of a whole nights sleep? Will the subcutaneously-derived hypnogram agree with the
scalp-derived hypnogram, and will they result in similar estimates of clinically relevant
sleep measures? These are the questions we aimed at answering with the second article
based on the EMU recordings, Automatic sleep stage classification based on subcutaneous
EEG in patients with epilepsy. The article can be read in Appendix B.

5.1 Methods
A trained sleep expert first scored the scalp EEG recordings and then the subcuta-
neous EEG recordings according to the American Academy of Sleep Medicine (AASM)
guidelines. There were 11 nights in total from the four patients, see Figure 5.2. The
subcutaneous and scalp recordings were synchronized in time, allowing for the direct
comparison of the scored hypnograms. The scalp-derived hypnograms were used as
ground-truth labels and 30 descriptive features were computed from consecutive, non-
overlapping 30-second epochs of subcutaneous EEG, see Table 5.1. The features and
labels were used to train and test a random forest-classifier, using two different cross-
validation (CV) strategies. The first strategy was a patient-specific leave-one-night-out
CV where an individual model was fitted to each patient (PS). In the second strat-
egy, the nights from all four patients were pooled before a ”one-size-fits-all” model was
trained and tested using leave-one-night-out CV (LONO). The features and models were
inspired by similar research based on ear-EEG, which is another wearable EEG modality
also recorded from the temporal brain region [57, 58].

Before proceeding with the methods, a brief non-technical description of the classifier is
provided. A random forest-classifier consists of several decision trees, in this case 100
trees. Conceptually, a decision tree is trained to answer a series of yes/no questions
about the features, and each question represents a tree branch that splits up in two
smaller branches [31]. At the end of each branch is a ”leaf”, which represents a predic-
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tion. The decision tree gets it name from the tree-looking structure when a flow chart
of the yes/no questions are drawn. During training, the tree uses the information in the
training set to find a suitable set of yes/no questions that results in good predictions.
Decision tress are prone to overfitting, which can be alleviated by creating an ensemble
of several trees (a forest). Each tree is trained on a subset of the training set sampled
with replacement, and the set of yes/no-questions are found using a random subset of the
features. Such an ensemble has the suitable name random forest, and the final decision
about the predicted class label is chosen as the most popular prediction among the trees.
A conceptual illustration of a decision tree and a random forest is shown in Figure 5.1.

The ground-truth hypnogram scored by the human expert based on the scalp EEG
was compared to the hypnogram scored by the human expert based on the subcutaneous
EEG, the predicted PS hypnogram and the predicted LONO hypnogram by means of
Cohen’s Kappa κ. The Cohen’s Kappa κ statistic reflects to what degree the agreement
between two raters exceeds chance levels. From the hypnograms, five sleep measures rec-
ommended by the AASM guidelines were computed and compared. The sleep measures
were Total Sleep Time (TST), sleep efficiency (SE) percentage, sleep latency (SL), REM
sleep latensy (RL) and wakefulness after sleep onset (WASO). The sleep measures com-
puted from the ground truth hypnogram were compared to the predicted sleep measures
by correlation and Bland-Atlman analysis. In the correlation analysis, the Pearson’s cor-
relation coefficient was computed between the variables computed from the ground truth
hypnograms and the predicted hypnograms. In a scatter plot between the true values
and the estimated, a straight line was fitted through the data using Deming regression,
and the slope of the line was reported alongside the correlation coefficient. Furthermore,
the hypnograms were converted into sleep-wake traces in order to evaluate the binary
classification problem of sleep-wake detection. Sleep-wake detection is currently common
practice in ultra long-term sleep monitoring.

Feature number Feature description
1-5 Mean power in the five frequency bands
6-10 Variance of the power distribution in the five frequency bands
11-15 Skewness of the power distribution in the five frequency bands
16-20 Kurtosis of the power distribution in the five frequency bands
21-25 Shannon entropy of the power distribution in the five frequency bands
26-30 Duration of the activation of the power in the five frequency bands

Table 5.1: Description of the 30 features that were computed for each subcutaneous
EEG channel. The five frequency bands are the Delta, Theta, Alpha, lower
Beta and upper Beta. For a detailed description of the features, see [27] in
Appendix B.



5.2 Results 27

Figure 5.1: Conceptual illustration of a decision tree and a random forest. A: A simple
decision tree classifying an epoch of EEG into one out of five mutually
exclusive sleep classes. A series of yes/no questions about the features
describing the epoch is asked, and based on the answers, a sleep stage
label is found. B: A random forest consisting of four decision trees. Each
tree receives the same EEG epoch as input, and return their predicted
label. The final decision about the label is based on the popular vote
among the trees.
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5.2 Results
A box plot of the Cohen’s kappa values for both the five-class problem of sleep stage scor-
ing and the two-class problem of sleep-wake scoring can be seen in Figure 5.3. Despite
having less training data, the PS models achieved the best results. For the five-class prob-
lem, the PS approach had a mean kappa value across nights in the dataset of κPS=0.78
± a standard deviation of 0.02. The LONO approach had a mean value of κLONO=0.74
± 0.02 and the human expert κexpert=0.66 ± 0.04. For the sleep-wake classification, the
PS approach achieved a mean kappa values of κPS=0.85 ± 0.03, the LONO approach
had a mean value of κLONO=0.82 ± 0.03 and the human expert κexpert=0.81 ± 0.04.
All three approaches reach good kappa values, but the variance of the human expert is
higher than for the algorithms.

The class-wise performance for both classification problems can be seen in Figure 5.4.
All three raters considered (two algorithms and the human expert) showed the highest
class sensitivity for the the awake class, followed by NREM2, REM, NREM3, and lastly
the NREM1. The performance on the NREM1 class was relatively poor compared to
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Figure 5.2: Manually scored hypnograms based on scalp EEG. The five tick marks
on the y-axis represents (from top to bottom) wake, REM sleep, N1, N2
and N3. REM sleep is marked with a red, bold line. Three nights were
recorded for each of patients A, C and D, and two nights were recorded
for patient B. Figure from [27].
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the other classes, the class often being confused with the similar class NREM2. The hu-
man expert did significantly better on the notoriously difficult NREM1 class compared
to the algorithms. Although the algorithms and the human expert slightly confuse the
different sleep stages with one another, they achieve a high sensitivity and specificity in
the sleep-wake classification.

The correlation and Bland-Altman analysis revealed that there was high agreement
between most of the ground truth sleep measures and the predicted ones. There was
a significant difference between the estimated and ground truth values for three of the
sleep measures. The PS algorithm under-estimated the TST by 8.64 minutes (p = 0.009)
and human expert over-estimated it by 25.8 minutes (p < 1e−4). The PS algorithm
under-estimated the the SE by 1.76 minutes (p = 0.0085) and the expert over-estimated
it by 5.62 minutes (p < 1e−4). Finally, the PS algorithm over-estimated WASO by 13.6
minutes (p < 1e−4), the LONO algorithm over-estimated it by 10.1 minutes (p = 0.0065)
and the human expert under-estimated it by 24.8 minutes(p < 1e−4).

Figure 5.3: Box plot of Cohen’s kappa values. The mid line in the boxes represent
the medians, and the dots represent the means. Red crosses are outliers.
The horizontal dotted lines represents intervals of the level of agreement
as interpreted by McHugh et al. [55]. Figure from [27].
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Figure 5.4: Confusion matrices for the five- and two-class problems. Each entry shows
the percentage P of epochs known to belong to class i that were classified
as belonging to class j, for i, j ∈ {1, . . .NumberOfClasses, and the raw
count. The percentage P in the diagonal equals the class sensitivity. The
color shading reflects the magnitude of P , which ranges from 0-100 %.
Figure adapted from [27].
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Correlation analysis Bland-Altman analysis
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Figure 5.5: Comparison of ground truth sleep measures to estimated sleep measures.
The blue squares indicate results from the PS algorithm, the red circles
are the LONO algorithm and the yellow diamonds are the human expert.
Left: Scatter plot with Deming regression line, slope of regression line (β)
and Pearson’s correlation coefficient (r). Right: Bland-Altman plots. The
solid line is the mean difference, and the dotted lines are 1.96 times the
standard deviation of the mean. Figure from [27].
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5.3 Discussion and conclusion

Good Cohen’s kappa values were achieved when automatically sleep scoring subcuta-
neous EEG compared to manually scored scalp EEG in patients with epilepsy. When
classifying five classes, the best performing algorithm (the PS model) achieved a mean
kappa values of 0.78. This is comparable to the kappa value of 0.76 that can be ex-
pected when comparing trained sleep scorers from different sleep laboratories [17] in
Europe. We therefore argue that the proposed method could deliver performances on
par with current clinical practice. When classifying sleep vs. wake, the PS approach
achieved a mean kappa value of 0.85, a sensitivity of 94.8% and a specificity of 96.6 %.
The high specificity (the ability to detect wakeful periods) is higher than the specificity
reported in the literature for actigraphy, which is the current modality-of-choice for ultra
long-term sleep-wake monitoring.

The estimated sleep measures TST, SE, SL, RL and WASO were in good agreement
with the ground truth values as measured by the slope of the Deming regression line
and correlation coefficient. Bland–Altman analysis revealed that there was a significant
difference between the estimated values and the ground truth values for the TST, SE
and WASO parameters across nights in the data set. However, the differences were
relatively small for the PS models.

The study suffers from a few weaknesses. It is based on a small number of subjects,
and they suffer from a neurological disease known to disturb sleep. The ground truth
was manually scored hypnograms based on scalp EEG rather than a full PSG setup.
The subcutaneous electrode placement in this study was chosen in order to best record
temporal lobe seizures. As mentioned in the first proof-of-concept article [80], it might
not be optimal for recognizing some common sleep phenomena. One might expect better
results with a more optimal placement.

Ideally, this study should have given rise to a sleep staging algorithm that could have
been deployed on the entire dataset collected during the clinical trial - including the
five patients not submitted to the EMU. A fully sleep scored dataset of three months
from nine epilepsy patients each would have been valuable. Unfortunately, only four of
the patients in the trial were submitted to the EMU, from where golden standard labels
could be obtained. Although not reported in the research article, a leave-one-patient-
out (LOPO) CV scheme was attempted. In this scheme, the classifier was trained on
all data from three of the patients, and subsequently tested on the last patient. This
was repeated four times, such that each of the four patients appeared as the test patient
once. The average Cohen’s kappa value was a disappointing κLOPO = 0.46 for sleep stage
classification and κLOPO = 0.78 for sleep-wake classification. In a recent ear-EEG study,
Mikkelsen et al [56] trained a similar sleep staging classifier on a dataset consisting of
four nights from 20 healthy subjects. The authors trained and tested a classifier using a
person specific (PS), a leave-one-night-out (LONO) and a leave-one-subject-out (LOSO)
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CV scheme. The authors investigated the LOSO test performance as a function of the
number of subjects included in the dataset. The test performance, as measured by the
average Cohen’s kappa, rapidly increased when including the first one to five patients.
After including ten subjects, the increase in test performance started to flatten. After
including all the 19 subjects (one is left for testing), the final average kappa value was
0.73, which is a good performance. The average kappa value for the PS and LONO ap-
proach is 0.76, which is slightly higher. The authors argue that the small performance
gap between the LOSO and the LONO/PS approaches is due to a too sparse coverage
of the relevant sub-volume of the feature space in the LOSO approach. When training
on 19 subjects in the LOSO CV scheme, there is a low probability that the classifier
is trained on data that is sufficiently similar to the left-out test subject. In the LONO
sheme, only a single night from the test subject is in the test set, so the training set
contains the three remaining nights from the test subject. This ensures proper coverage
of the relevant area of feature space during training. If this claim holds, it means that a
training set must consist of a considerable amount of people in order for the test subject
to sufficiently resemble at least one of the subjects in the training set. In other words, the
training set must be large and diverse in order for a one-size-fits-all classifier to compete
with a personalized classifier. In practice, this means that if a one-size-fits-all algorithm
is trained on enough people, it will achieve a good classification performance on a new
person. If the trained algorithm can be fine tuned by adding a couple of nights from
the new person in the training set, the model might perform even better. This could
be utilized in a context where a customer purchases a sleep monitoring device (perhaps
a subcutaneous EEG device?) which comes pre-loaded with a sleep scoring algorithm
trained by the manufacturer. After using the sleep scoring device for a few nights, the
device manufacturer could arrange for the nights to be sleep scored by a trained expert,
allowing the algorithm to be fine tuned to the specific customer.

The study presented in this chapter has shown that automatic, individualized sleep
scoring of patients with epilepsy based on subcutaneous EEG is feasible. By record-
ing several nights per person, highly personalized algorithms can be developed. Much
more data is needed if a generalized sleep scoring algorithm is to be developed. Ultra
long-term EEG combines the strengths of the PSG and actigraphy, by providing both
accurate sleep stage scoring and ultra long-term measurements. The combination of
such measurements and the appropriate algorithms could illuminate sleep architecture
over weeks and months.
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CHAPTER 6
Ultra long-term home

monitoring
Based on the promising results from the proof-of-concept study High similarity between
EEG from subcutaneous and proximate scalp electrodes in patients with temporal lobe
epilepsy [80], the clinical trial proceeded to the second phase, which consisted of approx-
imately three months of home monitoring of nine patients. The four patients from the
proof-of-concept study continued to the at-home part of the trial, and an additional 6
patients were included. This work was published in the article Ultra‐long‐term subcuta-
neous home monitoring ofepilepsy — 490 days of EEG from nine patients, which can be
read in Appendix C. In this article, the trial participants are denoted by letters. Patient
A - patient D are the same as patient 1 - patient 4 from our proof-of-concept study.

6.1 Methods
Based on the subcutaneous EEG, a seizure count and compliance rate (percentage of
time that the participant used the device) was computed. Before identifying seizures in
the subcutaneous recordings, historic scalp EEG recordings were reviewed in order to es-
tablish a personal spectrographic ”seizure signature”. It was assumed that a participant
could have multiple types of seizures, but that each type (in a particular patient) had its
own unique signature. Once a library of personal seizure signatures had been built, the
subcutaneous recordings were visually reviewed in the time-frequency domain for these
signatures. Whenever a signature or another peculiar looking event was identified in the
spectrograms, the EEG was reviewed in the time domain to either confirm or reject the
event as a seizure.

After identifying seizures in the EEG recordings, the self-reported seizures in the diaries
were analyzed. Based on the description of how the patients experienced the alleged
seizure, they were categorized as either non-epileptic or epileptic. If epileptic, the event
was further categorized as either “focal aware seizure (FAS),” “focal impaired awareness
seizure (FIAS),” or “other.”

Data on adverse device events (ADEs) were collected at each visit and was defined
as any unintended or unfavorable response to the device during the study period possi-
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bly related to the device or related procedures. Data on commencement, adjustments,
and discontinuation of antiepileptic drugs (AEDs) were also collected at every study
visit.

For patients with ≥ 16 electrographic seizures, the circadian distribution of the seizures
were analyzed in three-hour intervals. As the subcutaneous electrodes were implanted
close to the temporal and mastoid muscles, it was anticipated that parts of the recordings
could be contaminated by muscle artifacts. EMG artifacts could prevent the identifica-
tion of seizures in the EEG recordings. Therefore, the effect of noise on seizure detection
was investigated descriptively. Noise was defined as signal power Pnoise ≥ 20 Hz. The
SNR was visualized as SNR = Psignal

Pnoise
.

6.2 Results
Out of the 16 147 hours in which the participants could use the device, 11 774 hours
(490.6 days) of EEG was recorded. This corresponds to an overall compliance of 73%.
There was a large inter-individual difference in compliance, ranging from 45% to 91%.
Participant C had by far the lowest compliance. He stopped using the logging device
during night after approximately one month, as he preferred to sleep undressed.

All reported adverse device events (ADEs) were anticipated except one, and none were
serious. The unexpected event was reported as a ”tingeling” sensation in the implant,
experienced at certain locations of the patient’s home. Most patients experienced sore-
ness at the implant site which receded within one week. In one patient it receded within
two weeks, and in another patient within four weeks. All patients reported that the
soreness after explantation receded within a few days. Two patients reported occasional
headaches. In one of the two patients, the headaches were mild. In the other patient,
they were experienced as moderate, but with the same intensity and frequency as before
the patient entered the study. Two patients experienced a slight skin irritation on the
site where the transceiver of the logging device is attached by glue pad. The irritation
was relieved by scheduling short breaks from wearing the logging device. All ADEs are
listed in Table 6.1.

It was possible to identify a seizure signature for all patients, except patient A who had
no historic seizure data. Visually detecting seizures in the subcutaneous recordings took
one trained researcher approximately three months to perform. When comparing the
electrographic seizures and the seizure diaries in Figure 6.2, the electrographic seizures
were considered the ground truth. Under this assumption, the comparison revealed that
patients D and E under-reported their seizures in their diaries. In contrast, patients
B and F seemingly over-reported seizures. Patient I over-reported in some periods and
under-reported in others. Patients A, C and H had too few self-reported events and
electrographic seizures to conclude anything reliable. Patient G had almost complete
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Event type No. of occur-
rences

Severity Anticipated

Pain/soreness at surgery site up
to one week after surgery

6 Mild Yes

Pain/soreness at surgery site
more than one week after surgery

2 Mild Yes

Headache not related to surgery 2 Mild Yes
Skin irritation at transceiver site 2 Mild Yes
Unclassified 1 Mild No

Table 6.1: Summary of adverse device events. Adapted from [81].

congruence between self-reported seizures and electroencephalographic seizures.

The electrographic seizures, self-reported seizures, the SNR and user compliance is shown
in Figure 6.1. As expected, there were more muscle artifacts during the day than during
the night. It was a concern whether artifacts might mask seizures and thereby bias the
results. If muscle artifacts had prevented the detection of seizures, one would expect
there to be more detected seizures during periods with high SNR. However, based on
the temporal distribution of visually detected seizures and the SNR, this did not seem
to be the case.

Some of the patients had adjustments to their medication during the study. The re-
sponse to the medication was qualitatively assessed based on Figure 6.2. The initiation
of perampanel treatment seemed to decrease the number of self-reported seizures in pa-
tient D. In contrast, the number of electrographical seizures seemed to increase, and the
frequency pattern changed. After the commencement of treatment, the electrographi-
cal seizures tended to come in clusters in the evening. Patient E reported no seizures
in the dairy, but an increase in medication seemed to decrease the number of electro-
graphical seizures. In patient G, decrease in medication increases the frequency of both
self-reported and electrographical seizures. Patients C and F had too few electrographic
seizures to establish a reliable pattern.

An analysis of individual circadian seizure patterns is shown in Figure 6.3. Only pa-
tients with more than 16 electrographical seizures were included. All analyzed patients
except patient E seemed to have a circadian rhythmicity.

6.3 Discussion and conclusion
This study was the first to show that ultra long-term subcutaneous EEG monitoring
of patients with temporal lobe epilepsy is feasible and safe. For most patients in the
study, the EEG revealed a quite different seizure pattern than the one patients reported.



38 6 Ultra long-term home monitoring

Figure 6.1: Visualization of user compliance, signal-to-noise ratio, electrographic
seizures and self-reported seizures. User compliance is shown as percentage
in parenthesis. Figure from [81].
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Figure 6.2: Comparison of electrographic seizures and self-reported seizures shown to-
gether with data on AEDs. AED abbreviations: ZNS = zonisamide, PER
= perampanel, LTG = lamotrigine, LCM = lacosamide, LEV = levetirac-
etam, CLB = clobazam, BRV = brivaracetam Figure from [81].
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Figure 6.3: Circadian distribu-
tion of electrographic
seizures for patients
with ≥ 16 seizures,
visualized in 3 hour
bins. Figure from [81].

Based on our investigation of the SNR, seizure detection was not significantly hindered
by artifacts. There was a large variation in how compliant the patients were in using
the investigational device. A low compliance could potentially leave seizures undetected.
Encouraging patients to keep a good compliance will be an important responsibility for
future clinicians.

The study has a few limitations. Firstly, the number of patients in the study is low,
which limits the generalizability of the results. Secondly, there is a probability that some
electrographical seizures went undetected. The vast amount of EEG were reviewed as
spectrograms with viewer settings at a relative low time resolution (10 min). The process
was long and tedious, and therefore prone to human errors. Reviewing all EEG in the
time-domain with a time resolution of seconds could have lead to more detected seizures,
or it could have increased the probability of analysis fatigue. Even if the time-frequency
review process did yield the same count as a time-domain-only review process, there
are still circumstances that could prevent seizures from being detected. A seizure could
involve a too small cortical area to be detected by electrodes outside of the skull, or
it could take place in a cortical region not covered by the two subcutaneous channels.
Lastly, seizures could also be masked by too much noise to be recognized. The electro-
graphical seizure count derived in this study is therefore subject to some uncertainty.

Despite the electrographical seizure count from the investigational device being the pro-
posed method, it was considered the ground truth when compared to the count from
the seizure diaries. Under this assumption, patients C, D and E under-reported seizures
in their diaries. These patients suffered from focal seizures with impaired awareness,
which could explain the discrepancy. In contrast, patients B and F who seemingly over-
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reported seizures, suffered from seizures with normal awareness. Retaining awareness
during a seizures could indicate that a smaller cortical area is involved in the ictal ac-
tivity [26]. It is therefore possible that the patients did have seizures - but they did not
involve a large enough group of neurons to be detected in the subcutaneous EEG. The
self-reported seizure pattern of patient I did not reflect the electrographical seizure pat-
tern very well. The seizure diary of patient G however, was nearly spot on. As epilepsy
treatment aims at removing or reducing the number of seizures, an inaccurate seizure
count impacts the choice of treatment. There are cases among the ones presented here
were it is likely that the information provided by the investigational device would have
influenced the treatment.

In order to fully assess the utility of ultra-long-term monitoring in clinical practice,
larger trials with clinically relevant outcome measures are needed. However, the present
study suggests that a wearable EEG device could help optimize epilepsy treatment by
providing an objective seizure count.
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CHAPTER 7
Semi-supervised sleep

scoring of one-channel
scalp EEG

While waiting for the subcutaneous EEG data from the clinical trial, a semi-supervised
sleep scoring algorithm was developed based on single-channel scalp EEG. This work was
published in the article Semi-Supervised Sleep-Stage Scoring Based on Single Channel
EEG, which can be read in Appendix D. The idea behind the method was inspired by a
possible use-case for the investigational device, in which several nights of EEG recordings
are available, but only a few has been properly sleep scored by a trained human expert.
As the amount of scored data is limited, it would be advantageous for a sleep scoring
algorithm to learn from both scored and not-scored EEG data. This use-case is similar
to the situation for the four EMU-patients in the clinical study. Here a large number
of nights have been recorded, but only 2-3 of them are associated with a manually
scored, ground-truth hypnogram. To simulate this situation, a publicly available scalp
EEG dataset with two recorded nights per person was used to develop a sleep scoring
algorithm. In the following, the more general term ”labeled data” will be used instead
of ”sleep scored data”.

7.1 Methods
The data used in this study is a subset of the sleep-edfx dataset from the PhysioNet
repository [40, 29, 73]. It consists of PSG recordings from two consecutive nights of
19 healthy individuals. The recordings contain two EEG channels sampled at 100 Hz,
but only one channel was used (Pz-Oz) in this work. The recordings originally contain
several hours of wake EEG data, but they were all pruned to start 15 minutes before
the first sleep epoch and and 15 minutes after the last sleep epoch. The PSG recordings
have been sleep scored according to the Rechtschaffen and Kales (R&K) classification
rules [67]. In some subjects, the sleep classes NREM1 and NREM4 were too small or
not present, so the two sleep stages NREM1 and NREM2 were merged into a single
light sleep class, and NREM3 and NREM4 were merged into a single deep sleep class.
The first night of each subject in the dataset was used to train and validate a Gaussian
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Mixture Model (GMM) classifier, and the second night was used as an independent test
set.

As feature extraction, all EEG data were first decomposed into the time-frequency do-
main using multi-tapered spectrograms, which were subsequently approximated using
Non-Negative Matrix Factorization (NMF). These frequency bands were not predeter-
mined; they were learned from the spectrograms in the NMF optimization process in
an unsupervised manner. The multi-tapered spectrograms were computed using the
Discrete Prolate Spheroidal Sequence (DPSS) tapers [59]. Compared to the commonly-
used single-tapered spectrograms, multi-tapered spectrograms reduce both bias and vari-
ance in the spectral estimate. The spectrogram matrix, Spec ∈ RM×N

+ , was computed
in 30-second, non-overlapping windows, using using 29 DPSS tapers. Spec was log-
transformed as S = ln(Spec + 1). Each column of S corresponds to one observation
in the dataset. In order to reduce the dimensionality, the log-transformed spectrogram
matrix S was approximated using NMF [46]. In this technique, the original matrix
is approximated by the product of two other matrices that contain strictly positive,
real numbers. The two matrices used for the approximation is constructed such that
the difference, expressed as the Frobenius norm, between the original matrix and the
approximation is as small as possible:

min ||S−WH||2F , (7.1)
s.t. W ∈ RM×D

+ , H ∈ RD×N
+ . (7.2)

The columns of W are basis functions and the columns of H are corresponding weights,
indicating ”how much” each basis function contributes to the representation of the orig-
inal data. In this case, the basis functions can be thought of as band pass filters picking
up subsets of frequencies in the original spectrogram matrix S. The weights in H can
be thought of as the ”amount of power” in the frequency bands of W. The number
of band pass filters used to approximate S is D, the common dimension of W and H.
The optimal value of D was computed by minimizing the Bayesian Information Criteria
(BIC) [60]

BIC = − ln p(S|WH, σ2) + D(M + N) ln(M ×N). (7.3)

Each column of H (the weights) represent one observation in the dataset. The matrix
X = H⊺ was scaled column wise by the 99’th percentile across the training set to nor-
malize the values, and used as features for the classifier.

The sleep scoring algorithm was a GMM, which is a commonly used clustering algo-
rithm. It aims at modeling a data distribution as a sum of several Gaussian distributions
(mixture components). When using a GMM for classification, it is assumed that data
points that belong to the same mixture component are likely to belong to the same class.
This is also known as the clustering assumption [16]. Inspired by [44], the model was
reformulated to allow for training with a variable amount of labeled and unlabeled data.
In this work, unlabeled data were obtained by discarding their respective labels. If all
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Figure 7.1: Conceptual illustration of the model. First, the sleep EEG is converted into
a multi-tapered spectrogram. Then the spectrogram is approximated by
two matrices W and H using NMF. Lastly, the weight values in the matrix
H are scaled and used as features for a GMM-classifier. Two versions of
the GMM-classifier are compared, a fully supervised model and a semi-
supervised model. Figure from [61].

labels in the training set was used during training, the resulting model was a conven-
tional, fully supervised model. If only a subset of the labels in the training set was used,
the model was semi-supervised. More formally, let the training set D be composed of a
labeled and unlabeled set D = Dl ∪Du. The labeled set Dl consists of observations and
their respective labels {xl, y}, while the unlabeled set consists of observations only xu.
The relative sizes of the two subsets are described by the fraction f = |Dl|/|D|. If f = 1,
the model is fully supervised (FS-GMM), and if 0 < f < 1 the model is semi-supervised
(SS-GMM). The classification pipeline is illustrated in Figure 7.1.

The GMM classifier consisted of k ∈ {1, 2, . . . , K} mixture components fitted to pre-
dict the class c of an input epoch x by modeling the posterior class distribution P (c|x):

P (c|x) =
∑

k

P (c, k|x) ∝
∑

k

P (c|k)p(x|k)P (k). (7.4)

In this case, c is one of the mutually exclusive classes Awake, light sleep, deep sleep
and REM sleep. Predicting the sleep stage of an EEG epoch is conceptually equivalent
to mapping the EEG epoch to a Gaussian component in the model which in turn is
mapped to a class. In contrast to [44], an additional latent variable was introduced
into the model, as it proved more computationally robust on the experimental dataset.
Similarly to how the traditional latent variable zn reflects which mixture component
generated the data point xn, the additional latent variable bn represents the label of the
process that generated the class of xn. Furthermore, similarly to how z is represented
by a 1-of-K vector, b is represented by a 1-of-C vector. However, b is only latent for
xn ∈ Du. For xn ∈ Dl, the value of b is replaced by the known labels. The incomplete
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log likelihood function for a single data point can be written as

ln p(x|θ) = ln
∑
z,b

p(x, z, b|θ) (7.5)

= ln
∑
z,b

p(x|z, θ)p(z|θ)P (b|z, θ), (7.6)

= ln
∑
z,b

K∏
k=1

p(x|k)zkP (k)zk

C∏
c=1

P (c|k)bncznk (7.7)

Here, incomplete refers to the fact that it is the log likelihood of the data point x
alone, without its associated latent variables. By assuming that the data points in the
dataset are i.i.d., the incomplete log likelihood for the entire dataset is ln p(X|θ) =∑

n p(xn|θ). In order to find the maximum likelihood parameters of the model, ln p(X|θ)
must be maximized wrt. θ = {µ, Σ, P (k), P (c|k)}. Due to the summation inside the
logarithm, there is no closed form solution when equating the derivative of the incomplete
log likelihood to zero. Instead, the expectation of the complete data log likelihood
P (X, B,Z|θ) was optimized iteratively under the posterior distribution P (B, Z|X, θ)
using the EM algorithm. The complete data likelihood for the entire dataset is given as

ln p(X, B, Z|θ) =
∑
n,k,c

[znk(ln p(xn|k) + ln P (k) + bnc ln P (c|k)] (7.8)

Based on this, the equations needed for the iterative optimization of the log likelihood is
described in Algorithm 1. The advantage of introducing an additional latent label vari-
able as previously described, is that the update equation for the probability table P (c|k)
involves both labeled and unlabeled observations. This alleviates numerical problems
when computing the update equation of the class cluster posterior in the rare case of a
cluster taking infinitesimal responsibility of labeled observations.

The optimal number of cluster components K was found using a 5-fold stratified cross-
validation on the first night. This was done for a variable fraction of labeled data
f = {0.2, 0.3, . . . , 0.9, 1}. To account for the stochasticity introduced by randomly choos-
ing labeled observations, the entire pipeline was run 100 times. The performance for
each value of f is reported as the average test accuracy on the independent, second night
across the 100 runs.

7.2 Results
The average test accuracies across the dataset for the FS-GMM and the SS-GMM are
presented in Figure 7.2A. As expected, the best performance was achieved by the FS-
GMM, with an average accuracy of accfully sup. ± σfully sup. = 0.732 ± 0.003. However,
the performance of the SS-GMM was close to the performance of the FS-GMM for
all f ’s. To further illustrate this, the mean difference between the FS-GMM accuracy
and the SS-GMM accuracy as a function of f is plotted in Figure 7.2B. For fractions
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Algorithm 1 EM algorithm for semi-supervised GMM
1: Given: K, MaxNumbIterations T , dataset D, fraction of labels f .
2: Initialize µk with ”k-means ++” algorithm, Σk as complete data covariance matrix

and class cluster posterior P (c|k) as cluster prior P (k).
3: idxL← f · |D| random indices from |D|.
4: Dl ← D(idxL, :)
5: Du ← D(∼ idxL, :) ▷ Labels of observations in Du are discarded
6: for t = 1 to T or until convergence do
7: Evaluate posterior component probabilities (responsibilities) ▷ E-step

P (k|xn) = p(xn|k)P (k)∑
k p(xn|k)P (k)

(7.9)

8: Evaluate posterior class probabilities (class responsibilities)

P (c|xn) =
∑

k

P (c|k)P (k|xn) ∀xn ∈ Du (7.10)

9: Update component means ▷ M-step

µk =

∑
n

xnP (k|xn)∑
n

P (k|xn)
(7.11)

10: Update covariance matrices

Σk =

∑
n

SknP (k|xn)∑
n

P (k|xn)
, (7.12)

where Skn = (xn − µk)(xn − µk)⊺.
11: Update cluster priors

P (k) =

∑
n∈Du

P (k|(xn)

N
(7.13)

12: Update class cluster posteriors

P (c|k) =

∑
n∈Du

P (c|k)P (k|xn) + ∑
n∈Dl

δc,ynP (k|xn, yn)∑
n∈Du

P (k|xn) + ∑
n∈Dl

P (k|xn, yn)
(7.14)

13: Evaluate log likelihood ln p(D|θ)t− ln p(D|θ)t−1 ≤ 1e−5 to check for convergence.
14: end for
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Figure 7.2: (A): Average test accuracy across all 19 subjects. (B): The mean difference
in test accuracy between the FS-GMM and SS-GMM for each run across all
subjects. (C): Results for the subject with the best average accuracy, one
subject with a typical average accuracy, and the subject with the lowest
average accuracy. All error bars represent the 95 % confidence interval.
Figure adapted from [61].

f ≥ 0.5, the null-hypothesis H0: SS-GMM = FS-GMM could not be rejected with a
certainty of 95%. In other words, it can be argued that the SS-GMM model performed
as good as the FS-GMM when given 50% of the labels or more. When investigating the
performance on individual subjects in the dataset, there were a few outlier subjects whose
test accuracy significantly deviated from the average accuracy. Figure 7.2C illustrates a
subject with the poorest accuracy, a subject with typical accuracy and the subject with
the best accuracy. Most subjects had accuracies close to the avergae. This was also
reflected in the distributions of the optimal NMF dimension D and the optimal number
of cluster components. They had relatively peaky distributions with a few outliers.
These distributions are illustrated in Figure 2 in [61] in Appendix D.

7.3 Discussion and conclusion
The large deviation in average test accuracy for some patients were investigated by
analysing the class priors in the training and test set. There were generally a larger dif-
ference in priors for subjects with lower accuracy, indicating that the model was trained
on a night not similar to the test night. Since there was only one night available for
training and one for testing, it was also not possible to investigate how the test per-
formance would increase by including more nights in the training set. It was also not
possible to investigate the temporal variation in performance over several test nights.
Future research is needed to illuminate the long-term variation of the performance of a
one-night-trained model, and how many nights that are needed for training in order to
minimize the prediction uncertainty over long timescales.

Based on the work presented here, it seems feasible to build a personalized sleep scoring
algorithm from a dataset with a limited amount of labels. Using this specific approach,
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datasets that were 50% labeled or more, produced test results that matched a fully la-
beled dataset. The average test accuracy achieved by the fully supervised model was
0.73, which is decent for a model trained on only one night. Future work should inves-
tigate whether there is room for further optimization of the performance. In Chapter 5,
we argued that a one-size-fits-all sleep scoring algorithm could achieve good results if
trained on enough people. We further argued that such a one-size-fits-all algorithm
could be improved if it was fine-tuned to a specific person by additional training with
person-specific data. The fine-tuning would entail that the new data is sleep scored by
a human expert. As manual sleep scoring is resource demanding, future research should
investigate whether it is necessary to manually score all of the new data. Perhaps the
model could be fine-tuned using semi-supervised learning?
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CHAPTER 8
Sleep length and seizure

susceptibility
Sleep deprivation is a common tool for provoking seizures and interictal epileptiform
discharges (IEDs) during diagnosis of epilepsy. The existence of a link between sleep
and epilepsy has been known since antiquity, when Hippocrates stated that a patient
affected with epilepsy should “spend the day awake and the night asleep.” A series of case
reports were published in the 1960’s and the 1970’s implicating that sleep deprivation in
combination with various kinds of stress, fatigue, alcohol and drug abuse could trigger
seizures [52]. In a study based on sleep and seizure diaries, sleep deprivation was found
to have a seizure-provoking effect, especially in temporal lobe epilepsy [66]. However,
sleep deprivation often co-occur with other factors such as stress, fatigue, alcohol and
drug abuse. It can therefore be difficult to estimate the relative effect of sleep depri-
vation alone. In a controlled study of patients with refractory epilepsy, the hypothesis
that acute sleep deprivation increases seizure frequency was not supported [51]. Thirteen
of the patients in study received eight hours of sleep each night, but 17 patients were
sleep deprived every other night. There was no difference between seizure frequency
or time to first seizure in the two groups, and the authors concluded that acute sleep
deprivation did not affect the seizure frequency in the low-stress environment during in-
patient monitoring. This conclusion was based on the group as a whole, so it cannot be
ruled out that individual differences could leave some patients more vulnerable to sleep
deprivation than others. Several studies have shown a reduction in seizure frequency in
patients when their obstructive sleep apnea was treated [43, 79, 53]. These results could
indicate that chronic sleep deprivation could trigger seizures. Such sleep deprivation
could manifest itself as poor sleep quality rather than shortened time spent in bed.

Not only sleep length, but also the content of sleep has previously been studied in
relation to seizures. Epileptiform discarges are more likely to occur during NREM sleep,
when the brain displays synchronized and high-amplitude activity such as sleep spindles
and slows waves. In contrast, REM sleep is associated with a more asynchronous neu-
ronal activity, and is known for inhibiting epileptiform discharges [43]. The relationship
between REM and seizures is reciprocal. Daytime seizures have been shown to reduced
REM sleep on the following night [5], while a chemical enhancement of REM sleep has
been shown to decrease seizure susceptibility after awakening [42].
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The time constants involved the reciprocal relationship between sleep and epilepsy are
not well understood. Is the probability of having a seizure mostly influenced by the
immediately preceding night, or is the history of several recent nights important? How
do we control for other seizure-inducing factors in the analysis of data recorded in the
patients everyday lives? Will other random effects cancel each other out given there
is enough data? In order to learn more about how to approach these question, a pre-
liminary, simple analysis of the dataset was undertaken. The following describes the
investigation of whether a set of sleep features of a given night affected the seizure prob-
ability on the following day for the patients in our clinical trial. Only patients with
more than 10 seizures occurring exclusively during the day were considered. Patients
with both daytime and nocturnal seizures were excluded from this initial investigation,
as it is unknown how a nocturnal seizure affects the rest of the sleep, and how that
in turn might affect the probability of having a seizure the next day. Based on the
subcutaneous EEG collected during the home-monitoring part of the trial, information
on seizure occurrence and the sleep-wake cycle was gathered. A simple hypothesis’ was
investigated:

The distribution mean of a sleep feature of nights prior to days with seizures differs
significantly from the distribution mean for nights prior to seizure-free days.

The investigation gave weak results, mainly due to insufficient data when analyzed using
this method. The main conclusion is that more data and more sophisticated hypothesis
and methods are needed for a proper investigation.

8.1 Methods
Electrographical seizures were identified in the subcutaneous EEG recordings by a
trained neurologist as described in Chapter 6. Daily sleep-wake traces were predicted for
all patients using the features and the classification model described in [27]. The model
was trained on all four EMU-patients described in Chapter 5. Based on the sleep-wake
traces, the time of Sleep Onset (SO) and Final Awakening (FA) were identified in each
night. Using these, the Total Sleep Time (TST) and the Sleep Period (SP) were com-
puted. As in [27], SP was defined as the time elapsed between SO and FA in hours, while
TST was defined as the time spent sleeping between the SO and FA, also given in units
of hours. SP and TST are strongly correlated, as SP represents the upper limit of TST.
As the distribution of sleep stages could be of interest, the frequency distribution of each
night was included in the analysis. As the sleep stages are characterized by different fre-
quency content, the average frequency distribution across the night was computed as a
crude approximation of the nocturnal neuronal activity. The five first features from the
feature set used for sleep-wake classification were log-transformed and used to describe
the frequency content. These five features were the average power in the delta (0.5-4
Hz), theta (4-8 Hz), alpha (8-13 Hz), lower beta (13-22 Hz) and upper beta (22-35 Hz)
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frequency bands. The log power in each frequency band was normalized epoch-wise by
subtracting the mean value of each band across the whole dataset. A positive value of
the power in a given epoch and frequency band meant that the power was larger than
average, and a negative value meant that the power was smaller than average. The
relative power in the five frequency bands together with the sleep measures TST and
SP were used as features to describe each night of sleep. A two-sampled t-test was used
to test whether the distribution of sleep features from nights prior to seizure-free days
was significantly different from the distribution mean of features prior to seizure days.

In order to investigate the influence of a night on the following day, nights and days
were paired. ”Single” days and night, meaning days/nights with recorded EEG, where
the matching night/day had no recorded EEG, were discarded. Based on experience
from the present and previous clinical trials with the investigational device, it is known
that some trial participants choose to demount the external device during night if they
have trouble sleeping. In rare cases, the transceiver of the external device detaches un-
intentionally during night. Therefore, nights with few hours of recorded EEG preceding
a long period of missing data in the late hours of night were excluded. The effective
dataset available for the investigation was therefore smaller than the total amount of
recorded data.

8.2 Results
Only two patients (B and G) had more than ten seizures exclusively occurring during
day. For patient B, eight nights and the following days were excluded from the analysis,
leaving 54 pairs of nights and days. Nine seizures were excluded as they occurred on
either single or excluded days, resulting in 13 seizures for analysis. Patient G had a
remarkable high compliance, resulting in no excluded data. This patient had a single
seizure occurring out of sleep on the morning of day 53 at a time when the patient was
usually awake. This seizure was included in the analysis. There were 12 seizures and 69
pairs of nights and days.

The amount of data is visualized in Figure 8.1 and Figure 8.2 by the log power in
the upper Beta band (22-35 Hz). The Beta band is suitable for illustrating the sleep-
wake cycle, as it often decreases drastically during sleep due to reduced beta activity
and muscle artifacts. The figures show the original amount of EEG and seizure data
(panel A, top left) and the amount of data used for investigation (panel B, left middle).
It can be seen that the data for patient B is sparse. Panel C (bottom left) shows the
temporal evolution of the sleep features. All values are plotted as the deviation from the
average values across the dataset, represented by y=0. Panel D contains a collection of
histograms of sleep features illustrating the distribution of feature values on nights prior
to seizure-free days and seizure days. The p-value for the two-sided t-test when testing
for a difference in distribution means is written in the top left corner of each histogram
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plot. The histograms are largely overlapping. However, the p-value for SP is less than
0.05 for both patients (pSP

B = 0.049, pSP
G = 0.006,). For patient G, the p-value TST is

also small, pTST
G = 0.042. For patient B, it would appear that the distribution of SP-

values prior to days with seizures are slightly larger than prior to seizure-free days. For
patient G, the SP- and TST values prior to seizure days are slightly lower. Interestingly,
there are many nights prior to days with seizures (red bars) where TST and SP take
values close to the mean values. This is also reflected by a qualitative analysis of panel
C, where the deviation in SP and TST from their mean values are plotted. The first
three seizures of patient G occurs on the first three Thursdays, and the SP and TST
values are so close to the mean values, the bars can barely be seen behind the red circle
marking the seizures. The mean values of frequency bands are lower than average on
these three nights. The fourth seizure occurs on the Sunday immediately following the
third Thursday. The patient went to bed very late between Saturday and Sunday, and
got few hours of sleep. The power in the frequency bands, and especially in the delta
and theta band are higher than average. The fifth seizure occurs on the fifth Thursday,
with average SP and TST values, but with lower-than-average frequency content. Then
three weeks passes with no seizures, before a late night Saturday with few hours of sleeps
brings another seizure on the eighth Sunday. After this Sunday, the seizure frequency
picks up, with one seizure on Wednesday and another on Thursday. The nights prior
to these seizure days have average sleep length as measured by both SP and TST. The
next week brings four seizures - on Monday, Tuesday, Friday (average sleep length),
and Saturday (lower-than-average sleep length). As already shown in Figure 3 in [81],
the increase in seizure frequency coincides with a gradual decrease in anti-epileptic drug
dosage (lacosamide). As with patient G, patient B have a peaky distribution of SP and
TST values on nights prior to seizure days. There is a single outlier seizure occurring
minutes after awakening from a very long night on day 14 (Sunday). The distribution
of the lower frequency bands prior to seizure days have somewhat heavier tails in the
lower end of the x-axis, compared to the green distribution. However, the sparse dataset
makes it difficult to conclude anything.

8.3 Discussion and conclusion
Patient G had a high compliance in wearing the investigational device, allowing for the
analysis of all days and nights. From this preliminary and qualitative analysis, three
factors seemed to affect the seizure propensity - The day of the week, severe sleep de-
privation and changes in AED dosage. One might wonder about the significance of
Thursdays for patient G, but the existence of cycles modulating seizure frequency has
been known since antique times. Back then, seizures were linked to phases of the sun
and the moon. Recent technology has enabled studies of multi-time-scaled cycles on an
individual patient level. In a study based on the SeizureTracker dataset and the Neuro-
Vista dataset, the authors found that most patients have a circadian seizure cycle, but
a small fraction of the analyzed patients showed strong weekly rhythms, with a clear
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seven-day period [39]. Interestingly, the peak seizure onset day was evenly distributed
across the week, which contradicts the hypothesis that the weekly cycles are governed
by behavioural changes related to the work-weekend cycle. Most of patient G seizures
occurred after nights with average sleep length, but two of them occurred after nights
with unusually short sleep lengths (≈ 5 hours) during a weekend. It is not certain
whether the sleep deprivation alone activated the seizures, or whether alcohol, stress or
any other activators were involved. Without this additional information, it is difficult
to estimate the effect of sleep deprivation alone. Finally, there was a clear increase in
seizure frequency after the decrease in AED dosage. After adjusting the medication, the
patient went from having 1-2 seizures per week to 4 per week.
Patient B had a lower compliance, resulting in fewer pairs of days and nights. Addi-
tionally, some nights were excluded from the analysis as it was uncertain whether the
patient had worn the device during the entire night. Including such partial nights would
have biased the estimates of the sleep length. However, erroneously excluding short
nights in which the patient actually slept very little would also bias the results. Using
the sleep length (as measured either by SP or TST) as predictor of seizure, requires
that the entire sleep is recorded. There could be many explanations to why a night
recording doesn’t contain a period where the patient seems to wake up at a typical time
of the morning before the recording is interrupted due to changing of clothes or taking
a shower. Without user feedback on the compliance in this case, it is hard to estimate
the validity of the data. Based on the results from patient B, it can only be concluded
that there was insufficient data to investigate the hypothesis.

In the hypothesis investigated here, it was assumed that the daily probability of having
a seizure was affected by the previous night alone. However, it is unknown how long
the effect of a single night of poor sleep lasts, and how the effect of several poor nights
integrate over time. Furthermore, patient B had mostly morning seizures, but also
some occurring in the afternoon. It is possible that sleep deprivation affects morning-
and afternoon seizures differently. This was also not investigated. Future research with
more data is needed to address these limitations. Controlling for environmental and
behavioural seizure activators should be considered if the effect of sleep alone is to be
estimated. Ultra long-term EEG could be a suitable tool for such an investigation.
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CHAPTER 9
Technology supporting a

healthier life
This chapter presents work not related to subcutaneous EEG monitoring. It describes
a small feasibility study that is part of the larger, Danish-German health project
NorDigHealth. Funded by the EU, NorDigHealth aims to investigate how new technology
can improve health and prevent disease by testing it on the citizens of the two tech towns
Næstved, Denmark and Lübeck, Germany. There are a variety of smaller projects under
the NorDigHealth umbrella, but the present feasibility study concerns improvement of
sleep hygiene and physical activity. The feasibility study was conducted as a preparation
for a future, larger study. The objective of feasibility study was to test the experimental
protocol and estimate parameters for sample size calculation. The larger study aims to
investigate:

1. The effect of using an activity tracker on aerobic capacity

2. The effect of removing electronic devices from the bedroom on total sleep time

The manuscript describing the feasibility study, The usages of small electronic devices
and health: A feasibility study, has been submitted to JMIR Research Protocols, and
can be read in Appendix E.

9.1 Motivation

9.1.1 Improving sleep hygiene
Technology has brought almost infinite possibilities for entertainment and social inter-
action right to our finger tips. Smart phones and tablets are a part of nearly everyone’s
daily life, and many bring the screens into the bedroom at night. Research on the blue
light emitted by LED screens have shown that heavy evening exposure to screens impact
circadian physiology, alertness, and cognitive performance levels [12]. Several studies
have shown a correlation between bedtime mobile phone use and sleep measures such
as longer sleep onset latency, shorter sleep duration, later rise-time in the morning and
more daytime fatigue [21, 32, 77]. In many studies however, the study design leaves the
direction of the causality unclear. Do nocturnal mobile phone use cause longer sleep
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latency and sleep interruptions, or do sleep problems cause more mobile phone activity
[77, 68]? It is also possible that some people with problems falling asleep use their mobile
phones at bedtime to help them calm down. Using a meditation app on one’s mobile
phone before sleep is not necessarily negative. In a study on 942 emerging adults, re-
searchers found a statistically significant correlation between sleep problems and screen
use. Interestingly, sleep problems predicted longer time spent on entertainment, but not
vice versa [74]. Many of the studies investigating the relationship between screen use
and sleep problems use self-reported sleep measures and amount of media use, which
can be biased. Some studies find contradicting results when investigating different age
groups with different degrees of sleep problems [34, 35]. Future research should there-
fore illuminate how nocturnal use of media devices affects different population groups,
preferably using objective measures of sleep and screen time.

9.1.2 Increasing amount of physical activity
Physical inactivity and sedentary lifestyle are increasing in western society, and so are
the health related costs [10]. The World Health Organization (WHO) recommends at
least 150 minutes of moderate-to-vigorous physical activity (MVPA) per week [63], but
37% of the adult population in high-income countries are insufficiently physically active
[64]. Activity trackers (AT) have become increasingly popular in recent years, and have
motivated many people to reach 10 000 daily steps. ATs have been suggested to support
a more active lifestyle [13]. However, results from previous studies investigating the effect
of ATs on health parameters do not agree [38, 50, 11]. The disagreement could partly
be explained by differences in study population, study design and outcome measures.
The effect of ATs on maximal oxygen uptake (VO2max) is less studied, although aerobic
capacity is an important indicator of health-risk status. Epidemiologic studies have
reported that VO2max show a higher predictive power of risk for adverse outcomes than
traditional risk factors, such as hypertension, smoking, physical inactivity, obesity, and
diabetes mellitus [10, 62, 41]. Future research of the effect of AT on VO2max is therefore
needed.

9.2 Methods
To put the methods of the feasibility study into perspective, we start by outlining the
methods of the future, larger study. In the future study, two groups will go through
a baseline period and an intervention period. All participants are to wear an AT that
measures their total sleep time (TST) and the amount of MVPA throughout both periods.
The AT is a Garmin Vivosmart 4 (www.Garmin.com, CE marked), able to measure a
variety of parameters including TST and amount of physical activity. The intervention
period is planned to last approximately four weeks. Before starting and ending the
intervention period, all participants will attend two test days (T1 and T2), where a
number of health related parameters will be measured:
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• Body mass index (BMI)

• Blood pressure (BP)

• Maximal oxygen uptake (VO2max), as measured by a submaximal cycle ergometer
test

Furthermore, the participants will answer questioners about:

• MVPA given in minutes per week as measured by the Nordic Physical Activity
Questionnaire-short (NPAQ-short)

• Time offline (TO) before going to bed and after waking up

• Sleep problems as measured by Insomnia Severity Index (ISI)

The participants are split in to two groups. The first group, called the Sleep silent group
(SS group), focuses on sleep time. The participants will use their tablets, computers
and smart phones as they normally would during the baseline period. In the following
intervention period, they are to stop using all these devices in the bedroom. Analog
alarm clock will be distributed when necessary. By comparing the TST and self-reported
sleep problems for the two periods, we will investigate the effect of removing electronic
devices from the bedroom on sleep.

The second group, called the Physical activity group (PA group), will improve their
physical health. During the baseline period, they will exercise as they usually do. In
the intervention period, they will increase their amount of activity in order to reach
a self-determined fitness goal. The total weekly MVPA must exceed the level recom-
mended by WHO. They will monitor their activity using the app Garmin Connect that
accompanies the AT. By comparing VO2max values measured at T1 and T2, we will
estimate the effect of using an AT to improve aerobic capacity.

In order to evaluate whether the execution of the experimental protocol for the larger
study is realistic, the feasibility study executed the intervention period including the
two test days on a small group of participants. The participants were pseudo-randomly
assigned to either the SS group or the PA group, ensuring a comparable age distribution
in both groups. An overview of the feasibility study is shown in Figure 9.1. The test
results from T1 and T2 were compared by a t-test in order to assess statistical significant
difference.

As in many studies, the quality of the results depend on the participants’ compliance of
using the investigational device, in this case the AT. Therefore, we estimated the user
compliance in two ways:

Overall user compliance: The amount of time the study participants wore the AT,
given in percent of the duration of the intervention period. This was computed
as the the amount of time there was a pulse measurement available in the data
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Figure 9.1: Overview of the experimental protocol for the feasibility study.

recorded by the AT. The pulse was chosen because it is one of the most frequently
sampled parameters (1 measurement per 2 minutes).

Number of nights with TST estimates: As the TST is an important parameter in
the future study, we investigated how many nights of the intervention period had
missing TST estimates.

Note that this study only investigates how often there is TST data, not the validity
of it. Another study is currently evaluating the quality of the AT’s sleep tracking by
comparing it to simultaneous PSG recordings.
Furthermore, the participants’ experience of wearing the AT was collected by a ques-
tionnaire.

9.2.1 Participants
Twenty able-bodied participants were recruited from the Danish Tech town Næstved.
The inclusion criteria were

• To be of age 18 - 75 years

• To own a smart phone or a tablet

• To be able to exercise on ones own initiative

Participants already exercising more than 15 hours per week were not eligible.
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The study was approved by the local committee for health research ethics (SJ-743),
and performed in accordance with the Declaration of Helsinki. All participants gave
informed consent prior to participation.

9.3 Results
Of the 20 participants, one participant from the SS group lost the AT, and was excluded
from further analysis. Another participant from the SS group injured the little finger
(not study related), and did not perform the cycle ergometer test at T2.

Given a 5 % confidence level, there was a significant increase of VO2max and decrease
of systolic blood pressure between the measurements at T1 and T2 in the PA group.
VO2max went from 30.38 ± 8.98 at T1 to 32.1 ± 8.71 mL/kg/min at T2 (t=-2.31,
p=0.046). Systolic blood pressure went from 126.5 ± 15.8 at T1 to 121.8 ± 11.7 mmHg
at T2 (t=2.72, p=0.02). No significant change in these two parameters were observed
for the SS group. There was a significant increase in self-reported time spent offline
before falling asleep in the SS group, but no change in the PA group. At T1, the SS
group reported an average TO of 18.1 ± 19.4, and at T2 they reported 27.2 ± 17.3
min, (t=-2.94, p=0.02). No significant changes were observed for BMI, diastolic blood
pressure, MVPA or TO in the morning in either groups. The mean values ± standard
deviation, t-value and p-value for each group and parameter are shown in Table 9.1.

The participants did not report any discomfort wearing the AT. All PA participants
used the AT to track their activity level during the intervention period. Eight partici-
pants wished to continue using an AT after the study, while two participants did not.
One of the two latter participants did not find the information provided by the AT in-
tersting, and the other found self-monitoring stressful. The mean compliance of wearing
the AT was 95.8±4.4% across both groups, which is high. An TST estimate was present
for all nights of the intervention period for most participants. Seven participants missed
1-3 nights of TST data due to charging of the AT battery. The distribution of the
number of missing nights and the mean compliance can be seen in Figure 9.2.

9.4 Discussion
The majority (60%) of the participants in both groups had a low VO2max at T1 ac-
cording to Astrands classification of aerobic capacity by age and gender [2]. Relatively
small improvements in aerobic capacity of 1 metabolic equivalent (3.5 mL/kg/minute)
has been associated with a 8-35% reduction in mortality rate [70]. From this perspective,
an average VO2max increase of 1.71 mL/kg/minute suggest a noteworthy health benefit
for the PA group. The PA group also showed an average reduction of systolic BP of 4.7
mmHg. A meta-analysis by Lewington et al. investigated the age-specific relevance of
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Figure 9.2: User compliance and amount of data. A) The amount of missing TST for
both the SS and PA groups. The majority of the participants have zero
missing TST values. B) The average amount of time the participants wore
the AT based on the coverage of pulse data relative to the length of the
intervention period. The average value is computed across all participants
in both groups.

usual blood pressure to vascular mortality in one million adults across 61 prospective
studies [47]. The authors found that a reduction in systolic BP of just 2 mmHg reduces
apoplexy mortality by 10% and death of ischemic heart disease by 7% among middle-
aged people. Considering these results, the observed decrease in average systolic BP of
4.7 mmHg is also highly relevant. However, the health benefits related to the increased
aerobic capacity immidiately after the intervention period are probably negligible if the
participants return to old fitness habits after the study.

The PA group did experience an improvement in aerobic capacity and systolic BP, but
it is unknown to what degree the TA and the associated app motivated the change. Al-
though all PA participants reported to used the Garmin app for self-monitoring, we did
not have a ”control PA group” that underwent the same intervention period without the
AT. Based on the results here, we can conclude that the PA group experienced an im-
provement in aerobic capacity and systolic BP after four weeks of complying to WHO’s
recommendation for weekly MVPA, and that they had a high compliance in wearing the
AT.

The SS group showed an increase in time spent offline before going to bed. A weakness
of the feasibility study is that the TO information was self-reported, and not objec-
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tively measured. Nonetheless, the result suggests that the participants were compliant
in restricting their media use. We did not collect information on how the participants
perceived the media restriction. Some might experience the TO as a relief, others as an
inconvenience. A recent telephone-based survey showed a large variance in nocturnal
device habits across different age groups [45]. The majority of previous research on bed-
time media use and sleep problems has focused on children and adolescence [77, 45]. In
a study investigating how restricting bedtime media usage affects sleep in adolescence,
the authors experienced difficulties recruiting volunteers that were willing to change
their media habits [3]. Further research is needed to illuminate how different population
groups are affected by bedtime media use, and how adaptable they are to new habits.
A strength of the current feasibility study and the future study is the large spread in
age of the study participants. If enough participants are included in the future study, it
could help illuminate how age affects the probability of changing negative media usage
habits.

All participants were compliant in wearing the AT, and few TST estimates were missing
from the dataset. Most missing values were due to the dis-mounting of the AT during
charging. The present study does not validate the TST measurements. Another study
is currently investigating that. For now, we can only conclude that it seems feasible to
execute the experimental protocol of the future, larger study.

9.4.1 Adjustments in study design
Based on the experience from the feasibility study, some key insights are transferred to
the preparation for the larger, upcoming study:

• More inclusion criteria should be added to secure an appropriate study population.
For example, a few of the SS participants seldomly used electronic media devices
in the bedroom before entering the study. Therefore, the intervention had little
effect on their media habits. An added inclusion criteria could therefore be to only
include participants with moderate to heavy bedtime media usage.

• The length of the intervention period should be increased in order to investigate
effects over longer time scales. It was feasible for the participants to adhere to the
rules of the intervention period for four weeks, but is it realistic to change people’s
habits for longer time periods?

• Sample size calculations should be based on the estimates of VO2max and TST
from the present feasibility study.

These adjustments could improve the the data quality and validity of the results of the
upcoming study.
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Conclusion

We set out to examine whether the investigational device was able to record seizures and
sleep related events, and whether it is feasible to monitor patients with epilepsy over
extensive periods at home using this device. It was pioneering work, as the technology
is new and there are few other existing devices with the same capabilities. The work
based on this pilot study has contributed evidence to:

• Showing that EEG recorded by the investigational device can be used to detect
seizures and score sleep

• Showing that the device is safe to use and well-tolerated by the patients

• Showing that the device can provide an objective estimate of a patient’s’ seizure
pattern

These will be discussed in greater detail below. Apart from the findings on the device
and its recordings, the project has contributed to valuable experience for UNEEG med-
ical. The knowledge from this study has been incorporated into the planning of new
studies, some of which has already started at the time of writing.

Our first goal was to establish a proof-of-concept to show that the investigational device
could record epileptiform discharges and sleep related events equally well as scalp elec-
trodes placed at the same electrode positions. We found that for a typical temporal lobe
seizure, it appeared similar in both EEG modalities [80]. The average inter-ictal spike in
one patient as recorded by scalp EEG was highly correlated to the average spike recorded
by subcutaneous EEG. The spectral coherence between subcutaneous and scalp EEG
during slow wave sleep was also high. K-complexes and sleep spindles showed the same
characteristics in both EEG-modalities. However, sleep spindles were not as clear when
recorded from temporal electrode positions as in more fronto-central positions. These
results were based on a small group of patients, and should be considered preliminary.

In total, 86 seizures were recorded during the EMU submission of the four proof-of-
concept patients. Ideally, the ability of the subcutaneous device to record seizures
should have been compared to the scalp EEG by comparing the number of detected
seizures by trained experts in the two modalities. Such an investigation was initiated,
where two experienced epileptologists were asked to annotate seizures in both record-
ings. Unfortunately, 84 of the 86 seizures originated from the same patient, which had
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electrographical subtle seizures heavily masked by EMG artifacts. It was therefore dif-
ficult to identify the seizures based on EEG alone. Oftentimes, watching the patient’s
behaviour on the video that accompanies the scalp EEG was necessary for detection. As
a comparison of subcutaneous EEG to video-scalp-EEG is unfair, such a seizure count
comparison was postponed until a more suitable dataset have been collected. UNEEG
medical has already initiated the planning of a larger study to address this shortcoming.

The recordings of patient 2 was often contaminated by EMG artifacts during wake-
fulness, and it was more pronounced in the subcutaneous recordings than in the scalp
recordings. Additionally, the distal subcutaneous channel was more affected than the
proximal subcutaneous channel. The source(s) of the contamination is unknown, but
possible candidates are the temporal muscle and breach artifacts caused by a known
skull defect. The muscle artifacts did not affect the detection of the two seizures this
patient experienced in the EMU. They were both visually distinct and appeared similar
in both EEG modalities. The amount of muscle artifacts is relevant because patient 2
self-reported more seizures than was detected by visual inspection in the subcutaneous
recordings from the home monitoring part of the trial. It is possible that patient 2 had
a perfectly reliable recollection of the seizures, but they were not identified in the EEG
due to noise. It is also possible that patient 2 had seizures originating from one or more
unknown foci outside of the spatial coverage provided by the subcutaneous electrodes.
If a seizure originates far from the electrodes and never spread to an area covered by
the electrodes, they might go undetected.

Based on the nightly recordings of the proof-of-concept patients submitted to the EMU,
a sleep scoring algorithm was trained and tested [27]. The algorithm performed poorly
when trained exclusively on other patients than the one being tested upon, indicat-
ing that sleep scoring the EEG of a new person is difficult when prior knowledge was
learned from only three other individuals. Including some data from the test patient in
the training set increased the performance on the independent test night. The best per-
formance was obtained when developing pure, patient specific algorithms. The average
performance of the patient specific models are comparable to the inter-rater agreement
of human experts scoring PSG recordings reported in [17]. These findings suggest that
in order to develop a one-size-fits-all sleep scoring algorithm for subcutaneous EEG,
data from more people are needed in order to match the performance of person-specific
models. In a recent and similar ear-EEG study [56], the authors found that data from
19 persons resulted in good generalized models. By further fine-tuning the generalized
model to the test person by including person specific data in the training yielded a small
performance gain.

Nine patients, including the four EMU-patients, wore the investigational device at home
for approximately three months [81]. No serious adverse events occurred and the pa-
tients generally found the device easy to use. One patient dropped out of the study
after approximately one month, and another patient stopped sleeping with the device
after approximately one month. We argue that ultra long-term monitoring of patients is
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feasible, but that low compliance could lead to undetected seizures. A low compliance
could be improved by design changes to the device or by finding individual solutions for
how to best incorporate a given wearable device in the patient’s lifestyle.

A trained researcher visually identified seizures in the subcutaneous home recordings.
The task was tedious and time consuming, and highlighted the need for automated
and validated detection algorithms. The seizure pattern derived from the subcutaneous
recordings were for many of the patients different from the self reported one. Some pa-
tients over-reported and some under-reported seizures relative to the EEG-based seizure
count. Changes in AEDs during the study did for some of the patients alter the pattern
of the electrographical seizures and/or the self reported seizures. Although statistical
tests were not made to quantitatively describe the effect of AED changes on the seizure
patterns, we argue that the objective seizure count could have affected the choice of
treatment. To test this hypothesis, UNEEG medical is planning a study where a set of
epileptologists are presented with cases both with and without the information from the
subcutaneous EEG. The aim is to investigate whether the additional information from
the investigational device would lead to a change in treatment strategy.

Ultra long-term monitoring of seizure occurrences and sleep patterns facilitates the
study of how these two co-varies over time. The relationship may be both complex
and patient specific, but as a starting point, we compared sleep lengths and seizure
probability. A simple hypothesis was investigated: Is the sleep length of nights prior to
days with seizures statistically different from sleep lengths of nights prior to seizure-free
days? Although the p-values were small (<0.05) when comparing sleep period in the
two conditions, the main finding was that we did not have enough data for a proper
investigation. One of the investigated patients had periods not wearing the logging de-
vice, especially during night. Missing nights prevented the analysis of their effect on the
following day. The missing data made it hard to establish a reliable pattern. The other
analyzed patient had near perfect compliance (91 %), but there seemed to be several
factors influencing seizure occurrence. The patient had a seizure on the exact same
day of the week several weeks in a row and a few seizures occurring after severe sleep
deprivation during the weekend. We do not have any information on why this particular
day of the week should hold any significance to the patient. We also do not have any
information about whether any other common seizure activators such as stress or alco-
hol were present during the nights prior to seizures. Such unreported seizure activators
could confound our result. After a decrease in AED dosage, the patient’s seizure rate
seemed to increase. We emphasize that the three factors weekday, sleep length and AED
dosage seemingly influenced seizure propensity. 70 observations (which is the number of
days this patient wore the device) are not enough data to uncover the predictive power
of several factors that may or may not interact. As a conclusion on this little exercise,
the results were considered negative, but it did shed more light on the complexity of the
research problem. The next iteration of this investigation should be based on a longer
dataset. A questionnaire of which common seizure activating factors that are known to
affect the patient should be considered, and the occurrence of these should be reported.
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Some additional work has been done on other datasets. A person specific, semi-supervised
sleep stage algorithm was developed on a publicly available dataset Chapter 7. The re-
sults suggest that training a sleep scoring algorithm with partially labeled data is feasi-
ble. Such a sleep scoring model could potentially save resources and is ideal for datasets
where unlabeled data are plentiful [16]. We hypothesised that if UNEEG medical were
to fine-tune a generalized sleep scoring algorithms to specific persons, the fine-tuning
might not require a fully labeled dataset. Future research should investigate whether
fine-tuning can be done semi-supervised in order to save time and resources. However,
the model presented here was based on one-channel scalp EEG from central electrode
positions in healthy subjects. In order to establish a proof of the concept for subcuta-
neous EEG, the exercise should be repeated on a relevant dataset. UNEEG medical is
currently launching a clinical trial where the sleep of 20 healthy subjects is monitored
by subcutaneous EEG for a year. The participants will undergo six PSG examinations
while also wearing the investigational device. This dataset will be more suited to investi-
gate the potential of semi-supervised sleep scoring than the dataset collected in this trial.

Mobile technology in various forms are becoming increasingly integrated into our lives,
for better and for worse. Activity trackers have successfully motivated many consumers
to lead a more active life style, facilitating changes in self-awareness and strategising in
relation to their fitness goals [13]. On the other hand, mobile technology can intrude
on time needed for rest. In one survey, 27 % of adult participants reported ‘always’
using electronic devices in bed, and spending over an hour per night using them [45]. As
already mentioned in Chapter 9, the media devices might not always be what is keeping
someone awake. It might be what helps them falling asleep. Learning more about how
technology affects sleep problems in different sub populations might help design guide-
lines for how to alleviate them. In relation to patients with epilepsy, maintaining a good
sleep hygiene is important. Understanding how changes in media usage can facilitate a
better sleep hygiene could therefore be relevant.

This thesis suggests that ultra long-term monitoring of patients with epilepsy for treat-
ment optimization and research is feasible. The clinical utility of ultra long-term moni-
toring as seen from the perspectives of health care professionals, patients and their care
takers remains to be proven. The needs and hopes for the future of these stakeholders
have previously been investigated [15, 14, 6, 36]. These studies have highlighted device
features such as discrete design, ability to predict seizures and provide objective seizure
counts. We as engineers have been charged with the task of developing such devices
using the cutting edge of technology. The future will show how wearable and personal-
ized health care solutions can improve our health and quality of life. These are exciting
times we live in, indeed.
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Weisdorf S, Gangstad SW, Duun-Henriksen J, Mosholt KS,
Kjær TW. High similarity between EEG from subcutaneous and
proximate scalp electrodes in patients with temporal lobe epilepsy. J
Neurophysiol 120: 1451–1460, 2018. First published July 11, 2018;
doi:10.1152/jn.00320.2018.—Subcutaneous recording using electro-
encephalography (EEG) has the potential to enable ultra-long-term
epilepsy monitoring in real-life conditions because it allows the
patient increased mobility and discreteness. This study is the first to
compare physiological and epileptiform EEG signals from subcuta-
neous and scalp EEG recordings in epilepsy patients. Four patients
with probable or definite temporal lobe epilepsy were monitored with
simultaneous scalp and subcutaneous EEG recordings. EEG record-
ings were compared by correlation and time-frequency analysis across
an array of clinically relevant waveforms and patterns. We found high
similarity between the subcutaneous EEG channels and nearby tem-
poral scalp channels for most investigated electroencephalographic
events. In particular, the temporal dynamics of one typical temporal
lobe seizure in one patient were similar in scalp and subcutaneous
recordings in regard to frequency distribution and morphology. Signal
similarity is strongly related to the distance between the subcutaneous
and scalp electrodes. On the basis of these limited data, we conclude
that subcutaneous EEG recordings are very similar to scalp recordings
in both time and time-frequency domains, if the distance between
them is small. As many electroencephalographic events are local/
regional, the positioning of the subcutaneous electrodes should be
considered carefully to reflect the relevant clinical question. The
impact of implantation depth of the subcutaneous electrode on record-
ing quality should be investigated further.

NEW & NOTEWORTHY This study is the first publication com-
paring the detection of clinically relevant, pathological EEG features
from a subcutaneous recording system designed for out-patient ultra-
long-term use to gold standard scalp EEG recordings. Our study
shows that subcutaneous channels are very similar to comparable
scalp channels, but also point out some issues yet to be resolved.

long-term monitoring; subcutaneous EEG; temporal lobe epilepsy;
ultra-long-term monitoring; wearable EEG

INTRODUCTION

Electroencephalography (EEG) is a well-known technique
for recording the electrical activity of the brain. The inherent
strength of EEG is its ability to track changes in brain function
in real time with excellent temporal resolution, enabling EEG
to visualize dynamic processes of the brain. These features
make EEG an important paraclinical tool in several neurolog-
ical disorders, most notably epilepsy and sleep disorders.

In epilepsy, the key electroencephalographic events are
interictal epileptiform discharges (IEDs) and seizures. Great
variation has been reported on the yield of the first outpatient,
routine EEG ranging from 3% (Bozorg et al. 2010) to 50%
(Salinsky et al. 1987), a fact that probably reflects differences
in the investigated populations. Longer recordings with simul-
taneous video recording (video-EEG) increases the diagnostic
yield significantly (Ghougassian et al. 2004), and in-patient
video-EEG is considered the most informative neurophysio-
logical contribution to a diagnosis of epilepsy. Video-EEG can
be performed either during admission or as a home-monitoring
procedure. Video-EEG during admission has a higher diagnos-
tic yield (Jin et al. 2014), but it is expensive for the health care
system and inconvenient for patients. Home video-EEG is less
invasive, and a recent study has shown that it answers the
diagnostic question just as well as video-EEG during admis-
sion (Kandler et al. 2017). The common duration of such home
examinations rarely exceeds 5 days, despite the fact that longer
recording durations increase the probability of detecting rele-
vant events (Faulkner et al. 2012; Friedman and Hirsch 2009).
Better knowledge of how often and when seizures occur has
several benefits: Home EEG monitoring for longer than one
month (ultra-long-term) could be useful for seizure counting,
since seizure unawareness is a common problem in some types
of epilepsy (Blum et al. 1996; Tatum et al. 2001). Seizure
unawareness leads to inaccurate seizure quantification and
underestimation of the seizure burden (Fattouch et al. 2012). In
an epilepsy clinic, inaccurate quantification could lead to a
suboptimal treatment. For antiepileptic drug trials, seizure
unawareness impedes a (more) correct and precise evaluation
of efficacy as current methodology relies on imprecise seizure
diaries (Blachut et al. 2017; Cook et al. 2013).
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In sleep disorders, EEG plays an essential role in the iden-
tification of sleep stages during polysomnography (PSG),
which is a multimodal sleep investigation. While PSG is the
most informative investigation, it is also quite comprehensive.
Ambulatory PSG can be employed successfully, even in chil-
dren (Marcus et al. 2014), but the procedure remains imprac-
tical, and it is usually only performed for one night (in some
clinics two nights to avoid a possible first-night effect). Be-
cause of variations in sleeping patterns, longer monitoring
spanning several weeks might occasionally be warranted, but
no studies describe such ultra-long-term use, as it would hardly
be practically feasible. For ultra-long-term home monitoring of
sleep disorders, actigraphy has been the modality of choice for
decades (Ancoli-Israel et al. 2003; Sadeh 2011; Sadeh et al.
1995). Actigraphy is simple to employ, well tolerated, and
cheap compared with PSG, but it has severe limitations in the
presence of pathological sleep patterns (Tahmasian et al.
2010). Other sleep quantification devices have appeared in
recent years, but these too are imprecise compared with PSG
(Toon et al. 2016).

A novel EEG recording device has been developed, consist-
ing of an EEG electrode designed for subcutaneous implanta-
tion and an external device connected by aligned coils for
inductive transfer of data and power. The device has been
shown to be able to record EEG of acceptable quality (Duun-
Henriksen et al. 2015) in awake, healthy subjects, but its ability
to detect clinically relevant electroencephalographic events in
epilepsy and sleep has not yet been examined. The device is a
potential remedy to the limitations outlined above. In this
study, we aim to describe the degree of similarity between
subcutaneous and scalp EEG recordings across an array of
clinically relevant electroencephalographic events and pat-
terns, including epilepsy and sleep-related patterns, as well as
commonly observed artifacts. These data should help identify
future clinical applications of the subcutaneous recording sys-
tem and point out limitations and areas for further research.

MATERIALS AND METHODS

Study participants. Patients aged 18–90 with probable or definite
mesial temporal lobe epilepsy and frequent seizures (�1 per week by

own account) were eligible for participation. We prescreened all
patients scheduled for admission to the Epilepsy Monitoring Unit
(EMU) at Zealand University Hospital throughout 2017 by reviewing
their medical records to ascertain whether potential participants ful-
filled the following inclusion criteria: 1) semiology of most seizures
suggesting temporal lobe involvement, 2) paraclinical evidence sup-
porting temporal lobe focus (EEG or imaging), and 3) seizure fre-
quency of one or more per week (of probable temporal lobe seizures).

Thirteen patients met the criteria and were invited to receive further
information. Six potential participants declined to participate; four due
to intensive diagnostic work-up in our epilepsy surgery program and
two found the external device too obtrusive. Three potential partici-
pants were considered unsuitable by the investigator, resulting in four
participants. After providing informed consent, these four underwent
a screening procedure, including a physical examination and blood
samples. Exclusion criteria addressed any conditions or treatments,
which might interfere with study procedures or put the potential
participants at risk, including certain occupations, leisure activities,
and pregnancy.

All participants signed a written, informed consent form before
enrollment. The study was conducted according to the Helsinki
Declaration and was approved by the regional Science Ethics Com-
mittee of the Zealand University Hospital (project no: SJ-551).

Investigational device. The investigational device consists of two
parts, an implant (Fig. 1A) and an external device (Fig. 1B). In
addition, some auxiliary equipment is needed for the surgical proce-
dure, data retrieval charging, and mounting. The device is produced
by UNEEG Medical A/S, and it is not yet commercially available
(available as a �-version).

The implant is made of an insulated wire with three leads and a
small housing. The center electrode is used for reference, and the
recordings, therefore, have two bipolar channels (DSQ-CSQ and PSQ-
CSQ). The interlead distance is 3.5 cm (center-center), and each lead
is 1 cm long. The housing contains an inductive coil for transfer of
power and data. The implant has passed tests for biocompatibility
according to ISO 10993.

The logging device consists of a box for data storage and power
supply, a small transceiver and a wire connecting the two. The box has
a magnet for attachment to clothes. The transceiver contains an
inductive coil to form a link with the coil in the implant. The
transceiver is attached to the skin with a biocompatible double-sided
glue pad. The logging device has a single button for user interaction.
Data can be retrieved as EDF� formatted files from the logging

Fig. 1. The subcutaneous EEG recording
device. A: implant consisting of an electrode
house containing an inductive coil for trans-
fer of power and data and a wire with three
leads. The leads are termed DSQ, CSQ, and
PSQ (SQ for subcutaneous, D for distal, C for
center, and P for proximal). The derived
channel names are DSQ-CSQ and PSQ-CSQ. B:
external logging device and connected trans-
ceiver. C: approximate position of the im-
plant in situ (implanted) with the transceiver
connected (external).
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device by wired connection to a PC with customized software. The
logging device also records accelerometry and light intensity.

Surgical procedures. The implantation strategy involved several
steps:

1. Choosing the side of implantation

Lateralization was determined according to the clinical and para-
clinical evidence at the time of screening.
2. Choosing the configuration
The optimal configuration of the implant (Fig. 1C shows an exam-
ple) was determined in each subject individually. In all subjects, the

Table 1. Subject characteristics

ID Age (years)
Gender
(M/F) MRI EEG Implant Side AEDs

EEG Duration
Scalp, h

EEG Duration
Subcutaneous, h

Seizures
Recorded

1 47 F Normal LT L 91 55 0
2 27 F Sequelae from surgery LFT L 43 43 2
3 64 M Not available RFT R PHT ZNS 94 86 0
4 49 F Normal RFT R OXC ZNS PER CLB 71 71 84

A summary of subject characteristics. MRI describes any previous MRI findings. EEG describes the suspected seizure onset zone based on previous EEGs.
AEDs, antiepileptic drugs, CLB, clobazam; EEG, electroencephalography; FT, frontotemporal; L, left; MRI, magnetic resonance imaging; PHT, phenytoin; R,
right; T, temporal; OXC, oxcarbazepine; PER, perampanel; ZNS, zonisamide.

Fig. 2. Example of one typical temporal lobe seizure in time and time-frequency domains. A: 10-s excerpt at the start of the seizure in the time domain displayed
in scalp channel P7–T7 and subcutaneous channel PSQ-CSQ. Please note the rhythmic activity starting at the { in both modalities. B: longer excerpt of the same
seizure displayed in the time-frequency domain as a spectrogram. The time domain excerpt is marked with dotted lines. The rhythmic activity is clearly seen
as a yellow shading around 6 Hz in both spectrograms. C: topographical plot showing the coherence averaged across the theta band (4–8 Hz) and across time
15–20 s for each scalp channel compared with PSQ-CSQ. Please observe how the coherence is highest at scalp channel P7-T7. D: topographical plot showing
Spearman’s correlation coefficient between the two displayed channels in the same time window as C.
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electrode housing was positioned behind the ear for the external
transceiver to be attachable externally, but the precise position of
the wire was selected to match the electroencephalographic focus
from previous EEGs. We aimed at a placement that would be
proximate to the relevant temporal scalp electrodes placements of
the international 10–20 system (including low-row).
3. Choosing the position
The precise positioning of the implant was determined by the
surgeon and the epileptologist together during the surgical proce-
dure. The optimal position as decided previously was taken into
account, as was the risk of injury to blood vessels and peripheral
nerves.
A trained surgeon performed the implantation and explantation

procedures. The procedures were performed under local anesthesia.
Duration of the surgical procedures was 15–30 min for implantation
and 10–20 for explanation. All implants were tested for connectability
with a logging device before and after implantation.

Study design. After passing the screening, all remaining partic-
ipants had the investigational device implanted 7–11 days before
the first day of admission, to allow for healing of the wound and
reduction of any edema in the area. Upon admission to the EMU,
the logging device was attached and the participant was instructed
in the use of the device. The participants would then use the
investigational device during the entire admission period, if pos-
sible, simultaneously with ordinary scalp EEG and video record-
ings. After admission, the participants would receive customary
follow-up in the outpatient epilepsy clinic. The implant would
remain implanted for up to 3 mo during which period, data were
also collected. The results from the ultra-long-term home moni-
toring is not within the scope of this article.

Data collection. EEG was recorded simultaneously from the inves-
tigational subcutaneous electrode and scalp EEG electrodes during
admission. Scalp EEG electrodes were Ag/AgCl disk electrodes
(Ambu neuroline, Denmark) placed according to the international
10–20 system with additional inferior row temporal electrodes (F9,
T9, P9, and F10, T10, P10). Scalp recordings were made with a
NicoletOne wireless 64-channel head box (CareFusion 209) with a
sampling rate of 1,024 Hz and 24-bit resolution. Electrode care was
supplied as necessary.

The investigational device recorded with a sampling rate of 207 Hz
and 12-bit resolution. Data were retrieved from the logging device just
before discharge from the EMU.

Synchronization. Since scalp and subcutaneous EEGs were re-
corded with different devices, they were not automatically synchro-
nized at the time of recording. Synchronization of the recordings was
performed subsequently by visual inspection. Recordings were syn-
chronized by identifying a unique electroencephalographic feature
(e.g., an artifact) and using this feature as a reference. This allowed us
to synchronize the recordings with a precision of ~50 ms, which was
considered sufficient for most of our purposes. In the case of spike
synchronization, where greater precision was warranted, we used
other methods, as described below.

Signal similarity. We identified a number of common physiological
and nonphysiological EEG events of interest: seizures, interictal
spikes, blink artifacts, posterior dominant rhythm (PDR), slow-wave
sleep, chewing, sleep spindles, and K-complexes. For each of these,
the signal similarity between the two recordings was computed using
MATLAB version 2017a (MathWorks). We performed the compari-
son of the EEG signals in different manners depending on the kind of
event, as described below. All frequency and coherence analysis was
performed using the Chronux toolbox version 2.12 (Mitra and Bokil
2008; Mitra et al. 2018). This toolbox utilizes multitapered spectral
analysis to reduce the bias and variance in the estimated spectral
content of the signals. The spectral estimates (spectograms and co-
herence values) where computed using a 2-s sliding window with a
step size of 0.1 s, and a frequency resolution of 2 Hz. These
parameters allowed for three tapers. 95% confidence intervals (CI)
have been determined using the bootci function, in the cases when it
was not an integrated part of the used MATLAB functions.

The most clinically relevant encephalographic event for patients
with epilepsy is the seizure. We selected an example seizure with an
encephalographic pattern typical for temporal lobe seizures (Ebersole
and Pacia 1996) and analyzed the signal similarity between the two
modalities. The seizure was identified from the scalp EEG recordings
by an experienced EEG technician and confirmed by a board-certified
neurophysiologist. The seizure was visualized in both time and time-
frequency domains for one subcutaneous channel and the closest scalp
channel. The mean coherence in the theta band (4–8 Hz) was
computed between the subcutaneous channel and all scalp channels,
along with Spearman’s ranked correlation coefficient and shown as
topographical head-plots. The latter was computed using MATLAB’s
corr-function.

Another important category of electroencephalographic events are
interictal spikes. Only one subject (subject 4) had easily recognizable

Fig. 3. Comparison of averaged spikes of 74
samples from subject 4. A: average spikes
from the two subcutaneous channels. B: av-
erage spikes from the closest scalp channels.
C: average spikes from the two modalities
plotted in the same window. Notice the sim-
ilar morphology, but slightly smaller ampli-
tude of the subcutaneous spike average.
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spikes, so the following procedure was only performed for that one
subject. To analyze spikes, we first created an average spike from the
scalp EEG recording using Curry version 7.0.9 (Compumedics Neu-
roscan, Australia): We bandpass filtered the data at 1–30 Hz to reduce
electromyographic noise and selected one template spike chosen by
visual inspection. Then, we used the template matching function to
scan 24 h of randomly chosen, continuous scalp EEG for similar
events. Matching parameters started at 90% correlation and 90%
amplitude similarity (default setting) and were reduced by 5 percen-
tage points in a stepwise manner until visual inspection confirmed that
all spikes in the recording were included, ending at 75% correlation
and 75% amplitude similarity. This created a set of spikes that were
subsequently reviewed by the author (S. Weisdorf) to remove any
false positives generated from the automated template-matching pro-
cess. Next, we used the auto-aligning function (this function automat-
ically finds the maximum peak within a short time interval) to prune
each spike to a duration of 100 ms before and 300 ms after the
maximum negative peak. This time frame was selected empirically to
include the beginning of any slow waves following the spike without
giving too much weight to the correlation of nonrelevant features
close to the spike. Thus, the final scalp EEG spike set was generated.

After visual synchronization, we then selected the same epochs
from the subcutaneous EEG recordings, using the auto-aligning func-
tion for precision synchronization around the maximum negative peak
(�100 ms, �300 ms), thereby generating a set of subcutaneous
spikes. The two sets of spikes were imported into MATLAB and
averaged separately, enabling the computation of Spearman’s ranked
correlation coefficient between the average spikes.

The same process was performed for blink artifacts, using only 60
min of recording (because blink artifacts are very frequent during
wakefulness) and a time frame of 150 ms before and 150 ms after the
maximum positive peak.

Other common physiological events in the EEG are sleep-related
potentials: sleep spindles and K-complexes. Spindles and K-com-
plexes are typically best seen in the frontocentral area, and the
temporal placement of the subcutaneous electrodes are, therefore, not
optimal for the recording of these events. Nevertheless, one example
of each was identified and visually compared in both the time and
frequency domain between the subcutaneous channel DSQ-CSQ, the
scalp electrode closest to that and the scalp electrode showing the
event best. As with the seizures, the spectral estimates were computed
using a 2-s sliding window with a step size of 0.1 s, a frequency

resolution of 2 Hz and three tapers. Another sleep-related potential
that is more widespread across the scalp is slow-wave sleep (SWS).
Five epochs of 5 s containing SWS were identified for subjects 1, 2,
and 4 (subject 3 never achieved SWS), and the mean coherence in the
delta band was computed between the subcutaneous channel PSQ-CSQ

and all scalp channels.
The posterior dominant rhythm (PDR) and chewing artifacts are

other common electroencephalographic patterns. In a manner similar
to that of SWS, five intervals of 5 s containing PDR and chewing
artifacts were also identified. For the PDR, the mean coherence was
computed in the �-band between PSQ-CSQ and all scalp channels.
Here, the spectral estimate for each 5-s epoch was computed with a
window size of 5 s and a frequency resolution of 1 Hz, resulting in
four tapers. For chewing, we computed the mean coherence between
DSQ-CSQ and all scalp channels in the delta band. The delta band was
selected because low-frequency activity is a major contributor to the
characteristic electroencephalographic pattern during chewing.

RESULTS

All four participants enrolled in the study completed the
admission according to plan. EEG was recorded from both
scalp and subcutaneous EEG during 86 seizures, the vast
majority from subject 4 (Table 1). All recorded seizures were
classified as temporal lobe seizures, and there was 100%
lateralization match (all of the seizures originated from the
side, where the implant was located). Subject 1 experienced
slight soreness around the site of implantation upon admission,
which resulted in a delayed start for the subcutaneous EEG
recordings. For the remaining subjects, the recording times
were similar (ranging from 43 to 94 h, max. difference 8 h).

For three of the subjects the amount of noise in the subcu-
taneous EEG recordings was comparable to that of scalp EEG
recordings, as assessed by visual inspection. For subject 2,
large parts of the subcutaneous EEG recorded during wakeful-
ness was contaminated by high-frequency muscle artifacts, the
amplitude of which were much smaller in the scalp EEG
recording. The artifacts disappeared almost completely during
sleep. This issue will be addressed further in the DISCUSSION.

Fig. 4. Comparison of averaged blink arti-
facts of 254 samples from subject 4. A:
average blink from the two subcutaneous
channels. B: average blink artifacts from the
closest scalp channels. C: average blink ar-
tifacts from the two modalities plotted in the
same window.
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Figure 2 shows the comparison of a sample seizure in both
time and time-frequency domains. Visual inspection of the
time series and spectrograms shows significant similarity con-
cerning the morphology of the ictal rhythmic pattern, as well as
the frequency distribution. There is high correlation and mean
magnitude of coherence between the two series and spectro-
grams, respectively (max. correlation 0.80, max. coherence �
0.89).

Spike averages, which are shown in Fig. 3, were constructed
from 24 h of recording from subject 4. Each average was made
from the same 74 spikes. A typical spike morphology is clearly
visible in scalp channel F8-T8. A very similar morphology can
be seen in the closest subcutaneous channel (DSQ-CSQ) and
using Pearson’s correlation to compare them yields a correla-
tion coefficient of 0.98 (95% CI: 0.98–0.99). The spike mor-
phology is less well defined in the more posterior scalp channel
P8–T8, and the signal similarity between that scalp channel
and the closest subcutaneous (PSQ-CSQ) channel is smaller with
a correlation coefficient of 0.85 (95% CI: 0.78–0.90).

For subject 1 only, we compared blink artifacts (Fig. 4) in a
similar manner. For the other subjects, blink artifacts were not
identifiable in the temporal scalp channels. In this subject,
scalp channel F9–T9 was the most proximate to DSQ-CSQ. The
comparison yields correlation coefficients of 0.97 (F9-T9;

DSQ-CSQ, 95% CI: 0.960.98) and 0.97 (P7-T7; PSQ-CSQ, 95%
CI: 0.95–0.98). 254 epochs were used to create the blink
artifact averages.

Figure 5 shows our visualization of a sleep spindle (subject
2) and K-complex (subject 1). SWS is shown in Fig. 6. The
sleep spindle (Fig. 5A) is easily observable in scalp channel
Fp1-F3, but difficult to discern in scalp channel F7–T7 and the
proximate subcutaneous channel DSQ-CSQ. By visual assess-
ment, the frequency distribution in channels F7–T7 and DSQ-
CSQ is somewhat similar, but the power is lower in the
subcutaneous recording due to lower amplitudes. The K-com-
plex is easily identified in scalp channels F3–C3 and F9–T9, as
well as in subcutaneous channel DSQ-CSQ. The morphology of
the K-complex is similar by visual assessment, but the ampli-
tude is smaller in the subcutaneous channel.

In our computations of SWS, PDR, and chewing, we fo-
cused on the frequency distribution of the signals. Figure 6
presents an example of the stepwise analysis that we use to
compare scalp and subcutaneous channels. The example shows
SWS from subject 1. PDR and chewing are not shown. Please
notice how the coherence drops with growing distance until a
certain point. Distances are computed using a standard head
model from EEGLAB scaled to the median size of a head of
the relevant gender. In the shown example, the maximum mean

Fig. 5. Selected examples of common electroencephalographic features related to sleep displayed in time and time-frequency domains. A: sleep spindle displayed
by scalp channels Fp1–F3 and F7–T7, and subcutaneous channel DSQ-CSQ. Fp1-F3 is the channel that most clearly shows the spindle in both domains, whereas
it is difficult to discern in the temporal channels no matter the modality. B: K-complex displayed by scalp channels F3–C3, F7–T7, and subcutaneous channel
DSQ-CSQ. The K-complex is clearly distinguishable in all three channels in the time domain. Notice the lower amplitudes in the subcutaneous channels, which
results in the lower power in the spectrograms.
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coherence is at channels T7–P7 and PSQ-CSQ with a coherence
of 0.96.

Table 2 summarizes the maximum mean coherences for all
the chosen patterns in all subjects.

DISCUSSION

This is the first study to compare the recordings from
subcutaneously implanted EEG electrodes to simultaneous
scalp EEG recordings in regard to the presentation of clinically
relevant electroencephalographic patterns and waveforms. We
have investigated signal similarity thoroughly in both time and
time-frequency domains and found a high degree of similarity
in several clinically significant event types, but often a smaller
amplitude in the subcutaneous recordings. For one seizure with

a typical electroencephalographic presentation, the subcuta-
neous recordings captured the same time and time-fre-
quency features as nearby scalp channels (Fig. 2). For
spikes, a typical spike morphology is clearly visible in the
subcutaneous channels, and the correlation of averaged
spikes from subcutaneous and scalp recordings is very high
(Fig. 3). The minor dissimilarities we found are expectable.
Complete uniformity between subcutaneous and scalp re-
cordings is impossible, even if the electrodes were perfectly
aligned, because the skin is a barrier with bioelectrical
properties. These properties change over time due to exter-
nal circumstances, such as sweating and hydration, factors
that affect only the scalp recordings and, therefore, give rise
to differences in the recorded signals.

Fig. 6. A stepwise visualization of the computation SWS. A: 5-s interval of the SWS shown for the best subcutaneous channel and all scalp channels. Five such
examples were selected for each subject and pattern. B: frequency spectrum computed from the 5-s interval from A. C: coherence averaged across examples and
frequencies within the relevant frequency band (in this case 0.5–4 Hz) as a function of interelectrode Euclidian distance (values are expressed as means � SD).
D: topographical plot showing mean coherence.
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A previous study (Duun-Henriksen et al. 2015) also inves-
tigated signal similarity in the frequency domain, but we have
provided new insights concerning the ability of the device to
display epileptiform morphology. Furthermore, the position of
the implant in our study is more relevant for future epilepsy
studies, than the one used by Duun-Henriksen et al.

Overall signal quality was good, except in subject 2, in
whom electromyographical artifacts contaminated the signal,
more so in channel DSQ-CSQ. One reason for this contamina-
tion could be the proximity of the implanted electrode to the
temporal muscle. Although we did not measure the position of
the recording leads in relation to the temporal muscle, it is
possible that the recording leads were closer to the muscle in
subject 2 than in the other subjects, causing increased muscle
artifacts. This issue should be investigated further in separate
studies focusing on the effect of subcutaneous electrode posi-
tion in relation to signal quality. In addition, subject 2 had
undergone resective temporal lobe surgery more than 10 yr
before our study, resulting in a small skull defect. It is possible
that the artifacts observed in her recordings are, in part, breach
phenomenon. Such a phenomenon might appear stronger in the
subcutaneous recordings because the distal lead of the subcu-
taneous electrode was closer to the skull defect than any scalp
electrodes, and it would wane during sleep because the higher
frequencies contribute less to the total EEG signal during sleep.

Our study has significant limitations, similar to those of
previous research with this device. The small number of
participants makes our results preliminary, and the results
outlined above should be considered a contribution to a grow-
ing mass of evidence regarding the performance of this device.
They cannot stand alone. While Duun-Henriksen et al. consider
the limitations of low channel count and corresponding poor
coverage of brain areas with the device, we consider it a
necessary tradeoff. The small size of the device components is
exactly what makes it easy to implant and inobtrusive to wear,
thereby enabling ultra-long-term use, but it comes at the cost of
brain coverage. That does not make the device useless; it
merely means that the device should be used on the right
indication. It is like the screwdriver in the toolbox that only fits
one particular kind of screw that you do not see very often.
You do not use it a lot, but when you encounter that screw, it
is the only tool that will do the job.

For the physiological events we examined (blink artifacts,
sleep spindles, K-complexes, PDR, SWS, and chewing), we
also found a high similarity when comparing the subcutaneous
channels to the temporal scalp channels (Figs. 4–6 and Table
2). Naturally, not all physiological electroencephalographic
events are visible in recordings from the temporal region. The

subcutaneous and proximate temporal scalp channels were
alike, although in some cases, neither showed the event in
question very well (Fig. 5A). This is hardly surprising. The
subcutaneous device is small with limited spatial coverage. We
implanted the device in the temporal region to facilitate the
capture of epileptiform events. Several of the physiological
events that we have examined are not always readily observ-
able in the temporal regions: K-complexes and sleep spindles
are usually easier to find in the prefrontal and frontocentral
regions, the PDR is mostly visible in the posterior region, and
blink artifacts are largest in the prefrontal regions. Hence, the
position of the device was not well suited to capture all of these
events. Altogether, our findings emphasize the obvious: when
working with a two-channel EEG recording device, great care
must be taken to position it where it is most likely to capture
the events of interest.

Arguably, it would make sense to compare seizure detection
performance between subcutaneous and scalp EEG recordings.
Although the total number of seizures recorded in our study
was decent (86; see Table 1), it should be noted that one
subject had almost all of them. That reduces the generalizabil-
ity of any analysis results. In addition, the seizures from this
subject were electroencephalographically discrete with super-
imposed EMG noise, often requiring video to identify. Com-
parison of seizure detection performance between using these
seizures would most likely reflect the challenging electroen-
cephalographic presentation of these seizures rather than the
true difference between the devices, and the results would not
be transferrable to temporal lobe seizures with a more typical
presentation. It would also be interesting to compare detection
of IEDs in more detail, but the clinical interpretation of IEDs
and other events will be a subject for a later publication for
which we are still collecting data, and it is, therefore, not
included here.

So-called wearable EEG recording devices have been de-
bated for many years (Casson et al. 2010; Waterhouse 2003).
If these devices can be developed to sufficient robustness
regarding both data collection and usability, they could provide
the next great leap toward personalized treatment in epilepsy.
Furthermore, by providing easier access to ultra-long-term
EEG monitoring, these devices could facilitate research in
areas requiring longitudinal data, such as the interaction be-
tween sleep and epilepsy. Several studies have reported circa-
dian patterns in the occurrence of epileptic spikes (Baud et al.
2018; Karoly et al. 2016), and more studies of this phenome-
non could contribute to our understanding. Another area of
research that might benefit from the development of better
wearable EEG devices is that of brain-computer interfaces. To

Table 2. Summary of coherences

P001 P002 P003 P004

Posterior dominant rhythm 0.65 (�0.27) 0.80 (�0.11) 0.72 (�0.04) 0.88 (�0.04)
(8–12 Hz) PSQ-CSQ;T7-P7 PSQ-CSQ;T9-P9 PSQ-CSQ;F8-T8 PSQ-CSQ;F8-T8

Slow-wave sleep 0.96 (�0.02) 0.93 (�0.02) NA 0.94 (�0.02)
(0.5–4 Hz) PSQ-CSQ;T7-P7 PSQ-CSQ;T9-P9 PSQ-CSQ;F4-C4

Chewing 0.94 (�0.03) 0.97 (�0.01) 0.70 (�0.10) 0.91 (�0.03)
(0.5–4 Hz) DSQ-CSQ;F9-T9 DSQ-CSQ;F7-T7 DSQ-CSQ;F10-T10 DSQ-CSQ;C4-P4

The presented values are the maximum mean coherences (� SD in parentheses), as presented in Fig. 6C. Channel names indicate the subcutaneous and scalp
channels between which the maximum mean coherence was computed. Parenthesized frequency bands refer to the bands used for estimating coherence. Scalp
channel names are italicized if they are not the channel closest to the subcutaneous channel.
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make such systems useful during everyday activities, they
depend strongly on the ability to collect neural data in a
continuous and unobtrusive manner (Lin et al. 2010). Several
novel EEG recording devices have emerged within the last
decade or so, each potentially useful for ultra-long-term mon-
itoring in different situations: A series of studies describe the
use of subdermal electrodes in an intensive care unit environ-
ment (Ives 2005; Martz et al. 2009; Young et al. 2006).
Although these electrodes have the advantage of being MRI
compatible (Mirsattari et al. 2004), they are not designed for
everyday use. Technical specifications and algorithm perfor-
mance have been reported for an 8-channel subcutaneous
device (Do Valle et al. 2016), but evidence for clinical usability
is lacking. Scalp electrodes of a special design and configura-
tion around the ear have proven able to detect a wide array of
event-related potentials (ERPs) and record long-term EEG
(Bleichner et al. 2016; Debener et al. 2015; Mirkovic et al.
2016), but performance regarding seizure detection has not
been reported. In-the-ear electrodes (ear-EEG) were introduced
in 2012 (Looney et al. 2012). Clinical applicability has been
shown for the ear-EEG solution concerning both sleep and
seizures, and ear-EEG has been proposed as a tool for ultra-
long-term monitoring (Zibrandtsen et al. 2016, 2017), but
usability during everyday activities remains to be tested.

Compared with these other EEG recording systems, which
are either not designed for or not ready to use during everyday
activities, we find the investigated device ready for use in a
real-life setting. The need for a trained surgeon to perform the
surgical procedures could prove to be a major constraint on the
practical use of the device, and future studies should attempt to
address this. Further development and miniaturization of the
device components could also make the surgical procedures
easier. Only one of the subjects reported significant soreness
following the implantation and that receded gradually during
the admission. We experienced no other events during admis-
sion that would preclude further testing during everyday life.
Our limited data set does not allow any final conclusions
regarding the safety of the device, but it is encouraging. We
emphasize that the positioning of the device during future trials
would have to be considered carefully, as our results show that
the position of the device is critical to the successful recording
of the event in question. Despite the small number of subjects
in our study, our results strongly suggest that the subcutaneous
device has potential for use in epilepsy diagnostics, and at the
same time, it has pointed out some crucial areas that require
further investigation. These areas include an investigation of
the clinical value and factors associated with signal quality in
real-life situations. The use of the device in sleep medicine and
research also deserves further attention.
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Abstract 

Background : The interplay between sleep structure and seizure probability has previ‑
ously been studied using electroencephalography (EEG). Combining sleep assessment 
and detection of epileptic activity in ultralong‑term EEG could potentially optimize 
seizure treatment and sleep quality of patients with epilepsy. However, the current 
gold standard polysomnography (PSG) limits sleep recording to a few nights. A novel 
subcutaneous device was developed to record ultralong‑term EEG, and has been 
shown to measure events of clinical relevance for patients with epilepsy. We investi‑
gated whether subcutaneous EEG recordings can also be used to automatically assess 
the sleep architecture of epilepsy patients.

Method : Four adult inpatients with probable or definite temporal lobe epilepsy were 
monitored simultaneously with long‑term video scalp EEG (LTV EEG) and subcutane‑
ous EEG. In total, 11 nights with concurrent recordings were obtained. The sleep EEG 
in the two modalities was scored independently by a trained expert according to the 
American Academy of Sleep Medicine (AASM) rules. By using the sleep stage labels 
from the LTV EEG as ground truth, an automatic sleep stage classifier based on 30 
descriptive features computed from the subcutaneous EEG was trained and tested.

Results : An average Cohen’s kappa of κ = 0.78± 0.02 was achieved using patient 
specific leave‑one‑night‑out cross validation. When merging all sleep stages into a sin‑
gle class and thereby evaluating an awake–sleep classifier, we achieved a sensitivity of 
94.8% and a specificity of 96.6%. Compared to manually labeled video‑EEG, the model 
underestimated total sleep time and sleep efficiency by 8.6 and 1.8 min, respectively, 
and overestimated wakefulness after sleep onset by 13.6 min.

Conclusion : This proof‑of‑concept study shows that it is possible to automatically 
sleep score patients with epilepsy based on two‑channel subcutaneous EEG. The 
results are comparable with the methods currently used in clinical practice. In contrast 
to comparable studies with wearable EEG devices, several nights were recorded per 
patient, allowing for the training of patient specific algorithms that can account for the 
individual brain dynamics of each patient. Clinical trial registered at ClinicalTrial.gov on 
19 October 2016 (ID:NCT02946151).
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Background
The polysomnography (PSG) is the gold standard to assess sleep stages and other clini-
cally relevant sleep parameters. However, it is resource demanding, impractical for 
the patient and may in itself have a negative impact on the sleep due to the obtrusive 
nature of the equipment. This method often limits the sleep assessment to a few days. 
To gain an objective measurement of sleep patterns over longer periods of time, a vari-
ety of wearable sleep trackers have emerged in the recent years. Activity-based devices 
monitor movements to infer information about sleep–wake patterns, and is currently 
the modality of choice for long-term sleep monitoring [1, 2]. A review by Sadeh et al. 
[3] concludes that actigraphy is reliable in individuals with normal sleep patterns. How-
ever, the authors question the validity in patients with sleep disorders, poor sleep and 
certain special populations such as very young children or the elderly. One of the major 
limitations of the actigraphy that is highlighted is the low specificity reported in sev-
eral studies (the ability to recognize wakefulness, which affects estimates of, for exam-
ple, wakefulness after sleep onset and sleep efficiency). In patients with epilepsy, seizures 
can produce movement patterns that can affect the actigraphy scoring. Sadaka et al. [4] 
compared actigraphy with continuous video-EEG over a 24-h period in 27 children with 
medically refractory epilepsy. The authors found that actigraphy reliably estimated com-
monly used sleep measures except number of wakings after sleep onset. They conclude 
that actigraphy can be used as a reliable tool for evaluating sleep patterns in children 
with epilepsy, but as reported in other studies, detecting wake periods after sleep onset 
remains a challenge.

As the American Academy of Sleep Medicine (AASM) manual mainly differentiates 
between the stages of sleep based on EEG features, the EEG is an essential tool in sleep 
monitoring. With the availability of publicly open EEG databases for benchmarking, sev-
eral studies have developed algorithms for automatic sleep stage scoring of scalp EEG 
[5–9]. For a review of state-of-the-art feature extraction and classification techniques, 
see [10]. Other studies have sleep scored EEG from wearable devices such as ear plugs 
[11, 12], around-the-ear electrode arrays [13], head bands [14] and disposable forehead 
electrode arrays [15]. Most of these studies report promising results. However, some of 
the wearables are more suitable for ultralong-term recordings than others.

An emerging EEG modality is subcutaneous EEG. In contrast to currently available 
wearable EEG solutions, the electrodes are situated in a protected position underneath 
the skin and can provide continuous measurements with consistent location and imped-
ance for months. Subcutaneous EEG solutions are therefore well suited for ultralong-
term monitoring, meaning continuous recordings for > 2 weeks. If wearing a recording 
device in everyday life is well tolerated by the user, it is believed that long-term moni-
toring could provide a great help in treatment optimization and alarming of caregivers 
of patients with epilepsy [16]. It has already been shown that recordings from subcuta-
neous channels were comparable to those of scalp channels at similar locations [2, 17], 
and that subcutaneous EEG could be used to detect clinically relevant events in epilepsy 
patients [2]. The current study shows that subcutaneous recordings can be used to sleep 
score the same patient population to produce clinically relevant sleep measures. Sub-
cutaneous EEG and LTV EEG from four inpatients were independently sleep scored by 
a trained expert. By using the sleep stage labels from the LTV EEG as ground truth, an 
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automatic sleep stage classifier based on the subcutaneous EEG was trained and tested. 
The algorithm was cross-validated (CV) using two strategies: a patient-specific (PS) 
approach and a leave-one-night-out (LONO) approach. In addition to evaluating the 
algorithms and the human expert on the five-class sleep staging problem, the hypno-
grams were converted to sleep–wake traces to create a simpler two-class classification 
task. Furthermore, some common sleep measures computed from the ground truth hyp-
nograms and the predicted hypnograms were compared.

Results
Sleep stage classification

The Cohen’s kappa values for the algorithms and the human expert when scoring five and 
two classes are plotted in Fig. 1 and tabulated in Appendix C. The CV strategy producing 
the best average Cohen’s kappa value across nights was the PS approach. The mean kappa 
value ± standard deviation of the mean is κPS. = 0.78± 0.02 , while the mean kappa 
value for the LONO approach is κLONO = 0.74 ± 0.02 . For comparison, the mean kappa 
value for the human expert evaluating the subcutaneous EEG is κexpert = 0.66± 0.04 . An 
exact paired permutation test revealed that the mean kappa values for both algorithms 
were significantly higher than for the human expert ( pPS = 0.0016 , pLONO = 0.015 ). For 
an illustration of a representative night showing the manually labeled and predicted hyp-
nograms, see Fig. 2. For the two-class problem, the PS models had a mean kappa value 
of κPS = 0.85± 0.03 , the LONO-approach had a kappa of κLONO = 0.82± 0.03 , and the 
human expert had a kappa of κexpert = 0.81± 0.04.

The confusion matrices can be seen in Fig. 3. The PS algorithm classified 96.6% of the 
wake epochs correctly. The second best class sensitivity was seen for N2, where the indi-
vidual approach classified 87.2% correctly. Then followed REM sleep with a class sen-
sitivity of 81.4%, N3 with 82.6%, and lastly the N1 class with a poor class sensitivity of 
10.4%. The order of the classes according to their class sensitivity was the same for the 
LONO approach and the human expert. However, the human expert had a substantially 
better performance on the N1 class, with a class sensitivity of 40.9%. On the simpler 
sleep–wake classification task, the performances were higher. The PS approach had a 

PS LONO Expert
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Fig. 1 Box plot of Cohen’s kappa values. The midline in the boxes represent the medians, and the dots 
represent the means. Red crosses are outliers. The mean value ± standard deviation of the mean for 
the five‑class problem: κPS. = 0.78± 0.02 , κLONO = 0.74± 0.02 and κexpert = 0.66± 0.04 . Mean value ± 
standard deviation of the mean for the two‑class problem: κPS. = 0.85± 0.03 , κLONO = 0.82± 0.03 and 
κexpert = 0.81± 0.04 . The horizontal lines represent intervals of the level of agreement as interpreted by 
McHugh et al. [18]
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specificity of 96.6% and a sensitivity of 94.8%. The LONO approach performed similarly, 
with a specificity of 94.8% and a sensitivity of 94.1%. The human expert had a specificity 
of 84.0% and a sensitivity of 98.9%.

Sleep measures

A comparison of the estimated measures and the ground truth are shown Fig. 4. In gen-
eral, there is a high agreement between the estimated and ground truth sleep measures 
as measured by the Deming slope and correlation coefficient, except for the estimation 

Fig. 2 Representative night: the second night of patient B. Top panel: spectrogram of the proximal 
subcutaneous EEG channel (P–C). Middle panel: spectrogram of the corresponding scalp channel (P7–T7). 
Bottom panel: manually scored hypnogram based on scalp EEG and the predicted hypnograms by the PS 
and LONO algorithm and the human expert

Fig. 3 Confusion matrices for the five‑ and two‑class problems. Each entry in the matrices provides 
the percentage P of epochs known to belong to class i that were classified as belonging to class j, for 
i, j ∈ {1, . . .NumberOfClasses , and the raw count. The percentage P in the diagonal equals the class 
sensitivity. The coloring reflects the magnitude of P, which ranges from 0 to 100 %
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of REM latency by the PS algorithm. Here, the slope β of the Deming regression line is 
0.23 and the correlation coefficient r = 0.47 due to a single outlier (patient D, night 3) 
where the ground truth latency is 457.5 min, and the estimated value is 100.5 min. As 
can be seen in Fig. 6, this night contains two sleep periods with a long wake period in 
between. According to the manually labeled hypnograms, the first REM epoch occurs 
after 457.5 min in the second sleep period. However, the PS algorithm predicts a single 
REM epoch after 100.5 min in the first sleep period.

The Bland–Altman analysis shows that there are three sleep measures where the dif-
ference in estimated and ground truth values are significant. The first is the TST, where 
the PS algorithm underestimates the measure by 8.64 min ( p = 0.009 ) and the human 
expert overestimates it by 25.8 min ( p < 1e−4 ). The second measure is the SE, where the 
PS algorithm underestimates it by 1.76 min ( p = 0.0085 ) and the expert overestimates it 
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Fig. 4 Comparison of ground truth sleep measures to estimated sleep measures. The blue squares indicate 
results from the PS algorithm, the red circles are the LONO algorithm and the yellow diamonds are the 
human expert. Left: scatter plot with Deming regression line, slope of regression line ( β ) and Pearson’s 
correlation coefficient (r). Right: Bland–Altman plots. The solid line is the mean difference, and the dotted 
lines are 1.96 times the standard deviation of the mean
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by 5.62 min ( p < 1e−4 ). The third is the WASO, where the PS algorithm overestimates 
it by 13.6 min ( p < 1e−4 ), LONO overestimates it by 10.1 min ( p = 0.0065 ) and the 
expert underestimates it by 24.8 min ( p < 1e−4).

Discussion
We have automatically and manually sleep scored subcutaneous EEG from four patients 
with epilepsy, and achieved good results as compared to manually labeled LTV EEG. 
When classifying five stages, our best performing algorithm (the PS approach) achieved 
a mean Cohen’s kappa value of of 0.78 across patients, which according to McHugh et al. 
[18] represents a moderate agreement. When classifying sleep vs. wake, we achieved a 
mean kappa value of 0.85, which is in strong agreement.

The PS models outperformed the LONO models on almost all nights, even though the 
LONO models have more training data available in each CV fold. However, the major-
ity of data in each training fold in the LONO approach originates from other patients 
than the one whose night is in the test fold. The difference in performance highlights 
the strength of long-term recording devices: the ability to provide large amounts of data 
from a specific person that can give rise to highly personalized algorithms rather than 
one-size-fits-all solutions.

The estimated sleep measures TST, SE, SL, RL and WASO were in good agreement 
with the ground truth values of the sleep measures computed from the manually labeled 
LTV EEG, as measured by the slope of the Deming regression line and correlation coef-
ficient. Bland–Altman analysis revealed that there was a significant difference between 
the estimated values and the ground truth values for the TST, SE and WASO parameters 
across nights in the data set. However, the differences were relatively small for the PS 
models.

The algorithms outperformed the human expert on all performance measures except 
the class sensitivity of N1. However, this comparison is hardly fair, as the human expert 
had no training on subcutaneous EEG before scoring. There could possibly have been 
some learning for the human scorer during the course of analysis, but this was not tested 
for.

The result should be interpreted in the light of the weaknesses and strengths of this 
study. Firstly, it is based on a small data set with only four patients. However, multiple 
nights were recorded for each patient, allowing for training of patient-specific models 
with cross-validation schemes that is not based on random splitting epochs into train 
and test folds. By training on all nights except one and testing on the last night, the 
strong temporal inter-dependence between epochs from the same night is respected.

Secondly, the ground truth is manually scored hypnograms based on the full scalp 
EEG from LTV EEG, and not a PSG as according to the AASM guidelines. Although 
long-term PSG recordings would have been preferable, it was considered impractical 
and an unacceptable additional burden for the patients.

Thirdly, the placement of the subcutaneous electrodes was chosen to maximize the 
probability of recording temporal lobe seizures. This placement might be sub-optimal 
for sleep scoring, as some common sleep phenomena are best seen fronto-centrally [2]. 
As the implant can be placed at a variety of positions as long as the disk-shaped housing 
is located behind the ear, one might expect better results with a more optimal placement.
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Finally, the 11 ground truth-hypnograms reflect how the patients slept poorly in the 
EMU. Furthermore, it is well established that epilepsy can induce sleep disturbances 
[19, 20]. The present classification performance might have improved if the data set 
consisted of 11 nights from four healthy subjects that were good sleepers.

As already mentioned, several relevant studies have sleep scored wearable EEG, and 
it is natural to compare these to the present study. Studies conducted on ear-EEG are 
perhaps the most relevant, as this modality also has the potential to provide unobtru-
sive, ultralong-term measurements. However, the hardware is still under development 
and there are no commercially available solutions yet. Nakamura et al. [13] conducted 
a small study on four healthy male subjects, where they recorded 45 min daytime naps 
after a sleep-deprived night using ear-EEG. They achieved a Cohen’s kappa of 0.65 
when classifying the four stages W, N1, N2 and N3, and a kappa of 0.8 when classify-
ing sleep vs. wake. Mikkelsen et al. [11] conducted a larger study using ear-EEG with 
nine healthy subjects. One night was recorded per subject. They achieved an aver-
age Cohen’s kappa value of 0.65 on five classes across subjects when training subject-
specific models. By merging all sleep labels into a single sleep class, they achieved 
a sensitivity of 81% and a specificity of 97%. The present study shows better results, 
probably due to the fact that multiple nights were recorded per subject. In 2019, Mik-
kelsen et al. [12] did a larger study on 15 healthy subjects, this time using around-the-
ear, flex-printed electrode arrays and Actiwatches (MW8, CamNtech, UK). Although 
the electrode arrays are less suitable for ultralong-term recordings, the experimental 
setup and aim of the study were similar to the present study. One night was recorded 
for each subject, and they used a leave-one-subject-out CV strategy. They achieved a 
mean Cohen’s kappa of 0.54 for the five-class problem and a mean Cohen’s kappa of 
0.69 for the two-class problem. They found that the EEG-based device outperformed 
the Actiwatch in sleep detection. Mikkelsen et al. also estimated the five sleep meas-
ures TST, SE, SL, RL and WASO, and found that the estimates were in agreement 
with the true values except for RL and WASO. The significant underestimation of 
brief wake periods reported across several studies calls for future research on how to 
accurately estimate this parameter using wearable sleep monitors.

For sleep–wake detection, multiple studies have compared actigraphy to PSG. Most 
studies find that the sleep measures produced by the actigraphs are well correlated 
with the measures reported by PSG, but the modality often suffers from poor speci-
ficity. Kosmadopoulos et al. [21] assessed the validity of an Actiwatch-64 (Mini-Mit-
ter Philips Respironics, Bend, OR) against PSG in 22 healthy subjects. By adjusting 
the activity threshold in the embedded sleep detection algorithm, they achieved sets 
of sensitivity and specificity ranging from 87.6 to 61.5 % (very low activity threshold) 
to 97.8% and 26.9% (high activity threshold). The Cohen’s kappa values ranged from 
0.30 to 0.37. Slater et al. [22] assessed a GTX3+ Actigraph, and found a sensitivity, 
specificity and accuracy of 90, 46 and 84%, respectively. An extensive literature review 
on the subject was out of scope for this paper, but these results are in line with the 
review of Sadeh et al. [3]. Compared to actigraphy, EEG-based devices for ultralong-
term sleep monitoring have two advantages: the ability to distinguish between sleep 
stages and a much higher specificity.
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When developing and evaluating an alternative method, the question of ”how 
good is good enough” naturally arises. Surely, the goal of a medical device must be to 
obtain clinical relevance. Werner et al. [23] compared the sleep patterns of children 
as reported by actigraphy and sleep diaries. They compared several sleep measures, 
including TST and WASO. Based on the author’s clinical experience, the difference 
between the estimates based on actigraphy and sleep diary were considered in clini-
cally acceptable agreement if it was less than 30 min. In the current study, the PS 
estimates of both TST and WASO as compared to the true values were within the 30 
min limit for all nights. For the LONO approach, the estimates were all within the 
limit except for a single night.

When comparing Cohen’s kappa values, a reasonable benchmark for clinical rel-
evance could be the inter-rater reliability (IRR) one might expect between different 
trained scorers. Danker-Hopfe et al. [24] found that the IRR as measured by Cohen’s 
kappa between scorers from eight European sleep laboratories was 0.6816. When 
the AASM guideline was introduced, the IRR increased to a kappa value of 0.76. As 
our best-performing algorithm achieved similar kappa values, we argue that the pro-
posed method could deliver performances on par with current clinical practice.

As the data set only contained nights spent in the EMU, it remains an open ques-
tion whether the algorithm can generalize to nights recorded in the patients’ own 
homes. Monitoring the sleep quality in patients with epilepsy over ultralong time 
periods could potentially have clinical value, as there is a complex interplay between 
sleep quality and epileptic activity. Studies have shown an improvement in seizure 
control when sleep disturbances were treated [20, 25]. Future research is needed to 
illuminate the clinical utility of ultralong-term EEG monitoring of sleep patterns in 
epilepsy patients recorded ”in the wild”.

Conclusion
By recording several nights per patient, we were able to train patient-specific models 
and achieved a mean Cohen’s kappa value of 0.78 across recordings. This is higher 
than the inter-rater agreement one would expect between two human raters from 
different sleep laboratories, as reported by Danker-Hopf et al. When detecting sleep 
vs. wake, we achieved a sensitivity of 94.8% and a specificity of 96.6%, which is an 
improvement over the widely used actigraphy.

Of the five sleep measures TST, SE, SL, RL and WASO, we found significant differ-
ences in TST, SE and WASO. The differences were small and within reported clini-
cally acceptable limits.

In conclusion, we are the first to show that sleep monitoring patients with epi-
lepsy using subcutaneous EEG and automatic scoring algorithms is possible and can 
produce results of clinical relevance. Ultralong-term EEG combines the strengths of 
the PSG and actigraphy, providing both accurate sleep stage scoring and long-term 
measurements. With the possibility of recording ultralong measurements, there is a 
potential to develop strong patient-specific sleep scoring algorithms that could illu-
minate sleep pattern over weeks and months.
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Methods
Data collection

Four adult epilepsy patients (one male, three female) with a temporally implanted two-
channel EEG system were admitted for full channel workup in the Epilepsy Monitoring 
Unit (EMU) at Zealand University Hospital [2]. The four adults are a sub-population of 
a clinical study comprising nine adults with the implanted EEG system, but only four of 
the trial participants were admitted to the EMU [2]. During the patient’s EMU stay, LTV 
EEG and subcutaneous EEG were recorded simultaneously.

The subcutaneous system consists of an implant and an externally worn device. The 
implant has three electrodes, where the center electrode acts as a reference to create 
two bipolar channels. It is implanted under the skin behind the ear under local anes-
thesia, and were placed such that the electrodes span the temporal lobe. The electrodes 
are named Distal (D), Center (C) and Proximal (P), where P is the closest to the ear. The 
external device contains a rechargeable battery and a memory chip. The external device 
both powers the implant and receives data through an inductive link across the skin, and 
has a sampling frequency of 207 Hz. The device is produced by UNEEG medical A/S 
(Lynge, Denmark), and in this study, a beta version of the 24/7 EEG SubQ device was 
used. The commercially available device is marketed as a tool for treatment optimization 
by providing an objective estimation of the seizure burden. An illustration is provided in 
Fig. 5. The patients were given two external devices, one to wear during daytime (awake) 
and one for nighttime (sleep). The external devices were recharged when not in use. The 
time stamp for the start of the ”nighttime device”-recording is considered as ”lights off”. 
The LTV EEG was recorded with a NicoletOne wireless 64-channel head box (CareFu-
sion 209) with a sampling rate of 1024 Hz. The 25 scalp EEG electrodes were placed 
according to the international 10-20 system with additional low row. The exact electrode 
placement can be seen in Appendix A.

The recordings from the two EEG modalities were sleep stage scored by a trained 
expert according to the AASM guidelines. The expert scored the recordings manually 
(and not computer assisted), as this is customary in Denmark. Only recordings from the 
period where the patient was wearing the subcutaneous ”night device” were considered, 

Implant

External device

P

C

D

Fig. 5 Illustration of the subcutaneous recordings system. Left: illustration of the implant and the 
beta‑version of the external device used to collect data in the present study. The placement of the Proximal 
(P), Center (C) and Distal (D) electrodes are indicated by the letters. The length of the implant is approximately 
11 cm. Right: illustration of the commercially available device. The device is worn under the shirt and secured 
in place by a magnet (gray circle)
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therefore any daytime naps are excluded. Both subcutaneous and scalp recordings were 
scored using Nicolet One version 5.95. For each patient, the subcutaneous recordings 
were scored before the scalp recordings, to get as unbiased subcutaneous scorings as 
possible.

Data set

In total, 11 nights with concurrent scalp and subcutaneous EEG were recorded. Patient B 
had two nights, and the rest had three nights each. Patient A had two nights and patient 
C had one night where the external device was removed during the night. The part of 
the nights where both EEG modalities were recorded were included in the data set, as 
they were considered usable despite their short length. For an overview of age, gender, 
seizure onset zone, anti-epileptic drug intake, relevant MRI findings and total duration 
of EEG recordings for each EEG modality during the course of the EMU stay, the reader 
is referred to [2].

The hypnograms scored based on the LTV EEG, which are considered the ground 
truth, are visualized in Fig. 6. The hypnograms show that the nights are rather diverse. 
Patient D had trouble sleeping and patient C barely had any deep sleep (N3). The EEG 
technician at the EMU clinic noted that the patient most likely has an undiagnosed sleep 
apnea. Patient B had a seizure few hours before ”lights off” on both evenings, and patient 
D had >80 seizures during the EMU stay, the majority occurring in the evening before 
night 3. Observing poor sleep quality in the data set is therefore expected, as the exten-
sive equipment setup, having epilepsy and the occurrence of seizures, can negatively 
impact sleep [11, 19].

Data pre‑processing and feature extraction

The EEG recordings and the hypnograms were imported into MATLAB version 2017a 
(MathWorks), in which all subsequent analysis was made. To synchronize the scalp and 
subcutaneous recordings, derivations with electrode placements similar to the subcuta-
neous placement were extracted from the scalp recordings. Both EEG recordings were 
band-pass filtered between 0.5 and 100 Hz, and notch filtered around 50 Hz. The scalp 
channels were downsampled to 207 Hz so that the EEG in the two recordings could be 
synchronized using the cross correlation. A crude artifact rejection was performed by 
removing parts of the EEG with an amplitude larger than 300 µ V, to avoid having high 
amplitude artifacts dominate the cross correlation. The artifacts were removed from all 
subsequent EEG analysis. An overview of the amount of rejected artifact for each night 
can be seen in Appendix B. The synchronization was performed on a 30-s epoch-by-
epoch basis, such that each scored epoch in the scalp EEG had a corresponding synchro-
nized subcutaneous EEG epoch.

Thirty features were computed for each subcutaneous channel and epoch, and they are 
listed in Table 1. The features are based on the power distribution in the traditional fre-
quency bands computed using MATLAB’s continuous wavelet transform (cwt). These 
features were chosen, as the AASM scoring rules to a large extent are based on activity 
in these frequency ranges. When computing the wavelet transform, the analytic Morse 
(3,60) wavelet was used, where 3 is the symmetry parameter and 60 is the time–band-
width product. The traditional frequency bands were defined as delta: 0.5–4 Hz, theta: 
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4–8 Hz, alpha: 8–13, lower beta: 13-22 Hz and upper beta: 22–32 Hz. Note that the beta 
band has been divided into two separate bands, as it the traditional definition of this 
band is quite broad.
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Fig. 6 Manually scored hypnograms based on scalp EEG. The five tick marks on the y‑axis represent (from 
top to bottom) wake, REM sleep, N1, N2 and N3. REM sleep is marked with a red, bold line. Three nights were 
recorded for each of patients A, C and D, and two nights were recorded for patient B

Table 1 Description of the 30 features that were computed for each EEG channel. The five 
frequency bands are the delta, theta, alpha, lower beta and upper beta

Feature number Feature description

1–5 Mean power in the five frequency bands

6–10 Variance of the power distribution in the five frequency bands

11–15 Skewness of the power distribution in the five frequency bands

16–20 Kurtosis of the power distribution in the five frequency bands

21–25 Shannon entropy of the power distribution in the five frequency bands

26–30 Duration of the activation of the power in the five frequency bands
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The five last features listed in the table are the duration of the activation of the power 
in the frequency bands. Here, ”activation” is defined as the mean power in a given fre-
quency band exceeding a threshold of 1.5 times the median of the power in the range 
0.5–100 Hz. As an example, the duration of the activation of the delta band for a given 
epoch is the amount of time that the mean power in the delta band exceeds the thresh-
old during the 30 s epoch.

As the manual scoring of an epoch may depend on the label of the surrounding 
epochs, the epoched features were concatenated with the features from the preceding 
epoch and two subsequent epochs. Each epoch of EEG was thus represented by the fea-
tures associated with four epochs.

Classification

By using the hypnogram from the scalp EEG as ground truth, an automatic sleep stage 
algorithm was trained on the features extracted from the synchronized two-channel 
subcutaneous EEG. The sleep staging algorithm used in this study is a random forest 
similar to [11, 12] that has scored around-the-ear-EEG with success. The forest consists 
of 100 decision trees fitted using the fitensemble function with the Bag method. The 
trees were trained by resampling the training data set with replacement. Every tree in 
the ensemble randomly selected features for node splitting. The tree nodes were split 
based on their impurity (Gini’s Diversity Index) using the standard CART algorithm. The 
splitting of a node continued until either the node was pure, there were fewer than ten 
observations in the node, or the algorithm had split NTrainingSetSize − 1 nodes. The model 
was cross-validated using two different schemes: patient specific (PS) and leave-one-
night-out (LONO). In the PS scheme, one model was trained for each patient, in a leave-
one-night-out manner. In the LONO approach, an 11-fold CV was achieved by using 
all possible combination of ten nights as training set, and using the remaining night as 
test set. Common for both CV strategies is that data samples from the same night are 
always in the same fold. This is in contrast to the often-used CV technique where epochs 
are assigned to training and test folds randomly, which ignores the strong dependence 
between epochs recorded close in time [5, 26].

Furthermore, we computed five sleep measures recommended by the AASM manual 
version 2.4 [27] from the hypnograms. The first measure is the total sleep time (TST), 
which is the total time spent asleep, and is the sum of the time spent in any of the sleep 
stages. Inspired by ANSI/CTA 2052.1 Standard Definitions and Characteristics for Wear-
able Sleep Monitors [28], we computed the time attempting to sleep (TATS) instead of 
the total recording time, which is used in the AASM manual. The TATS is a more suit-
able measure for continuous long-term recordings, and is defined as the time when the 
patient is in bed and starts attempting to sleep, until the patient is no longer attempting 
to sleep [28, 29]. TATS is in this study indicated by the mounting and dismounting of 
the nighttime subcutaneous EEG device. Sleep efficiency percentage (SE) is defined as 
TST/TATS × 100. Sleep latency (SL) is the time from when the patient begins attempt-
ing to sleep until the first sleep epoch of any stage occurs. Similarly, REM latency (RL) 
is defined as the time from first attempt to sleep to the first epoch of REM sleep. Wake 
after sleep onset (WASO) is defined as TATS–SL–TST. All sleep measures that are 
not given in percent are given in minutes. A set of ”ground truth sleep measures” was 
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computed from the manually labeled hypnograms based on the scalp EEG and a set of 
”estimated measures” was computed from the hypnograms predicted by the algorithms 
and the human expert based on the subcutaneous EEG.

In addition to computing hypnograms, we also derived sleep–wake traces, which is 
currently the standard in long-term sleep monitoring. The traces were derived by merg-
ing the sleep stages in the ground truth and predicted hypnograms post-analysis into a 
single sleep class. The algorithm was not retrained to do this, and the human expert did 
not re-score the same data.

Evaluation

Sleep stage classification

To assess agreement between the predicted and ground truth hypnograms and sleep-
wake traces, we computed Cohen’s kappa and confusion matrices. Cohen’s kappa 
coefficient ( κ ) is a statistic which measures interrater agreement for qualitative (cate-
gorical) items. It is generally thought to be a more robust measure than simple percent 
agreement calculation, as ( κ ) accounts for the possibility of the agreement occurring 
by chance. A kappa value was computed for each the 11 predicted hypnograms and 
sleep-wake traces for each method. A single confusion matrix was computed for each 
method. This corresponds to computing a population average weighted by the num-
ber of patient epochs. The confusion matrices report both the count and the percent-
age of epochs known to belong to class i that was classified as belonging to class j for 
i, j ∈ {1, . . . , NumberOfClasses} . The percentage in the diagonal can be thought of as a 
class sensitivity. For the binary sleep detection problem, the first entry in the diagonal 
is the class sensitivity of the wake class. In the sleep literature however, it is customary 
to consider sleep epochs as positive data samples and wake epochs as negative samples. 
The first entry in the diagonal therefore equals the percentage of known wake epochs 
that were classified as such, TN/(TN+FP), which is often referred to as the specificity. 
Similarly, the second entry in the diagonal is the percentage of sleep epochs that were 
classified as sleep and is often referred to as the sensitivity.

Sleep measures

The ground truth and estimated values for the sleep measures were compared by means 
of scatter plots and Bland–Altman analysis. For the scatter plots, a straight line was fit-
ted using Deming regression. Deming regression is suitable for data sets where both the 
X and Y variables are subject to measurement errors. If the sleep measures computed 
from the manually labeled hypnograms and the predicted hypnograms were in agree-
ment, the slope of the Deming regression line should be close to 1. The Pearson correla-
tion coefficient was also computed between the ground truth and estimated values.

Furthermore, a comparison between the ground truth and the estimated values were 
made using Bland–Altman analysis [30]. For each night and each sleep measure, the 
mean of the value of the ground truth sleep measure and the estimated sleep measure 
was computed, as well as the difference between the two values. The differences were 
plotted against their mean value, along with the mean difference value and its 95% con-
fidence interval. A permutation test was performed on the differences to test whether 
the mean difference was different from zero [31]. A permutation test builds a reference 
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distribution by resampling the observed data as opposed to assuming a reference dis-
tribution, as is done in a t test. As the number of samples here was low ( 2× 11 ), it was 
feasible to run an exact test by considering all possible permutations of the samples 
when building the reference distribution. The significance level was set to 5%. Signifi-
cant differences of positive sign implied that the proposed method was underestimating 
the value of the sleep measure as compared to the ground truth. Conversely, a negative 
mean difference implied that the proposed method overestimated the sleep measure.
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Appendix A
The scalp electrodes available for manual sleep scoring of the long-term video EEG are: 
Fp1, Fp2, F3, F4, C3, C4, P3, P4, ,O1, O2, F7, F8, T7, T8, P7, P8, Fz, Cz, Pz, F9, F10, T9, 
T10, P9, and P10.
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Appendix B
A crude artifact rejection was performed on both EEG modalities before synchroniza-
tion. After synchronization, the parts that were excluded from one of the modalities, 
were also excluded from the other, in order to make sure that both modalities had the 
same amount of data.

Patient Night Rejected data (min)

A 1 104

2 41.9

3 45.3

B 1 3.28

2 13.7

C 1 40.6

2 10.3

3 11.5

D 1 11.6

2 21.1

3 40.3

Appendix C
List of Cohen’s kappa values for the sleep stage classification and the sleep-wake classifi-
cation. See Tables 2, 3.

Table 2 Cohen’s kappa values for the 5-class problem

Patient Night PS κ LONO κ Expert κ

A 1 0.81 0.79 0.80

2 0.84 0.83 0.80

3 0.84 0.83 0.90

B 1 0.62 0.56 0.56

2 0.82 0.71 0.56

C 1 0.71 0.69 0.59

2 0.82 0.67 0.43

3 0.78 0.77 0.59

D 1 0.73 0.70 0.60

2 0.79 0.77 0.73

3 0.79 0.77 0.74

Mean (± SD) 0.78 (± 0.02) 0.74 (± 0.02) 0.66 (± 0.04)
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Abstract
Objective: To explore the feasibility of home monitoring of epilepsy patients with a 
novel subcutaneous electroencephalography (EEG) device, including clinical impli-
cations, safety, and compliance via the first real‐life test.
Methods: We implanted a beta‐version of the 24/7 EEG SubQ (UNEEG Medical 
A/S, Denmark) subcutaneously in nine participants with temporal lobe epilepsy. 
Data on seizures, adverse events, compliance in using the device, and use of antie-
pileptic drugs (AEDs) were collected. EEG was recorded for up to 3 months, and 
all EEG data were reviewed visually to identify electrographic seizures. These were 
descriptively compared to seizure counts and AED changes reported in diaries from 
the same period.
Results: Four hundred ninety days of EEG and 338 electrographic seizures were 
collected. Eight participants completed at least 9 weeks of home monitoring, while 
one cancelled participation after 4 weeks due to postimplantation soreness. In total, 
13 cases of device‐related adverse events were registered, none of them serious. 
Recordings obtained from the device covered 73% of the time, on average (range 
45%‐91%). Descriptively, electrographic seizure counts were substantially different 
from diary seizure counts. We uncovered several cases of underreporting and re-
vealed important information on AED response. Electrographic seizure counts re-
vealed circadian distributions of seizures not visible from seizure diaries.
Significance: The study shows that home monitoring for up to 3  months with a 
subcutaneous EEG device is feasible and well tolerated. No serious adverse device‐
related events were reported. An objective seizure count can be derived, which often 
differs substantially from self‐reported seizure counts. Larger clinical trials quantify-
ing the benefits of objective seizure counting should be a priority for future research 
as well as development of algorithms for automated review of data.
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EEG, epilepsy, home monitoring, long‐term monitoring, subcutaneous EEG
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1 |  INTRODUCTION

Epilepsy is a brain disorder characterized by recurrent sei-
zures. Thus, counting seizures is an essential part of track-
ing disease activity. Traditionally, patients record seizures 
in a seizure diary, but several studies show that such diaries 
are often unreliable.1‒3 Many factors contribute to this prob-
lem, with unrecognized and undocumented seizures being 
the most important.4,5 Because the seizure count is a deci-
sive factor in the choice of treatment, an imprecise seizure 
count could lead to suboptimal treatment with increased risk 
of complications. These clinical problems also concern the 
patients,6 and in the context of epilepsy research the problem 
of wrongful reporting is also well known.7

Objective and accurate seizure counting at home could be 
of great benefit in diagnosis, management, and research in 
epilepsy. An EEG acquisition system usable during everyday 
life could be the tool currently lacking in the toolbox of ep-
ilepsy diagnostics and management.8,9 Recently, many new 
EEG devices have appeared, combining various electrode 
configurations and data processing methods,10‒15 but none of 
these have been tested in real‐life. In this study, we present 
the first real‐life data on a subcutaneous EEG device for con-
tinuous home monitoring of epilepsy. In our previous study, 
we found this device comparable to traditional scalp EEG in 
a controlled environment.16 In this study, we provide data on 
safety and compliance, and compare detection of seizures be-
tween seizure diaries and the new device using descriptive 
methods. Finally, we discuss the clinical relevance of our data 
relating to other seizure‐detection devices.

2 |  METHODS

2.1 | Study design and participants
The study was conducted according to the Helsinki Declaration 
following guidelines for good clinical practice. The commit-
tee of science ethics for Region Zealand approved the study 
(SJ‐551). All participants provided written informed consent 
before any study activities were commenced. The study is 
registered in clinicalstrials.gov (NCT02946151).

The study was an exploratory, qualitative study. Patients 
from the outpatient epilepsy clinics were prescreened ac-
cording to our eligibility criteria at Zealand University 
hospital (ZUH) from 2017‐01‐01 to 2018‐10‐31 and 
Odense University Hospital (OUH) from 2018‐03‐01 to 
2018‐10‐31. Only adult patients with known or suspected 
temporal/frontotemporal seizure‐onset zone (as corrob-
orated by EEG or magnetic resonance imaging [MRI]) 
and self‐reported seizure frequency of at least one seizure 
per month were eligible. Exclusion criteria included any 
disorders or activities that might infer additional risk at 

participation or affect the quality of data. Patients with 
comorbid psychogenic nonepileptic seizures (PNES) were 
eligible only if they also had definite or probable genu-
ine epilepsy fulfilling the inclusion criteria, and the gen-
uine seizures were assessed to constitute a majority. All 
eligibility criteria are presented in Appendix S1. Due to 
limitations imposed by national data regulations, we had 
to pre‐screen 1421 unselected patients referred to the ep-
ilepsy clinics. The main reasons for exclusion were as 
follows: lack of radiologic/electrographic corroboration 
of seizure‐onset zone and treatment with anticoagulants/
antiplatelets. Some patients met more than one exclusion 
criteria, but only the one considered the most important 
was documented. Figure S1 provides a flowchart of both 
the screening process and the study visits. Based on our 
eligibility criteria, 20 patients were invited for further in-
formation. Of these, three potential participants found the 
device too obtrusive, and declined to participate. Four de-
clined, as they were preoccupied with intensive diagnostic 
workups in an epilepsy surgery program, and three were 
precluded from participation by the investigator as they 
were found unlikely to be able to complete the study proto-
col due to social or mental issues. In total, 10 participants 
were included, of whom 9 were implanted. Participants 
were scheduled to use the subcutaneous EEG device for 
approximately 3 months with no restrictions on activities, 
except from the eligibility criteria. Because monitoring du-
ration by far exceeds that of traditional long‐term monitor-
ing, we henceforth refer to monitoring times exceeding 1 
month as “ultra‐long‐term monitoring.” After completing 
the study, participants continued their customary follow‐up 
in the outpatient epilepsy clinic.

2.2 | The device
The novel EEG acquisition system consists of an EEG elec-
trode designed for subcutaneous implantation (termed “the 
implant”) and an external logging device for power supply 
and data transfer (termed “the external logging device,” 
ELD). The implant has three leads (one reference, two active) 
resulting in two bipolar channels recording at 207 Hz. The 

Key Points
• First trial on subcutaneous electroencephalography 

(EEG) home monitoring over several months
• Subcutaneous EEG is feasible and well tolerated
• Subcutaneous EEG recordings can provide an ob-

jective seizure count
• Development of validated algorithms for automated 

review is the next step
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implant and ELD together will be referred to as “the SubQ 
system.”

Surgical procedures were performed under local an-
esthesia by a surgeon who had undergone video training. 
In brief, a short incision (approximately 3 cm) was made 
behind the ear and the electrode was tunneled approxi-
mately 10 centimeters subcutaneously parallel to the tem-
poral lobe. A small subcutaneous pocket was made to host 
the house of the electrode. The subcutis was sutured with 
resorbable suture (Vicryl 4‐0) and cutis was sutured with 
Nylon (4‐0). After approximately 10 days, the transceiver 
was attached to the skin by double‐sided adhesive pads 
and the ELD itself was attached to the clothing by a strong 
magnet. The ELD used in the study was a beta version of 
the 24/7 EEG SubQ produced by UNEEG Medical A/S. 
Figure S2 shows the ELD in vivo. The system and surgical 
procedures have previously been described in greater detail 
in our proof‐of‐concept study.16

2.3 | Data collection and analysis

2.3.1 | Usage, adverse events, antiepileptic 
drugs, and self‐reported seizures
Participants were instructed to wear the ELD all the time, ex-
cept during bathing/showering or similar activities. Data on 
usage times for each participant were derived from the time 
stamps and duration of the recorded EEGs as saved by the 
ELD. MATLAB R2018a (MathWorks) was used to create 
the visual presentations.

Adverse device events (ADEs) were defined as any unin-
tended or unfavorable response to the system during the study 
period possibly related to the use of the device or related pro-
cedures. We classified all ADEs according to severity based 
on their impact on daily life as the following: mild (does not 
interfere with everyday activities), moderate (interferes with 
some everyday activities), and severe (prevents some every-
day activities). Serious ADEs were defined as ADEs requir-
ing hospitalization, leading to death (or would have done so 
in the absence of treatment), congenital anomalies, or lasting 
disability. These definitions were preset prior to the com-
mencement of the study.

Data on the use of antiepileptic drugs (AEDs) were col-
lected at every study visit. Commencement, adjustments, and 
discontinuation of AEDs were noted.

Participants were instructed to document all events that 
they believed to be seizures in a seizure diary. The seizure 
diary was available either as an app or in a paper form. In 
the app, collection of the time and date was integrated with 
the registration of each event. In the paper form, participants 
had to note time and date by themselves. Participants were 
also instructed to provide a detailed seizure description form 
(Appendix S2).

Family members or caregivers were also allowed to fill 
out the seizure description forms. Upon collection, the par-
ticipants had an opportunity to comment on the entries to the 
seizure diary and the seizure descriptions. Based on all the 
information available, self‐reported events were categorized 
into a two‐step process. First we evaluated whether each entry 
was an epileptic seizure at all and labeled each self‐reported 
event as probably epileptic or nonepileptic seizures. Second, 
we evaluated each epileptic seizure and added a further semi-
ology label as “focal aware seizure (FAS),” “focal impaired 
awareness seizure (FIAS),” or “uncertain.” This distinction 
was made by an experienced epileptologist (S.W.).

2.3.2 | EEG analysis
Prior to the review of the collected EEG data, all available 
previous scalp EEG recordings and/or reports for each par-
ticipant were thoroughly reviewed to establish one or more 
personal spectrographic seizure signatures (henceforth sim-
ply referred to as a “seizure signature”), under the assump-
tion that each seizure type in each participant had a unique 
signature. We then reviewed all the EEG data from the SubQ 
system by visual inspection of time‐frequency spectrograms. 
We relied on the built‐in spectrograms of the EEG reader, 
which utilizes a fast Fourier transformation (1‐second reso-
lution, Hamming window, 50% overlap). Figure 1 shows a 
screenshot of a seizure signature and the corresponding raw 
EEG presented in the same way we reviewed data.

Duration of the spectrogram shown on the screen was set 
at 10 minutes and the frequency scale from 0 to 30 Hz. These 
settings were selected as a trade‐off between analysis speed 
and level of detail visible. Whenever the predefined signature 
was identified, we reviewed the event in the time domain to 
confirm or reject the event as a seizure and made a seizure 
annotation if relevant. We also reviewed the raw EEG if any 
other unusual spectrographic pattern appeared. By default, we 
reviewed 5 minutes of raw EEG before and after any event, 
but if circumstances dictated it, we reviewed as much as 
needed to make a decision. The entire review was performed 
by a trained epileptologist with several years of experience 
in visual EEG review (S.W.) using Nervus EEG Reader v. 
5.95. All seizure annotations underwent secondary review 
by a board‐certified neurophysiologist (T.W.K.), who made 
the final ruling. To avoid expectation bias, this procedure was 
performed before self‐reported events were evaluated.

After the evaluation of self‐reported events, we reviewed 
the time domain EEG of two examples of each kind of prob-
able epileptic seizure reported by each participant, to ensure 
that no such self‐reported events had an electrographic equiv-
alent that was visible only in the time domain but not in the 
spectrograms.

For visualization of the circadian distribution of electro-
graphic seizures, we binned the time stamps of all seizures 
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in 3‐hour bins for each participant. For this analysis, we 
excluded all participants with fewer than 16 electrographic 
seizures, as we considered this the minimum requirement to 
discern any possible rhythmicity reliably.

In anticipation of considerable contamination of the EEG 
signal by electromyography (EMG) artifacts from the activity 
of the temporal muscles, we conceptualized high frequency 
noise as the EEG power above 20 Hz. We then visualized the 
signal‐to‐noise ratio (SNR) as: Ptotal signal/Pnoise, with P 
being the power. This allowed us the estimate the effect of 
noise on seizure detection descriptively.

3 |  RESULTS

We included 10 participants in the study. Eight partici-
pants completed the study according to protocol. One par-
ticipant dropped out of the study before implantation for 
personal reasons and therefore provided no recordings; that 
participant is disregarded henceforth. One participant (ID 
A) dropped out of the study after 1 month due to discom-
fort from the implant. The mean age of participants was 
43.7 years (range 27‐64). There were two male and seven 
female participants who provided recordings. All partici-
pants except participant B, who was recently diagnosed, 
were medically refractory. No participants were involved 
in epilepsy surgery programs while using the SubQ system. 
Further characteristics of the participants and events of in-
terest are summarized in Table 1.

Participants B and F are particularly noteworthy. They re-
ported events with normal awareness only and a substantial 

number of these events had no electrographic equivalent. 
Unfortunately, the lack of seizure‐by‐seizure time matching 
of electrographic and self‐reported seizures prohibits statis-
tical testing.

3.1 | Compliance and noise
We recorded 11 774 hours (490.6 days) of EEG of a possible 
16 147 hours (73%). Participant C stopped using the ELD 
at night after approximately 1 month because he preferred 
sleeping undressed and the ELD requires clothing for attach-
ment. This has taken a great toll on the overall compliance. 
The compliance of the participants along with the SNR and 
seizures is shown in Figure 2. For most participants, it can 
be seen how SNR decreases during the daytime but nonethe-
less, many electrographic seizures were detected.

3.2 | Seizure comparison
The visual review to identify electrographic seizures took 
one trained researcher approximately 3 months to perform. 
In all participants, except participant A, who had no sei-
zures on record, definite signatures could be established, 
and we identified no seizures with incongruence between 
time domain and spectrogram. Two participants used the 
app for documentation of self‐reported seizures and seven 
participants opted to use the analogue diary. In most ana-
logue diaries participants frequently failed to provide sei-
zure times (providing only dates). Therefore, we tabulated 
self‐reported events by date only. Figure  3 shows self‐
reported probable epileptic seizures and electrographic 

F I G U R E  1  Seizure signature. The top panel shows the spectrograms of the two subcutaneous channels (DSQ‐CSQ; PSQ‐CSQ) as reviewed 
in the study. The yellow square highlights the spectrographic seizure signature, which, in this case, can be discerned only on spectrogram 
PSQ‐CSQ. For each type of seizure from each participant, one signature was predefined from previous scalp electroencephalography (EEG) 
recordings. Shortly after the seizure, there is an increase in delta power (0.5‐4 Hz), which could represent a postictal EEG pattern. Any 
spectrographic pattern resembling the relevant signature would be reviewed in the time domain for confirmation. The bottom panel shows the raw 
EEG at the time of the seizure with rhythmic theta activity in channel PSQ‐CSQ and typical frequency dynamics. Thus, the raw EEG confirms the 
presence of a seizure
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seizures. Participants D and E had a substantial number 
of electrographic seizures without corresponding diary 
entries. In contrast, participants B and F had many diary 
entries without corresponding electrographic seizures. 
Participant I had both electrographic seizures without diary 
entries and vice versa. Participants A, C, and H had few 
events of any kind. For participant G there is almost com-
plete congruence between self‐reported and electrographic 
seizures.

Due to the limited number of participants, we did not per-
form hypothesis testing statistics.

For participant D, the commencement of perampanel treat-
ment seems to reduce the number of self‐ reported seizures, 
whereas the electrographic seizure count seems to increase. 
For participant E, the electrographic seizure count seems to 
decrease after treatment is started. Participants C and F had 
too few electrographic seizures to establish a reliable pattern.

Concerning electrographic seizures, participants B, C, D, 
G, and I seem to have circadian rhythms based on Figure 3, 
but participants C and G have too few seizures to establish 
a trustworthy pattern. For participants with enough seizures 
(≥16), histograms of the electrographic seizures plotted 
against the time of day are shown in Figure 4, and this con-
firms the impression of rhythmicity. Participant E does not 
have any apparent circadian rhythmicity.

3.3 | Adverse events
No serious ADEs were reported and all the ADEs reported 
were anticipated, except one (“unclassified”). Table 2 sum-
marizes all ADEs.

As expected, most participants experienced soreness at 
the implantation site after the surgery. For six participants, 
this soreness receded within approximately 1 week; one par-
ticipant reported no soreness at all. Two had longer‐lasting 

soreness, for 2  weeks and 4  weeks, respectively. Soreness 
after explantation receded within a few days in all cases.

Two participants reported occasional headaches during 
the study. For one, the reported headaches were mild and did 
not require any response. For the other, the headaches were 
of moderate intensity and required over‐the‐counter pharma-
cologic treatment; in this case, the participant had also had 
occasional headaches prior to inclusion to the study. The 
headaches were similar in frequency and intensity before and 
during the study.

Two participants experienced minor irritation of the skin 
where the transceiver was attached; this was ameliorated by 
detaching the transceiver for short periods.

The unclassified event was described as a tingling sensa-
tion in the implant, but only when located at certain places 
in her house. Technical examinations of the implant after ex-
plantation revealed no malfunctions.

3.4 | User experience
Information on user experiences was collected only anecdo-
tally. Most participants found the ELD easy to use and had 
no problems with the daily operations. Minor annoyances 
were noted, such as occasional nightly disconnections, hav-
ing to adjust the usual position of glasses, and the necessity 
of wearing clothes at night. No participants felt constrained 
in their ability to perform jobs or leisure activities.

4 |  DISCUSSION

This study is the first to describe ultra long‐term monitoring 
of epilepsy patients with a minimally invasive EEG system 
in a real‐life setting anywhere in the world. We have shown 
that home monitoring for approximately 3 months is feasible 

ID
Onset 
zone Semiologya 

Self‐reported 
eventsb  (epileptic; 
nonepileptic)

Electrographical 
seizures

Employment 
status

A LT FAS 0; 3 0 Unemployed

B LT FAS 55; 0 22 Unemployed

C RT FIAS with FBTCS 0; 3 5 Employed

D RFT FAS and FIAS 32; 0 232 Unemployed

E LT FIAS with FBTCS 0; 2 16 Employed

F LT FAS 21; 0 3 Employed

G LT Uncertain 13; 11 12 Employed

H LT FIAS with FBTCS 1; 5 2 Unemployed

I LT FIAS with FBTCS 133; 43 46 Employed

Abbreviations: FAS, focal aware seizure; FBTCS, focal to bilateral tonic‐clonic seizure; FIAS, focal impaired 
awareness seizure; LT, left temporal; RFT, right frontotemporal; RT, right temporal.
aObserved by participant or family/caregivers. 
bClassification by investigator. 

T A B L E  1  Participant characteristics
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without major adverse events or significant impact on activi-
ties of daily living. Total compliance was moderate (73%) 
with high interindividual variability (45%‐91%). This vari-
ability was not related to adverse events but seemed to depend 
on everyday practicalities and hardware usability. The clinical 
implications of compliance issues should not be underesti-
mated, and it warrants careful patient selection and thorough 
information about all parts of the SubQ system. For some par-
ticipants, the electrographic seizures detected showed clear 

circadian rhythmicity. This is well in line with the findings 
published by Baud et  al.17 Qualitatively, the objective sei-
zure count provided information on participants’ response 
to changes in AEDs that would not have been revealed from 
the seizure diaries. Such information could affect the choice 
of treatment. Participants reported minimal impact on daily 
activities.

The participants are examples of clinical cases in 
which the information provided by the ultra long‐term 

F I G U R E  2  User compliance and signal‐to‐noise ratio. Charts for all participants displaying their compliance in using the external logging 
part of the device across the full study period by time of day. Total percentage for each participant in parentheses. Gray areas display epochs when 
the ELD was not used. No pattern of increased detection of electrographic seizures is apparent, suggesting that a detection bias due to noise is less 
plausible
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EEG would probably influence the treatment strategy. 
Controversially, we considered the electrographic sei-
zures to be the ground truth and taking that into account, 
participants C, D, and E are cases of underreporting. The 
diary information alone would present the seizure burden 
as lower than it was. This could lead to a more passive 
treatment strategy, thereby increasing the risk of compli-
cations related to repeated seizures. All these participants 
had focal seizures with impaired awareness, which is a 
likely cause of the underreporting.

Participants B and F are seemingly cases of overreporting. 
These two participants had seizures with normal awareness, 
which is usually taken as an indication that a smaller cortical 
area has been involved in the abnormal activity. The precise 
area of cortical surface necessary for a seizure to be detected 
by electrodes placed outside the skull depends on many fac-
tors, but several studies have shown that smaller cortical sur-
face involvement decreases the chance of detecting epileptic 
discharges using scalp electrodes.18‒20 It seems likely that 
the same limitation applies to subcutaneous electrodes, such 

F I G U R E  3  Seizure comparison and antiepileptic drugs. Charts for all participants showing electrographic seizures and self‐reported events 
classified as probable epileptic seizures. Self‐reported events are semiquantified and displayed by date only. Electrographic seizures are displayed 
by time of day. Changes in antiepileptic medication are shown on top of each chart. Participant E is a good example of underreporting, as she 
reported none of the electrographic seizures. BRV, brivaracetam; CLB, clobazam; LCM, lacosamide; LEV, levetiracetam; LTG, lamotrigine; PER, 
perampanel; ZNS, zonisamide
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as the implant we tested. Therefore, we cannot say whether 
the self‐reported events of these two participants are true sei-
zures or not, without ambiguity. In the field of seizure‐detec-
tion devices, overreporting of seizures seems to have received 
less attention than underreporting, but in our opinion, it is 
equally important. PNES could be considered a kind of over-
reporting, in which there is a great need for new diagnostic 
tools. Overreporting is more likely to lead to overtreatment 
and it holds risks of more adverse effects and interactions 
from AEDs.

Participant I was unique among our subjects. She mis-
reported in a way that involved both underreporting and 

overreporting. The electrographic seizure count revealed 
a very different pattern of seizure activity than the self‐re-
ported seizures. Such findings could be of great importance 
in uncovering potential seizure‐precipitating factors, such as 
sleep deprivation or AED oversights.

Participant G was the only one among the included pa-
tients who was able to report her own seizures reliably, as 
seen by the high concordance between diary entries and elec-
trographic seizures.

To the authors’ knowledge, there are no equivalent 
devices at the same stage of development. Several other 
seizure‐detection devices have appeared within the last de-
cade, some employing EEG2,10,17,21,22 and some employing 
other technologies, such as EMG/accelerometry,23,24 heart 
rate variability,25 electrodermal activity, or a combination 
of these.26,27 Describing the influence of an ultra‐long‐term 
EEG monitoring device on the mobility of the wearer is a 
key aspect of its usability. In 2017, Bateson et al28 devel-
oped a mobility score for use in wearable EEG research 
going from 0 (least mobile) to 5 (most mobile). The device 
we tested does not exactly fit into the existing categories, 
but given the minimal impact on mobility, we assess it at a 
score of 4‐5. Combined with the ease of use and minimal 
invasiveness, this makes for a very favorable usability pro-
file for this system.

4.1 | Limitations
The present study had some shortcomings that must be con-
sidered when discussing the results. Several of these relate to 
the electrographic seizures.

First, we reviewed spectrograms rather than raw EEG. 
This was necessary to expedite the analysis, which even by 
this method took several months to perform. The process was 
monotonous, leaving room for human error due to lapses of 
attention. Reviewing the raw EEG would have exacerbated 
this problem, but also allowed for a more detailed analysis 
and we cannot exclude the possibility that reviewing the raw 

F I G U R E  4  Circadian distribution of electrographic seizures. 
Histograms showing the circadian distribution of electrographic 
seizures for participants with ≥16 seizures. Days are divided into 3‐h 
bins. All the presented participants, except participant E, seems to have 
a circadian pattern to their seizures

Event type
No. of 
occurrences Severity Anticipated

Pain/soreness at site of surgery up to 1 
week after surgery

6 Mild Yes

Pain/soreness at site of surgery more 
than 1 week after surgery

2 Mild Yes

Headache not related to surgery 2 Mild Yes

Skin irritation at transceiver contact 
position

2 Mild Yes

Excessive bleeding 0 — —

Infection 0 — —

Unclassified 1 Mild No

T A B L E  2  Summary of adverse device 
events
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EEG would have yielded slightly different results. Second, 
there are some cases in which a true seizure could have oc-
curred without being detected by the device:

1.  The seizure did not involve a large enough cortical 
area to be visible in extracranial recordings of any kind.

2.  The seizure did not propagate to a cortical area below the 
implant and was therefore not recorded.

3.  The electrographic presentation of the seizure was dis-
creet and would have required more spatial information to 
be detectable.

4.  The electrographic seizure was not visible due to artifacts.

Although we took every precaution to avoid these issues by 
carefully selecting the participants and reviewing our data thor-
oughly, they might have occurred, adding a measure of impre-
cision to our electrographic seizure count. Participants B and 
F are examples of cases in whom we suspect these limitations 
influenced the electrographic seizure count. For statistical con-
firmation of this suspicion, we would have needed self‐reported 
seizures with a precise time stamp for comparison with the 
electrographic seizures, which we did not have. Digital seizure 
diaries facilitate a more precise documentation of self‐reported 
events, and we hope that the use of such diaries will grow more 
common in the future.

Validation of electrographic seizures is an obstacle that 
will require a major setup, preferably one employing intra-
cranial EEG electrodes. Several studies have shown that in-
tracranial electrodes, if positioned correctly in relation to the 
seizure focus, can be used to detect more seizures than scalp 
EEG electrodes.29‒32 It seems likely that this relationship ex-
tends to subcutaneous electrodes, since the skull attenuates 
the EEG signal more than the other scalp tissue layers.33An-
other way to get around this problem is to perform large‐scale 
trials comparing clinical outcomes for groups of patients in 
whom decision‐making was based on traditional methods 
to other groups in whom decision‐making was informed by 
whatever method in question. Such trials would be long and 
complicated, but also very informative. Recently, a proposal 
for standards for clinical trials of medical devices was pre-
sented.34 Such standards should guide future studies on novel 
seizure‐detection devices to facilitate comparison between 
studies and meta‐analyses.

Using automated seizure detection algorithms would 
have been a very attractive solution for review of the massive 
amounts of data we collected. Such algorithms have been 
successfully employed previously in ultra‐long‐term moni-
toring scenarios35 However, automated algorithms must be 
validated properly to be reliable, and no algorithms had been 
validated properly on subcutaneous EEG when our dataset 
was ready for review.

Unfortunately, comparing detection of seizures from 
scalp EEG recordings and subcutaneous recordings during 

the epilepsy monitoring unit (EMU) admission was not pos-
sible. This was due to the electrographically subtle seizures 
from participant D, which constituted most of the seizures 
recorded during admission; any comparison would have re-
flected the unusual electrographic presentation of the sei-
zures, rather than any features of the devices compared.

Other limitations are the low number of participants in 
our study and the fact that we focused on persons with tem-
poral lobe epilepsy. These decisions, although necessary for 
the feasibility of the study, decrease the generalizability of 
our findings. Despite this, the current study provides crucial 
safety and usability data, and the data we collected may be 
used to form hypotheses in future studies.

Finally, artifacts contaminated parts of our data, espe-
cially during the daytime. Considering the proximity of the 
implant to the temporal and mastoid muscles, this was an-
ticipated. Potentially, artifacts could obscure the detection 
of electrographic seizures and thereby introduce a bias to 
our findings on circadian rhythmicity and our comparison 
of electrographic and self‐reported seizures. Our findings, 
though, do not show a general preponderance of electro-
graphic seizures during the nighttime, when the SNR is 
the highest, which seems to indicate that any potential bias 
in the detection of electrographic seizures is not severe. 
Methods for artifact rejection, both through improved sur-
gical techniques and postprocessing of the electrographic 
data, should be explored further.

In conclusion, this is the first study to demonstrate that ultra 
long‐term epilepsy home monitoring based on recordings from 
a minimally invasive, subcutaneous implant is feasible and safe. 
During almost 500 days of home monitoring, no serious ADEs 
occurred. Before implementing ultra long‐term home monitor-
ing EEG systems in clinical practice, larger trials with clinically 
relevant outcome measures are needed. In addition, algorithms 
for automated analysis of ultra long‐term EEGs are an abso-
lute necessity, as traditional visual analysis is both immensely 
time‐consuming and a victim of subjectivity. Nonetheless, there 
seem to be several clinical scenarios for which the information 
yielded by such monitoring could provide better treatment and 
despite the limitations, we believe that devices for minimally 
invasive ultra‐long‐term monitoring will be an important con-
tribution to the neurophysiology toolbox.
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ABSTRACT
The field of automatic sleep stage classification based on
EEG has enjoyed substantial attention during the last decade,
which has resulted in several supervised classification algo-
rithms with highly satisfactory performance. Such supervised
machine learning algorithms require large training sets that
have been manually labelled, and are time- and resource-
consuming to acquire. Here we present a semi-supervised
approach that can learn to distinguish the sleep stages from
a one-night data set where only a fraction has been manu-
ally labelled. We show that for fractions larger than 50%,
our semi-supervised approach performs as good as a similar,
fully-supervised model.

Index Terms— EEG, semi-supervised learning, sleep
stage scoring, non-negative matrix factorizaton, generaliz-
able Gaussian mixture model

1. INTRODUCTION

Analyzing the temporal evolution of sleep stages is an impor-
tant diagnostic tool in sleep medicine. Manually labeling the
stages in a polysomnogram (PSG) for subsequent analysis
is unfortunately highly time- and resource-consuming. The
automation of PSG-labelling using machine learning tech-
niques has therefore enjoyed substantial attention during the
last decade. Excellent results have been achieved using so-
phisticated supervised machine learning algorithms [1] [2],
and the problem of automatic sleep stage classification is by
many considered solved. However, a supervised classification
algorithm with a low generalization error requires a large set
of labelled examples for training. In order to save time and
resources, it would be beneficial if a classification algorithm
could be trained on a data set, where only a fraction of the
training examples has been labelled. However, it is important
that the performance of such a classifier still matches that of
an algorithm that was trained using a fully labelled training
set.

∗ These authors contributed equally to this work, and share the first-
authorship.

The authors would like to thank Jonas Duun-Henriksen for important
comments on the manuscript.

Source code: https://github.com/ammunk/SemiSupSleep

In this work, we compare the performance of a semi- su-
pervised Gaussian Mixture Model (SS-GMM) against a fully
supervised Gaussian Mixture Model (FS-GMM). The classi-
fication strategy is conceptually simple. A model is trained
such that a data point is first given a set of probabilities to be-
long to each cluster component, much like the responsibility
in the traditional GMM framework. Furthermore, the proba-
bility for each cluster to represent each class is learned using
the information in the labelled part of the data set. A test
point is classified according to the posterior probability gov-
erned by the responsibilities and the cluster-class mapping.

All models in this work were subject specific, meaning
that they were trained and tested on each subject in the experi-
mental data set separately. This is contrary to popular practice
in the field [3] [4] [5] [6]. In contrast to population models,
our focus on subject specific modeling, that allow us to ac-
count for the large variation in individual brain dynamics and
sleep patterns.

Furthermore, the models were trained and validated on
EEG that was recorded before the EEG in the test set. This
mimics the use case where an initial, labelled recording is ac-
quired from a subject, from which a model can be trained and
validated. The model can then be deployed to automatically
label subsequent EEG recordings from the same subject.

2. EXPERIMENTAL DATA

The experimental data in this study consists of the SC record-
ings in the sleep-edfx-data base that is publicly available
on PhysioNet.org [7] [8] [9]. The data contains a pair of
PSG recordings from two consecutive nights from 19 healthy
subjects (10F + 9M) accompanied with expert-annotated
sleep stage labels. An additional subject is present in the
online repository, for whom only a single night was success-
fully recorded. This subject was excluded from the study.
The expert annotated labels were scored according to the
Rechtschaffen and Kales (R&K) classification rules [10].



1 2 3

FS-GMM SS-GMM

VS.

unlabeled labeled unlabeled labeled

0 2 4 6
Time [h]

0

10

20

Fr
eq

u
en

cy
 [

H
z]

Time [h] Time [h]

E
E

G
 a

m
p.

 [
μV

]

F
re

qu
en

cy
 [

H
z]

FS-GMM SS-GMM

VS.
Freq. [Hz] NMF dim.

B
as

is
 f

un
c.

N
M

F
 d

im
.

Time [h]

Fig. 1. Conceptual illustration of the classification method. In the first step, the sleep EEG is converted to a multi-tapered
spectrogram. In the second step, the spectrogram is decomposed into two matrices, W and H , using NMF. In the third step,
the weight values in the matrix H are scaled and used as features for a GMM-classifier. Two versions of the classifier are
compared, a fully supervised model and a semi-supervised model. This figure was made with data from the first subject’s first
night.

3. METHODS

The recording from the first night was used as training and
validation set, and the recording from the second night was
used as test set. Only one EEG channel in the PSG recordings
(Pz-Oz), which was sampled at 100 Hz, was used. The period
of interest for the classification problem was extracted from
the PSG recording using the labels. This period was defined
as 15 min prior to sleep onset (defined as first epoch of N1) in
the evening until 15 minutes after the last sleeping epoch in
the morning. The rest of the recording was discarded. Epochs
of the sleeping EEG that were not scored or scored as Body
movement were excluded from the data set. Furthermore, the
stages N1 and N4 were in some cases too small or even non-
existing, so the N1 and N2 stages were merged into a single
”light sleep”-class, and the stages N3 and N4 were merged
into a single ”deep sleep”-class. This resulted in the four
classes Awake, REM, Light sleep and Deep sleep, as also done
in [11] [12] [13].

The sleep EEG in the training and test sets were decom-
posed into the time-frequency domain using multi-tapered
spectrograms, based on the Discrete Prolate Spheroidal Se-
quence (DPSS) taper functions [14]. The advantage of multi-
tapered spectrograms compared to single-tapered spectro-
grams is the reduction of both the bias and the variance of the
spectral estimate. The spectrogram matrix, Spec ∈ RM×N+ ,
was computed using the Chronux MATLAB toolbox [15]
[16] using 29 tapers, and in 30-second, non-overlapping win-
dows. Spec was log-transformed as S = ln(Spec + 1).
An example of S is shown in Fig. 1. One column of S now
corresponds to one observation in the data set (one epoch of
30 seconds). In order to reduce the dimensionality, S was
approximated using Non-Negative Matrix Factorization [17],
which seeks to minimize the Frobenius norm between the
original matrix and the matrix approximation

min ‖S −WH‖2F ,
s.t. W ∈ RM×D+ , H ∈ RD×N+ .

Minimization of the Frobenius norm is equivalent to as-

suming the entries of S are independently and identically
distributed with Gaussian noise around the meansWH [18].
This corresponds to maximizing the likelihood function,
p(S|WH, σ2) ∼ N (S|WH, σ2I), where N (·|·, ·) is the
normal distribution

N (S|WH, σ2I) =
∏
i,j

1√
2πσ2

exp

−
(
sij − [WH]ij

)2
2σ2

 .
The optimal value of the common dimension D is computed
by minimizing the Bayesian Information Criteria (BIC) [18]

BIC = − ln p(S|WH, σ2) +D(M +N) ln(M ×N). (1)

The columns ofW are basis functions that can be interpreted
as band pass filters. Columns in H are weights indicating
how much of each basis functions in W is needed to repre-
sent the spectral contents in each epoch in the data set. One
column inH corresponds to one observation. The basis func-
tions of W were learned from the first night, and the same
functions were used when estimating the weights for the sec-
ond night. The matrix X = HT was scaled column-wise by
the 99th percentile across the entire training set, and was used
as input for the classifier.

The classification model was build such that it can be
trained with a variable amount of labelled data. Let the en-
tire training set D be composed of a labelled and an unla-
belled subset, D = Dl ∪ Du. Here, Dl consists of pairs of
data observations and their respective labels (xl,y), whereas
Du consists of data observations xu only. The relative size
of the two subsets is described by the fraction f = |Dl|/|D|.
If the model was trained using all the labels in the training
set, such that |Du| = 0 and f = 1, the model is fully su-
pervised. Conversely, if the model is trained using only some
of the labels in the training set, such that 0 < f < 1, the
model is semi-supervised. The classification model, which is
inspired by [19], is a generalizable Gaussian Mixture Model
(GMM) with k ∈ {1, 2, . . . ,K}mixture components that was
optimized using the EM algorithm. The classifier models the



posterior class distribution P (c|x), where c ∈ {1, 2, . . . , C}
is one ofC mutually exclusive classes. The posterior distribu-
tion was learned through the complete generative distribution
of data D, p(D|θ) = p(Dl|θ)p(Du|θ), assuming indepen-
dence between unlabelled, Du, and labelled, Dl, data. Using
the GMM framework allowed for an optimization scheme in
terms of the log-likelihood,

ln p(D|θ) = ln
∑
Zl

p(X l,Y ,Zl|θ) + ln
∑
Zu

p(Xu,Zu|θ),

where Z ∈ RN×K =
[
(Zl)T, (Zu)T

]T
denotes the un-

known latent variables, with mutually exclusive row values
and θ = {µ,Σ}. By further assuming observations to be
i.i.d. as well as classes to be only conditionally dependent
on mixture components, the authors in [19] use the following
density for single observations:

p(xl,y|θ) =
∑
zl

P (y|zl)p(xl|zl,θ)P (zl,θ), (2a)

p(xu|θ) =
∑
zu

p(xu|zu,θ)P (zu,θ). (2b)

The latent conditional distribution of x can be written as

p(x|z,θ) =
∑
z

K∏
k=1

P (k)zkp(x|k)zk ,

where p(x|k) ∼ N (x|µk,Σk). The final class posterior is
thus given by

P (c|x) =
∑
k

P (c, k|x) ∝
∑
k

P (c|k)p(x|k)P (k),

where P (c|k) is a non-parametric probability, which we
sought to estimate along with θ.

In contrast to [19], we propose a different implementation
of the density of the unlabelled data observations in Eq. (2).
This implementation proved to be more computationally ro-
bust on our data set. The proposed density is derived by in-
troducing B as the latent class association of xu, such that
Eq. (2) now becomes

p̃(xu|θ) =∑
b,z

K∏
k=1

p(xu|k)zkP (k)zk
C∏
c=1

P (c|k)bczk .

Notice the density now includes the class cluster posterior
P (c|k), that models the probability for which clusters that
represent which classes. The update equation for the class
cluster posterior now becomes

P (c|k)t+1 =

∑
n∈Du

P (k|xn)P (c|k)t+
∑

n∈Dl

δcynP (k|xn,yn)∑
n∈Du

P (k|xn)+
∑

n∈Dl

P (k|xn,yn)
,

where δcyn is the kronecker delta. In the new update equation,
the labelled and the unlabelled observations ”vote” on what
the next values in P (c|k)t+1 should be. The labelled obser-
vations vote using the information in their labels, whereas the
unlabelled observations vote for the current values in P (c|k)t.
By contrast, in [19], only the labelled data observations are
taken into account when determining P (c|k)t+1. This strat-
egy fails in the rare event that a cluster i takes responsibil-
ity for unlabelled observations only. In this case, the update
P (c|k = i)t+1 cannot be computed. By allowing the unla-
belled observations to contribute to the update, we avoid hav-
ing to introduce heuristic workarounds. The unlabelled ob-
servations will simply assign P (c|k = i)t+1 = P (c|k = i)t.
The values in P (c|k = i)t will be influenced by the labelled
observations that the cluster has previously encountered in its
path. We did not observe any significant difference in average
accuracy between the proposed method and the implementa-
tion in [19] combined with the rule that P (c|k = i)t+1 should
be set to the class priors when cluster i only contained unla-
belled observations.

In order to find the optimal number of mixture compo-
nents, a stratified 5-fold cross validation scheme was em-
ployed using the first night of each subject. For each optimal
model, the test performance was measured on the second
night. This approach was used for f = {0.2, 0.3, ..., 0.9, 1}.
Additionally, in order to account for the randomness in per-
formance associated with the stochastic choice of labelled
observations, we ran the entire pipeline 100 times. Thus we
report the expected test performance as the average test score
across the 100 runs. Each run was terminated by either con-
vergence or by running up to a maximum allowed iteration,
which was set to 1000.

The GMM mixture positions µk were initialized using
the ”k-means++”-algorithm [20]. The mixture covariances
Σk were restricted as tied diagonals, and were all initialized
by the complete data covariance matrix, and the cluster-class
probability P (c|k) were initialized as the class priors P (c).

4. RESULTS

The average test accuracy across all subjects is presented in
Fig. 2A. Naturally, the highest accuracy is achieved with f =
1, which is the fully supervised model, where accfully sup. ±
σfully sup. = 0.732 ± 0.003. Encouragingly, the accuracy for
f < 1 is relatively close to the fully supervised solution for
all f ’s. The average difference between the fully supervised
model and the semi-vised model across all subjects and all
runs, ∆test acc = accsemi-sup. − accfully sup. for different frac-
tions f is further illustrated in Fig. 2B. For fractions f ≥
0.5, we cannot reject with 95% certainty the null-hypothesis,
H0: SS-GMM = FS-GMM. Looking at individual test per-
formances, a few subjects showed a large deviation in test
performance relative to the average across all subjects. In
Fig. 2C, we show the average test accuracy for a well, poor
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Fig. 2. (A): The mean test accuracy over all 19 subjects. (B): The mean difference in test accuracy between the FS-GMM and
SS-GMM for each run across all subjects. (C): Results for the subject with the best average accuracy, one subject with a typical
average accuracy, and the subject with the lowest average accuracy. All error bars represent the 95 % confidence interval. (D):
Histogram of the optimal NMF dimension, Di, minimizing the BIC criteria Eq. (1). (E): Heat map of the distribution of Kopt

for each subject over the 100 runs. Darker values indicate more frequent chosen Kopt. (F): Histogram of the subject average
SS-GMM accuracy. Both (E) and (F) use a labelled fraction f = 0.5.

and a representative average performing subject model. Most
subjects had an average fully supervised test accuracy simi-
lar to the average across all subjects. Additionally, we found
that the optimal number of dimensionsDi, i ∈ {1, . . . , 19} in
the NMF decomposition for most subjects was in the interval
[50, 65], with a few extreme values as seen in Fig. 2D. Turning
to the distribution of optimal number of GMM components
Kopt across the 100 runs, we found relatively peaked distri-
butions for most subjects, as illustrated in Fig. 2E. Finally, the
distribution of the average semi-supervised test performance
is shown in Fig. 2F with f = 0.5 for each subject.

5. DISCUSSION AND CONCLUSION

As seen in Fig. 2C and Fig. 2F, there is a large variability
in the test performance between subjects. To address this,
we made an investigation into each subjects data distribu-
tions. The prior class distribution of the training and test
set was analyzed. We generally found high differences in
priors for those subjects where we achieved a lower test accu-
racy. We suspect this might reflect a significant difference in
data distributions between the two nights, thus violating the
cluster-hypothesis on which our model relies. Interestingly,
the SS-GMM approach outperforms the FS-GMM approach

for the worst performing subject, and the test accuracy de-
creases with the labelled fraction f . This behaviour was only
seen for this subject only. A possible explanation may be
that the fractional label information acts as a regularizer to an
otherwise over-fitted model.

Turning to the optimal number of dimensions Di in the
NMF decomposition, one could argue that it should be op-
timized as a hyper-parameter alongside K through cross-
validation. Using the BIC approach, we seemed to find fairly
large dimensions which may not be desirable. Regarding
Kopt, our findings indicate an importance of optimizing the
number of clusters, due to the peaked distributions.

Since we only have one test night in the data set, we have
no estimate of the temporal variation of test performance over
several nights. Future research should illuminate the test per-
formance of a one-night-trained model over timescales such
as weeks and months.

In conclusion, it is feasible to build an automatic sleep
stage classification algorithm where only a subset of the train-
ing set has been labelled. For our approach, fractions larger
than 50 % yielded an average test performance that matches
that of a fully supervised model. This can potentially offer a
substantial reduction in work load for sleep scorers.
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The usages of small electronic devices and health: A feasibility study 
 

Abstract 
 

Background: Modern lifestyle is heavily affected by technology such as smartphones, tablets and 

other small computers. Yet, it remains unclear how our health and wellbeing are affected by the heavy 

use of these devices. Objective: The present feasibility study aims to test the experimental protocol 

for a forthcoming large-scale community-based study and to get estimates of parameters for sample 

size calculation. The aim of the large-scale study is to investigate 1) the use of a wearable tracking 

device on aerobic capacity (VO2max/kg) and 2) the effect of restricting media use on total sleep time. 

Methods: Twenty healthy participants were included and equipped with a wrist-worn device tracking 

physical activity and sleep. Participants were allocated to either a physical activity group, who was 

instructed to use the wrist-worn device to support exercise or a sleep silent group, who was instructed 

to remove or switch off all electronic devices in the bedroom (except the wrist-worn tracking device). 

The intervention lasted approximately four weeks. Data collected included blood pressure, 

submaximal cycle ergometer test, self-reported technology use as well as compliance of using the 

wearable tracking device. Results: Participants in the Physical Activity group increased aerobic 

capacity from 30.38±8.98 to 32.1±8.71 mL/kg/min (t=-2.31, p=0.046) and decreased their systolic 

blood pressure from 126.5±15.8 to 121.8±11.7 mmHg (t=2.72, p=0.02). The Sleep Silent group 

prolonged their time offline before bedtime from 18.1±19.4 to 27.2±17.3 min (t=-2.94, p=0.02). All 

participants wore the wearable tracking device 95,8±4.4% of the time. Conclusion: The experimental 

protocol is feasible to conduct. Participants were willing to wear the tracking device on their wrist 

and restrict all media use in their bedroom and thereby reduce bedtime technology usage. Our results 

also suggest that tracking physical activity using a wearable device is accompanied by noteworthy 

health benefits. We outline necessary adjustments for a forthcoming large-scale study.  

 

Keywords: 

Accelerometer, activity trackers, aerobic capacity, insufficient sleep, media use, screen time, sleep 

problems, smartphones, wearable tracking devices. 
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Introduction 
The progress in technology has revolutionized the way we live in the modern society. Small and 

convenient electronic devices are with us everywhere and play a central role in our lives: the way 

we work, communicate, interact, search for information, do chores and pass time. Yet, it remains 

unclear how our health and wellbeing is affected by the use of these devices. In this feasibility study 

we test an experimental protocol designed to investigate how the use of a wearable tracking device 

(WTD) and bedtime technology usage affects respectively physical activity and sleep. More 

knowledge of the effect of technology is needed as inactivity and insufficient sleep pose serious 

public health implications in the modern society. 

In western culture, physical inactivity and sedentary lifestyle are increasing and as a 

consequence, so are health-related problems and healthcare costs[1]. Global Health Observatory 

data estimates that 37% of the adult population in high-income countries are insufficiently 

physically active[2]. It has been suggested that WTDs may support a physical active behavior [3]. 

WTDs are wearable computers able to monitor different health-related parameters such as steps, 

distance covered and heartbeat frequency continuously under real-life conditions and they are 

already widely used by consumers. The self-monitoring is made possible by different sensors and 

algorithms and is often accompanied by mobile applications. Modern WTDs have the opportunity 

to incorporate principles for behavior change in the promotion of physical activity including 

feedback, tailored information, gamification, rewards, goal-setting, prompts, social comparison and 

connectivity[3,4]. Despite the promising features embedded in WTDs, the results are mixed from 

previous studies investigating the effect of increasing physical activity with WTDs on different 

health parameters[5–7]. Part of the discrepancy between studies may relate to study populations, 

interventions, comparators and outcomes. The effect of using WTD on VO2max seems to be less 

studied although this health parameter is known to be an important indicator of health-risk status. 

Epidemiologic studies have reported that a low VO2max is a more powerful predictor of risk for 

adverse outcomes than traditional risk factors, including hypertension, lipid abnormalities, smoking, 

physical inactivity, obesity, and diabetes mellitus[1,8,9].  

Insufficient sleep constitutes another health risk in the modern society. Recent 

evidence demonstrates the proportion of people getting less than the recommended hours of sleep is 

rising[10]. A survey conducted by the National Sleep Foundation found that the proportions of 

people sleeping less than seven hours is 40% in Japan, 27% in US and 21% in Germany[11]. 

Insufficient sleep among the population is associated with adverse physical and mental dysfunctions 

and substantial economic losses[10,12]. It has been proposed that the increased usage of media via 
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smartphones, tablets and other hand-held devices before bedtime is worsening the challenge 

because the screen light significantly suppresses the secretion of melatonin, and consequently 

disrupts sleep[13]. Furthermore, the contents obtained from these hand-held devises may induce 

arousal and stress reactions, making it difficult to fall asleep[14]. The vast majority of studies on 

smartphone use and sleep have quite consistently shown an association between bedtime 

technology usage and sleep descriptors [14–16]. According to a study from Denmark, 40 % of 815 

young Danish students give “likes” or send messages during night[17]. It is however unclear from 

this study and from many similar studies whether smartphone activity is causing an increase in 

sleep onset latency and sleep interruption or if smartphone activity is used as an entertainment 

device among those with sleep impairment due to other causes[14,17]. Of note, a study with 942 

Canadian students, demonstrated that sleep problems predicted media use and not the opposite[18]. 

Most studies today are based on cross-sectional design meaning that the causality is difficult to 

ascertain[14]. Recruiting participants for an experimental protocol may pose a challenge due to a 

lack of motivation to negotiate changes in bedtime smartphone use [19]. Nevertheless, more 

experimental research is needed on how bedtime usages of smartphones affect sleep measured over 

a longer period of time. 

The purpose of this study was to test the feasibility of an experimental protocol and to 

get estimates of parameters for sample size calculation in order to refine the protocol for a 

forthcoming large-scale study. The aim of the forthcoming study is to investigate 1) the effect of 

using a WTD on aerobic capacity and 2) the effect of removing electronic devices from the 

bedroom on total sleep time (TST).  

 

Methods  
 

Participants 

Twenty able-bodied participants (4 males, aged of 48(mean) ± 9(sd) years) were recruited to 

participate in the study through local advertisement in the Municipality of Naestved, Denmark. 

Participants were required to be of age 18 - 75 years, to own a smartphone or tablet and to be able to 

exercise on their own. People already exercising for more than 15 hours weekly were not eligible. 

The sample size for this study was set to 20 participants, which we estimated to be adequate to test 

the experimental protocol and to get estimates of parameters for sample size calculation to the 

necessary degree of precision[20]. All of the participants gave informed consent to the experimental 
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procedure, which was approved by the local ethics committee (SJ-743). The study was performed in 

accordance with the Declaration of Helsinki.  

 

Experimental protocol  

Participants attended two test days (T1 and T2) with 338 days in between (Figure 1). 

Body mass index (BMI), blood pressure (BP, mean of three repeated measures) and a submaximal 

cycle ergometer test to estimate VO2max[21] were conducted at both test days. Furthermore, 

participants answered questions on a tablet regarding their level of moderate-to-vigorous physical 

activity in minutes/week (MVPA) with the Nordic Physical Activity Questionnaire-short (NPAQ-

short)[22], their current level of sleep problems with the Insomnia Severity Index (ISI)[23] and their 

time offline (TO) before and after sleep. The NPAQ-short is a brief questionnaire (two-item) to 

monitor physical activity (time and intensity) and compliance with the WHO recommendations. 

The ISI is a seven-item questionnaire where participants rate symptoms of their sleep problems 

using a Likert-type scale. Each item is rated on a 0±4 scale and the total score ranges from 0 to 28. 

A higher score suggests more severe insomnia.  

At test day 1 (T1) all participants were equipped with a WTD (Garmin Vivosmart 4, 

CE marked), and instructed to download the mobile application Garmin Connect and set up a user 

account. One participant already used a WTD (Garmin Fenix 5x), which the participant continued 

to use instead of Garmin Vivosmart 4. All participants were instructed to wear their WTD on the 

wrist for the entire period of approximately 4 weeks. The small devise detects physical activity, 

heart rate and sleep via an embedded triaxial accelerometer, optical photoplethysmography signals 

and associated algorithms. It automatically records intensity, type and duration of different activity 

patterns such as walking, running and biking for at least 10 minutes and it attempts to detect sleep 

onset, sleep end, sleep stages (light, deep, REM and wake) and level of movement during sleep. 

Based on the time stamps of the WTD measurements, the compliance of wearing the WTD was 

investigated for each participant. The amount of time a pulse measurement was available in the 

recorded data relative to the length of the intervention period was computed. The pulse was chosen 

as it is sampled relatively frequently (1 sample per 2 minutes). The percentage of available pulse 

data was used as a proxy for the percentage of time the participant wore the WTD. Furthermore, the 

amount of nights with missing TST estimates in the WTD recordings was investigated, as the TST 

is an important parameter in the upcoming study.  
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At T1 participants were allocated to either a physical activity (PA) group or a sleep 

silent (SS) group by minimisation in order to ensure a balanced age distribution in both groups. In 

the PA group, participants were encouraged to set up a realistic self-chosen fitness goal for the 

intervention period based on their resources and prior training-level. The goal could be specific 

such as accomplishing running 5 kilometers without stopping or more general such as meeting 

WHO's minimum recommendation of 150 min moderate-to-vigorous physical activity weekly[24]. 

Participants in PA were introduced to the WTD and instructed to follow their progress on the 

accompanied mobile application Garmin Connect. All exercise was performed on the participant's 

own hand. Participants were after the intervention asked to their usage of the WTD and whether 

they wished to continue using a wrist-worn tracking devise in the future. The SS group was 

instructed to remove or switch off all electronic devices in the bedroom (except the WTD). Several 

different technologies (such as computers, tablets, or other hand-held devices) are used for the same 

activities as a smartphone and therefore, usage of all electronic devices was restricted. Analog 

alarm clocks were distributed, and participants were asked not to check their smartphone and other 

digital screens/devices from bedtime until they get up in the morning. 

  

 
 

Figure 1 - Illustrates the experimental setup. 

Results 
Twenty participants were recruited for this study. One participant from the SS group lost the WTD 

after three weeks and was excluded. Another participant from the SS group got an injured little 

finger while walking a dog (not related to study activities) and did therefore not perform the cycle 

ergometer test at T2.  
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From T1 to T2 the PA group increased their estimated V02max from 30.38±8.98 to 

32.1±8.71 mL/kg/min (t=-2.31, p=0.046) while no change was observed in the SS group from 

30.42±8.57 to 32.18±9.25 mL/kg/min (t=-1.31, p=0.23). In the PA group the systolic blood pressure 

decreased from 126.5±15.8 at T1 to 121.8±11.7 mmHg at T2 (t=2.72, p=0.02) while no difference 

was observed in the diastolic blood pressure (from 84.3±10,1 mmHg to 80.4±8.8 mmHg, t=1.96, 

p=0.08). In the SS group no change was observed either in the systolic nor the diastolic blood 

pressure between T1 and T2 and no difference in BMI was observed between the two test days in 

either groups (see Table 1). 

According to self-reported exercise behavior two participants in the PA group and 

three participants in SS group did not meet the WHO's minimum recommendation of 150 MVPA 

minutes/week at T1. Moreover, two participants in the PA group and one participant in the SS 

group had filled out the questionnaire incorrectly. At T2, one participant in the PA group reported 

an activity level below 150 MVPA minutes/week and no difference was reported in MVPA 

between T1 and T2 in the PA group (from 310±216 to 375±172 min/week, t=-1.5, p=0.18) (see 

Table 1). In the SS group three participants reported not to meet the recommended level of activity 

at T2 and the MVPA were unchanged in the group (from 274±172 to 283±203 min/week, t=-0.18, 

p=0.86). At T1 six participants in the SS group reported sleep problems (ISI value 9±2, n=6) and 

three participants in the PA (ISI value 8.3±2, n=3). At T2 only three of the six participants in the SS 

group reported sleep problems (ISI value 4.7±6, n=6) and two participants in the PA group (ISI 

value 4.7±4, n=3). The SS group prolonged their time offline (TO) before bedtime (from 18.1±19.4 

to 27.2±17.3 min, t=-2.94, p=0.02) while no change was observed in the PA group (from 

11.4±15.55 to 15.1±16.67 min, -1.13, P=0.29). No change was observed in TO in the morning in 

the SS group or in the PA group (see Table 1). All participants in the PA group reported to use the 

WTD to track their activity level in the intervention period. Eight participants wished to continue 

using a WTD after T2 while two participants were reluctant due to a lack of interest in the 

information collected and stress associated with self-monitoring respectively.  

Throughout the intervention period the participants wore the WTD device 95,8±4.4% 

of the time. Seven participants missed 1-3 nights of data due to charging of the battery (Figure 2). 
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Table 1 Pre-Post measurements in the PA and SS group 

 Physical activity (PA) group Sleep Silent (SS) group 

 T1 T2 t p-value T1 T2 t p-value 

BMI  26.734.79 26.694.77 0.61 p=0.56 27.355.59 27.305.6 0.26 p=0.8 

Sys. BP (mmHg) 126,515.77 121,811.71 2.72 p=0.02 127.1516.9 125.7817.78 0.3 p=0,77 

Dia. BP (mmHg) 84.310.05 80.378.75 1.96 p=0.08 84.6710.41 87.4111.58 -1.16 p=0.28 

VO2max/kg 30.38±8.98 32.1±8.71 -2.31 p=0.046* 30.42±8.57  32.18±9.25  -1.31 p=0.23 

SR MVPA (min/week) 310216 375172 -1.5 p=0.18 274172 283203 -0.18 p=0.86 

SR sleep problems (n) 3/10 2/10   6/9 3/9   

SR evening TO (min) 11.415.55 15.116.67 -1.13 p=0.29 18.119.36 27.2217.34 -2.94 p=0.02* 

SR morning TO (min) 21.928.5 22.829.78 -0.14 p=0.89 2828.08 32.2219.70 -1.81 p=0.11 

BMI: body mass index, Sys. BP: systolic blood pressure, Dia. BP: diastolic blood pressure, VO2max: maximal oxygen uptake, SR 

MVAP: self-reported moderate-to-vigorous physical activity, SR sleep problems: number of participants reporting sleep problems, 

SR TO: self-reported time offline, *: p-value < 0.05. 

 

 
 

Figure 2 - Illustrates compliance of wearing the WTD for the entire intervention period: A) shows number of 

missing nights per participant B) shows mean compliance across all participants. 
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Discussion  

 

Principal Results 
Results from the present study suggest that the experimental protocol is feasible to conduct: 

Participants were willing to wear the wrist-worn tracking device and keep track of their exercise or 

remove their smartphone from the bedroom. The participants wore the WTD nearly 96% of the time 

they were enrolled in the study demonstrating an extremely high compliance considering that the 

participants wear the WTD around-the-clock and it includes an inevitable loss of data points due to 

necessary charging of battery one or twice a week.  

The majority (60%) of participants in the present feasibility study had a low or 

somewhat low VO2max at T1 in both groups according to Astrands classification of aerobic 

capacity by age and gender[25]. It has been demonstrated that a low VO2max is associated with a 2- 

to 5-fold increase in cardiovascular disease or all-cause mortality, independent of other 

cardiovascular disease risk factors[26]. Importantly, relatively small improvements in aerobic 

capacity such as 1 metabolic equivalent (3.5 mL/kg/minute) has been associated with 8-35% 

reductions in mortality[26]. From this perspective, an average VO2max-increase of 1.71 

mL/kg/minute in the PA group could suggest a noteworthy health benefit if the participants 

maintain the level of exercise from the intervention period in future.  

In the PA group we also observed an average decrease of systolic BP of 4.7 mmHg. 

Hypertension significantly increases the risks of heart, brain and other diseases. In a meta-analysis 

by Lewington et al. 2002 the age-specific relevance of usual blood pressure to vascular mortality 

was assessed from one million adults in 61 prospective studies[27]. The authors found that a 

reduction in systolic BP of just 2 mmHg reduces apoplexy mortality by 10% and death of ischemic 

heart disease by 7% among middle-aged people. In light of this our observed decrease in average 

systolic BP of 4.7 mmHg is also highly relevant. A recent review evaluated the effect of using 

WTDs on metabolic outcomes such as blood pressure, blood glucose level and cholesterol levels in 

patients[5]. Based on the six included studies the authors conclude that WTDs play a role as a 

facilitator in motivating and accelerating physical activity, but current data do not suggest other 

consistent health benefits for patients. Two other recent reviews conclude that people using 

wearable devices improved their daily step counts regardless of age, sex and health status[6,7]. Of 

note, Brickwood et al. also found a significant increase in MVPA, while Lynch et al did not find 

this positive effect. A great challenge in this field is that the literature remains limited primarily to 
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short-term studies and many of these are underpowered feasibility or pilot studies[5,28]. Personal 

preferences and adverse effects related to self-monitoring may also play a role in the disagreement 

between studies. For instance, modern WTDs allow individuals to gain insight into their own 

activity level 24-hours a day and studies have demonstrated that for some individuals self-

monitoring is valued and can prompt further goal-directed behavior while for other individuals the 

inability to meet goals can trigger negative experiences[3]. Two participants in the PA group 

reported skepticism to continue using a WTD due to respectively a lack of interest in measurements 

and stress associated with self-monitoring. Thus, the effect of self-monitoring of PA behavior may 

be affected by personality. Large studies that can accommodate the fast pace of advances in 

technology are needed to examine if WTDs can enhance important health outcomes and determine 

which populations are most receptive to WTDs. 

Sleep is an essential part of everyday functioning, therefore limiting it can have 

multiple negative consequences, such as cognitive impairment, obesity, hypertension, and insulin 

resistance (diabetes)[12]. Studies suggest that bedtime technology use is negatively related to sleep 

outcomes, but few longitudinal studies have been conducted with an experimental setup. 

Participants in the SS group prolonged their TO before bedtime demonstrating a willingness to 

incorporate restrictions on bedtime technology use. A strength of the present study is therefore the 

interventional and feasible study design. The few existing experimental studies that have been 

conducted report contradictory results on sleep measures[19,29–31]. For instance, restricting mobile 

phone use before bedtime for four weeks had no effect on sleep measures in a study conducted by 

Harris el al. 2015 in Norwegian high school athletes, while He et al. 2020 found several 

improvements in both sleep measures and working memory in Japanese university students. Of 

note, the inclusion criteria differed in the two studies: He et al. only included participant with a poor 

sleep and a habit of using a mobile phone during bedtime while Harris et al. did not have such 

inclusions criteria. In our feasibility study we did not have any inclusion criteria regarding 

smartphone use meaning that we included both light and heavy smartphone users. A recent 

telephone-based survey showed that 42 % of participants reported using electronic devices in bed 

after lights out, and 27% of adults who reported ‘always’ using electronic devices in bed were 

spending over an hour per night using them[32]. The survey demonstrates a large variance in the 

habits of bedtime technology among adults, which is important to consider in order to illuminate 

how the use of smartphones affect sleep and sleep quality.  
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Current research on the associations between sleep measures and smartphone use has 

mainly focused on children, adolescents or university students, which compromises generalizability 

of the results to the population above 25-30 years[14,32]. In our feasibility study the average age of 

participants were 48 years reaching from 24 to 60 years of age. This may also explain why we did 

not encounter similar challenges in the recruiting process as Bartel et al. 2019, who only included 

adolescents [19]. Nevertheless, a study including all age groups can contribute to cover a gap in the 

literature.  

The effect of bedtime technology use has mainly been investigated with self-reported 

outcome measures and are thereby prone to recall bias[14]. Only a few studies have applied 

objective sleep measures based on actigraphy and examined the association between sleep and self-

reported media use[33,34]. These studies report that self-reported bedtime technology use is 

negatively related to objective sleep measures in adolescents. Although the literature shows that 

actigraphy reliably detects sleep-wake patterns in normal individuals[35], we are currently 

investigating the validity of the sleep detection provided by Garmin Vivosmart 4 in a separate 

study. One study has used a screen-time detecting app to examine the relationship between self-

reported sleep and screen-time measured objectively. Increased screen-time was associated with 

poor self-reported sleep outcomes (sleep quality, sleep duration, sleep efficiency and longer sleep 

onset latency)[36]. Future research should ideally combine a large-scale intervention with objective 

measures of both sleep and screen-time in an adult population in order to draw valid conclusions 

about cause and effect of the association between bedtime technology use and sleep measures. 

 

Limitations 
The feasibility study design had some limitations that preferably should be adjusted in the 

forthcoming large-scale study.  Firstly, we did not have any inclusion criteria regarding usual 

smartphone use and physical activity level, meaning that for some participants the intervention 

made little change to their established pattern. Hence, inclusion criteria should be added in order to 

ensure examination of relevant participants. Secondly, the present study design did not include 

actual control observations, which is necessary in order to determine an effect of an intervention. 

Finally, the intervention period of 4 weeks is short and should be expanded in order to investigate 

long-term effects. Meeting these limitations in a forthcoming large-scale study can contribute with 

experimental evidence of the effect of using WTD’s on aerobic capacity and restricting bedtime 

technology use on sleep length. 
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Conclusions 
The experimental protocol in the present study was feasible to conduct. Participants were willing to 

wear the WTD around-the-clock and use the wrist-worn device to support exercise or remove their 

smartphone from the bedroom. We observed that tracking physical activity using a wearable device 

is accompanied by noteworthy health benefits and that restricting technology use in the bedroom 

reduce participants use of bedtime technology. In a forthcoming large-scale study, sample size 

calculations will be based on collected estimates of VO2max and TST. Furthermore, in order to 

obtain experimental evidence of the effect of using WTDs on aerobic capacity and to illuminate 

causal claims of restricting bedtime technology use on TST, adjustment highlighted in the previous 

section should be prioritized.  

 

 

Acknowledgments 
The study was supported by the by the EU via Interreg., which is funded by the European Regional 

Development Fund. The study was designed by LHL and TWK; LHL and MHL performed the data 

collection. All authors were involved in the analysis and interpretation of data and all authors 

revised and finally approved the version to be published.  

 

Conflict of Interest 
None declared. 

 

Abbreviations 
BMI: body mass index 

BP: blood pressure 

MVPA: moderate to vigorous physical activity  

PA: physical activity  

SS: sleep silent 

TO: time offline 

TST: total sleep time 

VO2max; maximal oxygen uptake 

WTD: wearable tracking device 



 13 

 

References 
1.  Blair SN. Physical inactivity: the biggest public health problem of the 21st century. Br J 

Sports Med 2009; PMID:19136507 

2.  World Health Organization. Prevalence of insufficient physical activity [Internet]. Glob Heal 

Obs data. 2016 [cited 2019 Jul 2]. Available from: 

https://www.who.int/gho/ncd/risk_factors/physical_activity_text/en/ 

3.  Carter DD, Robinson K, Forbes J, Hayes S. Experiences of mobile health in promoting 

physical activity: A qualitative systematic review and meta-ethnography. PLoS One 

2018;13(12):1–31. [doi: 10.1371/journal.pone.0208759] 

4.  Olander EK, Fletcher H, Williams S, Atkinson L, Turner A, French DP. What are the most 

effective techniques in changing obese individuals’ physical activity self-efficacy and 

behaviour: A systematic review and meta-analysis. Int J Behav Nutr Phys Act 2013;10:1–15. 

[doi: 10.1186/1479-5868-10-29] 

5.  Jo A, Coronel BD, Coakes CE, Mainous AG. Is There a Benefit to Patients Using Wearable 

Devices Such as Fitbit or Health Apps on Mobiles? A Systematic Review. Am J Med 

2019;132(12):1394-1400.e1. PMID:31302077 

6.  Lynch C, Bird S, Lythgo N, Selva-Raj I. Changing the Physical Activity Behavior of Adults 

With Fitness Trackers: A Systematic Review and Meta-Analysis. Am J Heal Promot 

2020;34(4):418–430. [doi: 10.1177/0890117119895204] 

7.  Brickwood K-J, Watson G, O’Brien J, Williams AD. Consumer-Based Wearable Activity 

Trackers Increase Physical Activity Participation: Systematic Review and Meta-Analysis. 

JMIR mHealth uHealth 2019;7(4):e11819. PMID:30977740 

8.  Myers J, Prakash M, Froelicher V, Do D, Partington S, Edwin Atwood J. Exercise capacity 

and mortality among men referred for exercise testing. N Engl J Med 2002;346(11):793–801. 

[doi: 10.1056/NEJMoa011858] 

9.  Kodama S, Saito K, Tanaka S, Maki M, Yachi Y, Asumi M, Sugawara A, Totsuka K, 

Shimano H, Ohashi Y, Yamada N, Sone H. Cardiorespiratory fitness as a quantitative 

predictor of all-cause mortality and cardiovascular events in healthy men and women: A 

meta-analysis. JAMA 2009;301(19):2024–2035. PMID:19454641 

10.  Chattu V, Manzar M, Kumary S, Burman D, Spence D, Pandi-Perumal S. The Global 

Problem of Insufficient Sleep and Its Serious Public Health Implications. Healthcare 



 14 

2018;7(1):1. [doi: 10.3390/healthcare7010001] 

11.  National Sleep Foundation. International Bedroom Poll [Internet]. 2013. Available from: 

https://www.sleepfoundation.org/sites/default/files/inline-files/RPT495a.pdf 

12.  Chattu VK, Sakhamuri SM, Kumar R, Spence DW, BaHammam AS, Pandi-Perumal SR. 

Insufficient Sleep Syndrome: Is it time to classify it as a major noncommunicable disease? 

Sleep Sci 2018;11(2):56–64. PMID:30083291 

13.  Cajochen C, Frey S, Anders D, Späti J, Bues M, Pross A, Mager R, Wirz-Justice A, Stefani 

O. Evening exposure to a light-emitting diodes (LED)-backlit computer screen affects 

circadian physiology and cognitive performance. J Appl Physiol 2011;110(5):1432–1438. 

[doi: 10.1152/japplphysiol.00165.2011] 

14.  Thomée S. Mobile Phone Use and Mental Health. A Review of the Research That Takes a 

Psychological Perspective on Exposure. Int J Environ Res Public Health 2018;15(12):2692. 

[doi: 10.3390/ijerph15122692] 

15.  Hale L, Guan S. Screen Time and Sleep among School-Aged Children and Adolescents: A 

Systematic Literature Review. Sleep Med Rev 2016;50–58. PMID:25193149 

16.  Exelmans L, Van den Bulck J. Bedtime mobile phone use and sleep in adults. Soc Sci Med 

2016;148:93–101. PMID:26688552 

17.  Rod NH, Dissing AS, Clark A, Gerds TA, Lund R. Overnight smartphone use: A new public 

health challenge? A novel study design based on high-resolution smartphone data. PLoS One 

2018;13(10):1–12. [doi: 10.1371/journal.pone.0204811] 

18.  Tavernier R, Willoughby T. Sleep problems: Predictor or outcome of media use among 

emerging adults at university? J Sleep Res 2014;23(4):389–396. [doi: 10.1111/jsr.12132] 

19.  Bartel K, Scheeren R, Gradisar M. Altering Adolescents’ Pre-Bedtime Phone Use to Achieve 

Better Sleep Health. Health Commun 2019;34(4):456–462. [doi: 

10.1080/10410236.2017.1422099] 

20.  Arain M, Campbell MJ, Cooper CL, Lancaster GA. What is a pilot or feasibility study? A 

review of current practice and editorial policy. BMC Med Res Methodol 2010;10:161. [doi: 

10.1186/1471-2288-10-67] 

21.  Beekley MD, Brechue WF, DeHoyos D V, Garzarella L, Werber-Zion G, Pollock ML. 

Cross-validation of the YMCA submaximal cycle ergometer test to predict VO2max. Res Q 

Exerc Sport 2004;75(3):337–42. PMID:15487296 

22.  Danquah IH, Petersen CB, Skov SS, Tolstrup JS. Validation of the NPAQ-short - a brief 



 15 

questionnaire to monitor physical activity and compliance with the WHO recommendations. 

BMC Public Health 2018;18(1):601. PMID:29739383 

23.  Bastien CH, Vallie A, Morin CM. Validation of the Insomnia Severity Index as an outcome. 

Sleep Med 2001; PMID:11438246 

24.  World Health Organization. Global Recommendations on Physical Activity for Health. 

Geneva; 2010. ISBN:9789241599979 

25.  Astrand I. Aerobic work capacity in men and women with special reference to age. Acta 

Physiol Scand Suppl 1960;49(169):1–92. PMID:13794892 

26.  Ross R, Blair SN, Arena R, Church TS, Després JP, Franklin BA, Haskell WL, Kaminsky 

LA, Levine BD, Lavie CJ, Myers J, Niebauer J, Sallis R, Sawada SS, Sui X, Wisløff U. 

Importance of Assessing Cardiorespiratory Fitness in Clinical Practice: A Case for Fitness as 

a Clinical Vital Sign: A Scientific Statement from the American Heart Association. 

Circulation 2016;134(24):e653–e699. PMID:27881567 

27.  Lewington S, Clarke R, Qizilbash N, Peto R, Collins R. Age-specific relevance of usual 

blood pressure to vascular mortality: A meta-analysis of individual data for one million 

adults in 61 prospective studies. Lancet 2002;360(9349):1903–1913. PMID:12493255 

28.  Stuckey MI, Carter SW, Knight E. The role of smartphones in encouraging physical activity 

in adults. Int J Gen Med 2017;10:293–303. [doi: 10.2147/IJGM.S134095] 

29.  Harris A, Gundersen H, Mørk-Andreassen P, Thun E, Bjorvatn B, Pallesen S. Restricted use 

of electronic media, sleep, performance, and mood in high school athletes--a randomized 

trial. Sleep Heal 2015;1(4):314–321. PMID:29073407 

30.  He J wen, Tu Z hao, Xiao L, Su T, Tang Y xiang. Effect of restricting bedtime mobile phone 

use on sleep, arousal, mood, and working memory: A randomized pilot trial. PLoS One 

2020;15(2). [doi: 10.1371/journal.pone.0228756] 

31.  Hughes N, Burke J. Sleeping with the frenemy: How restricting ‘bedroom use’ of 

smartphones impacts happiness and wellbeing. Comput Human Behav 2018;85:236–244. 

[doi: 10.1016/j.chb.2018.03.047] 

32.  Lastella M, Rigney G, Browne M, Sargent C. Electronic device use in bed reduces sleep 

duration and quality in adults. Sleep Biol Rhythms 2020;18(2):121–129. [doi: 

10.1007/s41105-019-00251-y] 

33.  Fobian AD, Avis K, Schwebel DC. Impact of media use on adolescent sleep efficiency. J 

Dev Behav Pediatr 2016;37(1):9–14. [doi: 10.1097/DBP.0000000000000239] 



 16 

34.  Tavernier R, Heissel JA, Sladek MR, Grant KE, Adam EK. Adolescents’ technology and 

face-to-face time use predict objective sleep outcomes. Sleep Heal 2017;3(4):276–283. [doi: 

10.1016/j.sleh.2017.04.005] 

35.  Sadeh A. The role and validity of actigraphy in sleep medicine: An update. Sleep Med Rev. 

2011. p. 259–267. [doi: 10.1016/j.smrv.2010.10.001] 

36.  Christensen MA, Bettencourt L, Kaye L, Moturu ST, Nguyen KT, Olgin JE, Pletcher MJ, 

Marcus GM. Direct measurements of smartphone screen-time: Relationships with 

demographics and sleep. PLoS One 2016;11(11). PMID:27829040 

 



136



Bibliography
[1] Paula Alhola and Päivi Polo-Kantola. “Sleep deprivation: Impact on cognitive per-

formance”. eng. In: Neuropsychiatric Disease and Treatment 3.5 (2007), pages 553–
567. issn: 11782021, 11766328.

[2] I ASTRAND. “Aerobic work capacity in men and women with special reference
to age”. eng. In: Acta Physiologica Scandinavica. Supplementum 49.169 (1960),
pages 1–92, 1–92. issn: 03022994.

[3] K. Bartel, R. Scheeren, and M. Gradisar. “Altering Adolescents’ Pre-Bedtime
Phone Use to Achieve Better Sleep Health”. eng. In: Health Communication 34.4
(2019), pages 456–462. issn: 15327027, 10410236. doi: 10.1080/10410236.2017.
1422099.

[4] Carl W. Bazil. “Epilepsy and sleep disturbance”. eng. In: Epilepsy and Behavior
4.2 (2003), S39–S45, S39–S45. issn: 15255069, 15255050. doi: 10.1016/j.yebeh.
2003.07.005.

[5] Carl W. Bazil, Luiz H.M. Castro, and Thaddcus S. Walczak. “Reduction of rapid
eye movement sleep by diurnal and nocturnal seizures in temporal lobe epilepsy”.
eng. In: Archives of Neurology 57.3 (2000), pages 363–368. issn: 15383687, 00039942.
doi: 10.1001/archneur.57.3.363.

[6] Jeroen H.M. Bergmann, Vikesh Chandaria, and Alison McGregor. “Wearable and
implantable sensors: The patient’s perspective”. eng. In: Sensors (switzerland)
12.12 (2012), pages 16695–16709. issn: 14248220, 14243210. doi: 10.3390/s121216695.

[7] R B Berry et al. The AASM Manual for the Scoring of Sleep and Associated Events:
Rules, Terminology and Technical Specifications. Technical report. 2020.

[8] Christopher M. Bishop. Pattern recognition and machine learning. eng. Springer,
2009, xx, 738 Seiten (unknown).

[9] Barbara Blachut et al. “Subjective seizure counts by epilepsy clinical drug trial
participants are not reliable”. eng. In: Epilepsy and Behavior 67 (2017), pages 122–
127. issn: 15255069, 15255050. doi: 10.1016/j.yebeh.2016.10.036.

[10] Steven N Blair. “Physical inactivity: the biggest public health problem of the
21st century”. eng. In: Br J Sports Med 43.1 (2009), pages 1–2. issn: 14730480,
03063674.

https://doi.org/10.1080/10410236.2017.1422099
https://doi.org/10.1080/10410236.2017.1422099
https://doi.org/10.1016/j.yebeh.2003.07.005
https://doi.org/10.1016/j.yebeh.2003.07.005
https://doi.org/10.1001/archneur.57.3.363
https://doi.org/10.3390/s121216695
https://doi.org/10.1016/j.yebeh.2016.10.036


138 Bibliography

[11] Katie Jane Brickwood et al. “Consumer-based wearable activity trackers increase
physical activity participation: Systematic review and meta-analysis”. eng. In:
Journal of Medical Internet Research 21.4 (2019). Edited by Gunther Eysenbach,
e11819. issn: 22915222, 14388871, 14394456. doi: 10.2196/11819.

[12] Christian Cajochen et al. “Evening exposure to a light-emitting diodes (LED)-
backlit computer screen affects circadian physiology and cognitive performance”.
eng. In: J Appl Physiol 110.5 (2011), pages 1432–1438. issn: 15221601, 87507587.

[13] Daniel D. Carter et al. “Experiences of mobile health in promoting physical ac-
tivity: A qualitative systematic review and meta-ethnography”. eng. In: Plos One
13.12 (2018). Edited by Hajo Zeeb, e0208759. issn: 19326203. doi: 10 . 1371 /
journal.pone.0208759.

[14] Alexander J. Casson. “Wearable EEG and beyond”. eng. In: Biomedical Engineer-
ing Letters 9.1 (2019), pages 53–71. issn: 2093985x, 20939868. doi: 10.1007/
s13534-018-00093-6.

[15] Alexander J. Casson et al. “Wearable electroencephalography”. eng. In: Ieee En-
gineering in Medicine and Biology Magazine 29.3 (2010), pages 5463026, 44–56.
issn: 19374186, 07395175. doi: 10.1109/memb.2010.936545.

[16] Olivier Chapelle, Bernhard Schölkopf, and Alexander Zien. Semi-supervised learn-
ing. eng. MIT Press, 2006.

[17] HEIDI DANKER-HOPFE et al. “Interrater reliability for sleep scoring according
to the Rechtschaffen & Kales and the new AASM standard”. und. In: Journal of
Sleep Research 18.1 (2009), pages 74–84. issn: 13652869, 09621105.

[18] Dreem. Dreem 2 Headband. url: https://dreem.com/en. (accessed: 16.05.2020).
[19] Jonas Duun-Henriksen et al. “EEG signal quality of a subcutaneous recording

system compared to standard surface electrodes”. eng. In: Journal of Sensors 2015
(2015), page 341208. issn: 16877268, 1687725x. doi: 10.1155/2015/341208.

[20] Christian E. Elger and Christian Hoppe. “Diagnostic challenges in epilepsy: seizure
under-reporting and seizure detection”. eng. In: Lancet Neurology 17.3 (2018),
pages 279–288. issn: 14744465, 14744422. doi: 10.1016/S1474-4422(18)30038-
3.

[21] Liese Exelmans and Jan Van den Bulck. “Bedtime mobile phone use and sleep
in adults”. eng. In: Social Science and Medicine 148 (2016), pages 93–101. issn:
18735347, 02779536. doi: 10.1016/j.socscimed.2015.11.037.

[22] Robert S. Fisher et al. “Epileptic Seizures and Epilepsy: Definitions Proposed by
the International League Against Epilepsy (ILAE) and the International Bureau
for Epilepsy (IBE)”. In: Epilepsia 46.4 (2005), pages 470–472.

[23] Robert S. Fisher et al. “Operational classification of seizure types by the Inter-
national League Against Epilepsy: Position Paper of the ILAE Commission for
Classification and Terminology”. In: Epilepsia 58.4 (2017), pages 522–530.

https://doi.org/10.2196/11819
https://doi.org/10.1371/journal.pone.0208759
https://doi.org/10.1371/journal.pone.0208759
https://doi.org/10.1007/s13534-018-00093-6
https://doi.org/10.1007/s13534-018-00093-6
https://doi.org/10.1109/memb.2010.936545
https://dreem.com/en
https://doi.org/10.1155/2015/341208
https://doi.org/10.1016/S1474-4422(18)30038-3
https://doi.org/10.1016/S1474-4422(18)30038-3
https://doi.org/10.1016/j.socscimed.2015.11.037


Bibliography 139

[24] Robert S. Fisher et al. “Seizure diaries for clinical research and practice: Limita-
tions and future prospects”. eng. In: Epilepsy and Behavior 24.3 (2012), pages 304–
310. issn: 15255069, 15255050. doi: 10.1016/j.yebeh.2012.04.128.

[25] RS Fisher et al. “Apracticalclinical defnition of epilepsy”. In: Epilepsia 55.4 (2014),
pages 475–82.

[26] Nancy Foldvary‐Schaefer and Elaine Wyllie. “Chapter 52 - Epilepsy”. In: Textbook
of Clinical Neurology (Third Edition). Edited by Christopher G. Goetz. Third Edi-
tion. Philadelphia: W.B. Saunders, 2007, pages 1213–1244. isbn: 978-1-4160-3618-
0. doi: https://doi.org/10.1016/B978-141603618-0.10052-9. url: http:
//www.sciencedirect.com/science/article/pii/B9781416036180100529.

[27] Sirin W. Gangstad et al. “Automatic sleep stage classification based on subcuta-
neous EEG in patients with epilepsy”. eng. In: Biomedical Engineering Online 18.1
(2019), page 106. issn: 1475925x. doi: 10.1186/s12938-019-0725-3.

[28] F.A. Gibbs and E.L. Gibbs. Atlas of electroencephalography. Addison-Wesley Pub-
lishing Co.

[29] Ary L. Goldberger et al. “PhysioBank, PhysioToolkit, and PhysioNet”. In: Circu-
lation 101.23 (2000), e215–e220. issn: 0009-7322. doi: 10.1161/01.CIR.101.23.
e215. eprint: http://circ.ahajournals.org/content/101/23/e215.full.pdf.
url: http://circ.ahajournals.org/content/101/23/e215.

[30] Henry Gray. Anatomy of the Human Body. 20th edition. Lea and Febiger, 1918.
[31] Joel Grus. Data Science From Scratch. eng. O’Reilly Media, 2019.
[32] Lauren Hale and Stanford Guan. “Screen time and sleep among school-aged chil-

dren and adolescents: A systematic literature review”. eng. In: Sleep Medicine
Reviews 21 (2015), pages 50–58. issn: 15322955, 10870792. doi: 10.1016/j.smrv.
2014.07.007.

[33] Charuta Joshi (MBBS) - Epilepsy Foundation Hannah Klein (MD PhD). Temporal
Lobe Epilepsy (TLE). https://www.epilepsy.com/learn/types- epilepsy-
syndromes/temporal-lobe-epilepsy-aka-tle. [Online; accessed 29-April-2020].
2019.

[34] Anette Harris et al. “Restricted use of electronic media, sleep, performance, and
mood in high school athletes-a randomized trial”. eng. In: Sleep Health 1.4 (2015),
pages 314–321. issn: 23527218, 23527226. doi: 10.1016/j.sleh.2015.09.011.

[35] Jing wen He et al. “Effect of restricting bedtime mobile phone use on sleep, arousal,
mood, and working memory: A randomized pilot trial”. eng. In: Plos One 15.2
(2020). Edited by Sergio Garbarino, e0228756. issn: 19326203. doi: 10.1371/
journal.pone.0228756.

[36] Christian Hoppe et al. “Novel techniques for automated seizure registration: Pa-
tients’ wants and needs”. eng. In: Epilepsy and Behavior 52 (2015), pages 1–7. issn:
15255069, 15255050. doi: 10.1016/j.yebeh.2015.08.006.

[37] Poul Jennum et al. Søvn og Sundhed. dan. Technical report. 2015.

https://doi.org/10.1016/j.yebeh.2012.04.128
https://doi.org/https://doi.org/10.1016/B978-141603618-0.10052-9
http://www.sciencedirect.com/science/article/pii/B9781416036180100529
http://www.sciencedirect.com/science/article/pii/B9781416036180100529
https://doi.org/10.1186/s12938-019-0725-3
https://doi.org/10.1161/01.CIR.101.23.e215
https://doi.org/10.1161/01.CIR.101.23.e215
http://circ.ahajournals.org/content/101/23/e215.full.pdf
http://circ.ahajournals.org/content/101/23/e215
https://doi.org/10.1016/j.smrv.2014.07.007
https://doi.org/10.1016/j.smrv.2014.07.007
https://www.epilepsy.com/learn/types-epilepsy-syndromes/temporal-lobe-epilepsy-aka-tle
https://www.epilepsy.com/learn/types-epilepsy-syndromes/temporal-lobe-epilepsy-aka-tle
https://doi.org/10.1016/j.sleh.2015.09.011
https://doi.org/10.1371/journal.pone.0228756
https://doi.org/10.1371/journal.pone.0228756
https://doi.org/10.1016/j.yebeh.2015.08.006


140 Bibliography

[38] Ara Jo et al. “Is There a Benefit to Patients Using Wearable Devices Such as Fitbit
or Health Apps on Mobiles? A Systematic Review”. eng. In: American Journal of
Medicine 132.12 (2019), 1394–1400.e1. issn: 15557162, 00029343, 02105713. doi:
10.1016/j.amjmed.2019.06.018.

[39] Philippa J. Karoly et al. “Circadian and circaseptan rhythms in human epilepsy: a
retrospective cohort study”. eng. In: Lancet Neurology 17.11 (2018), pages 977–985.
issn: 14744465, 14744422. doi: 10.1016/s1474-4422(18)30274-6.

[40] B Kemp et al. “Analysis of a sleep-dependent neuronal feedback loop: The slow-
wave microcontinuity of the EEG”. eng. In: Ieee Transactions on Biomedical En-
gineering 47.9 (2000), pages 1185–1194. issn: 15582531, 00189294. doi: 10.1109/
10.867928.

[41] Satoru Kodama et al. “Cardiorespiratory Fitness as a Quantitative Predictor of
All-Cause Mortality and Cardiovascular Events in Healthy Men and Women A
Meta-analysis”. eng. In: Jama-journal of the American Medical Association 301.19
(2009), pages 2024–2035. issn: 15383598, 00987484.

[42] Pratap Kumar and T. R. Raju. “Seizure susceptibility decreases with enhancement
of rapid eye movement sleep”. eng. In: Brain Research 922.2 (2001), pages 299–304.
issn: 18726240, 00068993. doi: 10.1016/s0006-8993(01)03174-2.

[43] Sean Lanigar and Susanta Bandyopadhyay. “Sleep and Epilepsy: A Complex In-
terplay”. eng. In: Missouri Medicine 114.6 (2017), pages 453–457, 453–457. issn:
00266620.

[44] Jan Larsen, Anna Szynkowiak Have, and Lars Kai Hansen. “Probabilistic hierar-
chical clustering with labeled and unlabeled data”. In: International Journal of
Knowledge-Based and Intelligent Engineering Systems 6.1 (2002), pages 56–62.

[45] Michele Lastella et al. “Electronic device use in bed reduces sleep duration and
quality in adults”. eng. In: Sleep and Biological Rhythms 18.2 (2020), pages 121–
129. issn: 14798425, 14469235. doi: 10.1007/s41105-019-00251-y.

[46] Daniel D. Lee and H. Sebastian Seung. “Learning the parts of objects by non-
negative matrix factorization”. eng. In: Nature 401.6755 (1999), pages 788–791.
issn: 14764687, 00280836. doi: 10.1038/44565.

[47] Sarah Lewington et al. “Age-specific relevance of usual blood pressure to vascular
mortality: A meta-analysis of individual data for one million adults in 61 prospec-
tive studies”. eng. In: Lancet 360.9349 (2002), pages 1903–1913. issn: 1474547x,
01406736. doi: 10.1016/s0140-6736(02)11911-8.

[48] AL Loomis, EN Harvey, and GA Hobart. “Cerebral states during sleep, as studied
by human brain potentials”. eng. In: Journal of Experimental Psychology 21.2
(1937), pages 127–144. issn: 19461941, 00221015. doi: 10.1037/h0057431.

[49] David Looney et al. “The in-the-ear recording concept: User-centered and wear-
able brain monitoring”. eng. In: Ieee Pulse 3.6 (2012), pages 6378569, 32–42. issn:
21542287, 21542317. doi: 10.1109/mpul.2012.2216717.

https://doi.org/10.1016/j.amjmed.2019.06.018
https://doi.org/10.1016/s1474-4422(18)30274-6
https://doi.org/10.1109/10.867928
https://doi.org/10.1109/10.867928
https://doi.org/10.1016/s0006-8993(01)03174-2
https://doi.org/10.1007/s41105-019-00251-y
https://doi.org/10.1038/44565
https://doi.org/10.1016/s0140-6736(02)11911-8
https://doi.org/10.1037/h0057431
https://doi.org/10.1109/mpul.2012.2216717


Bibliography 141

[50] Chris Lynch et al. “Changing the Physical Activity Behavior of Adults With Fit-
ness Trackers: A Systematic Review and Meta-Analysis”. eng. In: American Jour-
nal of Health Promotion 34.4 (2020), pages 418–430. issn: 21686602, 08901171.
doi: 10.1177/0890117119895204.

[51] BA Malow et al. “Sleep deprivation does not increase seizure frequency during
long term monitoring”. eng. In: Epilepsia 40 (1999), pages 99–100. issn: 00139580.

[52] Beth A. Malow. “Sleep Deprivation and Epilepsy”. und. In: Epilepsy Currents
4.5 (2004), pages 193–195. issn: 15357511, 15357597. doi: 10 . 1111 / j . 1535 -
7597.2004.04509.x.

[53] Beth A. Malow et al. “Identification and treatment of obstructive sleep apnea
in adults and children with epilepsy: A prospective pilot study”. eng. In: Sleep
Medicine 4.6 (2003), pages 509–515. issn: 18785506, 13899457. doi: 10.1016/j.
sleep.2003.06.004.

[54] Lara V. Marcuse, Madeline C. Fields, and Jiyeoun Jenna Yoo. Rowan’s Primer of
EEG: Second edition. eng. Elsevier, 2015, pages 1–206.

[55] Mary L. McHugh. “Interrater reliability: the kappa statistic”. und. In: Biochemia
Medica (2012), pages 276–282. issn: 18467482, 13300962. doi: 10.11613/BM.2012.
031,10.11613/issn.1846-7482.

[56] Kaare B. Mikkelsen et al. “Accurate whole-night sleep monitoring with dry-contact
ear-EEG”. eng. In: Scientific Reports 9.1 (2019), page 16824. issn: 20452322. doi:
10.1038/s41598-019-53115-3.

[57] Kaare B. Mikkelsen et al. “Automatic sleep staging using ear-EEG”. eng. In:
Biomedical Engineering Online 16.1 (2017), page 111. issn: 1475925x. doi: 10.
1186/s12938-017-0400-5.

[58] Kaare B. Mikkelsen et al. “Machine-learning-derived sleep–wake staging from around-
the-ear electroencephalogram outperforms manual scoring and actigraphy”. eng.
In: Journal of Sleep Research 28.2 (2019), e12786. issn: 13652869, 09621105. doi:
10.1111/jsr.12786.

[59] Partha Mitra et al. chronux analysis software. 2016. url: http://chronux.org/.
[60] Morten Mørup and Lars Kai Hansen. “Automatic Relevance Determination for

multi-way models”. eng. In: Journal of Chemometrics 23.7-8 (2009), pages 352–
363. issn: 1099128x, 08869383. doi: 10.1002/cem.1223.

[61] Andreas Muff Munk et al. “Semi-Supervised Sleep-Stage Scoring Based on Sin-
gle Channel EEG”. eng. In: Proceedings of 2018 Ieee International Conference
on Acoustics, Speech and Signal Processing 2018- (2018), pages 2551–2555. issn:
2379190x, 15206149. doi: 10.1109/icassp.2018.8461982.

[62] Jonathan Myers et al. “Exercise capacity and mortality among men referred for ex-
ercise testing”. eng. In: New England Journal of Medicine 346.11 (2002), pages 793–
801, 793–801. issn: 15334406, 00284793.

https://doi.org/10.1177/0890117119895204
https://doi.org/10.1111/j.1535-7597.2004.04509.x
https://doi.org/10.1111/j.1535-7597.2004.04509.x
https://doi.org/10.1016/j.sleep.2003.06.004
https://doi.org/10.1016/j.sleep.2003.06.004
https://doi.org/10.11613/BM.2012.031, 10.11613/issn.1846-7482
https://doi.org/10.11613/BM.2012.031, 10.11613/issn.1846-7482
https://doi.org/10.1038/s41598-019-53115-3
https://doi.org/10.1186/s12938-017-0400-5
https://doi.org/10.1186/s12938-017-0400-5
https://doi.org/10.1111/jsr.12786
http://chronux.org/
https://doi.org/10.1002/cem.1223
https://doi.org/10.1109/icassp.2018.8461982


142 Bibliography

[63] World Health Organization. Global recommendations on physical activity for health.
eng. 2010. isbn: 9241599979.

[64] World Health Organization. Prevalence of insufficient physical activity. eng. 2016.
[65] Jolanta Orzeł-Gryglewska. “Consequences of sleep deprivation”. eng. In: Interna-

tional Journal of Occupational Medicine and Environmental Health 23.1 (2010),
pages 95–114. issn: 12321087, 1896494x. doi: 10.2478/v10001-010-0004-9.

[66] P RAJNA and J VERES. “CORRELATIONS BETWEEN NIGHT SLEEP DU-
RATION AND SEIZURE FREQUENCY IN TEMPORAL-LOBE EPILEPSY”.
eng. In: Epilepsia 34.3 (1993), pages 574–579. issn: 00139580, 15281167. doi:
10.1111/j.1528-1157.1993.tb02598.x.

[67] Allan Rechtschaffen and Anthony . Kales. A manual of standardized terminology,
techniques and scoring systems for sleep stages of human subjects. Brain Research
Institute, University of California, 1968.

[68] Naja Hulvej Rod et al. “Overnight smartphone use: A new public health challenge?
A novel study design based on high-resolution smartphone data”. eng. In: Plos One
13.10 (2018). Edited by Jacobus P. van Wouwe, e0204811. issn: 19326203. doi:
10.1371/journal.pone.0204811.

[69] AE ROGERS, CC CARUSO, and MS ALDRICH. “RELIABILITY OF SLEEP
DIARIES FOR ASSESSMENT OF SLEEP-WAKE PATTERNS”. eng. In: Nursing
Research 42.6 (1993), pages 368–372. issn: 15389847, 00296562. doi: 10.1097/
00006199-199311000-00010.

[70] Robert Ross et al. “Importance of Assessing Cardiorespiratory Fitness in Clinical
Practice: A Case for Fitness as a Clinical Vital Sign: A Scientific Statement from
the American Heart Association”. eng. In: Circulation 134.24 (2016), e653–e699.
issn: 15244539, 00097322. doi: 10.1161/cir.0000000000000461.

[71] Avi Sadeh. “The role and validity of actigraphy in sleep medicine: An update”. eng.
In: Sleep Medicine Reviews 15.4 (2011), pages 259–267. issn: 15322955, 10870792.
doi: 10.1016/j.smrv.2010.10.001.

[72] Ingrid E. Scheffer et al. “ILAE classification of the epilepsies: Position paper of the
ILAE Commission for Classification and Terminology”. In: Epilepsia 58.4 (2017),
pages 512–521. doi: 10.1111/epi.13709.

[73] I. Silva and G. Moody. An Open-source Toolbox for Analysing and Processing
PhysioNet Databases in MATLAB and Octave. 2014. url: http://dx.doi.org/
10.5334/jors.bi.

[74] Royette Tavernier and TeenaWilloughby. “Sleep problems: Predictor or outcome of
media use among emerging adults at university?” eng. In: Journal of Sleep Research
23.4 (2014), pages 389–396. issn: 13652869, 09621105. doi: 10.1111/jsr.12132.

https://doi.org/10.2478/v10001-010-0004-9
https://doi.org/10.1111/j.1528-1157.1993.tb02598.x
https://doi.org/10.1371/journal.pone.0204811
https://doi.org/10.1097/00006199-199311000-00010
https://doi.org/10.1097/00006199-199311000-00010
https://doi.org/10.1161/cir.0000000000000461
https://doi.org/10.1016/j.smrv.2010.10.001
https://doi.org/10.1111/epi.13709
http://dx.doi.org/10.5334/jors.bi
http://dx.doi.org/10.5334/jors.bi
https://doi.org/10.1111/jsr.12132


Bibliography 143

[75] Jose F. Téllez-Zenteno and Lizbeth Hernández-Ronquillo. “A Review of the Epi-
demiology of Temporal Lobe Epilepsy”. und. In: Epilepsy Research and Treatment
2012 (2011), pages 630853, 630853. issn: 20901356, 20901348. doi: 10.1155/2012/
630853.

[76] Maria Thom and Edward H. Bertram. “Temporal lobe epilepsy”. eng. In: Handbook
of Clinical Neurology 107 (2012), pages 225–240. issn: 22124152, 00729752. doi:
10.1016/B978-0-444-52898-8.00014-8.

[77] Sara Thomée. “Mobile phone use and mental health. A review of the research that
takes a psychological perspective on exposure”. eng. In: International Journal of
Environmental Research and Public Health 15.12 (2018), page 2692. issn: 16604601,
16617827. doi: 10.3390/ijerph15122692.

[78] Bradley V. Vaughn and Imran Ali. “Sleep and Epilepsy. Opportunities for Diagno-
sis and Treatment”. eng. In: Neurologic Clinics 30.4 (2012), pages 1249–1274. issn:
15579875, 07338619. doi: 10.1016/j.ncl.2012.08.006.

[79] Bradley V. Vaughn et al. “Improvement of epileptic seizure control with treat-
ment of obstructive sleep apnoea”. eng. In: Seizure 5.1 (1996), pages 73–78. issn:
15322688, 10591311. doi: 10.1016/s1059-1311(96)80066-5.

[80] Sigge Weisdorf et al. “High similarity between EEG from subcutaneous and prox-
imate scalp electrodes in patients with temporal lobe epilepsy”. eng. In: Journal
of Neurophysiology 120.3 (2018), pages 1451–1460. issn: 15221598, 00223077. doi:
10.1152/jn.00320.2018.

[81] Sigge Weisdorf et al. “Ultra-long-term subcutaneous home monitoring of epilepsy—
490 days of EEG from nine patients”. eng. In: Epilepsia 60.11 (2019), pages 2204–
2214. issn: 15281167, 00139580. doi: 10.1111/epi.16360.

[82] Harold Zepelin, Jerome M. Siegel, and Irene Tobler. “Mammalian Sleep”. eng. In:
Principles and Practice of Sleep Medicine (2005), pages 91–100. doi: 10.1016/B0-
72-160797-7/50015-X.

https://doi.org/10.1155/2012/630853
https://doi.org/10.1155/2012/630853
https://doi.org/10.1016/B978-0-444-52898-8.00014-8
https://doi.org/10.3390/ijerph15122692
https://doi.org/10.1016/j.ncl.2012.08.006
https://doi.org/10.1016/s1059-1311(96)80066-5
https://doi.org/10.1152/jn.00320.2018
https://doi.org/10.1111/epi.16360
https://doi.org/10.1016/B0-72-160797-7/50015-X
https://doi.org/10.1016/B0-72-160797-7/50015-X



	Summary
	Resumé
	Preface
	Acknowledgements
	List of publications and academic dissemination
	Contents
	List of Figures
	List of Tables
	1 Introduction
	1.1 Epilepsy and sleep
	1.2 Motivation
	1.3 Thesis objective
	1.4 Thesis structure

	2 Background theory
	2.1 Origin of EEG
	2.2 The fourth most common neurological disorder
	2.3 Sleep
	2.4 Wearable EEG
	2.5 Machine learning

	3 Data collection
	3.1 The investigational device
	3.2 The clinical trial

	4 Proof-of-Concept
	4.1 Methods
	4.2 Results
	4.3 Discussion and conclusion

	5 Subcutaneous sleep monitoring
	5.1 Methods
	5.2 Results
	5.3 Discussion and conclusion

	6 Ultra long-term home monitoring
	6.1 Methods
	6.2 Results
	6.3 Discussion and conclusion

	7 Semi-supervised sleep scoring of one-channel scalp EEG
	7.1 Methods
	7.2 Results
	7.3 Discussion and conclusion

	8 Sleep length and seizure susceptibility
	8.1 Methods
	8.2 Results
	8.3 Discussion and conclusion

	9 Technology supporting a healthier life
	9.1 Motivation
	9.2 Methods
	9.3 Results
	9.4 Discussion

	10 Conclusion
	A Paper I 
	B Paper II 
	C Paper III 
	D Paper IV 
	E Paper V 
	Bibliography

