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Preface

This report represents the final part of my studies at the Delft University of Technology, Erasmus
University Rotterdam and Leiden University. In Delft, I initially started studying Applied Mathematics.
Unfortunately, to my taste this study lacked practical application of the obtained knowledge, which is
why | started in 2015 in the second cohort of the Bachelor in Clinical Technology. After completing this
Bachelor within the prescribed three years in 2018, | started with the corresponding Master in Technical
Medicine.

During the internships in my Master’s program, I had the opportunity to work in different departments
within the hospital and contribute to different projects. | was able to develop myself on both a clinical
and technical level. I discovered my passion for programming, where | lost track of time more than once,
and | discovered that my main interest lies in the intensive care. On the one hand because this was very
diverse in terms of clinical experiences and on the other hand because I think there are many possibilities
in the technical field. | was therefore delighted that, after an internship in the Neonatal Intensive Care
Unit and an internship in the Adult Intensive Care Unit, | was provided the opportunity to start my
graduation internship at the Paediatric Intensive Care Unit. Here, | could learn even more about the wide
variety of diseases and treatments that occur, combined with doing a project where | could program for
whole days on end: the perfect combination.

This project marked my first encounter with machine learning. As this was unfamiliar territory for me,
I went back once again to follow additional lectures and to take one last exam. It was a very exciting
challenge to start working on and | enjoyed the time on the department.

This Master thesis is the end product of my graduation internship and finalises my time as a student. |
am very excited about the future, where I will further develop my knowledge in medicine and technology
and apply the combination in practice.

A.M. Meester
Rotterdam, December 2022
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Abstract

Introduction: Critically ill children admitted to the Paediatric Intensive Care Unit (PICU) have a high
risk of disruption of their normal sleep rhythm, which is associated with disturbances in physiology and
negative effects on psychological and cognitive functioning. There is a need for real-time, automatic
sleep monitoring to minimise disruptions in sleep patterns. The main objective of this thesis was to
develop a machine learning model that can classify sleep based on vital signs in critically ill children.
In addition, methods were investigated to optimise the decision criteria in multi-class problems.
Methods: Three machine learning algorithms, logistic regression, random forest and extreme gradient
boosting (XGBoost), were developed based on both the combination of features extracted from
electrocardiogram (ECG) signal and pulse transit time (PTT) and on ECG features alone. To gain insight
into the number of sleep stages that could be distinguished, the models were developed for two-class,
three-class, four-class and five-class staging. The models were developed, trained and evaluated on a
diagnostic dataset (n = 90) containing polysomnography (PSG) measurements of non-critically ill
children. During model development, the decision criteria for the different classes were jointly
optimised. To evaluate whether the models were generalisable to the PICU population, external
validation was performed on a set of 8 of PICU patients.

Results: For each number of sleep stages, the three models performed similarly. However, there was an
increase in performance with a decrease in the number of sleep stages with balanced accuracies varying
between 0.70 and 0.72 in two-class staging and between 0.41 and 0.42 in five-class staging. External
validation on the PICU dataset showed a markedly worse performance for all three models with balanced
accuracies varying between 0.56 and 0.62 in two-class staging and between 0.22 and 0.23 in five-class
staging.

Conclusion: Machine learning models for sleep classification in children based on vital signs have been
developed and show promising results. Nonetheless, the developed models are not generalisable to the
PICU population. Further research is recommended with a focus on improving the models such that they
can be applied in the PICU. Combining information extracted from vital signs with EEG signal and
developing the models directly on PICU data should be considered to improve the performance and
thereby contribute to personalised care and minimising sleep disturbances.
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1

Introduction

Sleep plays a critical role in children’s growth and development, emotional health and immune
function.>? Critically ill children admitted to the Paediatric Intensive Care Unit (PICU) have a high risk
of disruption of their normal sleep rhythm due to a chaotic environment, medication, pain associated
with the underlying disease, and interruptions by caregivers.>® Frequent awakenings and short sleep
durations are associated with disturbances in the immune system and with increased pain perception.#
They also affect psychological and cognitive functioning.* Ideally, real-time sleep monitoring should
be used to consider the child’s sleep pattern in the scheduling of care and interventions. However, real-
time sleep monitoring in children is not yet possible.

The gold standard to classify sleep is polysomnography (PSG).° A standard PSG measurement includes
at least electroencephalography (EEG), electrooculography (EOG), electrocardiography (ECG), and
electromyography (EMG).%" These signals are visually scored by experts that assign a sleep stage to
every 30-seconds epoch, according to the American Association of Sleep Medicine (AASM) criteria.®
These AASM criteria are based on normal EEG signals and are therefore less suitable for use in critically
ill patients who often show abnormal EEG patterns.®° Furthermore, PSG entails an additional burden
for patients, the manual scoring of these signals is a time-consuming process,’ and the PSG recordings
can only be assessed after the measurements.

Distinction is made between different types of sleep: rapid eye movement (REM) sleep and non-rapid
eye movement (NREM) sleep. NREM sleep is subdivided into NREM stage 1 (NREM 1), NREM stage
2 (NREM 2) and NREM stage 3 (NREM 3),!* where NREM 1 represents the lightest sleep and NREM
3 the deepest sleep.? Each type of sleep is associated with unique functions and both neurological and
physiological characteristics.2!* During NREM sleep there is relatively little brain activity and this stage
is characterised by low, regular heartrate and breathing.>!! The NREM sleep phase is assumed to
primarily have a restorative and rest-enabling function.*'! REM sleep is characterised by rapid eye
movements, high brain activity and irregular heartrate and breathing.>*! It is considered essential for
brain development and memory consolidation.>*!* During regular sleep, the stages alternate cyclically.
Sleep behaviour changes during the development of a child. New-borns sleep most of the day at irregular
times.Z4 With advancing age, both duration and frequency of sleep decrease.?® Given the specific
functions of each sleep stage, it is important that all are completed without interruption. Use of real-time
automatic sleep monitoring would be a valuable contribution to personalised care, where each patient’s
sleep pattern can be considered in the scheduling of care and sleep interruptions can be reduced.

In recent years, interest has been aroused in developing automated sleep monitoring methods for adults
and preterm infants.®!220 Most of the applied algorithms use features derived from the EEG signal for
sleep classification.'?417-1% However, EEGs are not regularly performed on the PICU and adequate use
of these algorithms therefore requires additional measurements. Continuous monitoring of various vital
signs is already common practice in most of the children admitted to the PICU and the resulting signals
therefore provide an opportunity. Several studies have shown that there is a correlation between vital
signs and sleep patterns.?* Especially heart rate (HR) and heart rate variability (HRV) show a
consistent relationship with sleep.??* In addition, a correlation is observed in literature between sleep
and pulse transit time (PTT), 2% which is the time duration for an arterial pulse pressure wave to travel
from the left ventricle of the heart to a predetermined peripheral site. The PTT is thought to be inversely
related to blood pressure.?"%8

To our best knowledge, no automated sleep classification models based on vital signs have been applied
in critically ill children admitted to the PICU. Recent studies have attempted to develop such models for
the adult Intensive Care Unit (ICU) and the Neonatal Intensive Care Unit (NICU).%*>2 These models,
based on machine learning, show promising results. However, the development of machine learning
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models on medical data presents challenges. An example of a common issue is that the samples are not
evenly distributed over the different classes, resulting in an imbalanced dataset. Machine learning
models are trained to distinguish between classes, but it is possible that they are biased towards certain
(majority) classes and are therefore not able to adequately distinguish among all classes.

Machine learning models assign a probability score associated to a class to each sample of the
dataset.?® If a model is biased towards a certain class, the corresponding probability score will be higher.
By applying a decision criterion, this probability score can be converted into a prediction. Using the
default decision criterion, the class with the highest probability score is predicted.® However, this does
not always lead to an optimal representation of the predicted probabilities. In two-class problems,
optimising the decision criterion by changing the operating point is a known solution.?® In multi-class
problems, this is much more complicated, where no proven solution is known to date.%3!

The main objective of this thesis was to develop a machine learning model that can classify sleep stages
based on vital signs in critically ill children admitted to the PICU. To achieve this, machine learning
models have been developed on PSG data for two-class (sleep — wake), three-class (NREM — REM —
wake), four-class (NREM 3 — NREM 1&2 — REM —wake) and five-class (NREM 3 - NREM 2 — NREM
1 - REM — wake) staging. It was examined how many sleep stages can be distinguished by the model.
In addition to developing and testing different models, this study investigated optimisation of the
decision criterion in multi-class problems.



2
Methods

2.1 Study population

For this master thesis, two independent datasets were used. The first dataset was used to develop, train
and evaluate the models and was obtained retrospectively from non-critically ill children who underwent
a PSG measurement between 2017 and 2022 for diagnostic purposes (e.g., for obstructive sleep apnoea),
at the Erasmus MC Sophia Children’s Hospital, Rotterdam, the Netherlands. PSG measurements of
patients older than 6 months and younger than 18 years were included, where the age of patients born
prematurely (<37 weeks gestational age) was corrected until the postnatal age of 2 years. Patients were
excluded if more than 25% of one of the required signals was missing from the recording, or quality of
data was low due to noise and artefacts and/or data was unreadable. Due to the retrospective study
design, informed consent was not required, which was confirmed by the Medical Research Ethics
Committee (MREC) of the Erasmus MC.

Considering the changes in EEG over maturation, six age categories were defined:*? 6-12 months,
1-3 years, 3-5 years, 5-9 years, 9-13 years and 13-18 years. A total of 90 PSG recordings, 15 per age
category, were consecutively acquired for the diagnostic dataset.

The second dataset was used for external validation of the models and was prospectively obtained
from critically ill children admitted to the PICU of Erasmus MC, Sophia Children’s Hospital between
2020 and 2022. These patients participated in either a study investigating the circadian rhythm in
children admitted to the PICU (Critical Clock) or a trial investigating the effect of continuous versus
intermittent nutrition in PICU patients (ContInNuPIC trial).3® All children (term born — 18 years)
admitted to the PICU with an expected length of stay of at least two days were included in these studies.
To be eligible to participate in the ContInNuPIC trial, the children had to be dependent on artificial
nutrition. The exclusion criteria differed between the two studies. For the ContInNuPIC trial, the
exclusion criteria were possibility to ‘oral’ feeds, a ‘do not resuscitate’ code, expected death within 24
hours, re-admission to the PICU after previous randomisation for this trial, transfer from another ICU
after a stay of three or more days, ketoacidotic/hyperosmolar coma on admission, metabolic diseased
requiring specific diets, premature newborns or short bowel syndrome.* For the Critical Clock study,
the exclusion criteria were premature newborns, syndrome associated with mental retardation,
hydrocortisone use in the three days prior to admission, melatonin use in the 24 hours before admission,
transfer from another ICU, weight below two kilograms, expected not to receive an arterial line or
previous inclusion in the Critical Clock study. For these trials, prior written consent of all parents was
obtained and MREC has provided permission for use of the patient data in this study (MEC-2020-0333
and MEC-2020-0137). All available PSG records from patients between 6 months and 18 years of age
were included in the PICU dataset. Both datasets contain patient characteristics obtained from medical
records.

2.2 Data acquisition

The measurements differed slightly per dataset. In the diagnostic dataset, all patients underwent a PSG
measurement (Brain RT, OSG, Rumst, Belgium), including measurements of: 14-channel EEG, EOG,
EMG, ECG, nasal airflow, chest and abdominal wall motion, arterial blood oxygen-haemoglobin
saturation (Sp02), transcutaneous partial pressure of carbon dioxide (tcpCO2) and a capillary blood gas
test. In the PICU dataset, the measurements were limited to a single-sided 7-channel EEG and regular
EOG, EMG and ECG. Since the recordings were collected from BrainRT alone and the measurements
in the PICU dataset were limited, these recordings did not contain PTT data.

After the measurements, the recordings were visually scored by a trained clinical neurophysiology
technician and one of the five sleep stages was assigned per 30-seconds epoch according to the AASM
criteria.® For calculation of the interrater agreement, PSG recordings of both datasets were initially
scored once by a neurophysiology technician, after which a time span of 3 hours per recording of the
PICU dataset was scored a second time by another technician.



A difference in staging between the two datasets was the regular usage of the N stage in the PICU
dataset. The N stage was assigned to epochs that had the characteristics of NREM sleep, but where no
distinction could be made between NREM 1, NREM 2 and NREM 3 due to atypical EEG characteristics.

The visually scored sleep stages and the raw ECG signal were manually exported from BrainRT in
European Data Format (EDF). In addition, Extensible Markup Format (XML) files were created by
BrainRT for the diagnostic dataset only, in which PTT per time episode is included.

2.3 Pre-processing and feature extraction
Supervised machine learning algorithms were developed based on a set of features derived from the
ECG signal and PTT data.

QRS-detection

To calculate the ECG features, R-peaks were first detected using the Kalidas (2017) method.3* This
method is based on the Pan Tompkins algorithm.*® However, instead of a bandpass filter, stationary
wavelet transform (SWT) is used to remove noise and to emphasise the QRS-peaks.**® Besides this
method’s good performance, it is also very suitable for real-time QRS detection. The Python script for
the method was obtained via Neurokit.%

Time windows

In practice, a sleep stage is assigned for every 30-seconds epoch, taking contextual information into
account. This means that classification of surrounding epochs is used to determine the class of the
current epoch. To include contextual information in the algorithm and to ensure sufficient data to capture
changes in autonomous activity, information from the surrounding 8 epochs (120 seconds before and
120 seconds after the respective epoch) was included to calculate the features of the current epoch.
Therefore, the algorithm assigns a sleep stage to every 30 seconds epoch, while most features are
calculated for a 270 second window around this epoch. Exceptions are the ECG time-domain features,
which are also calculated over a window of 30 seconds.

Features

The QRS complexes detected in the ECG signal per time window served as input for calculating a set
of 99 cardiac features that are previously described in literature.®**8 To calculate the 12 features derived
from the PTT, the PTT values calculated in BrainRT were used as input. Cardiac features were
calculated in time, frequency and nonlinear domain, while PTT features were calculated in time domain
only. In addition, the age categories have been added as dummy variables. An overview of all features
is listed in Table 1. Features were calculated using the Python package pyhrv.*

To obtain frequency-domain features of the cardiac signal, an estimate of the power spectral density
(PSD) of this signal is required. Three different methods known from literature were used: Welch’s
method, Lomb-Scargle periodogram and autoregressive method.>®5? Analysis of PSD provides
information about how power distributes as a function of frequency. This is used to evaluate the
modulation of the autonomic nervous system on the heart.*>% The power of three different frequency
bandwidths can be distinguished®: (1) power in very-low-frequency range (VLF: 0.003-0.04 Hz), (2)
power in low-frequency range (LF: 0.04 Hz-0.15 Hz), and (3) power in high-frequency range (HF: 0.15-
0.4 Hz). All three approaches for the PSD estimation were used to calculate all frequency-domain
features according to these specified frequency bands.

Artefact detection

A simple form of artefact detection has been applied, in which R-R intervals were considered. If an
epoch had R-R intervals less than 250 ms (HR > 240 bpm) or larger than 2000 ms (HR < 30 bpm), it
was identified as an artefact and removed from the dataset. In addition, empty values were also removed
from the dataset.



Table 1. Overview of the calculated features per epoch.

Features

Description

Cardiac features* (n = 99)

Linear time-domain analysis (n = 44)

NNI-parameters [ms]

A NNI-parameters [ms]
HR-parameters [bpm]*

SDNN [ms]
RMSSD [ms]
SDSD [ms]
PNN [%]

Basic statistical measures from a series of normal R-R intervals (NN intervals) including minimum,
maximum, range, mean, median, percentiles (5, 10, 25, 75, 90, 95) and interquartile range.*-43

Basic statistical measures from a series of NN interval differences including minimum, maximum and
mean.40,4l

Basic statistical measures from a series of heart rate (HR) data including minimum, maximum, range,
mean, median, percentiles (5, 10, 25, 75, 90, 95) and interquartile range. 4°-4244

Standard deviation of all NN intervals,39-41:43-47

The root mean square of the successive differences between N-N intervals, 3941434547

Standard deviation of the successive differences between N-N intervals.*°

Total number of pairs of adjacent N-N intervals that differ more than x ms, divided by the total number
of N-N intervals. Calculated for x = 20 and x = 50.3%41:4547

Linear frequency-domain an

alysis** (n = 48)

Peak frequencies [Hz]
Absolute power [ms?]
Relative power [%]
Log power [log]
Norm power [-]
LF/HF [-]

Total power [ms?]

Peak frequencies of all frequency bands including VLF, LF, HF.*8
Absolute power of all frequency bands, including VLF, LF, HF 394548
Relative power of all frequency bands, including VLF, LF, HF.%
Logarithmic power of all frequency bands, including VLF, LF, HF 443
Normalised power of the LF and HF frequency band.3%4>47

Ratio of the low-to-high frequency power,3%41.45-47

Total power over all frequency bands.*®

Non-linear indices (n = 7)

SD 1 [ms] Poincaré plot standard deviation perpendicular to the line of identity.*

SD 2 [ ms] Poincaré plot standard deviation along the line of identity.*

SD1/SD2 [-] Ratio of SD1 to SD2.4

SampEn[-] Sample entropy measures the regularity and complexity of a time series.*34
DFA short Detrended fluctuation analysis, describes short-term fluctuations.*1-48

DFA long Detrended fluctuation analysis, describes long-term fluctuations.*4¢

PTT features (n = 12)

Statistical measures [ms] | Minimum, maximum, mean, range, median, percentiles (5, 10, 25, 75, 90, 95) and interquartile range

Other (n = 6)

Age

| Age category as dummy variables.

* Calculated over windows for both 30 seconds and 270 seconds

** Calculated an estimate of the power spectral density (PSD) using three different methods: Welch’s method, the Lomb-Scargle periodogram
and the autoregressive method. For all three estimates, all frequency domain features are computed according to the specified frequency bands:
VLF [0.00 Hz — 0.04 Hz], LF [ 0.04 Hz — 0.15 Hz], HF [0.15-0.40 Hz].%

2.4 Dimensionality reduction

Some features are irrelevant or redundant for the classification of sleep stages. In addition, features can
be strongly correlated to each other.%® Using all features as model input often leads to a complex model
with performance degradation and overfitting.>® Therefore, principal component analysis (PCA) was
used, where new variables were computed as linear combinations of the original features.5”8 Using this
method, the majority of the variance could be explained with far fewer components. This method
reduced the dimensionality of the data while preserving most of the information and variance within the
dataset.>>® PCA is highly sensitive to variances within the dataset. If features differ in size, the ones
with high variance will be dominant. Therefore, features should be standardised before applying
PCA.%>% Standardisation to Z-scores was performed for each feature by subtracting the mean (u) from
the original value. This difference is divided by the standard deviation (o).

2.5 Model development, training and evaluation

Three different classifiers were considered for development of the model: logistic regression, random
forest and extreme gradient boosting (XGBoost). Logistic regression is a classifier that bases its
prediction on the linear combination of features.®® Random forest and XGBoost are both ensemble
methods based on decision trees. A decision tree is a machine learning model that learns by asking if/else
questions, dividing data into subgroups and ultimately leading to classification.®® Random forest
constructs several of these decision trees, each trained on a subset of the data, with the final prediction
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determined by the majority vote.%%%61 XGBoost sequentially constructs decision trees, with each tree
learning from the mistakes of its predecessors.®°

The three classifiers were developed based on the combination of PTT and ECG features and on
ECG features alone. The main focus of interest in this study is in monitoring sleep in children admitted
to the PICU. While it is preferable to classify sleep stages in as much detail as possible, distinguishing
between sleep and wake would also be a valuable contribution. Part of this thesis is to gain insight into
how many sleep stages can be distinguished. Therefore, the models were developed for two-class (sleep
— wake), three-class (NREM — REM — wake), four-class (NREM 3 — NREM 1&2 — REM — wake) and
five-class (NREM 3 — NREM 2 — NREM 1 — REM — wake) staging. This resulted in the development
of 24 (3x2x4) different models. Since stage N in the diagnostic dataset was only assigned to a few
epochs in one single patient (0.02%), this stage could not be included in model development and
therefore these epochs were removed from analysis.

Baseline performance

Prior to optimisation of the models, a baseline performance was determined for each model. This was
done by training the models, with their default hyperparameter settings, on the diagnostic dataset using
cross-validation (CV). A five-fold grouped stratified split was applied, with grouping on a patient level
and stratification on sleep stages. This method ensures that data from one patient can only occur in one
fold and that the distribution of samples for each sleep stage is preserved in the folds.®?

Hyperparameter optimisation, training, and internal validation of the machine learning models

To optimise and train the models, nested cross-validation (nCV) was applied to the entire diagnostic
dataset for each model, as illustrated in Figure 1. For both the inner and outer CV loop, a grouped
stratified split was applied: a five-fold split in the outer CV loop as described in section ‘Baseline
performance’ and a three-fold split in the inner CV loop.

The inner CV loop was used for hyperparameter optimisation. A parameter grid was set up for each
model as shown in Table S2 and Table S3. Using grid search, the models with all possible combinations
of hyperparameter settings were trained and tested during the three-fold CV. The outer loop was then
used to obtain the training performance, i.e. the expected performance of the models on unseen data.

During the nCV procedure, the aim was to maximise the metric area under the receiver operator
characteristic (AUROC). This metric shows the model’s ability to differentiate between classes. The
performance of the models is analysed for all possible threshold values for all classes, which makes the
metric very suitable for use with a skewed class distribution.®%%36* Other measures that were obtained
for evaluation of the training performance are accuracy, Cohen’s kappa, macro-averaged F1 score and
the balanced accuracy. To assess potential difference between age categories, additional internal
validation was obtained across age categories.

Post-optimisation technique

A skewed class distribution affects the model performance. To compensate for this, the hyperparameter
‘class weight’ was set to ‘balanced’ for logistic regression and random forest. This setting adds weights
during training that are inversely proportional to the frequencies of the classes in the input data. This
class weight hyperparameter is unfortunately not available for XGBoost, which may result in worse
performance.

The models have been optimised by maximising the AUROC. Since AUROC evaluates the
performance for all possible decision thresholds, a high AUROC value does not directly lead to correct
predictions. It could be that the models are able to correctly predict the sleep stages, but that the threshold
has been chosen inefficiently. Even though shifting a threshold in binary problems is a well-known
solution, it is not directly applicable to multi-class problems.5

In multi-class problems, a receiver operating characteristics (ROC) curve is obtained for each class
separately by applying ‘one versus the rest’. Therefore, if the threshold for one of these ROC curves is
shifted, it will have a direct effect on the other predictions. Various methods have been applied to
improve the predictions for the XGBoost classifier. An overview of these methods is presented in section
‘Supplementary materials 1. Finally, weights were added to the posterior probabilities of each class by
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means of a weight vector, optimising the balanced accuracy. This ensures that every class is considered
equally important.®®

Diagnostic dataset

| Scaling » PCA > Model . i -
e o o
S T S T *—-0 o
| Parameter grid |
Mheelemteich -l e o o
Grid search

CV-inner: stratified group 3-fold CV

CV-outer: stratified group 5-fold CV

Legend

Training split

Validation split

| Training performance |

Test split

Figure 1. Schematic representation of the nested cross-validation procedure for machine learning model
development. The entire diagnostic dataset is divided into five folds in the CV outer loop. Per iteration, the
outer training set is used in the CV inner loop, where the data is further divided into three folds. A
hyperparameter grid has been set up for each model. The inner training set is fed into a pipeline, where data is
successively scaled, PCA is applied and the model is fitted. This pipeline, along with the parameter grid, are
fed into the grid search, where all possible parameter combinations are trained on the inner training set and
tested on the inner validation set. Validation scores are averaged over the three iterations. The combination of
hyperparameters with the highest validation score is returned to the CV outer loop. Here, the model with the
hyperparameters is trained on the outer training set and then tested on the outer test set. By performing this for
all five iterations and averaging the test scores, a training performance is obtained: the expected performance
on unseen data.

External model validation

To investigate whether the models could be generalised to PICU data, external validation was
performed. The final optimised models developed based on ECG features alone were fitted once more
to the entire diagnostic dataset and then applied to the PICU dataset. Different performance measures
were obtained including accuracy, Cohen’s kappa, macro-averaged F1 score and balanced accuracy.
The 95% confidence intervals (CI) were generated by bootstrapping with replacement across the patients
500 times.

The performance measures were also obtained per PICU patient, to obtain insight in whether the
generalisation of the models is valid for the entire PICU population or to specific PICU patients. Since
stage N does occur in the PICU data but is not included in the diagnostic data, this might negatively
influence the performance. Results were visualised, including how the models classified the unknown
N stage. In addition, the results were compared to the interrater agreement, where the same performance
measures were obtained as during external validation. To calculate these measures, the labels assigned
by one technician were treated as the gold standard and the labels assigned by the other technician were
treated as predictions.

Post-optimisation external validation

Since external validation was applied to a dataset acquired from a different patient population, a decrease
in performance was to be expected. An experiment was conducted to identify whether any decrease in
performance was caused by the model not being able to be generalised well to the PICU population, or
whether it was due to the scaling of the model. The post-optimisation procedure was applied once for
each model after external validation was completed. A weight vector was obtained for each model, as
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described in ‘Supplementary materials 1°, and was multiplied by the posterior probabilities resulting
from the model.

2.6 Statistical analysis and software
Pre-processing and development of the models was performed in Python 3.8 using the following
packages: NumPy 1.19.2, pandas 1.1.3, Matplotlib 3.3.2, SciPy 1.3.3, pyHRV 0.4.1, NeuroKit2 0.2.0,
scikit-learn 1.1.1 and xgboost 0.90.

Baseline characteristics are reported as median (Q1, Q3) or mean (SD) for continuous variables and
as percentage (number) for categorical variables. The baseline characteristics were compared between
the diagnostic dataset and the PICU dataset using Mann-Whitney U test for continuous variables,
Fisher’s exact test for binary categorical variables and chi-squared test for nominal categorical variables.
For each analysis, a two-sided p-value less than 0.05 was considered statistically significant.
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3

Results

3.1 Patient characteristics

The diagnostic dataset consisted of 90 patients, equally divided over the six predetermined age
categories, ranging between 6 months and 17.6 years (median age of 5.0 (2.3-10.5) years). Patient
characteristics are presented in Table 2. The PICU dataset consisted of 8 patients with ages ranging
between 7 months and 17.3 years (median age of 8.0 (1.0-15.0) years). Gender and age showed no
significant differences between the two datasets in contrast to all other considered patient characteristics
(i.e. duration of the recording per patient, artefacts, NaN values and sleep stage distribution).

Even though the samples are evenly distributed over the different sleep stages for the diagnostic
dataset, ‘wake’ and ‘NREM 1’ are considerably less common. As a result, combining stages for
development of models with fewer classes leads to a skewed distribution of the data. This is of greater
concern when considering the PICU dataset, where a more variable distribution of sleep stages is
present.

Table 2. Characteristics of patients included in the diagnostic dataset and included in the PICU dataset.

Variable Diagnostic dataset (n = 90) PICU dataset (n = 8) p-value
Gender, male, % (n) 61.1 % (55) 50 % (5) 0.71*
Median age, years, median | 5.0 (2.3, 10.5) 8.0 (1.0, 15.0) 0.34**
(Q1,Q3)
PSG / PICU indication, % | Airway obstruction 52.2 % (47) Cardiac failure 12.5% (1)
(n) Neuromuscular disease 25.6 % (23) | Cardiothoracic surgery 12.5% (1)
Pulmonary disease 7.8 % (7) Sepsis 50.0% (4)
Central sleep apnea 2.2 % (2) Neurological disease 12.5% (1)
Unknown 12.2 % (11) Oncological disease 12.5% (1)
Duration of recording per | 549.0 (494.8, 601.3) 1322.0 (1244.5, 1402.5) < 0.05**
patient, minutes, median
(Q1,Q3)
Total duration of all 857.3 (102873) 171.1 (20592)
recordings, hours (n)
Artefacts in all recordings, | 2.9 % (3003) 1.5 % (313) < 0.05*
% (n)
NaN values in all 1.2 % (1197) 0.3 % (53) < 0.05*
recordings, % (n)
Observed sleep stages in all < 0.05%**
recordings, % (n)
Wake 14.1% (13910) 33.6 % (6778)
REM 18.1% (17899) 2.7 % (546)
NREM 1 10.4 % (10253) 13.0 % (2616)
NREM 2 27.3 % (26957) 25.4 % (5130)
NREM 3 30.0 % (29654) 10.8 % (2184)
N 0.0 % (22) 14.4 % (2909)

* Fisher’s exact test

** Mann-Whitney U test

3.2 Dimensionality reduction
Figure S11 shows that 40 principal components were needed to explain 99% of the variance. For
development of the models, the explained variance was set to 99%, resulting in a decrease in

dimensionality.

3.3 Baseline performance

*** Chi-squared test

The baseline performance of the models using their default hyperparameter settings is presented in Table

S4.
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3.4 Internal validation of the models

Nested cross-validation

After applying the nCV procedure, the hyperparameters were fixed as shown in Table S2 and Table S3
(Supplementary materials 3). Table 3 provides an overview of the performance metrics of the models.
For all models developed based on ECG and PTT features, the AUROC values show that the
performance of the model decreases as the number of sleep stages increases. The performance of the
three machine learning models is comparable for all assessed numbers of sleep stages. As Table 3 shows,
the AUROC values for logistic regression, random forest and XGBoost for two-class staging were 0.82,
0.82 and 0.83 respectively, while for five-class staging they were 0.74, 0.73 and 0.74 respectively.

Similar results were obtained for models developed based on ECG features alone. Once more, a
decrease in performance can be observed with an increase in the number of classes. The AUROC values
for two-class staging were 0.79 (logistic regression), 0.80 (random forest) and 0.80 (XGBoost), while
those for five-class staging were 0.74 (logistic regression), 0.73 (random forest) and 0.74 (XGBoost).
The ROC curves presented in section ‘Supplementary materials 6” show that in five-class staging, stage
NREM 1 and stage NREM 2 are least distinguishable. Section ‘Supplementary materials 7’ specifically
examines the performance of the XGBoost model and further illustrates that NREM 1 and NREM 2 are
least distinguishable.

The internal validation results also show that the models developed based on both ECG and PTT
features perform slightly better than the models developed based on ECG features only.

A comparison of model performance among all considered age categories showed no significant
differences. The AUROC values are presented in Table S5 (Supplementary materials 5).

Table 3. Overview of the performance metrics calculated for internal validation of all models developed based on the
combination of ECG and PTT features and ECG features alone. Internal validation was calculated using the nested
cross validation procedure on the diagnostic dataset.

Performance measures

ECG and PTT features ECG features
LR RF XGB LR RF XGB
Two stages
Accuracy 0.76 (0.03) |0.78(0.03) [0.77(0.02) |0.74(0.04) |0.77 (0.04) |0.73(0.04)
AUROC 0.82 (0.02) ]0.82(0.02) ]0.83(0.02) |0.79(0.02) |0.80(0.03) |0.80 (0.03)
Cohen's kappa 0.32(0.02) ]0.34(0.02) |0.36(0.03) |0.28(0.03) |0.30(0.03) |0.28(0.04)
F1 score 0.45(0.01) |0.46(0.01) |0.48(0.03) |0.41(0.02) |0.43(0.02) |0.43(0.04)

Balanced accuracy 0.73(0.01) |0.73(0.02) |0.76(0.02) |0.70(0.01) |0.71(0.02) |0.72(0.02)

Three stages

Accuracy 0.62 (0.03) ]0.61(0.01) ]0.63(0.01) |0.62(0.03) |0.61(0.01) |0.62(0.03)
AUROC 0.79(0.03) |0.78(0.01) |0.80(0.02) |0.78(0.03) |0.78(0.02) |0.79 (0.03)
Cohen's kappa 0.35(0.04) |0.34(0.03) |0.36(0.03) |0.34(0.04) |0.32(0.03) |0.35(0.03)
F1 score 055 (0.03) |0.55(0.02) |0.56(0.02) |0.54(0.03) |0.54(0.02) |0.55 (0.03)

Balanced accuracy 0.61(0.03) |0.61(0.02) |0.62(0.02) |059(0.03) |0.59(0.03) |0.61(0.03)

Four stages

Accuracy 0.48 (0.02) |0.46(0.02) |0.47(0.02) |0.47(0.02) |0.46(0.01) |0.48(0.01)
AUROC 0.75(0.01) |0.74(0.01) |0.76(0.01) |0.74(0.01) |0.74(0.01) |0.75(0.01)
Cohen's kappa 0.31(0.02) ]0.28(0.03) [0.31(0.03) |0.29(0.01) |0.28(0.02) |0.30(0.02)
F1 score 0.48(0.02) |0.45(0.02) |0.46(0.02) |0.46(0.02) |0.45(0.01) |0.47(0.01)
Balanced accuracy 0.52(0.01) ]0.51(0.02) |0.52(0.01) |0.50(0.00) |0.50(0.01) |0.51(0.01)
Five stages
Accuracy 0.44(0.03) |0.42(0.03) [0.45(0.03) |0.43(0.03) [0.42(0.03) |0.45(0.03)
AUROC 0.74(0.02) ]0.73(0.02) [0.74(0.02) |0.74(0.02) [0.73(0.02) |0.74(0.02)
Cohen's kappa 0.29 (0.03) |0.26 (0.04) [0.29(0.03) |0.27 (0.03) |0.26 (0.03) |0.28(0.03)
F1 score 0.41(0.02) ]0.39(0.03) [0.37(0.03) |0.40(0.02) [0.39(0.02) |0.38(0.02)

Balanced accuracy 0.43(0.02) |0.41(0.03) |0.42(0.01) |0.42(0.01) |0.41(0.02) |0.41(0.01)

Values are presented as mean (standard deviation). LR = logistic regression, RF = random forest, XGB = XGBoost
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Post-optimisation technigque

Table S6 provides an overview of the balanced accuracies before adding weights to the posterior
probabilities and the balanced accuracies after. The balanced accuracies for all XGBoost models
improve with the addition of the weights. Section ‘Supplementary materials 7° elaborates on this
improvement and shows the change of the confusion matrix as a result of adding the new weights. The
weights that have been found are presented in Table S7. These will also be applied to the posterior
probabilities of the PICU data.

3.5 External validation of the models

The PICU dataset, that was used for external validation of all models, contains data with a different
distribution of sleep stages compared to the data from the diagnostic dataset. As presented in Table 2,
the amount of wake is higher in the PICU dataset. In addition, less time is spent in REM sleep and stage
N only occurs in the PICU dataset.

There is a strong variation in the distribution of sleep per PICU patient, as presented in Figure S17.
Patient 1, 5, 6 and 7 experienced all sleep stages present in the diagnostic dataset, only differing in ratios.
Patients 2, 3 and 4 spent part of their sleep in the N stage, with patient 2 lacking NREM 1 and NREM 2
sleep and patient 4 only containing N sleep and wake. Patient 8 did not experience REM sleep.

The external validation is both determined for all PICU patients together and for each PICU patient
individually. The performances of the external validation across all PICU patients are presented in Table
4 and Figure 2. The three models showed comparable results for all assessed number of sleep stages.
The performance of the external validation is worse than of the internal validation for each model, with
the largest difference observed in the models with more than three stages (Figure 2).

Table 4. Overview of the performance metrics calculated for external validation of all models developed based
on ECG features alone.

Performance measures

LR* RF* XGB* Interrater
agreement

Two stages

Accuracy 0.51 (0.33-0.68) |0.64(0.46-0.77) |0.53(0.31-0.72) |0.92

Cohen's kappa 0.13(0.00-0.36) |0.23(0.00-0.49) |0.11(0.00-0.41) |0.79

F1 score 0.51(0.32-0.67) |0.50(0.30-0.68) |0.46 (0.25—-0.65) |0.90

Balanced accuracy 0.57 (0.45-0.69) |0.62 (0.46 -0.75) |0.56 (0.42—-0.70) |0.89
Three stages

Accuracy 0.41 (0.25-0.54) |0.54(0.39-0.65) |0.46(0.30-0.61) |0.90

Cohen's kappa 0.10 (0.00-0.26) |0.20(0.00-0.38) |0.12(0.00-0.35) |0.78

F1 score 0.33(0.20-0.43) |0.41(0.29-0.50) |0.37(0.23-0.88) |0.82

Balanced accuracy 0.43(0.31-0.54) ]0.47(0.33-0.59) |0.46(0.31-0.59) |0.78
Four stages

Accuracy 0.28 (0.15-0.40) |0.30(0.16-0.43) |0.25(0.14-0.37) |0.68

Cohen's kappa 0.06 (0.00 —0.15) |0.09 (0.00-0.22) |0.05(0.00-0.16) |0.58

F1 score 0.17(0.10-0.23) |0.21(0.13-0.29) |0.17(0.10-0.23) |0.68

Balanced accuracy 0.27 (0.17-0.34) ]0.28(0.19-0.37) |0.27 (0.17-0.35) |0.70
Five stages

Accuracy 0.26 (0.15-0.39) |0.26(0.15-0.38) | 0.25(0.14-0.37) |0.63

Cohen's kappa 0.05 (0.00-0.16) |0.06 (0.00-0.18) | 0.05(0.00-0.16) |0.54

F1 score 0.14 (0.09-0.20) |0.16(0.10-0.23) | 0.15(0.09 -0.20) |0.59

Balanced accuracy 0.22 (0.14-0.29) |0.22(0.14-0.30) | 0.23(0.15-0.29) | 0.60

LR = logistic regression, RF = Random forest, XGB = XGBoost
*Performance metrics are illustrated with 95% CI values between brackets, calculated using bootstrapping
with replacement across the patients 500 times.
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Figure 2. Balanced accuracy of internal and external validation for all models. The confidence intervals for

external validation obtained with bootstrapping are illustrated by the error bars.

The assessments of individual PICU patients showed that there were large variations in performance
between patients. This is illustrated in Figure 3, which shows the balanced accuracies of the models for
four-class staging compared to the interrater agreement.

The following subsections further elaborate on patient 2 and patient 4 of the PICU dataset with the
highest and lowest balanced accuracy, respectively, considering the random forest model developed for
four-class staging.
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Figure 3. Balanced accuracy per PICU patient for all models for two-class and four-class
staging compared to the interrater agreement. (LR = logistic regression, RF = random forest,
XGB = XGBoost).
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PICU patient 2

The highest balanced accuracy for four-class staging was achieved in PICU patient 2, with a value of
0.52. This is still lower than the interrater agreement, with a calculated balanced accuracy of 0.67. The
actual hypnogram and the predicted hypnogram are shown in Figure 4. The confusion matrix of the
actual stages with respect to the predicted stages and the confusion matrix of the two technicians with
respect to each other are shown in Figure 5. The confusion matrices show similar results for the stages
NREM 3, REM and wake, where wake is correctly predicted 98% of the time. However, REM is also
regularly predicted as wake. In 48% of the time, the model predicts the N stage as NREM 3. The
confusion matrix in Figure 5b shows that in the event of disagreement, if one of the technicians assigns
stage N, the other regularly assigns NREM 3.

Hypnogram PICU002
Actual hypnogram

gy 1 10 O
=TT T o LTl
== U T ok D o I

11:32 13:32 15:32 17:32 19:32
Time (hh:mm)

Figure 4. Hypnogram of PICU patient 2, showing the observed and predicted sleep stages over time,
determined with the random forest classifier.
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Figure 5. Confusion matrices for PICU patient 2
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PICU patient 4

The lowest balanced accuracy for four-class staging was achieved in PICU patient 4 with a value of
0.16. This strongly differs from the interrater agreement where a balanced accuracy of 0.57 was found.
Patient 4 spent most of the time in stage N and the remainder in wake. The actual hypnogram and the
predicted hypnogram are shown in Figure 6. The confusion matrix of the actual stages with respect to
the predicted stages and the confusion matrix of the two technicians with respect to each other are shown
in Figure 7. The model classifies most of the recording as wake or NREM 3. The epochs assigned to
stage N are half of the time classified as wake and the other half as NREM 3. Note that a part of the
stages that were labelled as stage N by one of the technicians were also assessed as wake or NREM 3
by the other technician.

The confusion matrices over all patients, as presented in Figure S18, indicate that the technicians
are mostly in agreement on the assignment of stage N. In the event of disagreement, often one of the
technicians assigns stage N while the other assigns NREM 3 or wake.

The hypnograms for all PICU patients obtained with the random forest model for four-class
staging are presented in Supplementary materials 10.

Hypnogram PICU004
Actual hypnogram
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Figure 6. Hypnogram of PICU patient 4, showing the observed and predicted sleep stages over time,
determined with the random forest classifier.
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Figure 7. Confusion matrices for PICU patient 4
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Post-optimisation external validation
Applying the post-optimisation procedure once for each model, after external validation was completed,
resulted in the balanced accuracies as presented in Table S8 and Figure S19. The overall balanced
accuracies increase slightly in each model, with the largest increase in the logistic regression model and
the smallest increase in the random forest model. For two-class staging, the balanced accuracies
increased after post-optimisation from 0.57 to 0.61 (logistic regression) and from 0.62 to 0.63 (random
forest). For four-class staging, the balanced accuracies increased from 0.27 to 0.32 (logistic regression)
and from 0.28 to 0.30 (random forest).

Figure S20 illustrates large variation in balanced accuracies between PICU patients, where
optimisation in patients 2, 3 and 6 results in a slightly higher balanced accuracy, whereas this results in
a decrease in the other patients.
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Discussion

The present study aimed to develop machine learning models based on both a combination of ECG
signal and PTT and ECG signal alone for sleep classification in children. These models were developed
for two-class, three-class, four-class and five-class staging to examine how many sleep stages could be
distinguished. The classifiers logistic regression, random forest and XGBoost were considered, each
showing comparable performance. The models were able to accurately distinguish between two stages
(sleep —wake) and three stages (NREM — REM — wake). However, differentiating between more stages
resulted in reduced model performance. External validation on a PICU dataset showed that none of the
models were generalisable to the PICU population.

In addition to developing the machine learning models, this study aimed to optimise decision criteria
in multi-class problems. By determining and applying a weight vector to the posterior probabilities of
the XGBoost model, the poorly calibrated model was improved, resulting in better predictions.

The developed models showed good performance especially for two-class (AUROC range 0.79 — 0.80)
and three-class staging (AUROC range 0.78 — 0.79). However, this performance was worse compared
to the interrater agreement we found, and the interrater agreement as described in literature.®”%8 To our
current knowledge, no automated sleep classification models based on vital signs have been developed
for critically ill children. The predictive performance of the models we developed is comparable to
models developed based on vital signs in preterm infants.>*> However, these are inferior to similar
models developed for adults.***° Research by Fonceca et al.** showed that four sleep stages could be
distinguished with a linear discriminant classifier developed based on cardiac and respiratory features
with a Cohen’s kappa coefficient of 0.49 and an accuracy of 0.69. This shows better performance than
the models developed for this thesis. However, their algorithm was developed based on respiratory
features as well, potentially contributing additional information. Furthermore, a subject specific Z-score
was used for normalisation, which is not possible if the algorithm needs to be used in real time. The
deep neural networks developed by Sun et al.® could be used in real-time and show better performance
in distinction of the five sleep stages compared to our models. This makes deep neural networks a
promising solution for the classification problem. However, they are more difficult to interpret than the
machine learning models considered in our study.

Algorithms developed based on EEG features show better results for both preterm infants and
children as well as for adults compared to the models developed for this thesis.***"® Although Zhao et
al.?® still showed the lowest accuracy for prediction of NREM 1 sleep, algorithms developed based on
EEG features might be more capable to distinguish the NREM substages from other stages. However,
these algorithms entail additional and invasive measurements and thus burden the patient. In contrast,
the algorithms developed for this thesis do not require additional measurements, because they are based
on vital signs that are already routinely measured in the PICU.

When examining the number of sleep stages in model performance, it was found that fewer stages (two-
class staging or three-class staging) could be accurately distinguished and that the performance of the
models decreased as the number of sleep stages increased. The models developed for five-class staging
indicate that NREM 1 and NREM 2 are poorly distinguishable from the other sleep stages. NREM 1
was often misclassified as REM or wake, while epochs belonging to NREM 2 were often misclassified
as one of the other sleep stages, mostly as NREM 3. This can partly be attributed to the method of
scoring.” According to the guidelines, epochs following an epoch assigned to NREM 3 are scored as
NREM 2 if they no longer meet the criteria of NREM 3 and do not contain specific characteristics of
wake or REM. Furthermore, after arousal or major body movements, NREM 1 is often assigned to the
epoch, unless it meets the criteria of one of the other stages.” Scoring of arousals is not included in our
models, but they are usually accompanied by an increase in sympathetic activity, which causes changes
in HRV, 273 potentially contributing to the misclassification of these NREM 1 epochs.
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HR and HRV are regulated by the autonomic nervous system. During sleep, autonomic heart control
fluctuates between sympathetic and parasympathetic predominance.’ The sympathetic nervous system
predominates during REM sleep and wake. During NREM sleep, when sleep depth increases, activation
of the sympathetic nervous system gradually decreases with gradual increase in parasympathetic
activity. This leads to change in HR and HRV."?7* Different HRV measures therefore show comparable
values during wake, REM and NREM 1 sleep.”® This is a probable explanation of why the models
regularly misclassified epochs belonging to NREM 1 as REM or wake.

Due to the frequent misclassification of NREM 1 and NREM 2 with the current models, only those
developed for two-class staging and three-class staging can make accurate predictions. Sleep
classification based on ECG alone appears unable to properly distinguish NREM 1 and NREM 2.

During internal validation, an adequate AUROC was obtained for the XGBoost model, while the sleep
stages were not predicted well. This implied that although the model was able to distinguish the stages,
it was not properly calibrated. This could be caused by the skewed distribution of the dataset. To achieve
better predictions, two methods were proposed in this report that were applied to both the posterior
probabilities obtained from the XGBoost model on the diagnostic dataset and to the posterior
probabilities obtained from the logistic regression model applied to different synthetic datasets. The best
method was to weigh each class probability, where many combinations of numbers between 10 and 10
were tried for the weights. The one leading to the highest balanced accuracy was used. This resulted in
better predictions and a better-calibrated model. The artificial datasets showed that this had a clear added
value, especially in case of a very unbalanced distribution. However, the method becomes
computationally more expensive with an increase in the number of classes that need to be distinguished.

When investigating the applicability of the models to the PICU population, the models were applied to
the PICU dataset during external validation, resulting in a greatly reduced overall performance compared
to internal validation. The post-optimisation procedure as described in section ‘Post-optimisation
external validation” was applied, whereby the posterior probabilities were multiplied by a weight vector
derived for each model, resulting in minimal increase in performance. However, since the weights were
determined on the same data on which the performance measures were subsequently calculated, a small
improvement in performance could be explained by overfitting. This implies that although the models
can classify sleep well, they cannot do so in the PICU population. Several reasons can be put forward
to explain why the models based on ECG features alone are currently not applicable in the PICU.

The PICU comprises a heterogeneous population with a great diversity of patients, ages, diagnoses
and treatments. The sleep physiology of PICU patients is complex and there are many challenges in
monitoring sleep. For example, critical illness and use of sedative medication can impede interpretation
of an EEG.™"® During critical illness, autonomic dysfunction may occur, which is associated with
changes in HRV parameters. In addition, commonly used medications in the ICU, such as chronotropic,
antiarrhythmic and antihypertensive drugs, also cause changes in HRV parameters.””””® This
combination complicates classification of sleep in the PICU population. The effects can be seen in the
large variation in performance of our models among PICU patients and the difference in classification
between technicians. It is questionable whether the ECG signal, which is strongly affected by the various
factors on the PICU, is the best method for sleep classification.

For model development, patients up to six months old have been excluded, because substages of
NREM sleep cannot always be distinguished for these patients, resulting in the assignment of epochs to
the N stage. The N stage is assigned to epochs that have the characteristics of NREM sleep, but where
no distinction can be made between NREM 1, NREM 2 and NREM 3 due to atypical EEG
characteristics. During external validation, the N stage was still introduced, regularly occurring in the
PICU dataset but not included in the diagnostic dataset. This implies that the interpretation of the EEG
in a critically ill child is indeed complicated. Since stage N was not included in training of the models,
the models never classified an epoch as stage N. Remarkably, stage N was usually predicted by the
models as NREM 3 or wake. This is consistent with how the technicians scored stage N relative to each
other, which is usually as NREM 3. This is remarkable because, given the definition of stage N, it would
be expected that in the event of disagreement between the technicians, classification would be equally
distributed among NREM 1, NREM 2 and NREM 3.
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Several limitations of this study should be noted. First, the use of PCA reduces the interpretability of the
contributing features. Since new variables are calculated as a linear combination of the original features,
no insight can be obtained regarding which features are most distinctive. However, since the algorithm
tested on the PICU population now only contains features extracted from the ECG signal, it is less
important to know exactly which ECG features contribute the most. In addition, automatic sleep
monitoring will not be used to make acute decisions in treatment. Therefore, model performance is
assumed of greater importance than model interpretability.

A second limitation is that patients up to six months old were not included in this study, as substages
of NREM sleep cannot always be scored before this age. However, this age group concerns about half
of the patients admitted to the PICU of the Erasmus MC.

Another limitation is that the model could only be developed based on signals measured by
BrainRT. Ideally, the signals would be acquired from the Drager monitor used routinely for monitoring
in the PICU, to enable direct implementation. Since this Drager monitor was usually not connected
during the PSG measurements in the diagnostic dataset, these signals could not be used for model
development. As a result, the study was limited to only the signals available in BrainRT. Therefore,
information from respiration, for example, which shows promising results in literature, has not been
included in the development of the models. Furthermore, PTT was not measured in PICU patients,
resulting in the final model only containing features obtained from the ECG signal, while the models
developed on the combination of features extracted from ECG and PTT performed slightly better.

Finally, there was not enough PICU data available for development of the machine learning models.
Therefore, we opted to use PSG data from non-critically ill children for model development. However,
as previously explained, there is a large difference between PICU data and diagnostic data due to, among
other things, the large difference in distribution of the sleep stages between the datasets, variation among
patients within the PICU dataset and the stage N that occurs regularly in the PICU dataset and was not
included in the diagnostic dataset. This makes the diagnostic dataset unsuitable for developing such a
model. Nonetheless, it remains valuable research because of the abundance in PSG data and the
knowledge we gathered from development of the models. In addition, it is highly recommended to
introduce such a model to non-critically ill children because it can assist in manual scoring of the signals,
which is a time-consuming and expensive process. This thesis shows that well-performing models have
been developed based on the diagnostic dataset, which implies high potential in automatic sleep
monitoring based on vital signs.

Automatic real-time sleep monitoring based on vital signs would be a valuable contribution to
personalised care, where each patient’s sleep pattern can be considered in the care process and sleep
disturbances can be reduced. HR and HRV parameters provide a useful basis for automatic sleep
classification. ECG signals contain information regarding sleep and are already measured continuously
in most patients admitted to the PICU. In the future, it could be interesting to include other routinely
measured signals, such as respiration, in the models. Furthermore, adding information extracted from
(single-channel) EEG presents an opportunity. Particularly because this would add information other
than vital signs and EEG is potentially better able to distinguish between the various NREM stages.
Within Erasmus MC, research has been carried out into automatic EEG-based sleep monitoring,
showing promising results.*> Combining these studies marks a first step towards improving
classification performance.

Besides the addition of other signals, it is interesting to consider models that make predictions based
on time-series data, such as long short term memory (LSTM) networks. With the current data processing,
where features are calculated from the signals, time information is extracted from the signal and thus
LSTM is not applicable. However, it poses a promising model for the current classification problem.

In the future, sleep classification models for real-time monitoring of PICU patients should be
developed on large datasets obtained from PICU patients. Collaboration with other medical centres can
contribute to an enlarged dataset and the creation of an external validation set. Furthermore, it would be
interesting to investigate in which PICU patients sleep monitoring can be effective. This requires a study
including patients with different diagnoses and medications. The classification performance can then be
linked to patient characteristics.
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Conclusion

In summary, three machine learning models for sleep classification in children based on vital signs have
been developed using a diagnostic dataset. In addition, a method has been introduced for optimising
decision criteria in multi-class problems for poorly calibrated models. By multiplying each posterior
probability by a weight, the balanced accuracy was optimised, leading to better predictions and a better
calibrated model.

The developed models achieved good performance on the diagnostic dataset, with NREM 3, REM
and wake being distinguished best and increasing model performance as more sleep stages were merged.
However, external validation showed that the current models cannot be applied to the PICU population.
Further research is recommended with a focus on improving the models such that they can be applied
in the PICU population and on combining multiple signals to obtain a better performance.
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Supplementary materials

1. Post-optimisation techniques

Two-class context

ROC-curve

The used machine learning models assign a probability score for each sample belonging to a particular
class. This probability score is converted into a class label based on the decision threshold. The default
threshold in binary classification is equal to 0.5. This means that a sample is predicted to belong in this
class if the probability score for the positive class is greater than 0.5.

The ROC curve is obtained by changing the decision threshold over a wide range of values. For
each decision threshold value, it is examined to which true positive rate (TPR) and to which false

positive rate (FPR) this corresponds, resulting in a point on the ROC curve. An example of a ROC curve
is provided in Figure S1.

Receiver Operating Characteristic Curve

ROC Curve
baseline

Sensitivity (TPR)

04
1 - Specificity (FPR)

Figure S1. Example of a ROC curve.

Threshold moving

In certain cases, the default decision threshold is not an optimal representation of the predicted
probabilities. In those cases, the ROC curve shows a good performance, where in reality the predictions
do not match the actual classification well. This can be improved by optimising the threshold value.®® A
common method to determine the optimal threshold value is to search for the threshold resulting in
maximum TPR and minimum FPR. This is obtained by maximising the Youden Index (TPR-FPR).%

Multi-class context
Optimising the threshold for a multi-class problem is much more complicated. For a problem with K
classes, the used models per sample (x) produce a vector containing probabilities P(4;|x), representing
the probability that x belongs to class A;, with i from 1 to K:°

P(X) = [P()l.1|X),P(AZ|X), IP(Ale)]
For each sample, the probability scores assigned to the different classes sum up to one. An example is
shown in Table S1.

Table S1. Example of the probability matrix
for a three-class problem.

Sample | P(NREM) | P(REM) |P(Wake)
110.80 0.07 0.13
2(0.64 0.33 0.03
3/041 0.43 0.16

In multi-class problems, the class with the highest probability is assigned the class label for each sample.
This highest probability class per sample can be obtained by taking the argmax over the probabilities:
argmax P (4;|x) = argmax([P(A,|x), P(A;]x), ..., P(Ax|x)])
i=1,.K
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For a multi-class problem, ROC curves are created for each class separately by applying ‘one versus the
rest’. For a K-class problem, this leads to a total of K different ROC curves. To optimise the operating
point on the ROC curves, several methods have been devised and investigated. Of these, the two best-
performing methods have been further examined in both the diagnostic dataset using the XGBoost
method (explanation shown in this subsection for the three-class problem) and in synthetic datasets using
the logistic regression method (example shown in this subsection for a four-class problem).

Explanation of the post-optimisation methods applied on the diagnostic dataset

No post-optimisation technique applied

After applying the nCV procedure, the outer loop was run again using the optimal hyperparameters. For
the XGBoost method with three classes this resulted in a balanced accuracy of 0.52. The corresponding
confusion matrix and a hypnogram of one patient are shown in Figure S2 and Figure S3 respectively.
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Predicted label g . s 5 5

Time (hh:mm)
Figure S2. Confusion matrix of the observed Figure S3. Hypnogram of one patient, showing the observed and
stages versus the predicted stages calculated predicted sleep stages over time, determined with the XGBoost classifier
for the XGBoost classifier without applying without applying post-optimisation techniques.
post-optimisation techniques. The outer CV
loop was used.

Method 1 — Optimisation of the individual thresholds
The first method optimises the threshold for each class K separately by considering the multi-class
problem as K binary class problems: each class K versus the rest. An ROC curve is created for each
class, where the optimal threshold per ROC curve is found by maximising the Youden Index. The
optimal thresholds are subtracted from the original probabilities:
P(x) = [P(A4|x) — 01, P(A2]x) — 03, ..., P(Ax|x) — 0k]

The prediction then follows by extracting the maximum of the new probabilities:

argmax([P(44|x) — 01, P(Az|x) — 03, ..., P(A¢|x) — ok])

This method was applied to the posterior probabilities of the XGBoost method for three classes and

resulted in a balanced accuracy over the five folds of 0.61. The corresponding confusion matrix and
hypnogram are shown in Figure S4 and Figure S5 respectively.

30



Normalized Confusion Matrix

NREM

REM

True label

Wake

REM Wake
Predicted label

NREM

Figure S4. Confusion matrix of the observed
stages versus the predicted stages calculated for
the XGBoost classifier applying separate
thresholds to the posterior probabilities. The
outer CV loop was used.

Method 2 — Using a weight vector
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Figure S5. Hypnogram of one patient, showing the observed and

predicted sleep stages over time, determined with the XGBoost applying
separate thresholds to the posterior probabilities.

Each class probability is weighted with a scalar w;.8! This means that all probabilities are multiplied by

the weight vector w = [w4, Wy, W3, ..., W

weighted probabilities:

x]- Then the prediction follows from taking the argmax of the

argmax([w; - P(A1]x), w, = P(A3]x), ..., wg - P(Ag[x)])

To determine the optimal weights, the first weight was set to one. For the other weights, all combinations
were considered with 1072 < w; < 10 using a logarithmic scale. Finally, the combination of weights

resulting in the highest balanced accuracy was used.

This weighting method was also applied to the posterior probabilities of the XGBoost model for three
classes, resulting in a balanced accuracy of 0.61. The corresponding confusion matrix and hypnogram

are shown in Figure S6 and Figure S7 respectively.
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Figure S6. Confusion matrix of the observed
stages versus the predicted stages calculated
for the XGBoost classifier applying weighting
to the posterior probabilities. The outer CV
loop was used.
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Figure S7. Hypnogram of one patient, showing the observed and predicted
sleep stages over time, determined with the XGBoost applying weighting
to the posterior probabilities.
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Other methods

The above sections describe two methods to obtain optimal performance. In addition, two other methods
have been considered. One of these methods was based on the order of the sleep stages. In a three-class
problem, this order was: NREM — REM — Wake. First optimising NREM relative to the rest and then
optimising Wake relative to the rest enabled the possibility to determine whether the samples were
classified as NREM or wake. The unclassified remainder of the samples were then classified into REM.
However, this method resulted in lower balanced accuracy than the individual threshold optimisation
and weighted methods.

Post-optimisation experiments synthetic dataset

In addition to applying the post-optimisation methods to the diagnostic dataset, experiments were also
performed on synthetic datasets, to verify the applicability and efficacy of the methods. Highlighted is
a synthetic problem generated with the sklearn toolbox, consisting of four classes with a skewed
distribution (group 1: 1.5%, group 2: 54.0%, group 3: 7.5%, group 4: 38.0%). In this experiment, the
logistic regression algorithm was trained and optimised on 2700 samples and tested on 300 samples.
The resulting default decision boundary on the test set is shown in Figure S8. The current decision
boundaries predict the majority classes (group 2 and group 4) particularly well. Group 3 is predicted
correctly in 70% of the cases, while group 1 is never predicted correctly. This leads to a balanced
accuracy of 0.61.

Four-class classification decision boundaries baseline model

e groupl

group 2
e group3
group 4

-4 -2 0 2 4

Figure S8. Default decision boundaries for a four-class problem with a skewed class
distribution.

Method 1 — optimisation of the individual thresholds

After applying Method 1 (Figure S9), the decision boundaries are shifted such that part of the samples
belonging to group 1 are predicted as group 1. In addition, the decision boundary separating group 3 and
group 4 has shifted such that samples belonging to group 3 are now largely predicted correctly. Shifting
the decision boundaries to better predict the minority classes results in a slight decrease in correctly
predicted samples in the majority classes. However, this leads to an improved balanced accuracy of 0.75.
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Four-class classification decision boundaries optimised thresholds

e groupl
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e group3
group 4
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Figure S9. Decision boundaries for a four-class problem with a skewed class distribution
optimised using the ‘optimisation of individual thresholds’ method.

Method 2 — Using a weight vector

Applying Method 2 (Figure S10) especially improves classification of the minority class, group 1, whose
samples are now predicted well in 50% of the cases. This leads to an improved balanced accuracy of
0.78.

Four-class classification decision boundaries optimised weigths

e groupl

group 2
e group 3
group 4

-4 -2 0 2 B

Figure S10. Decision boundaries for a four-class problem with a skewed class distribution
optimised using a weight vector.

Insights obtained from experiments on synthetic datasets

The balanced accuracy improved in all studied synthetic datasets with the application of the optimisation
techniques. However, the increase in balanced accuracy was minimal when the datasets were evenly
distributed. In datasets with a skewed distribution, a larger increase was seen in balanced accuracy with
both optimisation methods achieving comparable performance, with an often slightly higher
performance in Method 2. The difference between the two methods increased in a more extreme
situation, i.e., if one of the groups possesses less than 2% of the samples. This is because with Method
1, the minority class was hardly detected, if at all.
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2. Dimensionality reduction

PCA can be applied to reduce the dimensionality of the data while preserving most of the information
and variance within the dataset. Figure S11 presents the number of principal components required to
explain a certain fraction of variance. Only 25 principal components are required to explain 95% of the
variance. To explain 99% of the variance, 40 principal components are used.

12 The number of components needed to explain variance
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Figure S11. The number of principal components to explain variance.
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3. Hyperparameter grid

Table S2 and Table S3 present respectively the hyperparameters included in the parameter grid during
the nCV procedure of the models developed based on both ECG and PTT features and on ECG features
only respectively. Other hyperparameters are set to their default values.

Table S2. Hyperparameter settings, parameter grid and final tuning configuration for the models developed based on both ECG and PTT features.

Hyperparameter per | Settings Parameter grid | Final Final Final Final
model baseline configuration | configuration | configuration |configuration
performance 2-class staging | 3-class staging | 4-class staging | 5-class staging

Logistic regression

Solver Ibfgs Ibfgs Ibfgs Ibfgs Ibfgs Ibfgs

Penalty L2 L2 L2 L2 L2 L2

C 1.0 0.001,0.01,0.1, |0.001 0.001 0.001 0.001

1.0, 10, 100

Class weight None balanced balanced balanced balanced balanced
Random forest

Number of 100 120, 300, 500 500 800 500 800

estimators 800

Max depth 6 5,8 8 8 8 8

Min samples split |2 2,5 5 5 5 5

Class weight None balanced balanced balanced balanced balanced
XGBoost

Learning rate 0.3 0.05,0.1,0.2 0.1 0.1 0.1 0.1

Max depth 6 5,8 5 8 5 5

Min child weight |1 1,3 3 3 1 1

Subsample 1 0.8 0.8 0.8 0.8 0.8

Colsample by tree |1 0.8 0.8 0.8 0.8 0.8
Feature reduction

PCA variance 10.95 [0.99 10.99 10.99 [0.99 10.99

Table S3. Hyperparameter settings, parameter grid and final tuning configuration for the models developed based on ECG features only.

Hyperparameter per | Settings Parameter grid | Final Final Final Final
model baseline configuration |configuration | configuration |configuration
performance 2-class staging | 3-class staging | 4-class staging | 5-class staging

Logistic regression

Solver Ibfgs Ibfgs Ibfgs Ibfgs Ibfgs Ibfgs

Penalty L2 L2 L2 L2 L2 L2

C 1.0 0.001, 0.01,0.1, |0.001 0.001 0.001 0.001

1.0, 10, 100

Class weight None balanced balanced balanced balanced balanced
Random forest

Number of 100 120, 300, 500 300 800 800 800

estimators 800

Max depth 6 5,8 8 8 8 8

Min samples split | 2 2,5 2 2 5 2

Class weight None balanced balanced balanced balanced balanced
XGBoost

Learning rate 0.3 0.05,0.1,0.2 0.05 0.1 0.1 0.1

Max depth 6 5,8 8 5 5 5

Min child weight |1 1,3 3 3 1 3

Subsample 1 0.8 0.8 0.8 0.8 0.8

Colsample by tree |1 0.8 0.8 0.8 0.8 0.8
Feature reduction

PCA variance 10.95 [0.99 10.99 10.99 [0.99 10.99
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4. Baseline performance

Table S4 presents the baseline performance of the different models. The hyperparameters of the models
are set to the values as shown in Table S2 and Table S3. Other hyperparameters are set to their default
values.

Table S4. Overview of the baseline performance for all models using the five-fold cross-validation procedure on the
diagnostic dataset.

Diagnostic dataset

ECG and PTT features ECG features
LR RF XGB LR RF XGB
Two stages
Accuracy 0.87 (0.01) |0.87(0.01) |0.87(0.01) |0.86(0.01) |0.86(0.01) |0.86(0.02)
AUROC 0.78 (0.04) |0.78(0.04) |0.80(0.02) |0.76(0.02) |0.77(0.04) |0.77 (0.03)
Cohen's kappa 0.25(0.06) ]0.11(0.08) [0.33(0.06) [0.19(0.05) |0.08(0.06) |0.29 (0.06)
F1 score 0.30 (0.06) |0.12(0.01) [0.40(0.07) |0.23(0.06) |0.09(0.06) |0.36(0.07)

Balanced accuracy 0.59 (0.02) |0.53(0.03) [0.64(0.03) [0.56(0.02) |0.52(0.02) |0.62(0.03)

Three stages

Accuracy 0.69 (0.02) |0.69(0.02) |0.70(0.02) |0.69(0.02) |0.68(0.02) |0.70(0.02)
AUROC 0.76 (0.02) |0.76 (0.01) |0.78(0.02) |0.76(0.02) |0.77(0.02) |0.78 (0.02)
Cohen's kappa 0.23(0.04) [0.05(0.03) [0.32(0.03) |0.23(0.04) ]0.03(0.02) |0.32(0.03)
F1 score 0.47(0.03) [0.32(0.02) |0.54(0.02) |0.47(0.03) ]0.30(0.01) |0.54(0.02)

Balanced accuracy 0.46 (0.02) ]0.36(0.01) |0.52(0.02) |0.45(0.02) |0.35(0.01) |0.52(0.02)

Four stages

Accuracy 0.49(0.01) ]0.46(0.02) |0.50(0.01) [0.49(0.01) |0.46(0.02) |0.49(0.01)
AUROC 0.73(0.01) ]0.73(0.01) [0.74(0.01) [0.73(0.01) |0.73(0.01) |0.74(0.01)
Cohen's kappa 0.27(0.01) ]0.18(0.02) |0.29(0.02) [0.26(0.01) |0.18(0.02) |0.28(0.01)
F1 score 0.45(0.01) ]0.34(0.02) |0.48(0.01) [0.45(0.01) ]0.35(0.02) |0.47(0.01)
Balanced accuracy 0.45(0.01) ]0.36(0.01) |0.48(0.01) [0.44(0.01) ]0.36(0.01) |0.47(0.01)
Five stages
Accuracy 0.44(0.02) ]0.43(0.02) |0.43(0.03) [0.44(0.02) ]0.43(0.02) ]0.43(0.02)
AUROC 0.73(0.01) ]0.72(0.02) |0.72(0.02) [0.73(0.01) ]0.72(0.02) |0.72(0.02)
Cohen's kappa 0.25(0.02) ]0.22(0.03) [0.25(0.03) [0.25(0.03) |0.22(0.02) |0.25(0.03)
F1 score 0.36(0.02) ]0.34(0.02) [0.39(0.02) [0.36(0.02) |0.34(0.02) |0.38(0.02)

Balanced accuracy 0.38(0.01) |0.35(0.01) [0.39(0.02) [0.38(0.02) ]0.35(0.01) [0.30(0.02)

All values are presented as mean (standard deviation) over the five folds. LR = logistic regression, RF = random
forest, XGB = XGBoost
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5. Internal validation age categories

To gain insight into potential differences in classification performance at different ages, the optimised
models were trained on part of the training data and then tested on 10 patients (not included in the

training part) for each age category. Results are presented in Table S5.

Table S5. Performance of the machine learning models developed
based on ECG features for four-class staging per age category.

AUROC, mean (SD)

Age category LR RF XGB

6-12 mos 0.78 (0.05) 0.78 (0.05) 0.79 (0.05)
1-3y 0.78 (0.05) 0.76 (0.05) 0.78 (0.05)
35y 0.78 (0.05) 0.76 (0.06) 0.77 (0.05)
59y 0.73 (0.09) 0.73 (0.09) 0.73 (0.08)
9-13y 0.76 (0.05) 0.73 (0.06) 0.72 (0.07)
13-18y 0.77 (0.06) 0.76 (0.05) 0.77 (0.06)
p-value * 0.52 0.46 0.18

LR = logistic regression, RF = random forest, XGB = XGBoost.

* Calculated using one-way ANOVA.
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6. Nested cross-validation ROC curves and confusion matrices

The ROC-curves for the models developed based on ECG features alone for two-class staging and five-
class staging are presented in respectively Figure S12 and Figure S14. The associated confusion matrices
are presented in Figure S13 and Figure S15.

The AUROC values decrease with an increase in the number of classes to be distinguished. The
ROC curves presented in Figure S14 show that stages NREM 1 and NREM 2 have the lowest AUROC
values. This indicates that these stages are the least distinctive. The associated confusion matrices
(Figure S15) show that stages NREM 3, REM and wake are generally predicted correctly more than half
of the time. NREM 1 and NREM 2, on the other hand, are mostly predicted incorrectly. Samples
belonging to class NREM 1 are often misclassified as REM or wake. Samples belonging to class NREM
2 are mainly classified as NREM 3.
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Figure S12. ROC curves of the models developed based on ECG features only for two-class staging (sleep-wake) obtained in the last
fold of the nested cross-validation procedure.
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Figure S13. Two-class staging confusion matrices of the actual stages versus the predicted stages (Sleep — wake). Calculated for all
models developed based on ECG features only during the nested cross-validation procedure.
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Figure S14. ROC curves of the models developed based on ECG features only for five-class staging (NREM 3 — NREM 2 — NREM 1 —

REM — wake) obtained in the last fold of the nested cross-validation procedure.
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Figure S15. Five-class staging confusion matrices of the actual stages versus the predicted stages (NREM 3 — NREM 2 — NREM 1 —
REM — wake). Calculated for all models developed based on ECG features only during the nested cross-validation procedure.
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7. XGBoost performance

To gain insight into the additional performance measures of the classifiers, an overview of the results of
the XGBoost model developed based on ECG features alone is presented here.

Figure S16 summarises the results of the XGBoost model for four-class staging. The ROC curve
shows that stages NREM 3, REM and wake can be distinguished well from each other. However, NREM
1&2 shows to be less distinguishable with an AUROC value of 0.64. The confusion matrix obtained
from the nested cross-validation procedure shows that most of the samples are classified as NREM 1&2
and contrary to what the ROC curve shows, REM and wake are often not properly classified. This is
presumably because the thresholds have not been chosen properly.

After applying the weight vector to the posterior probabilities, as explained in section
‘Supplementary materials 1’, the confusion matrix as shown in Figure S16c is obtained. The post-
optimisation procedure ensured that most of the samples are no longer classified as NREM 1&2. Stages
NREM 3, REM and wake are predicted with higher accuracies, contributing to the increase in balanced
accuracy. The samples belonging to stage NREM 1&2 are predicted spread-across all stages, most often
in NREM 1&2 and NREM 3 and least often in wake. It can be concluded that stage NREM 1&2 is
difficult to distinguish from the other stages.
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Figure S16. Additional model performance analysis for the XGBoost classifier developed for four-class staging
based on ECG features only. (a) shows the ROC curves with the AUROC values listed. (b) shows the confusion
matrix obtained from the nested cross-validation procedure. (c) shows the confusion matrix after applying
weights to the posterior probabilities.
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Table S6 summarises the balanced accuracies before and after the post-optimisation procedure. The
balanced accuracies are calculated by taking the average over the five folds. Table S7 provides an

overview of the optimal weights as obtained from the post-optimisation procedure.

Table S6. Overview of the balanced accuracies after applying the nested cross-
validation procedure to the diagnostic dataset and after optimisation of the
posterior probabilities.

ECG and PTT features ECG features
After nCV After post After nCV After post
optimisation optimisation
Two stages 0.64 (0.04) 0.76 (0.02) 0.62 (0.04) 0.72 (0.02)
Three stages | 0.54 (0.02) 0.62 (0.02) 0.52 (0.03) 0.61 (0.03)
Four stages 0.49 (0.01) 0.52 (0.01) 0.48 (0.01) 0.51 (0.01)
Five stages 0.41 (0.02) 0.42 (0.01) 0.40 (0.02) 0.41 (0.01)

Values are presented as mean (standard deviation).

Table S7. Weights obtained from the post-optimisation procedure.

PTT and ECG features ECG features
Two stages | Three stages | Four stages | Five stages | Two stages | Three stages | Four stages | Five stages
wq |10 1.0 1.0 1.0 1.0 1.0 1.0 1.0
w, | 6.4 3.8 2.4 3.0 7.2 3.8 1.6 2.8
w3 (0.0 5.0 3.2 4.0 0.0 4.8 24 2.8
w4 0.0 0.0 3.8 5.6 0.0 0.0 3.2 3.8
ws | 0.0 0.0 0.0 7.0 0.0 0.0 0.0 5.2
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8. External validation on PICU data

The distribution of sleep stages varies greatly per patient admitted to the PICU. Figure S17 presents
these differences compared to the distribution in the diagnostic dataset.

Distribution of sleep stages per PICU patient
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Figure S17. Distribution of sleep stages per PICU patient compared to the distribution of sleep
stages in the diagnostic dataset.

For external validation, the final optimised models developed based on ECG features alone were fitted
once more on the diagnostic dataset and then applied to the PICU dataset. The resulting confusion matrix
of the actual stages with respect to the predicted stages for the random forest model developed for five-
class staging is illustrated in Figure S18a. Figure S18b shows the confusion matrix of the two technicians

with respect to each other.
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Figure S18. Confusion matrices for all PICU patients.
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9. Post optimisation external validation on PICU data

After external validation was completed, classification performance reduced strongly. To investigate
whether the cause was a poorly calibrated model or whether it was due to a model that was not
generalisable to the PICU dataset, an experiment was carried out in which the calibration of the models
was improved using weights as described in ‘Supplementary materials 1°. The balanced accuracies of
the models before and after applying this post optimisation procedure are presented in Table S8 and
Figure S19. Subsequently, the differences per PICU patient are also shown in Figure S20.

Table S8. Overview of the balanced accuracies obtained from external validation and after optimisation of the
posterior probabilities.

Logistic regression Random forest XGBoost

External Post External Post External Post
validation optimisation | validation optimisation | validation optimisation

Two stages 0.57 0.61 0.62 0.63 0.56 0.58
(0.45-0.69) |(0.51-0.72) |(0.46-0.75) [(0.47-0.75) |(0.42-0.70) |[(0.49-0.69)

Three stages 0.43 0.51 0.47 0.50 0.46 0.49
(0.31-0.54) |(0.44-0.60) |(0.33-0.59) [(0.43-0.59) (0.31-0.59) |(0.42-0.58)

Four stages 0.27 0.32 0.28 0.30 0.27 0.29
(0.17-0.34) 1(0.26 -0.37) |(0.19-0.37) [(0.24-0.35) |(0.17-0.35) [(0.24-0.34)

Values are illustrated with 95% CI values between brackets, obtained using bootstrapping with replacement
across the patients 500 times.
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Figure S19. Balanced accuracies of internal validation, external validation and optimised external validation for all models. The
confidence intervals for external validation obtained with bootstrapping are illustrated by the error bars.
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Figure S20. Balanced accuracies per PICU patient for all models for four-class staging. The
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10. Hypnograms PICU patients

The hypnograms of the individual PICU patients obtained during external validation of the random
forest model for four-class staging are presented in Figure S21 to Figure S28.
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Figure S21. Hypnogram of PICU patient 1.
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Figure S22. Hypnogram of PICU patient 2.
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Figure S23. Hypnogram of PICU patient 3.
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Figure S24. Hypnogram of PICU patient 4.
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Figure S25. Hypnogram of PICU patient 5.
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Figure S26. Hypnogram of PICU patient 6.
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Figure S27. Hypnogram of PICU patient 7.
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Figure S28. Hypnogram of PICU patient 8.
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