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Summary

Objective First, characterise aEEG background patterns and sleep-wake cycling during me-
chanical ventilation in a heterogeneous group of critically ill children. Second, to create a
simple detection algorithm for the presence of sleep-wake cycles in a three hour period.
Design Secondary analysis of physiology data.
Setting Tertiary paediatric intensive care unit in a university hospital.
Patients Mechanically ventilated children < 18 years of age in whom the bedside team in-
dicated aEEG monitoring, i.e., established or suspected epileptic activity, depressed level of
consciousness, hypoxic-ischemic encephalopathy, (postoperative) congenital heart disease,
extracorporeal membrane oxygenation, significant neurological malformations, meningitis,
and use of continuous neuromuscular blockade.
Measurements and Main Results Three-hour sections of aEEG during the night were used
for analysis. A total of 115 patients were included, this resulted in 617 aEEG sections. The
sections were classified into different background patterns and on the presence of sleep-
wake cycling. The results showed a mix of CNV and DNV in the 0-1 month group, but
predominantly CNV in the older age groups. The amplitude of the CNV upper and lower
bands showed an increasing trend with increasing age. An increase in ventilation days was
correlated with lower aEEG amplitudes. SWC were seen in all age groups, however, after
two years of age, a sudden drop in SWC occurrence was observed. The detection algo-
rithm, which used two outcome variables (no SWC or some form of SWC), had an accuracy
of 87.7%.
Conclusion The amplitude of the aEEG bands increases with age, and SWC are commonly
seen until two years. The automated detection of SWC is promising and could be helpful in
further research.
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Chapter 1

Introduction

Paediatric critical care medicine is a subspecialty for children with life-threatening conditions.
Unfortunately, admission to the paediatric intensive care unit (PICU) can be a stressful and
turbulent situation for children who are actively going through neurocognitive development,
and this inevitably leads to impaired sleep [1], [2]. While sleep is thought to play a crucial
part in recovery, little research is conducted on the subject [2].
Factors influencing sleep in intensive care can be endogenously caused by the underlying
disease process or exogenous like light, noise, intrusive monitoring, interventions and med-
ication [3]. Poor sleep quality has consistently been reported in the adult and paediatric
critical care literature [4]–[7]. Although the mechanisms are unknown, sleep disturbances
can severely disturb the cardiovascular, respiratory, endocrine, immune, and neurologic sub-
systems [7]. Albeit scantily, the results of sleep investigation in the paediatric critical care
show a lack of ultradian rhythm, a reduction of sleep time at night, an increase of nighttime
awakenings, and a reduction of active sleep [2], [7], [8]. On top of the altered sleep in the
PICU, patients can have a disturbed sleep pattern up to six months after discharge [7]. In
the latest years, the importance of sleep quality in the PICU has gained increasing atten-
tion, however, the knowledge of the sleep pattern of mechanically ventilated children is still
scarce [7].
The gold standard for evaluating sleep is Polysomnography (PSG). However, this is not an
appropriate tool for prolonged monitoring in the PICU. It is expensive, cumbersome and
the scoring is time-intensive. A recurrent alternative to PSG is Actigraphy, which utilises a
wearable accelerometer to assign sleep or awake states. This method, however, has limited
accuracy in mechanically ventilated children due to the higher use of sedation or neuromus-
cular blockade [3], [9]. A method is needed to study the sleep pattern during mechanical
ventilation efficiently. amplitude integrated electroencephalography (aEEG), a method that
is commonly used in the neonatal critical care, could help quantify sleep-wake cycles (SWC)
and could therefore be used to study the effects of mechanical ventilation on the sleep pat-
tern in mechanically ventilated paediatric patients [10]–[13].
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2 CHAPTER 1. INTRODUCTION

1.1 Amplitude integrated EEG

aEEG is a simplified electroencephalography (EEG) measurement that can be used for pro-
longed monitoring of the neurological state of a patient with limited EEG electrodes. In
neonatal care, it is mainly used to detect seizures, predict outcome after therapy, detect
sleep-wake cycling, and detect and monitor encephalopathies [14].
The aEEG technique utilises one or two bipolar EEG montages from the 10-20 system. The
EEG signal is pre-processed and filtered, a schematic explanation of the aEEG algorithm
is shown in Figure 1. The obtained signals are filtered with an asymmetric bandpass filter
with a cut-off frequency of 2-15Hz, this filter is designed to counteract the attenuation of
the signal through the skull and scalp [15]. Then the signal is rectified and filtered again
with a low-pass filter to create an envelope, which is the final aEEG signal. The signal is
often time-compressed, allowing the detection of changes over a long period. The signal
is displayed on a linear scale from 0-10µV and then on a logarithmic scale from 10-100µV.
Due to the time compression of the signal, a band appears in the aEEG. The maximum
and minimum values of this band are often used in classification, and these are called the
upper and lower band of the signal. A broader bandwidth on aEEG represents repetitive
changes in EEG amplitude between high and low voltage [14], [16], [17]. The signal can be
classified into different classifications, but the classification introduced by Hellström-Westas
et al. [18] is the most commonly used. In this classification, the aEEG is classified on three
different aspects. The first aspect is the type of background activity based on amplitude
and bandwidth ranging from standard to abnormal. There are five background patterns,
continuous normal voltage (CNV) is the normal trace, discontinuous normal voltage (DNV)
is a slightly abnormal trace, while burst suppression (BS), low voltage (LV), and flat tract (FT)
are abnormal tracings [14].
The second aspect is the presence of SWC. These cycles is only seen in CNV and are
sinusoidal variations of the bandwidth, mostly seen as a change in the lower band of the
signal. The cycling occurs between sleep or wake state; the broader band represents activity
during quiet sleep while the more narrow band represents activity during active sleep or
wakefulness. There are three variations of SWC possible, no SWC, imminent/immature
SWC, or developed SWC. The duration of these cycles are usually longer than 20 minutes.
It is, however, unknown if these SWC are also present in the paediatric population [12], [19],
[20]. The final aspect is the presence of epileptic seizure activity in the aEEG trace. An
overview of these different background types and epileptic activity and the defining criteria
can be seen in Figure 2.

1.2 Sleep-wake cycling

Adult sleep can be classified into different stages, and the primary division is between rapid
eye movement (REM) and non-rapid eye movement (NREM). The NREM can be further
subdivided into three different stages, N1, N2, and N3. Sleep can be classified in these
different stages using physiological measurements, mainly EEG, electromyography (EMG),
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Figure 1: Visual representation of the processing steps of the aEEG algorithm.
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Figure 2: An overview of different types of aEEG background types, together with the defin-
ing criteria.

and electro-oculography (EOG). However, the sleep pattern in neonates differs from that of
adults due to the rapidly developing brain [21]. The sleep pattern in neonates can be char-
acterised in three different groups, active sleep (AS), quiet sleep (QS), and indeterminate
sleep (IS). These groups can be classified based on different physiological measures. Dur-
ing active sleep, the EEG displays low voltage irregular (LVI) or mixed activity (M) patterns,
and there are rapid eye movements and an irregular heart rate. AS is most similar to REM
sleep in adults. Quiet sleep is mainly characterised by high voltage slow wave (HVS) and
tracé alternate (TA) EEG patterns, few body movements, and regular respiratory and heart
rate. QS is most reminiscent of stage N3 or slow-wave sleep in adults. Indeterminate sleep
consists of characteristics of both AS and QS. A regular sleep cycle of neonates can be seen
in Figure 3. This pattern is not always consistent in practice because external stimuli can
easily alter sleep. The length of the sleep stages increases with age. In preterm infants, the
average cycle is around 46 minutes while this increases to 115 minutes in children between
8-12 years. The neonatal sleep stages transform during the first year to the more adult sleep
stages. It is recommended to apply the newborn criteria till the age of 2-6 months, and after
that to change to modified adult criteria, however, this timing is not fully known [12], [19],
[20].

In the aEEG signal, these changes in sleep state can be observed. During CNV, sleep-
wake cycling can be seen as periodic changes in the aEEG band, mainly seen in the lower
band. An example of sleep-wake cycling can be seen in Figure 4. In neonates, each cycle
is at least 20 minutes in length [18]. Sleep-wake cycling in newborns is reported up to
the age of three months [22]. The presence of sleep-wake cycling in older children has
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Figure 3: Different types of EEG patterns seen during a regular sleep cycle in newborns.

not been studied extensively. The name ’sleep-wake cycling’ used for sinusoidal changes
seen during CNV is not an appropriate name for the changes, as it does not represent the
physiological states of sleep and wake. The broadening of the aEEG bandwidth represents
fluctuations in the amplitude of the EEG between low and high amplitudes, which mainly
represent the quiet sleep of neonates. The narrower band can represent active sleep or
wake. Indeterminate sleep can occur in both the narrow and wide bands. Thus, the presence
of this cyclic activity can be seen as changes in sleep states rather than the particular states
of sleep and wake [13], [14], [23].

Figure 4: An example of a CNV aEEG section with SWC. The periodic changes in the
aEEG band display the SWC.
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1.3 aEEG in the paediatric critical care and research question

Due to its popularity in neonatal care, the technique has gained interest in the PICU. A
recent questionnaire aimed at German and Swiss PICU’s performed by Bruns et al. [24]
showed that two-thirds of the respondents used aEEG in their paediatric population. This
study showed that the primary use for the cerebral function monitor (CFM) was detecting
seizures and monitoring antiepileptic treatment [25]. This is less extensive than the uses
of the neonatal intensive care unit (NICU), like detecting sleep-wake cycles. This is mainly
because there are no reference values available for the paediatric population. Indicating the
need for better characterisation of aEEG recordings in this population [24]. This thesis will
focus on two aspects of aEEG in the paediatric population.
The first aim is to characterise aEEG background patterns and sleep-wake cycling during
mechanical ventilation in critically ill children and explore a relationship between the cumu-
lative amount of sedative drugs and the duration of mechanical ventilation. This is done
through a secondary analysis of prospectively collected data.
The second aim is to create a simple automatic detection algorithm for the presence of
sleep-wake cycles in a three hour period.



Chapter 2

Methods

This study was designed as a secondary analysis of prospectively collected physiological
data from mechanically ventilated children < 18 years of age admitted to the PICU of the
Beatrix Children’s Hospital, University Medical Centre Groningen, in whom the clinical bed-
side team indicated aEEG monitoring using the Natus Olympic Brainz Monitor (Natus Med-
ical, San Carlos, CA). There was no clinical algorithm dictating the use of aEEG, but it is
custom in our unit to record aEEG when there is established or suspected epileptic ac-
tivity, depressed level of consciousness, hypoxic-ischemic encephalopathy, (postoperative)
congenital heart disease, extracorporeal membrane oxygenation, significant neurological
malformations, meningitis, and use of continuous neuromuscular blockade for various indi-
cations. From this registry, from 2020 and then backwards included consecutive patients
who had aEEG recordings for at least 3 hours during nighttime (11pm – 5am the next day).
For these patients, we collected from the electronic health record (EPIC, Verona, Wiscon-
sin) baseline demographics, including age, gender, Pediatric Index of Mortality (PIM) II and
Pediatric RISk of Mortality (PRISM) II-24 hr score, and admissions diagnosis. Clinical data
collected included the duration of mechanical ventilation (in days) and length of PICU stay
(in days). We characterised daily use of sedatives and analgesics by expressing them as
equipotential opioid or benzodiazepine dosages, respectively methadone and lorazepam, as
we did previously [26], [27].

2.1 aEEG data acquisition and analysis

Both the EEG and aEEG were measured at a frequency of 200Hz and the electrical impedance
of the electrodes at 100Hz. However, the Natus Olympic Brainz Monitor does not allow
downloading the aEEG but only the EEG waveform to an external computer. We had to
transform these EEG recordings into aEEG using the WU-NEAT model. This is an open-
source Matlab (R2020b, The MathWorks Inc., Natick Massachusetts) algorithm that mimics
the algorithm used in the Olympic Brainz Monitor [17]. The frequency response of the used
filter can be seen in Figure 5. As the algorithm is validated for 64Hz waveforms, the EEG
data were resampled from 200Hz to 64Hz.
We excluded data if the impedance was > 10 kΩ and annotated interventions by the nursing
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8 CHAPTER 2. METHODS

Figure 5: Frequency response of the used filter.

staff were visible. After removing this data, the files were split into two sections, each com-
prising three hours (11:00 pm – 02:00 am, and 02:00 am – 05:00 am). These periods were
chosen to minimise artefacts in the signal due to movement or manipulation of the nursing
staff. A section was not included for analysis if > 30 minutes of its data was removed. We
used a maximum of 10 data sections for each patient. This was to ensure that a variety of
data was being used instead of the data being dominated by a few long recordings.

Then, we stratified the aEEG recordings by different background patterns using the Hell-
ström-Westas classification: CNV, DNV, BS, LV, and FT [18]. The remaining data was la-
belled as indeterminate/unusable, characterised by either being sections with an abundance
of previously removed data, presence of artefacts, presence of different background patterns
or epileptical activity in the same data section. We considered CNV as the regular pattern,
DNV as mildly abnormal, and BS, LV, and FT as severely abnormal background patterns.
The presence of sleep-wake cycles was assessed in the CNV sections, allowing the sections
to be labelled as ”SWC present”, ”Imminent/immature SWC”, and ”no SWC present” follow-
ing the sleep-wake cycling classification of Hellström Westas [18]. A schematic overview
of the pre-processing and labelling can be seen in Figure 6. Labelling was performed by
one reviewer (DvdS). Thirty randomly selected sections were independently evaluated by a
second reviewer (RGTB). This yielded an inter-rater agreement of 0.84 for the background
patterns and 0.75 for the SWC, which is considered moderate to strong agreement [28].

The upper and lower band of the aEEG were defined for every 10 seconds by the 95th
percentile (upper) and 5th percentile for the lower band (a representative example is shown
in Figure 7). A moving average of 10 data points was calculated to generate the final bands.
We calculated the average of the waveform, bandwidth, and the upper/lower band for each
background pattern.

For the detection of SWC, all the CNV sections were used. Further calculations of the lower
band were performed to serve as features of the classification model. The first calculation
was to detect abrupt changes in the lower band, to mimic the classification of SWC, where



2.1. AEEG DATA ACQUISITION AND ANALYSIS 9

Figure 6: Schematic overview of the pre-processing and labelling steps.

SWC are characterised by sinusoidal variations, mainly in the lower band. This is done
by calculating the average amplitude of five minutes of the lower band and checking if the
amplitude is more than 25% different than the amplitude of the previous five minutes. This
calculation is performed every 30 seconds. An example of this detection can be seen in
Figure 7. The total number of abrupt changes and the number of complete cycles are cal-
culated. One complete cycle is defined as a detected decrease in lower amplitude followed
by a detected increase in lower amplitude. Furthermore, the standard deviation and the
approximate entropy (ApEN) of the lower band were calculated as measures of the variabil-
ity and regularity of the signal. Two classification models will be created. The first model will
contain three outcome variables, ’SWC present’, ’Imminent/immature SWC’, and ’no SWC
present’. In the second model, the ’SWC present’ and ’Imminent/immature SWC’ will be
grouped into a new variable ’some form of SWC present’. The classification models were
created with the classification learner of Matlab. Both models used a linear support vec-
tor machine (SVM) as the supervised learning model. Five-fold cross-validation was used
to validate the models. The performance of the models will be scored with the accuracy,
confusion matrix, and the area under the curve (AUC) of the ROC curve.
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Figure 7: An example of a CNV aEEG waveform with SWC present, depicted in the black
curve. The upper and lower bands are shown in the blue curve. The detected
abrupt changes in the lower bands are displayed in the yellow and red curves,
where a value of 5 indicates that an abrupt change has occurred. A decrease in
the band is displayed in yellow, while an increase is displayed in red.

2.2 Statistical analysis

Visual inspection of QQ-plots and histograms and the Anderson-Darling test were used to
test the data for normal distribution. Depending on the outcome of this test, we compared
differences in continuous variables between groups using one-way ANOVA or the Kruskal-
Wallis test. The chi-squared test was used for nominal or categorical variables. Descriptive
data were expressed as mean ± standard deviation (SD) or median and 25 – 75 interquartile
range (IQR). All analyses were performed using SPSS (IBM, Chicago, Ill, USA). P values <
0.05 were accepted as statistically significant.



Chapter 3

Results

One-hundred and twenty-three patients (40% of total aEEG recordings available) were in-
cluded, yielding 726 sections. Eight patients and 135 sections were excluded, leaving 617
sections from 115 patients available for analysis. Table 1 summarises patient and clinical
characteristics stratified by the different age groups. In the whole cohort, the median age
was 4.8 months (1.2; 19.9), and 48% females. Twenty percent of the patients were admitted
for acute respiratory failure, whereas 30% was admitted after cardiac surgery for congenital
heart disease. The age groups up to 1 year constitute the majority of the patients. The
reason for hospitalisation differed between groups, the cardiac and surgical diagnoses were
mainly seen in the younger age groups. The mortality, risk scores, ventilation days, and
admission days were comparable between the age groups. The dosage used for sedation
was significantly different for the different age groups. CNV was observed in most sections
(88%) and was not different across age strata (Figure 8). We did observe more DNV among
patients 0 – 1 month old compared with other age groups. The total amount of background
patterns for each age group can be found in Appendix Table 4.

Figure 8: a) Occurrence of each background pattern for all the sections. b) Relative occurrence of

CNV, DNV & BS for each age group.

11



12 CHAPTER 3. RESULTS

Table 1: Patient characteristics

PIM II; Paediatric Index of Mortality score II, PRISM; Pediatric RIsk of Mortality score II, PICU; pe-
diatric intensive care unit. Data are expressed as median (first quartile; third quartile) or number
(percentage).

3.1 aEEG amplitude

For sections with CNV, we observed a significant (p < 0.001) increase in mean upper and
lower band of the amplitudes with increasing age (Figure 9 and Appendix Figure 11 A-C).
A majority of the patients (89%) displayed the same background pattern for all the studied
nights. For 13 patients, the background pattern changed in the studied nights. Half of
these patients started with DNV patterns that converted into CNV. An increasing number of
ventilation days showed a decreasing trend on the average amplitude of the CNV sections.
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The slope of the linear regression was significantly non-zero (p < 0.05) in the 0-1 month,
6-12 months, and 2-5 years groups (Appendix Figure 12). A decreasing trend was observed
in average amplitude for an increasing equipotent Lorazepam dosage with a significantly
non-zero (p < 0.05) regression slope for the 0-1 month and 5-18 years age group (Appendix
Figure 13). The equipotent Methadone dosage did not affect the average amplitude of the
CNV sections (Appendix Figure 14).

Figure 9: Median data of the average section amplitude, average section upper band, and average

section lower band for all the CNV sections.

3.2 SWC analysis

Figure 10 graphically summarises the presence or absence of SWC stratified by age, total
values can be found in Appendix Table 5. SWC were mainly observed in patients < 2
years of age (p < 0.001). The equipotent lorazepam influenced the presence of SWC in
the 0-1 month age group (p = 0.001). The sections without SWC had the highest dosage
of lorazepam, followed by the SWC sections, and the imminent/immature sections had the
lowest dosage. No influence was seen in the other age groups or compared to the equipotent
methadone dosage and days spent on the ventilator. When comparing the first half of the
study period (first days, sections 1-5) with the later stages (last days, sections 6-10), the 0-1
month group had a higher portion of sections without SWC in the first five sections (25% vs
4%) and a lower portion of SWC (48% vs 69%) when comparing to the later five sections (p
= 0.038).
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Figure 10: Relative occurrence of the different SWC types in sections with CNV.

3.3 Automatic classification of SWC

All the features used for the classification model (number of changes, complete cycles, stan-
dard deviation, and ApEN) were statistically different between the different groups (”SWC
present”, ”Imminent/immature SWC”, and ”no SWC present”) with a p-value < 0.0001 (Ap-
pendix Figure 15). The model with three outcome parameters had an overall accuracy of
70.1% and an AUC of the ROC curve of 92%. The confusion matrix of this model is shown
in Table 2. The model with two outcome variables, where the imminent/immature SWC and
SWC are grouped, had an improved accuracy of 87.7% and an AUC of the ROC curve of
0.92. The confusion matrix is shown in Table 3, which results in a sensitivity of 90.8% and a
specificity of 75.2%.

Table 2: PIM II; Paediatric Index of Mortality score II, PRISM; Pediatric RIsk of Mortality score II,

PICU; pediatric intensive care unit. Data are expressed as median (first quartile; third

quartile) or number (percentage).
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Table 3: PIM II; Paediatric Index of Mortality score II, PRISM; Pediatric RIsk of Mortality score II,

PICU; pediatric intensive care unit. Data are expressed as median (first quartile; third

quartile) or number (percentage).
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Discussion

To our knowledge, this is the first study describing aEEG background patterns and the pres-
ence of SWC in mechanically ventilated children aged 0-18 years. We demonstrated that
the amplitude of aEEG increases significantly with age and that SWC are most commonly
seen until two years. The results shown in this study can be of clinical value for the paediatric
critical care that utilise aEEG. It will be easier to interpret the aEEG recordings in this popula-
tion and help differentiate the physiological background patterns from pathological patterns,
such as DNV or BS [25]. Furthermore, the results allow the study of the sleep pattern in
mechanically ventilated children in the PICU. On top of that, the results of the classification
model with two outcome parameters indicate that the presence of SWC can be automatically
classified and used in further applications, such as studying the sleep pattern.

4.1 aEEG amplitude

The results for the 0-1 month group are comparable to previous studies. The observed CNV
amplitudes of the upper and lower band are in line with the classification of CNV used in
(pre)mature infants, with a lower amplitude below 10µV and an upper amplitude between 10-
25µV [18], [29]. The results of the older age groups are more difficult to compare to previous
studies due to the lack of research in the paediatric population. One study created reference
values for infants up to 3.5 months, which are comparable to the 1-6 months group [22].
The study found an increase in amplitude with increasing age. The absolute values of the
amplitudes of the upper and lower band are similar but differ slightly. A depressing effect of
sedatives like midazolam and morphine on aEEG amplitude has been described before [29],
[30]. This depressing effect was also seen with the equipotent lorazepam dosage in the
0-1 month age group, but not in the other age groups. However, a depressing effect of
morphine or fentanyl was not seen in the equipotent methadone dosage, while it is described
in (pre)mature infants [29], [30].

16



4.2. SWC ANALYSIS 17

4.2 SWC analysis

It can be seen that with the background classification of Hellström-Westas [18] most of the
background patterns in each age group are CNV. DNV is only seen in a significant amount
in the 0-1 month group. The trend in Figure 3 can explain this lack of DNV in the other age
groups. For the groups between 1 month and two years, the median amplitudes increase
with an average of 2.5µV. For the age groups between 2-18 years, the median amplitudes
increase with an average of 5-6µV. This increase in amplitude can have a significant impact
on background pattern classification. For example, for the classification of DNV, the lower
band has to have an amplitude below 5µV. If the patient’s age can increase the amplitude
by 2.5-5µV, it is logical that the DNV pattern is rarely seen in the older age groups. It is,
however, also possible that the more developed brain of the older age groups does not
generate DNV patterns.
Frequent trends were seen in the 0-1 month age group that were not seen in the older
age groups. For instance, the relation of equipotent lorazepam dosage with decreasing
amplitude and presence of SWC. These relations were not found in the older age groups,
this further signifies the necessity for more research on aEEG in the older age groups, as the
knowledge of the neonatal care, as well as the adult care, cannot completely be translated
to the paediatric population.
The occurrence of SWC in the age groups up to 2 years is similar, around 50%. After this,
the occurrence of SWC drops to about 15%. The decrease in SWC is compensated by the
significant increase of no SWC and a slight increase of imminent/immature SWC. The logic
behind this decrease at this age is unknown. However, it is most likely that at this age, the
sleep-wake cycling develops into a more adult sleep-wake pattern without the distinct SWC,
as the sleep architecture of children changes in the first years [19].

4.3 Automatic classification of SWC

The accuracy in the detection of SWC of the two different classification models was different,
70.1% vs 87.7%. This change in accuracy is mainly contributed to the relatively bad detec-
tion of the ’Imminent/immature SWC’ group in the classification model with three outcome
variables, the positive predictive value for this group is below 50%. This could be addressed
by making the model more complex or adding a feature with more discriminating power in
this group. However, the model in which the SWC groups are combined into ’some form
of SWC present’ performs much better. The sensitivity and specificity found in this study
(90.8% and 75.2%, respectively) are similar, if not better, than the sensitivity and specificity
found in a previous study (81.3 and 75.3, respectively) which used a similar classification of
SWC groups with two variables.
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4.4 Study limitations

Some limitations of this study need to be discussed. First, the official algorithms used in
aEEG monitors are proprietary and mostly unknown [16], [17], [31]. In this study, the WU-
NEAT algorithm is used for generating aEEG waveforms from the available EEG measure-
ments [17]. The use of the algorithm may influence the results generated in this study. For
instance, the final processing step in the algorithm is to offset the aEEG by one to mimic
the higher voltage aspects more accurately in the signal. This offset by 1 could significantly
affect the amplitude of the lower band or the labelling of DNV sections, where the lower band
should be above 5µV.
Secondly, the data selection could bias the results found in this study. All the data is recorded
during the night to minimise the effect of artefacts in the signals. This selective data usage
could skew the SWC data in groups with a more developed circadian rhythm and sleep more
during the nights. This would include all the groups except the 0-1 month group, as the cir-
cadian rhythm is thought to develop between 2-4 months [32], [33].
Thirdly, because the study is a secondary analysis of prospectively collected data, the pa-
rameters that could influence the measurements are unknown. For instance, it is unknown
whether the cyclic variation seen in the imminent/immature groups is caused by changes in
sleep-wake pattern or other factors like motion artefacts. This could explain why the immi-
nent/immature group had the lowest equipotent Lorazepam dosage, as a lower Lorazepam
dosage could indicate lower sedation and therefore more movement artefacts. Finally, the
number of patients in the different age groups differs substantially. The largest group, 1-6
months, consists of 37 patients and 196 sections, while the smallest group, 5-18 years, only
has nine patients and 45 sections. This may cause the values reported for these age groups
to be the least representative. This is, however, inherent to the population of the studied
PICU, as the patient population follows the same age distribution.
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Conclusion

In conclusion, this study demonstrates that the amplitude of the aEEG increased with age,
that prolonged ventilation correlates with lower aEEG amplitudes, and that SWC were com-
monly seen till the age of 2 years. The automated detection of SWC shows potential to be
utilised in further projects and will allow for a more accessible quantitative measure of sleep;
however, further optimising might be needed. With these results, an adjusted background
pattern classification could be created to counteract this increase in amplitude. Such an ad-
justed classification could be of clinical significance in the paediatric population, but further
research is required to test an adjusted classification.
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Appendix

Table 4: Number of background patterns per age group.

CNV; continuous normal voltage, DNV; discontinuous normal voltage, BS; burst suppression.

Table 5: Absolute occurrence of SWC types for each age group.

SWC; sleep-wake cycle.
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Figure 11: Box plot of average (a), upper (b) and lower (c) band amplitude per age group. The

median and interquartile range (IQR) are depicted in the boxplots, the mean is depicted

as the plus symbol. Outliers are calculated with Tukey’s fence method and are depicted

outside the boxplots, the mean is depicted as the plus symbol. Outliers are calculated

with Tukey’s fence method and are depicted as diamonds. The asterisk indicate a sta-

tistical significant difference between the two groups (* p-value = 0.01 to 0.05, ** p-value

= 0.001 to 0.01, *** p-value = 0.0001 to 0.001, **** p-value < 0.0001).
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Figure 12: The average amplitude of the CNV sections plotted against the ventilation days. A trend

line is added, an asterisk in the title indicates a non-zero slope of the trend-line (p <

0.05).

Figure 13: The average amplitude of the CNV sections plotted against the equipotent lorazepam

dosage. A trend line is added, an asterisk in the title indicates a non-zero slope of the

trend-line (p < 0.05).
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Figure 14: The average amplitude of the CNV sections plotted against the equipotent methadone

dosage. A trend line is added, an asterisk in the title indicates a non-zero slope of the

trend-line (p < 0.05).
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Figure 15: Box plot of the features used in SWC classification model per SWC group. The median

and interquartile range (IQR) are depicted in the boxplots. Outliers are calculated with

Tukey’s fence method and are depicted outside the boxplots, the mean is depicted as

the plus symbol. Outliers are calculated with Tukey’s fence method and are depicted

as diamonds. The asterisk indicate a statistical significant difference between the two

groups (* p-value = 0.01 to 0.05, ** p-value = 0.001 to 0.01, *** p-value = 0.0001 to

0.001, **** p-value < 0.0001).
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