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ABSTRACT

Introduction

Sepsis is a severe condition that can lead to septic shock and multiple organ failure if not promptly
recognized and treated. Early detection of deterioration is challenging, as continuous monitoring is
uncommon in nursing wards. However, the cardiovascular and respiratory system can be monitored
through wearables able to capture photoplethysmography (PPG) and diaphragm electromyography
(EMG). We hypothesized that an artificial intelligence-based analysis of trends in PPG signals allows
accurate prediction of patient deterioration.

Methods

Continuously measured PPG and EMG waveforms were obtained from the Acutelines data-biobank
at the University Medical Centre. A Matlab algorithm was used to filter and analyze 12-hour measure-
ments, extract features, and determine trends such as the number of slope changes and overall slope.
A Mann-Whitney U test was used to calculate significant differences in trend features between both
groups. Five supervised Machine Learning models were developed with five-fold cross-validation.

Results

We included 189 patients with early sepsis, of which 25 deteriorated, defined as death, Intensive Care
Unit admission, or a rise in SOFA score by at least 2 points within 48 hours after acute admission. Us-
ing PPG trend features selected through statistical evaluation, we demonstrated effective predictive
modeling. The K-nearest neighbor (KNN) model displayed good performance: the model’s accuracy
was 75%, sensitivity 73%, specificity 78%, and an AUROC 0.84. Unfortunately, there was insufficient
EMG data from deteriorating patients for inclusion in the model.

Conclusion

This study demonstrates the potential of using PPG trend features for early prediction of patient de-
terioration. Further research is needed to evaluate the generalization of the models with a separate
test set. Yet, the results seem promising to improve patient safety via telemedicine in hospitals and
at home.
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17 INTRODUCTION

Sepsis is a global healthcare issue and continues to be the leading cause of death from infection [1].
Approximately 49 million people are affected by sepsis every year and it is estimated that 11 million
deaths are caused by the syndrome, accounting for up to 19.7% of all deaths worldwide [2]. Sepsis, a
potentially life-threatening condition characterized by organ dysfunction resulting from a dysregulated
host response to infection, can progress to septic shock and multiple organ failure if not promptly rec-
ognized and treated. The mortality rate for septic shock and multiple organ failure is notably high, with
a rate of 40% or more reported in Napolitano et al [1]. Early identification and prediction of patients
at risk of sepsis is therefore crucial for improving treatment outcomes. [3].

Identifying patients at risk can be difficult, especially in patients who have been discharged or trans-
ferred to a standard nursing ward without continuous monitoring. Although these patients may not
initially seem to require constant monitoring, a significant portion will deteriorate within 72 hours [4].
While vital signs are checked on nursing wards during regular check-ups by nurses, a change in these
signs may go unnoticed for several hours, potentially leading to delays in detecting the deterioration
of a patient [5]. Even when a decline in vital signs is detected, it may not be the earliest indication
of a patient’s worsening condition. For example, decreased oxygen saturation is commonly used
to identify respiratory failure, but there may be a delay between the worsening of pneumonia and a
decrease in oxygen saturation. In such cases, continuously monitoring the patient’s respiratory rate
may provide earlier indications of respiratory deterioration. Therefore, it might be beneficial for the
patient to be continuously monitored in order to gain insight into the patient’s condition and facilitate
early detection of deterioration.

Continuous monitoring of patients in nursing wards as is done in the Intensive Care Unit (ICU) is
technically not possible. However, cheap and non invasive wearables can be used at general wards
for continuous monitoring, as wireless wearable devices have recently become more widely available
[6]. To effectively detect deterioration, it is important to monitor the organs that can be continuously
measured. During deterioration, changes can occur in various organ systems, such as the cardiovas-
cular, respiratory, hepatic, renal and central nervous system (CNS). It can be difficult to continuously
monitor deterioration in the liver and kidneys, as they are often evaluated through blood analyses.
However, the cardiovascular and respiratory systems can be continuously monitored through the use
of photoplethysmography (PPG) and diaphragm electromyography (EMG) wearables. PPG sensors
can measure changes in the cardiovascular system, such as decreased systemic vascular resistance
and changes in cardiac output, that may occur during the early stages of sepsis [7]. EMG activity of
the diaphragm, the main muscle involved in respiration, can be used to detect changes in the respi-
ratory system, such as an increase in the respiratory rate and a change in the work of breathing.

Continuously measured signals provide a wealth of information. The fact that these signals are mea-
sured over an extended period of time allows for the analysis of trends over time. Trend analysis in
continuously measured signals is useful, as it enables the identification of subtle changes over time
that may not be immediately apparent when considering only the absolute values of measurements.
These changes can be indicative of underlying physiological processes and can provide important
insights into a patient’s condition. In previous research, Churpek et al. showed that adding trends
of vital signs significantly increased the accuracy of models designed to detect critical illness on the
wards. Vital signs used here were the temperature, heart rate, respiratory rate, oxygen saturation,
diastolic blood pressure and systolic blood pressure [8, 9].
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Before wearable devices can be utilized to predict deterioration at an early stage, it is necessary to
determine the extent to which the trends observed in these devices are associated with deterioration
and which combination of trends can be most effectively used in predictive models. Machine learning
models are well-suited for this purpose, because they can handle large and complex data sets and
can automatically identify patterns and relationships within the data. Therefore, the following research
question will be answered: 'Can trend features extracted from EMG and PPG data be used to accu-
rately predict deterioration in early septic patients at the emergency department?’

It is expected that continuous monitoring of the respiratory and cardiovascular systems will provide
valuable insights into the patient’s condition, enabling the early identification of deteriorating patients
and the initiation of treatment at an earlier stage. This can lead to a reduction in in-hospital mortality,
a shorter length of hospital stay, and decreased healthcare costs.

Research objectives

The aim of this research is to develop a model that is able to predict deterioration among patients
with early sepsis at the emergency department (ED) based on EMG and PPG waveforms. In order
to ensure the effectiveness of this model, it is important to use robust and reliable features as input.
Therefore, the first step in this research is to investigate how to obtain reliable features. Next, it
will be determined which of these features are most useful for predicting deterioration and can be
incorporated into the models. Finally the most appropriate machine learning models will be selected
and trained.

10



2 BACKGROUND

2.1 Clinical background

Sepsis is a potentially life-threatening condition that occurs when the body’s immune responds to an
infection in a way that leads to organ damage and failure. There is evidence that the development
of sepsis involves not only the infectious agent and the immune response, but also changes in coag-
ulation, immune suppression, and organ function. Sepsis is a common problem in older individuals,
and it disproportionately affects people with cancer and underlying immune suppression. Despite sig-
nificant progress in the understanding of the pathophysiology of sepsis, advances in hemodynamic
monitoring and resuscitation measures, sepsis remains a leading cause of morbidity and mortality in
critically ill patients. [10, 11].

Sepsis has been recognized for some time, but it was not until the late 20th century that it was for-
mally defined clinically. This was due to the lack of effective antimicrobials and supportive care,
which meant that patients with sepsis did not survive long enough to be studied. In February 2016,
the European Society of Intensive Care Medicine and the Society of Critical Care Medicine (SCCM)
published new consensus definitions of sepsis and related clinical criteria (Sepsis-3). According to
these definitions, "sepsis is a life-threatening condition characterized by a dysregulated host response
to infection that leads to organ dysfunction”. Organ dysfunction is measured using the Sequential Or-
gan Failure Assessment (SOFA) score, which is an objective measure of the number and severity of
organ dysfunction in six organ systems (respiratory, coagulatory, hepatic, cardiovascular, renal and
neurological). The SOFA score can be used to measure individual or aggregate organ dysfunction
[12], which can be seen in figure 2.1. [1]

SOFA score
Organ system
0 1 2 3 4
Respiratory, PO,/FiO,, mmHg >400 <400 <300 <200 <100
(kPa) (58.3) (53.3) (40) (26.7) with respiratory (13.3) with respiratory
support
Coagulation, Platelets, x10°/mm? >150 <150 <100 <50 <20
Liver, Bilirubin, mg/dL <1.2 1.2-1.9 2.0-5.9 6.0-11.9 >12.0
Cardiovascular MAP MAP Dopamine <5 or Dopamine 5.1-15 or Dopamine >15 or
>70 mmHg <70 mmHg dobutamine epinephrine <0.1 or epinephrine >0.1 or

(any dose)® norepinephrine <0.1° norepinephrine >0.1°
Central nervous system, Glasgow 15 13-14 10-12 6-9 <6
Coma Scale
Renal, Creatinine, mg/dL. Urine <1.2 1.2-1.9 2.0-3.4 3.5-4.9 >5.0
output, mL/d <500 <200

Figure 2.1: The Sequential Organ Failure Assessment (SOFA) score [11]

11
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2.1.1 Pathophysiology of sepsis

It has been previously believed that the hemodynamic features of sepsis were largely a result of
the hyperactive immune response of the host to a specific pathogen. However, molecular studies
have revealed a far more nuanced and complex interplay between the infectious agent and host that
together produce the manifestations of sepsis. [11]

Innate immunity and inflammatory mediators

In sepsis, there is an excessive immune response that leads to the cell death of host cells and
tissues due to collateral damage. This immune response is initiated by the activation of innate
immune cells, such as macrophages, monocytes, neutrophils and natural killer cells, through the
binding of pathogen-associated molecular patterns (PAMPs) or damage-associated molecular pat-
terns (DAMPs) to specific receptors. This activates intracellular signaling pathways that lead to the
transcription and release of pro-inflammatory cytokines, including TNF-a, IL-1, and IL-6. Some pat-
tern recognition receptors, such as NOD-like receptors, can also form inflammasomes that produce
cytokines such as IL-1b and IL-18, as well as caspases involved in programmed cell death. Pro-
inflammatory cytokines stimulate the activation and proliferation of leukocytes, activate the comple-
ment system, increase the expression of endothelial adhesion molecules and chemokines, induce
the production of tissue factor and upregulate hepatic acute phase reactants. [11]

Dysregulation of hemostasis

In sepsis, there is an intersection between the inflammatory and hemostatic pathways, with the simul-
taneous activation of both the inflammatory and the coagulation cascades. This can range in severity
from mild thrombocytopenia to disseminated intravascular coagulation (DIC). The hypercoagulability
associated with sepsis is thought to be driven by the release of tissue factor from disrupted endothelial
cells, which activates the coagulation cascade and leads to the production of thrombin, activation of
platelets, and formation of platelet-fibrin clots. These microthrombi can cause local hypoperfusion, re-
sulting in tissue hypoxia and organ dysfunction. In addition to the proagulant effects described above,
sepsis also leads to a depression of the anticoagulant effects of protein C and antithrombin, which
normally temper the coagulation cascade. Protein C is normally converted to activated protein C by
thrombomodulin, which itself is activated by thrombin. Activated protein C has both anticoagulant
effects through the degradation of factors Va and Vllla in conjunction with activated protein S, and
anti-inflammatory effects, including the inhibition of TNF-a, IL-1b and IL-6 and the limitation of neu-
trophil and monocyte adhesion to endothelium. In patients with sepsis, there are decreased levels of
protein C, downregulation of thrombomodulin, and low levels of protein S, leading to the unregulated
propagation of the coagulation cascade. [13]

Immunosuppresion

The initial proinflammatory state of sepsis is often superseded by a prolonged state of immunosuppre-
sion. This is characterized by a decrease in the number of T cells due to apoptosis and a decreased
response to inflammatory cytokines [14]. Postmortem studies of ICU patients who died of sepsis
have shown a global depletion of CD4+ and CD8+ T cells, particularly in lymphoid organs such as the
spleen [15]. Studies have also revealed a decreased production of crucial cytokines, such as the IL-6
and TNF-a in response to endotoxin [16]. In septic patients, neutrophils have been found to express
fewer chemokine receptors and have diminished chemotaxis in response to IL-8 [17]. These findings
suggest that the immune system in septic individuals is unable to mount an effective response to
secondary bacterial, viral or fungal infections.

Cellular, tissue and organ dysfunction

The underlying mechanism behind tissue and organ dysfunction in sepsis is decreased oxygen deliv-
ery and utilization by cells due to hypoperfusion. Hypoperfusion is a result of cardiovascular dysfunc-
tion, which is common in sepsis. The incidence of septic cardiomyopathy ranges from 18% and 60%

12
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in different studies and it thought to be related to circulating cytokines such as TNF-a and IL-1b, which
can depress cardiac myocytes and interfere with their mitochondrial function. However, the impact
of myocardial depression on mortality has not been established yet. In addition to cardiovascular
dysfunction, sepsis also produces a state of hypotension and distributive shock due to arterial and
venous dilation (induced by inflammatory mediators) and reduced venous return. This dilation affects
all components of the microvasculature: arterioles, venules, and capillaries. This is exacerbated by
the leakage of intravascular fluid into the interstitial space due to loss of endothelial barrier function,
induced by alterations in endothelial cadherin and tight junctions. All of these changes in hemodynam-
ics, in conjunction with microvascular thrombosis, can result in hypoperfusion in tissues and organs.
This leads to increased anaerobic glycolysis in cells, resulting in the production of lactic acid and the
production of reactive oxygen species (ROS). These ROS cause dysfunction of mitochondria and a
drop in ATP levels. These mechanisms cause damage at the cellular levels. The broader alterations
that occur in tissues and organs contribute to the morbidity and mortality of sepsis. [11]

There are significant alterations to the endothelium in sepsis, including disruption of its barrier function,
vasodilation, increased leukocyte adhesion and the creation of a proagulant state. These changes
lead to the accumulation of edema fluid in the interstitial spaces, body cavities, and subcutaneous
tissue. In the lungs, there is a disruption of the alveolar-endothelial barrier and the accumulation
of protein-rich fluid in the interstitial lung spaces and alveoli, which can cause a ventilation-perfusion
mismatch, hypoxia, and a decreased lung compliance, potentially leading to the development of acute
respiratory distress syndrome (ARDS) in severe cases. In the kidneys, a combination of reduced renal
perfusion, acute tubular necrosis, and other defects in the microvasculature and tubules can result in
varying degrees of acute kidney injury. In the gastrointestinal tract, the increased permeability of the
mucosal lining leads to both bacterial translocation across the bowel and autodigestion of the bowel
by luminal enzymes. In the liver, there is suppression of bilirubin clearance, leading to cholestatis.
Altered mentation, a common symptom in sepsis, is indicative of central nervous system (CNS) dys-
function. The endothelial changes described above undermine the blood-brain barrier, allowing the
entry of toxins, inflammatory cells, and cytokines and leading to cerebral edema, neurotransmitter
disruption, oxidative stress, and white matter changes that can range from mild confusion to delirium
and coma (septic encephalophathy). [11]

Treatment strategies

The success of treatment for sepsis depends on early diagnosis, prompt initiation of appropriate an-
tibiotic treatment and elimination or recovery from the underlying disease. Antibiotics are often ad-
ministered empirically while awaiting determination of the microorganism. The first six hours after the
onset of sepsis symptoms are particularly critical for prognosis, and it has been shown that appropri-
ate antibiotic treatment within this time frame can reduce the incidence of shock by half, regardless
of the underlying disease in cases of sepsis caused by gram-negative bacteria. [18]

The primary goal in septic shock is to regulate blood volume and provide sufficient tissue perfusion.
The first step in achieving this is to administer appropriate fluid therapy. In patients who have achieved
fluid balance, but still have hypotension, vasoactive drugs may be added to the treatment. Corticos-
terioids are another important agent that have been shown to reduce the risk of death in the treatment
of sepsis. [18]

2.2 Technical background

In this study, photoplethysmography (PPG) and diaphragm electromyography (EMG) were utilized for
data acquisition. The principles and applications of these techniques will be described in the following
sections. Additionally, trend analysis will be analyzed and a range of machine learning models will be
explored.

13
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2.2.1 Photoplethysmography

PPG is a non-invasive technique that uses light to measure changes in the volume of blood in a spe-
cific region of the body, typically the finger or earlobe, as depicted in Figure 2.2a and 2.2b. A light
source is used to illuminate the tissue, and a photodetector measures the variations in light inten-
sity resulting from changes in perfusion during the cardiac cycle, as illustrated in Figure 2.2c. The
wavelength of the light used in PPG plays a significant role in light-tissue interaction. The primary
constituent of tissue, water, strongly absorbs light in the ultraviolet and longer infrared wavelengths.
Shorter wavelengths of light are also absorbed by melanin to a considerable extent. However, there
is a window in the absorption spectrum of water that allows visible (red) and near infrared light to pass
through more easily, enabling the measurement of blood flow or volume at these wavelengths. As a
result, infrared (IR) or near infrared (NIR) light is often chosen for use as the PPG light source. [19]

The photoplethysmography (PPG) waveform consists of both an alternating current (AC) component
and a direct current (DC) component, as depicted in Figure 2.2c. The AC component is the pulsatile
component of the PPG waveform and reflects the changes in blood volume that occur during the car-
diac cycle. It typically has a fundamental frequency of around 1 Hz, depending on the heart rate. The
DC component reflects the average blood volume and the tissue, and changes slowly due to factors
such as respiration, vasomotor activity, and vasoconstrictor waves. The PPG waveform is charac-
terized by two phases: the anacrotic phase, which corresponds to the rising edge of the pulse, and
the catacrotic phase, which corresponds to the falling edge of the pulse. The first phase is primarily
associated with systole, while the second phase is associated with diastole and wave reflections from
the periphery. A dicrotic notch is typically observed in the catacrotic phase of individuals with healthy,
compliant arteries. [19, 20]

In a pulse oximeter, the ratio of NIR and IR light absorbed by the blood is typically measured using
a pair of LED light sources, one emitting NIR light and the other emitting IR light. The intensity of
light that reaches the detector is measured for each wavelength, and the ratio of the two intensities
is used to calculate the oxygen saturation of the blood. However, in this research, the focus is not on
measuring oxygen saturation, but on the analysis of the PPG waveform itself. [21]

O Light source

Other
tissues

Venous blood

Non-pulsatile component

) LED Photodetector ol artery blood

Pulsatile component
of artery blood

Diastolic
phase

.

Systolic
phase

LED Time

AC Pulsatile
part

DC Steady
part

PPG waveform
I
|
]

Photodetector

1 "

Time

b) c)

Figure 2.2: Principle of photoplethysmography [22]

PPG features
The derived PPG features are divided into five categories: amplitude dependent features, time depen-
dent features, areas, indexes and ratios, and second derivative features, also known as acceleration

14
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plethysmography. Most of the features are visualized in Figure 2.4.

Amplitude dependent features

There are three amplitude dependent features. One commonly used feature is the Systolic Peak Am-
plitude (SPA), which is defined as the magnitude of the first peak within a single PPG waveform. The
SPA serves as a quantitative indicator of the pulsatile changes in blood volume that result from arterial
blood flow around the measurement site. SPA has been linked to be correlated with stroke volume
[23]. Furthermore, it has been proposed that the SPA may be an appropriate measure than pulse
arrival time for estimating continuous blood pressure [24]. The second amplitude-dependent feature
is the Diastolic Peak Amplitude (DPA), which corresponds to the magnitude of the second peak of
the PPG waveform. The DPA is considered as the late systolic peak, as it primarily arises from the
reflected systolic wave from the lower body [20]. Lastly, the Relative Amplitude (RA) is calculated by
dividing the SPA by the true value of the systolic peak.

Time dependent features

In this study, six time-dependent features were extracted from the PPG signals. The Pulse Width
(PW) is calculated at the point of half-height of the systolic peak. There is suggested that the PW is
more strongly correlated with the systemic vascular resistance than the SPA [25]. The Peak-to-Peak
(PtP) interval represents the time between two consecutive systolic peaks and is highly correlated
with heart rate [26]. The Pulse Interval (Pl) is defined as the time between the onset and the end
of a PPG wave. The Crest Time (CT) corresponds to the time from the onset of the PPG waveform
to the systolic peak amplitude and it has been demonstrated that the CT can be a useful feature
for cardiovascular disease classification [27]. The Delta Time (DT) is defined as the time between
the systolic peak and diastolic peak, and it relates with the time it takes for the systolic pressure to
propagate from the heart to the periphery and back [28]. Lastly, the Heart Rate (HR) is based on the
pulse interval.

Areas

Stroke volume (SV) can be indirectly measured by calculating the area under the curve (AUC) of the
systolic segment of the PPG waveform, as illustrated by area A1 in Figure 2.4. Although this feature
has not been used in previous studies, a similar calculation method is used for arterial blood pressure
(ABP) waveforms [29]. Given the similarity between ABP and PPG waveforms, the SV feature has
been incorporated into this study as well. Subsequently, cardiac output (CO) can be computed by
multiplying the calculated SV with the heart rate.

Indexes and ratios

The ratio between the DPA and the SPA is called the reflection index (RI), because it is the ratio
between the original wave and the reflected wave [20]. The augmentation index (Al) is the normalized
version of the RI, which is specified as the SPA minus the DPA, divided by the SPA [20]. The area
under the curve (AUC) can be divided into two parts at the dicrotic notch, as visualized in Figure 2.4.
The infliction point area (IPA) ratio is the ratio between two areas and is specified as the area under
the diastolic peak (A2) divided by the area under the systolic peak (A1) [28]. Wang et al., found that
the ratio of these two areas can be used as an indicator of total peripheral resistance [30].

Acceleration Plethysmography

The second derivative of photoplethysmogram, also known as the acceleration plethysmogram (APG),
is an indicator of the acceleration of blood in the finger. The APG waveform includes four systolic
waves (a,b,c,d) and one diastolic wave (e-wave), which can be seen in Figure 2.3.The e-wave repre-
sents the dicrotic notch and corresponds to the closure of the aortic valve and subsequent retrograde
blood flow. The ratio between these waves can be determined. However, not every subject has all the
different waves, so a uniform feature for all subjects, the b/a ratio, was chosen. Takazawa et al. [31]
demonstrated that the b/a ratio reflects increased arterial stiffness, hence the b/a ratio increases with
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age. Imanaga et al. [32] provided a direct evidence that that the magnitude of b/a of the APG is re-
lated to the distensibility of the peripheral artery and showed that it is a useful index of atherosclerosis
and altered arterial distensibility.

Systolic

Dicrotic
Notch

(a)

Diastolic
Peak

Figure 2.3: The PPG waveform is presented in part (a) of the figure, while part (b) illustrates the second
derivative of the PPG waveform. Part (a) allows for the identification of the a, b, c, d, and e waves. [33]

PtP interval

SPA

N\

Pulse width
DPA Al A2
Delta time

Crest time

Amplitude

Pulse interval

Time

Figure 2.4: Overview of PPG features. SPA is the systolic peak amplitude, DPA is the diastolic peak amplitude,
A1 is the area under the systolic part of the curve, A2 is the area under the diastolic part of the curve.
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2.2.2 Electromyography

Electromyography (EMG) is a technique that records the electrical potentials produced during muscle
contractions. It uses electrodes placed on the skin or inserted into muscle tissue. Surface EMG is the
most commonly used method, as it is non-invasive and more practical to use than intramuscular EMG.

Respiratory activity can be monitored using surface EMG of the main respiratory muscle, the di-
aphragm. The diaphragm separates the thoracic cavity and the abdominal cavity. Upon inhalation,
the diaphragm contract and flattens, causing the chest cavity to expand. This contraction creates a
vacuum, which draws air into the lungs. Upon exhalation, the diaphragm relaxes and returns to its
domelike shape, forcing air out of the lungs [34]. Surface EMG recordings of the diaphragm pose
some challenges as the diaphragm is not a subcutaneous muscle. Signal power loss occurs through
the tissues interposed between the electrodes and the diaphragm. However, it has been determined
that quality EMG recordings, minimally affected by unwanted factors, can be obtained from the di-
aphragm with appropriate electrode placement [35]. An increase in respiratory rate will be reflected
as more frequent activation of the diaphragm muscle and it is hypothesized that an increase in the
work of breathing will likely result in an increased area under the curve [36].

2.2.3 Trend analyses

Trend analysis is a technique used to identify patterns and trends in intermittent recorded vital signs
or waveforms by examining changes over time. This approach is particularly useful in detecting early
signs of deterioration in a patient’s condition, which can be missed by relying on individual measure-
ments. Despite their potential usefulness, trend analysis are not widely used due to a lack of knowl-
edge and appreciation among doctors [9]. However, a systematic review by Brekke et al., found that
trend analysis of intermittent vital signs can increase the accuracy of detecting clinical deterioration in
both the ED and on general wards [9, 8]. Various trend features, including the change in the current
value from the previous value, the mean, standard deviation, slope, minimum and maximum, were
investigated.

In a other study by Bloch et al., machine learning models were trained using a set of features repre-
senting the variability in continous measured vital signs at the ICU, with the hypothesis that changes
in the variability of certain physiological parameters could serve as an early warning for impending
sepsis. One of the trend features used in the study was the number of trend changes, defined as a
series of local minimum and maximum values. A vital sign with a higher number of trend changes is
considered less stable than one with fewer changes. Other trend features included the mean, mini-
mum, and maximum intensity of changes, which indicate the magnitude of changes in a vital sign. A
vital sign with a higher intensity of change is considered less stable than one with a lower intensity.
These features took into account both the amount and intensity of changes in vital signs. The study
found that variability in vital signs was a good indicator of the risk of sepsis during an ICU stay [37].

The results of previous studies have shown that adding trends generally lead to increased accuracy in
detecting clinical deterioration compared to models relying solely on current vital signs. However, the
generalilizability of these findings is difficult to assess and there is no consensus on the most effective
methods for trend analysis or the optimal features to use as input for predictive models.

2.2.4 Machine-learning

In recent years, machine learning has gained widespread use in the medical field due to its ability to
process large amounts of data and provide accurate predictions of patient outcomes. Machine learn-
ing is a subfield of artificial intelligence (Al) that focuses on developing systems that learn patterns
from data in a way that is not explicitly programmed. These systems improve their performance on
a specific task through iterative computations that enable them to adapt to new situations. Machine
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learning can be divided into three categories: supervised learning, unsupervised learning, and rein-
forcement learning. Supervised learning uses a labeled dataset, which is typically split into a training
and test set for model training and validation. The resulting supervised learning model is then used to
generate predictions on previously unseen, unlabeled data. Examples of supervised learning include
classification and regression. Unsupervised learning involves identifying hidden patterns and rela-
tionships in an unlabeled dataset through grouping data into clusters or through association. Finally,
reinforcement learning is a type of machine learning in which the learner is an agent in an environ-
ment that learns through taking actions and receiving feedback on the effectiveness of these actions
in solving a particular problem. [38]

Logistic regression

Logistic regression is a supervised machine learning algorithm used for binary classification problems.
While linear regression can predict a continuous variable based on the weight of each independent
variable, logistic regression is used for classifying data into two distinct categories. It follows the same
principle as linear regression, where the prediction is determined by the summation of the product of
features and their corresponding weight:

y = Bg+ Bix1 + Baxo (2.1)

where the dependent variable y depends on the sum of the intercept By and for each independent
variable, the multiplication of the variable’s value x and its weight B. It then uses a logistic function
that computes the combination of the independent variables, resulting in the logarithmic odds for a
sample belonging to a certain class. This logistic model can be seen in Equation 2.2.

1
p= 11 67(30+Blzl+32$2)

(2.2)

where given an input sample z, it computes the linear equation 2.1 and returns the probability of this
input belonging to a class. The parameters of the intercept and weight are optimized during the train-
ing process so that the model can correctly classify new examples [39].

K-Nearest Neighbours

The K-Nearest Neighbors (KNN) algorithm uses distance
calculations to identify instances with similar proximity.
When developing a KNN model, the first step is to deter-
mine the number of nearest neighbours, also known as K.
A small K value results in a higher influence on the output,
while a higher K can lead to a smoother decision bound-
ary with lower variance, but increased bias. One approach
to selecting K is to train a model with various K values
and use a cross-validation technique to determine which
K results in the highest testing accuracy. Next, a distance
function such as Euclidean distance is used to calculate
the distance between each instance and all training sam-
ples. The K neighbors with the least distance are cho-
sen, and the category or numeric value of these nearest
neighbors is obtained. Finally, the class of an instance is Figure 2.5: Support Vector Machine for a
predicted based on the majority of the nearest neighbors. two dimensional space [40]

[39]

Optimal Hyperplane

Support vector /

Support vector machine

Support Vector Machines (SVM) are another form of supervised machine learning algorithms that
can be used for both classification and regression tasks. The goal of SVM is to find a hyperplane that
maximally separates different classes in the data by maximizing the margin between the hyperplane
and the nearest data points, known as support vectors. This is illustrated in Figure 2.5, which shows
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a separating hyperplane (black solid line) drawn to distinguish between blue and green instances in
a two-dimensional space. In a three-dimensional space, the hyperplane becomes a two-dimensional
plane. The distance between the dashed red lines and the separating hyperplane is referred to as
the margin. The objective in SVM is to maximize this margin from both sides. [39]

Decision Tree and Random Forest

A decision tree is a machine learning algorithm that utilizes a set of features in the data to make a
series of decisions and reach a specific result. The order in which these features are evaluated is
based on criteria such as the Gini impurity index or information gain [39]. An ideal decision tree would
accurately predict class labels. However, decision trees have the potential to overfit, meaning they
may perform well on the training data, but poorly on new data. To reduce this risk of overfitting, the
Random Forest classifier can be used. Random Forest is an ensemble of decision trees, as shown in
Figure 2.6. While a single decision tree may produce inaccurate predictions due to variance, taking
the majority vote from hundreds or thousands of trees in a Random Forest can reduce this variance
and improve the accuracy of the final prediction. [39]

Decision Tree-1 Decision Tree-2 Decision Tree-N

Result-1 Result-2 Result-N

L»{ Majority Voting / Averaging

Final Result

Figure 2.6: Random forest [41]

Feature selection

There are several strategies that can be used to select relevant features as input for machine learning
models. One approach is to remove highly correlated features, as these may not provide additional
value to the model and may even be redundant. Alternatively, wrapper methods, which involve the
use of a machine learning algorithm to identify the most relevant features, can be used. These meth-
ods iteratively evaluate the performance of the model using different subsets of features in order to
determine the optimal subset. Filter methods, on the other hand, involve the selection of features
based on statistical tests and are generally independent of the model.

Data augmentation

To address imbalance in a dataset, Synthetic Minority Oversampling (SMOTE) can be used. SMOTE
generates new minority samples by selecting a random minority class instance and determining its
k-nearest neighbors. A random instance is then chosen from these neighbors and a synthetic exam-
ple is created at a randomly determined point between the two samples in the feature space. This
process is repeated until there are as many minority samples as there are of the original majority class.

Cross-validation
Cross-validation is a technique used in machine learning to assess the performance of a model on an
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independent data set. In K-fold cross-validation the data set is divided into k equally sized folds. The
model is trained on k-1 of the folds and the remaining fold is used as the test split. This procedure
is then repeated k times, with a different fold being used as the test set each time. The average
performance measure across all k iterations is used as the performance measure of the model.

Performance measures

There are several performance measures that can be used to evaluate the performance of classifiers,
including accuracy, precision, recall, AUC, and F1 score. These measures are all derived from the
confusion matrix, which can be seen in Figure 2.7. In this study, the goal is to predict as many data
points correctly as possible, which is measured by accuracy. However, accuracy may not provide
enough information, especially for imbalanced classes. For example, if a dataset has 100 samples
with 90 samples belonging to class 0 and 10 samples belonging to class 1, and the model predicts that
every sample belongs to class 0, the accuracy would be 90%, but the model would not be useful as
a classifier. Therefore, precision and recall are also considered. Precision measures the proportion
of positive predictions that are correct, while recall measures the proportion of actual positive cases
that were correctly predicted. A model with a precision of 100% means that no subjects were falsely
marked as a risk for deterioration, while a model with a recall of 100% means that all subjects that will
deteriorate are correctly labeled.

Itis rare for a model to have perfect scores for both specificity and recall (sensitivity), so there is often
a trade-off between these two measures. This balance can be visualized using a Receiver Operating
Characteristic (ROC) curve, which plots the true positive rate (sensitivity) against the false positive
rate (1-specificity). The AUC value, or the area under the ROC curve, can be used as a summary
statistic for comparing classifiers. A perfect classifier has an AUC of 1.0, while a random classifier
has an AUC of 0.5. However, AUC may not be suitable for evaluating classifiers on imbalanced data
sets, as it is not sensitive to the relative costs of false positives and false negatives. In such cases,
the F1 score may be a better measure. The F1 score is the harmonic mean of precision and recall,
and it takes into account both false positives and false negatives as can be seen in equation 2.3. This
makes it useful for evaluating classifiers on imbalanced data sets.

Precision * Recall
Flgeore = 2 % (23)

Precision + Recall

Predicted Class

g %
Positive Negative
i —
. . False Negative (FN) SRy
Positive True Positive (TP) - e TP
_\1". L0l (TP+FN)
Actual Class
J< Specificit;
) False Positive (FP) P y
Negative True Negative (TN) TN
Type I Error ——
(TN + FP)
\
. Negative Predictive Accuracy
Precision
p Value TP+TN
= P TN (TP + TN + FP + FN)
(TP + FP) s
(TN + FN)

Figure 2.7: Confusion matrix [42]
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3 METHODS

This chapter presents the methodology of the study, which is divided into six parts. The first part
provides an overview of the dataset and the inclusion criteria. The second and third sections present
and discuss the preprocessing of the PPG and EMG waveforms, respectively. The fourth section
explains the trend analysis process. The fifth part elaborates on the statistical analysis and the sixth
section outlines the methodology for the machine learning models.

3.1 Dataset

This study uses vital signs and continuously measured PPG and EMG data collected by the Acutelines
data and biobank project at the ED of the University Medical Center Groningen (UMCG) [43]. The
Acutelines project aims to gather data and biomaterials from critically ill patients in order to facilitate
research to the pathophysiology, diagnosis, treatment and prognosis of severe diseases. The bank
includes bedside monitoring data, such as electrophysiological waveforms and vital parameters, as
well as information from other sources such as electronic health records.

3.1.1  Population

Patients were included who visited the ED of the UMCG between 09.00 and 23.00 from March 2021
to October 2022 who met the following inclusion criteria:

* Inclusion criteria:

— Adults aged 18 years or older
— Consent to use their data for research
— Meeting one of the following (early) sepsis criteria of Acutelines:

*

Clinical suspicion of sepsis by a physician or nurse

Two or more SIRS criteria (Figure 3.1)

Two or more qSOFA criteria (Figure 3.2)

Blood cultures in combination with Emergency Severity Index (ESI) [44] level 1 or 2 or
blood cultures taken in combination with admission by ambulance and ESlI level 3.
Temperature < 35 °C or > 38 °C in combination with ESI level 1 or 2 or temperature
< 35 °C or > 38 °C in combination with admission by ambulance and ESI level 3.

*

*

*

*

» Exclusion criteria:

— Known cardiac arrhythmia’s

— Implanted pacemakers, deep brain stimulators or other stimulation devices implanted un-
der the skin in the thoracic or abdominal area

— Comorbidities with known signal disturbance, such as pneumothorax and ascites
— No admission to the nursing ward at the UMCG
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Systemic Inflammatory Response Syndrome

Temperature >38.3°C, or <36°C

Heart Rate >90 bmp qSOFA (Quick SOFA) Criteria Points

Respiratory rate =22/min 1
Respiratory rate >20 breaths/min
Change in mental status 1
White cell count <4 or >12 g/L
Systolic blood pressure <100 mmHg 1

Blood glucose >7.7 mmol/L not diabetic

Figure 3.2: qSOFA criteria [46]

New altered mental state

Figure 3.1: SIRS criteria [45]

The patients were divided into two groups: deteriorated and not deteriorated. A deterioration label
was assigned to a patient if they fell into one of the following categories within a 48-hour window after
ED admission:

* Deceased
* ICU admission

* Increase of two points in SOFA score in combination with a clinical proven infection based on
the performed adjudication

The SOFA score was calculated according to the criteria outlined in Figure 2.1. Many of these criteria
are based on laboratory test results, but not all tests were performed on all patients. In cases where
a value was not available, it was assumed that there was no clinical relevance for this measurement
and the normal value was used in calculating the SOFA score.

The SOFA score was calculated for each patient at three time points: at admission (day 0), after
24 hours (day 1), and after 48 hours (day 2). When multiple laboratory values were available for
calculating the SOFA score for a specific organ system, the value representing the most severe organ
dysfunction was chosen. In accordance with the guidelines described in [1], only the difference in
scores between time points was analyzed and the absolute SOFA score at each time point was not
considered. The score differences between day 0 and day 1, day 1 and day 2 and day 0 and day 2
were calculated, and patients with an increase of two or more points on any of these comparisons
were labeled as deteriorating.

3.1.2 Data acquisition

All patients who were eligible and consented to the wearables, were connected to the OSAsense (Di-
agnOSAS B.V., Haaksbergen, The Netherlands) and Sencure (Roden, the Netherlands) wearables,
which measured the PPG and EMG signals. The PPG wearable consisted of a wristband with a mon-
itor and a finger pulse oximeter, which can be seen in Figure 3.3. The display of the wristband shows
the saturation, heart rate and PPG waveform. Besides these parameters, the OSAsense also deter-
mines the acceleration of the wristband. PPG signals are measured using red (660 nm) and infrared
(910 nm) light. For PPG signal analysis, the infrared light signal was used, rather than the red light
signal, as the amplitude of the infrared signal was higher due to its deeper penetration, caused by its
longer wavelength [47].

The diaphragm EMG wearable consisted of three electrodes, with two electrodes placed right and left
midclavicular on the costal margin and the third, reference electrode placed midsternal at the third
intercostal space. This can be seen in Figure 3.4. The protocol for applying these wearables is added
in the Appendix A.2.
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The measurement started within six hours after admission to the ED and continued during the admis-
sion to the general ward or ICU and lasted about twelve hours. An example of the timeline can be
seen in Figure 3.5. In case the patient only consented to one of the two wearables, only one wearable
was connected. The protocols of the wearables can be seen in Appendix A.2.

Figure 3.3: OSAsense device [48]

Figure 3.4: Location of diaphragm EMG electrodes.

ED Ward

| PPG & EMG measurement l

11.00 23.00

Figure 3.5: Example of timeline of EMG and PPG measurement

3.2 Photoplethysmography

This section begins by explaining the pre-processing steps, followed by a discussion of the chosen
features. Lastly, the outlier removal process will be described

3.2.1 Pre-processing

The PPG pre-processing consists of six steps, shown in Figure 3.6, including basic pre-processing
(interpolating, filtering), a first quality check, detection of the points of interest, a second signal quality
check (SQlI), feature calculation and outlier removal.

Raw PPG signal

In:?rpglate, L, First quality | | Points of | |Signal quality| | Feature | | Outlier
1PRINg, check interest index calculation removal
filtering

|

Useful features

Figure 3.6: Flowchart of the PPG pre-processing process.
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The sampling frequency of the OSAsense sometimes slightly deviates from the preset sample fre-
quency. For this reason, the PPG data was first linearly interpolated to a fixed sample frequency of
50 Hz. The data was then flipped by subtracting it from the maximum value of the measurements
(1*10¢), which transformed the signal to an absorbed PPG signal. This transformation resulted in a
signal that adheres to the standard format of PPG signals, which is similar to the signals obtained from
Philips monitors in the ED. In this way, the signals can be consistently preprocessed and compared.
The PPG signal was then filtered using a 4th order Butterworth band-pass filter, with a frequency
range of 0.8-20 Hz.

After filtering, a first quality check was executed to remove any data contaminated by movement arti-
facts. This was achieved by analyzing the movement of the wrist on a per-minute basis and identifying
any minutes during which the deviation from the median gravitational force exceeded 0.02 g. These
minutes were subsequently excluded from the analysis.

Prior to identifying points of interest, extreme artifacts were eliminated from the PPG signal through
the use of a threshold based on the squared PPG signal and two moving averages of distinct dura-
tions. Specifically, two moving averages were computed, one with a duration of 5 seconds and the
other with a duration of 60 seconds, both derived from the squared PPG signal. A threshold value was
subsequently established by adding a constant to the 60 second-moving average. This threshold was
then used to identify and remove any data points from the 5-second moving average that exceeded
this threshold value.

Then, for each 20-second window, all peaks were selected, which included the systolic and diastolic
peaks. To detect solely the systolic peaks, only those with amplitudes higher than the standard devi-
ation of the peaks were saved. Onsets were determined by finding the depression before the systolic
peaks. The location of the diastolic peak was defined as the first depression of the second derivative
between the systolic peak and the following onset. For the dicrotic notch, the locations where the
second derivative between the systolic peak and diastolic peak crosses zero was used. [20] The
point of interest detection is visualized in Figure 3.7.

PPG

Systolic peak
Diastolic peak
Dicrotic notch
Onset

cooe |

Amplitude

Time

Figure 3.7: Point of interest detection of PPG signals where the red circles indicate the systolic peaks, the blue
ones the diastolic peaks, the green ones the dicrotic notches and the yellow ones the onsets.

After all points of interest were detected, a more thorough signal quality check is performed using
the Signal Quality Index (SQI) method adapted from Li and Clifford (2012) [49]. This method uses
different templates and checks the correlation of each pulse with the templates to classify the pulse
as good or bad. The first template is created by averaging all pulses within one minute and the length
of the template was set to the average length of the pulses as can be seen in Figure 3.8. Pulses with
correlations lower than 80% according to the first template are discarded. The second template is
the average of the remaining pulses, see Figure 3.9. The correlation of each pulse with the mean of
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the second template, Figure 3.10, is determined in three different ways. The first method uses the
length of the template as a fixed length for the pulse. The second method resamples the pulse, so
that the full pulse is matched with the template. In the third method, the pulse is resampled using the
dynamic time warping method and the correlation is determined using this resampled pulse. A pulse
is considered good if all three correlations are higher than 80% or if two of the three correlations had
a correlation higher than 90%. If at least 50% of the pulses in one minute are good, the minute was
considered a good and useful. An illustration of this can be observed in Figure 3.11, where the pulses
deemed to be 'good’ have a value of 5000, while remaining pulses have values of 2500 or 0.
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Figure 3.8: Template 1: All PPG Figure 3.9: Template 2: Remaining )
waves in one minute. waves after excluding waves. Figure 3.10: Mean PPG waveform

PPG signal
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Figure 3.11: Signal Quality Index (red) based on template correlation. The waves with a SQI of 0 and 2500 are
excluded from analysis.

Feature selection
Based on the determined points of interest, fifteen features are calculated. The features are described

in the following Table 3.1 and can be seen in Figure 2.4 in the Background section.
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Table 3.1: PPG features

Type Feature Feature Description
Systolic peak amplitude | The amplitude after subtracting the onset height
Amplitude (SPA) from the height of the systolic peak
Diastolic peak amplitude | The amplitude after subtracting the onset height
(DPA) from the height of the diastolic peak.
Relative amplitude The relative amplitude is determined by dividing
(RA) the SPA by the true value of the systolic peak.
Pulse Width (PW) The pulse w.idth is the width at the half height
of the systolic peak.
Peak-to-peak time The time period between two consecutive
Time (PtP time) systolic peaks.
Pulse Interval (PI) The time period between two consecutive onsets.
Crest Time (CT) The time period from tr_]e onset of the PPG
waveform to the systolic peak
Delta Time (DT) The time period between the systolic peak and
diastolic peak.
Heart Rate (HR) The heart ratg is calculated by dividing 60
by the pulse interval.
An indirect measure of stroke volume is derived
Areas Stroke Volume (SV) by calculating the AUC of the systolic part of
the PPG waveform. (Area A1 in Figure 2.4)
. Cardiac output is calculated by multiplying the
Cardiac Output (CO) stroke volume with the heart rate.
Reflection Index (RI) The ratio between the DPA and the SPA.
Indexes and . : —
ratios Augmentation Index (Al) Norma!lzed version of jth'e RI, specified as the
SPA minus the DPA, divided by the SPA.
The area under the curve (AUC) is divided into
two parts at the dicrotic notch, as visualized in
Infliction Point Area (IPA) Figure 2.4. Th(? IPA is.t.he ratio between these
two areas and is specified by area under the
diastolic peak (A2) divided by the area under the
systolic peak (A1).
Acceleration b/a ratio The ratio between the b-wave and the a-wave
Plethysmography of the second derivative of the PPG waveform.

Feature normalization
In order to account for differences in the size and shape of the finger and differences in the distance
between the sensor and skin, various amplitude related features of the PPG signal are normalized.
Normalizing the PPG signals allows for a more accurate comparison of the relative changes in the
PPG signal over time between patients, rather than being influenced by differences in the absolute
values of the PPG signals. The systolic, diastolic peak amplitude and stroke volume depend directly
on the amplitude of the signal and are therefore normalized in the following way:

Tnormalized =

Tmax — Tmin

where x,,,;, is the average of the lowest 25% in the dataset and z,,., is the average of the highest
25% in the dataset. To minimize the influence of any potential artifacts in the data, it was decided not
to use the absolute highest and lowest values as x,;, and x4,
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Outlier removal

Only features of good quality waveforms are used for analysis. Despite this, some outliers may still
remain in the data. To remove these outliers, the data is examined per feature and per hour. Feature
values higher or lower than the median plus ten times the standard deviation of a feature are defined
as outliers and are removed from the analysis. This process may result in some pulses where only a
few features are calculated. These pulses are likely to be unreliable, so all features from a pulse are
removed if more than six features are absent.

3.3 Diaphragm EMG

The pre-processing of the EMG signal is divided into two parts due to its complexity and the extensive
numbers of steps involved. The first part involves a series of steps to remove cardiac activity from
the EMG signal, including filtering, a first cardiac artifact removal, calculating the Root Mean Square
(RMS), a second cardiac artifact removal and resampling. These steps are illustrated in Figure 3.12.
The second part of the pre-processing focuses on removing remaining artifacts and segments of poor
quality from the ECG filtered signal in order to ensure reliable feature determination. Following these
pre-processing steps, the chosen features will be discussed.

Raw EMG signal
Cardiac Cardiac
Filtering | artifact > R%OtMean > Artifact [~ Resample
quare
removal | Removal ll

Filtered EMG

Figure 3.12: Flowchart of the EMG pre-processing part 1

3.3.1 Pre-processing part 1

To retrieve the respiratory EMG signal, the onset, drift and high-frequency noise are first removed
using a second-order Butterworth band-pass filter with a frequency range of 20-150 Hz. However,
the significant difference in strength between the electrical activity of the heart and respiratory mus-
cles can make it difficult to identify the respiratory EMG signal. To address this, a method is used to
reduce the impact of cardiac activity while preserving the signal of respiratory muscle activity. In this
study, the template subtraction technique, as described by Petersen et al, was chosen [50, 51]. The
R-peaks are first detected using the Pan-Tompkins method [52]. A template of the QRS complex is
then created by averaging the QRS complexes (a window around the R-peak). The template’s offset
was made adaptive, and a least squares algorithm was used to adjust its height and width during the
data analysis. Once the template was properly scaled, it was aligned with the detected peaks and
subtracted from the EMG signal. The removal of the cardiac activity can be seen in the top two figures
or Figure 3.14. The process of removing cardiac activity is described in more detail in Appendix A2.

The signal that remains after removing cardiac activity shows both positive and negative deflections.
To obtain a continuous positive signal of general muscle activity, the root-mean-square (RMS) is
calculated [51], which is depicted in the third graph of Figure 3.14. The RMS of an EMG signal is
a measure of its intensity or power and is calculated by taking the square root of the mean of the
squares of the individual sample value:

RMS = /% ) a3(3.2)

where z,, represent the values of the EMG signal with n the number of samples used per step. The
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RMS was calculated for every sample in the dataset with a moving window of 0.1 seconds.

The initial cardiac artifact removal did not completely eliminate all cardiac artifacts, so a second cardiac
artifact removal process was implemented. This method also used template subtraction, but with two
templates. For each artifact, the first template was created by taking the average of 21 artifacts:
the current artifact, 10 artifacts before it and 10 artifacts after it. The correlation of each artifact with
the first template was calculated, and only artifacts with a correlation higher than 0.5 were used to
construct the second template. The offset and amplitude of the second template were then adjusted
using linear regression. The adjusted template was subtracted from the RMS signal, and the RMS
signal was resampled from 500 Hz to 50 Hz.

EMG with cardiac artifacts

i At et

1] 10 20 30 40 50
time(s) sec

EMG without cardiac artifacts

—

Amplitude
g - 8
L —

Moving Mean of RMS

Figure 3.13: Removal of cardiac activity from the EMG signal

3.3.2 Pre-processing part 2

In order to optimize the interpretation of EMG, it is necessary to remove both cardiac interference and
motion artifacts from the signal. These motion artifacts can be difficult to predict and vary significantly
in shape and magnitude, making them challenging to remove [51, 53]. To ensure that only reliable
features are obtained, several steps are taken, which can be seen in Figure 3.14.

Filtered EMG

l

Quality | f Findpoints | |  Quality | | Feature
check 1 of interest check 2 calculation

|

Useful features

Figure 3.14: Flowchart of EMG preprocessing part 2
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Quality check 1
To remove data with high levels of missing values or motion artifacts, the following steps were taken:

* For each minute of data, it was determined whether more than half of the data points were
missing. If this was the case, the minute was discarded.

» A check was performed to identify any minutes with abnormal high amplitudes, defined as dif-
ferences between the highest and lowest point above 300. If such a minute was found, it was
discarded.

+ A check was performed to identify minutes with more than 10% missing values or more than 10
consecutive missing values. If such a minute was found, it was discarded.

The last criterion relates to the interpolation of the data, which occurs at a later stage. Interpolation
becomes unreliable when there are too many missing values. By discarding data with high levels
of missing values or motion artifacts, the goal is to ensure that the resulting features are based on
reliable data.

Points of interest
Following the initial quality check, the points of interest are identified and can be seen in Figure

3.15. For each breath, the maximal muscle activity, as well as the start and end of the breath, are
determined. The start or end of a breath is defined as the midpoint between the end of the muscle
activity of the previous breath and the start of the muscle activity of the current breath.

® ® — RMs
v T @ Peakmuscle
% i) / \ activity
[ / \ Respiratory rate
,3 | \ [ \ © Midpoint © P v
G °
E g Amplitude
a
. S
/ i X < AuC
L 2 g’ 0~
Time % v\ﬂ/\

Time
Figure 3.15: Points of interest in EMG signal where the
red circles indicate the breathing peaks and the yellow Figure 3.16: Features of the EMG signal.
ones indicate the midpoints between breaths.

Second quality check
The second quality check determines whether at least half of the waves in the minute are useful

breaths. Breaths with an amplitude less than 0.5 times the median amplitude or above 1.5 times
the median amplitude for that minute are excluded. In addition, breaths with start or end points that
are located at the same point as the maximum muscle activity are also considered not useful, as the
points had not been accurately determined. From the remaining breaths, the prominence of the peaks
is calculated by measuring how much the peaks stand out due to its intrinsic height and its location
relative to other peaks [54]. By dividing this prominence by the noise in the minute, a signal-to-noise
ratio is obtained. Noise is defined as the average of the differences between consecutive samples.
Minutes with a signal-to-noise ratio lower than 0.60 are discarded. The distance between breaths is
also calculated. If the variation in the distance between the peaks is too large, these minutes are also
excluded.
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Feature calculation
Four features were derived from the EMG signals: respiratory rate, amplitude, area under the curve
per breath, and breathing intensity, which can be seen in Figure 3.16.

Respiratory rate

The peak-to-peak distance of the EMG waveforms was used to calculate the respiratory rate, with
adjustments made to account for any incorrectly identified peaks. Sometimes, the breathing peaks
were widely spaced or very close together, resulting in unrealistic respiratory rates. For this reason,
respiratory frequencies below 8 or above 40 were removed.

Amplitude and Area under the Curve

To accurately compare the amplitudes and areas under the curve between patients, the RMS signal
was first normalized. This is done because the amplitudes of the signals can vary greatly between
patients due to factors such as differences in the amount of tissue between the electrodes and the
diaphragm or variations in the placement of the electrodes. Normalization allows for more meaningful
comparison of the signals and was performed in the following way:

Tnormalized = M (33)
Lmazr — Lmin
where x,,,;, is the average of the lowest 25% in the dataset and z,,, is the average of the highest
25% in the dataset. To minimize the influence of any potential artifacts in the data, it was decided not
to use the absolute highest and lowest values as z,,;, and x,,... The amplitude was subsequently
determined by finding the highest absolute value of the EMG waveform per breath. The area under
the curve is calculated by taking the integral for each breath from beginning to end of breath.

Breathing Intensity

To accurately evaluate the effort the patient expends to breathe, the breathing intensity is calculated
by multiplying the area under the curve with the respiratory rate. It was not reliable to calculate the
total area under the curve for a given time interval, as this would also include the area of any motion
artifacts present. To avoid this issue, the areas under the curve of the reliable respiratory peaks are
averaged and multiplied by the average respiratory rate for that time period. This method provides a
more accurate representation of the patient’s breathing intensity.

3.4 Trend analysis

3.4.1 Inclusion criteria

In some cases, the data quality was poor, making it difficult to determine the features or the data was
only collected for a short period of time. For the PPG data, a patient was included in the trend analysis
if the measurement contained at least 4 hours of data and if 20% of the available waves were classi-
fied as good waves. For the EMG analysis, a patient was included if there was at least 4 hours of data
available and if the data consisted of a minimum of 60% good waves. The lower threshold for PPG
data was chosen, because there are more waves per minute from which features can be extracted,
requiring less data for a reliable average. These cut-off values were determined subjectively, based
on the belief that reliable trend analysis was still possible with these criteria.

Already during initial analysis, it occurred that the sample size of the EMG group was relatively small.
As aresult, a secondary analysis was conducted with relaxed criteria, using only basic trend features,
such as the maximum, minimum, difference, median, standard deviation and coefficient of variation.
The inclusion criteria were set to require at least 100 good minutes of data over a minimum of two
hours.
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3.4.2 Median feature time-series

Trends across time were then determined for all identified features on both the PPG and EMG data.
Prior to this analysis, the median of each feature was calculated for every minute over a 10-minute in-
terval in order to eliminate remaining outliers and provide a reliable measure of the data over time. To
calculate the median for this 10-minute interval, a minimum of 80 data points (approximately 10% of
the entire window) of the relevant feature was required. If there were insufficient data points, the me-
dian was deemed unreliable. The transformation from the raw feature to a median smoothed feature
is depicted in the top two figures of Figure 3.18. Following this, several trend features were identified,
as displayed in Figure 3.17.

3.4.3 Trend features

Based on the calculated median over time from the previous step, basic trend features were cal-
culated. These features included the minimum, maximum, delta, median, standard deviation and
coefficient of variation. The minimum and maximum were determined as the average of the lowest
2% and the highest 2% of the data, respectively, with the delta representing the difference between
these values. Subsequently, more complex trend features were calculated, including the number of
trend changes, the ratio of time spent trending upwards to trending downwards, the longest trend,
the steepest trend and the overall trend. The following paragraphs will provide further explanation of
these more complex trend features.

Number trend changes

To quantify the level of instability, the number of trend changes can be used as a feature. This can
be calculated by counting the number of local extreme values, as each extreme value signifies a
change in the trend of the vital sign (e.g. there is an increasing trend before a local maximum and a
decreasing trend after it). To determine the number of trend changes, all local maxima and minima
must be identified. However, for this to be feasible, the median of the feature must be a continuous
time-series. To achieve this, the feature time-series is interpolated if it not already continuous. If it
contains large gaps of missing data, interpolation may not be reliable. In these cases, the data is
checked for gaps larger than one hour. If such gaps are present, the two pieces of data are joined
together if the following criteria are met: the data before and after the gap must be at least 60 minutes
in length and contain a maximum of 50% missing values. If these criteria are not satisfied, the largest
portion of available data (either before or after the gap) was used for further analysis. Any remaining
missing values are interpolated if the following conditions were met: the pieces of data before and after
the gap must be at least 30 minutes in length and contain a maximum of 50% missing values. After
this, the continuous signal is smoothed using a moving mean filter with a window size of 5 samples,
and local minima and maxima are determined. An example of these minima and maxima can be seen
in the third plot of Figure 3.18. The sum of the minima and maxima was then divided by the number
of minutes over which it was calculated, allowing for proper comparison between patients.

Ratio feature up and down

By using previously determined minima and maxima, it is possible to calculate the time period that
the feature was increasing or decreasing during the complete measurement. The ratio of these time
periods can then be calculated. In addition, it is also useful to assess the magnitude of upward and
downward fluctuations in the features. As such, the ratio of the feature’s amplitude in increasing and
decreasing states is also determined.

Longest slope

The slope and duration of the longest trend in the feature are then calculated. It is possible that the
process of joining pieces of data may have artificially created the longest trend. These pieces of data
were considered as separate in this evaluation.
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Steepest slope

To identify the steepest slope, the first derivative of the feature was taken. The largest derivative was
then identified and verified to have a positive slope for a period of at least six minutes (three minutes
before and three minutes after). This was done to ensure that a brief, rapid increase in the feature
was not included as the steepest slope. It was also taken into account that the steepest slope may
have been artificially created by joining pieces of data and corrective measures were implemented.

Slope overall measurement

The last feature is determined by calculating the slope across the entire measurement using linear
regression to fit a first-order polynomial to the feature’s time-series, without joining segments or per-
forming any interpolation. This can be observed in the fourth graph of Figure 3.18.

Trend features

Minimum and maximum
Delta (maximum- minimum)
Median

Standard Deviation
Coefficient of Variation
Number of trend changes
Ratio time up/down

Ratio amount up/down
Longest trend

- slope

- duration

Slope steepest trend
Slope entire measurement

Figure 3.17: Trend Features
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Figure 3.18: From raw feature to trend features.
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3.5 Statistical analysis

In order to investigate the differences in vital and demographic characteristics between the deterio-
rated and non-deteriorated groups, statistical analysis was conducted using Stata (StataCorp, 2017).
The categorical variables were analyzed using the Pearson’s Chi-square test, while the continuous
variables were analyzed using the Mann-Whitney U test. In order to determine whether there were
significant differences in the trend features of the EMG and PPG data between the two groups, a
Mann-Whitney U test was also performed. This non-parametric test was chosen due to the non-
normal distribution and lack of pairing in the data. A p-value of 0.05 or less was initially considered as
significant. However, given the large number of features in the PPG data, the multiple comparisons
problem was taken into consideration, and the p-value was corrected using the False Discovery Rate
(FDR) method as described in [55].

As a result of normalizing the PPG signals, the amplitude is changed and thus it becomes unfeasible
to compare amplitude related features between groups. As a result, the systolic and diastolic peak
amplitude features (minimum, maximum, mean, median) were excluded from analysis.

3.6 Machine-learning Models

Given the limited size of the EMG data, the focus was on developing predictive models using PPG
data and vital signs. Various models, including Logistic Regression, K-Nearest Neighbors, Support
Vector Machine, Decision Tree, and Random Forest, were applied to the data using different com-
binations. This included vital signs only, a subset of PPG features (including all initially significant
and the 15 most effective ones), and a combination of both. Using the 15 most effective features can
reduce overfitting, improve model efficiency and generalization performance, and eliminate the im-
pact of irrelevant features. The performance of these models was also compared against the gSOFA
scoring system, which is a bedside tool to predict patients at risk for poor outcomes outside of the
ICU based on their blood pressure, respiration rate, and Glasgow Coma Scale. Although qSOFA
was not explicitly designed for predicting sepsis, it is of interest to examine the impact of adding vital
parameters on prediction performance.

Imputation

In the vital parameter data, respiration rate, temperature and Glasgow Coma Scale (GCS) were fre-
quently missing. These variables are usually not measured unless there is a specific need, so it was
assumed that their values were normal and they were imputed as 14, 37.45, and 15, respectively.
The values for respiration rate and GCS are based on what is considered normal for a resting individ-
ual [56, 57]. The specific value for temperature was selected based on the median of the available
data. For the patients where blood pressure values were not recorded, the systolic blood pressure
and diastolic blood pressure were imputed using the KNN imputation method with 5 neighbors. The
mean arterial pressure (MAP) was subsequently calculated from these values [58].

Data augmentation

In the dataset, the classes were not equally represented, which was already expected. To address
this imbalance, Synthetic Minority Oversampling Technique (SMOTE) was applied to the training set
[59]. SMOTE was designed to oversample the minority class in imbalanced data sets, allowing for
training on equally represented data.

Feature selection

The selection of features for the models was carried out using the filter method. The procedure be-
gan with the use of a statistical test known as the Mann-Whitney U test to determine which features
showed a significant difference between the two groups. The final set of features, consisting of the
15 most effective ones, was then created by merging the features that passed the Mann-Whitney U
test, removing those with high correlation, and selecting the features considered important based on
the results of logistic regression and random forest models.
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Validation

To assess the generalization abilities of the classifiers, stratified k-fold cross validation was used [60].
Stratified k-fold cross validation is a method of evaluating the performance of a model by dividing the
data into k folds, training the model on k-1 folds, and using the remaining fold for internal validation.
In this study, k was set to 5 folds to avoid having a validation set that is too small. This technique is
particularly useful forimbalanced data sets as it ensures that each fold has a representative proportion
of different classes. This approach allows for a more accurate estimate of model performance, as
it accounts for the variability that may arise due to the specific samples selected for training and
evaluation. To measure the performance of the classifiers, accuracy, precision, recall, AUC and the
F1 score are calculated.
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4  RESULTS

In this chapter the outcomes of the study are presented. The first step is to describe the study popu-
lation, followed by a presentation of the vital and demographic parameters. Then, the results of the
statistical analysis will be presented. The predictive models are then presented, starting with a model
that only uses vital signs and then evaluating the addition of PPG features.

4.1 Population

In this study, patients who visited the ED at the UMCG between 9am and 11pm from March 2021 to
October 2022 were included. The methodology for patient inclusion and grouping is presented in two
flow diagrams, with the flowchart for the PPG data shown in Figure 4.1 and the flowchart for EMG
data in Figure 4.2. Out of the 235 patients with PPG data, 189 patients with confirmed infections were
used for trend analysis and 24 experienced deterioration. A diaphragmatic EMG measurement was
carried out in 61 patients, with 25 eligible for trend analysis and 1 showing deterioration. As a result,
a basic trend analysis with other inclusion criteria was performed on 38 patients, with 6 experiencing
deterioration.

ED patients with ED patients with
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n=165) -Rise of 2 or more SOFA points (n=12) -Rise of 2 or more
SOFA points (n=2)
Figure 4.1: PPG patient selection flow. Figure 4.2: EMG patient selection flow.
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4.2 Vital signs and demographics

The vital signs of the included subjects collected at triage are described in Table 4.1. The study sam-
ple consists of 120 male and 69 female patients with a median age of 66 [59-72]. Statistical tests were
conducted to compare the vital signs between the non-deteriorated and deteriorated group. Results
showed that the deteriorated group had a lower median diastolic blood pressure (66 [61-77] versus 76
[67-86]), a higher median respiration rate (25 [16-27] versus 20 [14-24]) and a lower Glasgow Coma
Score at triage. Figure 4.3 shows the correlations between the variables and shows strong positive
correlations between blood pressure readings and a negative correlation between respiration and
oxygen saturation.

The SOFA scores were calculated during the first 24 hours after admission (day 0), after 24 hours (day
1), and after 48 hours (day 2). The median day 0 SOFA scores for all patients were 2.0 [0.0-3.0], 1.0
[0.0-2.0] for day 1, and 0.0 [0.0-1.0] for day 2. The day 0, 1, and 2 SOFA scores for the deteriorated
group were 3.0 [0.75-5.0], 2.5 [1.75-3.25], and 3.0 [1.0-4.0], respectively, while the corresponding
scores for the non-deteriorated group were 2.0 [0.0-3.0], 0.0 [0.0-1.0], and 0.0 [0.0-1.0].

Table 4.1: Vital and demographic parameters measured at triage for the total study population and per group.

All Non-deteriorated | Deteriorated _value
(n=189) (n=24) (n=165) P
| Variable | | | | |

66 66 67

Age [years] [59 - 73] 59 - 72] [62 - 75] 0.300

| Male gender [%] | 120 (63.5) | 105 (63.6) 15625 | 0910 |

100 100 100

Heartrate [bpml | 19 195) | 90 - 112] 86-128) | 0600
125 127 119

SBP [mmHg] [114 - 145] | [115 - 146] (1o7-134) | %120
75 76 66 ]

DBP [mmHg] [65-86] | [67 - 86] [61 - 7] 0.028
93.0 93.3 89.3

MAP [mmHg] [83.7 - 103] | [84.7 - 104] 757-967] | %00
96 96 96

(o)

SpO2 [%] [94 - 98] [94 - 98] [96 - 98] 0.390

Respiration rate 20 20 25 0.044*

[bpm] [14 - 25] [14 - 24] [16 - 27] '

Temperature 374 37.4 374 0.750

[degrees Celcius] | [36.7 - 38.2] | [36.7 - 38.2] [36.6-38.1] |

_G1C28 1(0.5%) | 0(0.0%) 1(4.2%)

13 4 (2.1%) 3 (1.8%) 1(4.2%) 0.042"

14 8 (4.2%) 6 (3.6%) 2 (8.3%) '

1 176 (93.1%) | 156 (94.5%) 20 (83.3%)

Continuous and ordinal variables are presented as median and interquartile ranges [IQR], and are compared
using the Mann-Whitney U test. Categorical variables are expressed as proportions and compared using Pear-
son’s Chi-square test. SBP= systolic blood pressure, DBP= diastolic blood pressure, MAP= mean arterial
pressure, SpO2= oxygen saturation, GCS= glasgow coma scale. * indicates a significant p-value.
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Correlations of vital parameters
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Figure 4.3: The correlation plot of the vital parameters shows the strength and direction of the relationships

between the variables. The scale ranges from total positive correlation (+1) to no correlation (0) to total negative
correlation (-1), with red indicating positive correlation and blue indicating negative correlation.

4.3 PPG features

In this study, the Mann-Whitney U test was conducted to determine significant differences between
patients with deterioration and those without. Out of 210 PPG features, 55 were initially found to be
statistically significant at a p-value of 0.05, without accounting for the multiple comparisons problem.
After applying the False Discovery Rate correction, only one feature, the crest time- ratio amount,
was deemed significant at an adjusted p-value of 1.69e-04.

Table 4.2 shows the median and interquartile ranges of the top 15 PPG features selected after re-
moving highly correlated features such as pulse interval and heart rate. The results show that among
patients who deteriorated, there was a decrease in the crest time- ratio amount, median stroke vol-
ume, and an increase in the variability of several PPG features. This increase in variability was
reflected by a higher number of trend changes in diastolic peak amplitude, reflection index, and in-
fliction point area, as well as an increase in the coefficient of variation for the diastolic peak amplitude.

Furthermore, several heart rate related features (6 out of 15) were found to be related to deterioration.
Patients who deteriorated had a positive longest slope in heart rate compared to a negative slope in
those who did not deteriorate, a lower median pulse interval, a higher heart rate- ratio amount, a lower
minimum in the Peak to Peak interval, and an increased delta in heart rate.

Finally, Table 4.2 shows that the majority of the features (9 out of 15) are more complex trend features,
such as ratio amount, ratio time, number of trend changes, and longest slope. The tables of all PPG
features, including the values for both groups and their p-values, can be found in Appendix A.3. A
comprehensive summary of trend features and their associated p-values can be found in Appendix
A4
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4.4 EMG features

A Mann-Whitney U test was performed to evaluate the statistical significance in EMG features be-
tween the deteriorating and non-deteriorating group. The results, as illustrated in Table 4.3, depict
the median and interquartile ranges of all EMG features, along with their corresponding p-values.
The results indicate that four features are statistically significant, with three of these features being
related to respiratory rate. The group experiencing deterioration had a lower delta in respiratory rate,
indicating a smaller difference between the minimum and maximum respiratory rate. Additionally, the
group experiencing deterioration had a lower standard deviation and coefficient of variation within the
respiratory rate, indicating a reduced degree of variability in respiratory rate. Lastly, the deteriorated
group had a higher minimum of the area under the curve. No statistically significant differences were
identified in the amplitude and breathing intensity features.

Table 4.2: Top 15 PPG trend features for deteriorated and non-deteriorated group.

Deteriorated Non-deteriorated
(n=24) (n=165)

\ Trend feature \ \ \
| Crest Time - Ratio Amount (-) | 0.87 [0.61-1.00] | 1.05[0.83-1.28] | <0.001*
‘ Stroke Volume - Median (a.u) ‘ 9.81[9.00 - 12.88] ‘ 12.81 [11.00 - 14.46] ‘ <0.01*

p-value

Diastolic peak amplitude - .
Number of trend changes (-) 0.06 [0.05 - 0.07] 0.05[0.04 - 0.05] <0.01

Reflection Index -

number of trend changes (-) 0.06 [0.05 - 0.06] 0.05[0.04 - 0.06]

| Heart rate - Longest slope (-) | 0.10 [-0.06 - 0.21]

-0.06 [-0.10 - 0.05] ‘ <0.01*

|
|
|
<0.01*
|
|
|
|
|

| Delta Time - Median (s) 022[022-0.26] | 0.26[0.24-0.26] | <0.01
| Pulse Interval - Median (s) | 0.62[0.55-0.72] | 0.70[0.62 - 0.82] | 0.01*
| Heart rate - Ratio amount (-) | 1.14[0.89-1.76] | 0.90[0.73-1.08] | 0.01*
| Crest Time - Ratio time (-) 1 0.79[0.43 - 1.17] | 1.14[0.69 - 1.76] | 0.01*

Pulse Interval -

Longest duration (min) 89 [55 - 105] 110.5[81.5- 160.5] | 0.01

Peak to Peak interval -

Minimum (&) 0.54 [0.47 - 0.58] 0.60 [0.53 - 0.66] 0.01

Diastolic peak amplitude -

Cosfiicient of Variation () 0.95[0.87 - 1.05] 0.88[0.82 - 0.97] 0.01

Infliction Point Area -

Number of trend changes () 0.06 [0.04 - 0.06] 0.05 [ 0.04 - 0.05] 0.01

Acceleration Plethysmography -
Number of trend changes (-)

Heart rate - Delta (bpm) | 29.78 [26.15 - 41.67] | 25.81 [18.74 - 34.35] | 0.01*

0.05 [0.04 - 0.06] 0.05 [0.04 - 0.05] 0.01*

The features are expressed as median and the interquartile ranges [IQR], and are compared using the Mann-
Whitney U test. * indicates a significant p-value.
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Table 4.3: EMG basic trend features for deteriorated and non-deteriorated group.

Deteriorated
(n=6)

Non-deteriorated
(n=33)

p-value

\ Trend feature

Respiration rate | oo | e | s
- Minimum 17.75 [15.50- 19.52] 17.91 [15.14 - 19.49] 1

- Maximum 23.98 [20.89 - 32.68] 28.47 [23.83 - 31.48] 0.448

- Delta 5.78 [2.92 - 6.30] 9.57 [7.10 - 11.76] 0.021*

- Mean 20.08 [17.88 - 26.73] 22.17 [20.15 - 25.51] 0.599

- Median 19.81 [17.54 - 26.79] 22.39[19.94 - 25.99] 0.599

- Std 1.37 [0.71 - 1.59] 2.02[1.61-2.02] 0.019*
-CV 0.07 [0.05 - 0.08] 0.10[0.08 - 0.12] 0.028*
Area under the CUIVE | ... | eeeeeieee e esneee | eeveneeeeens
- Minimum 20.61 [17.82 - 35.90] 15.86 [10.44 - 19.90] 0.031*

- Maximum 73.96 [30.66 - 105-.18] | 88.66 [59.49 - 142.36] | 0.403

- Delta 44.06 [11.69 - 69.28] 59.75 [39.60 - 124.95] | 0.251

- Mean 32.69 [25.14 - 61.28] 37.00 [26.64 - 44.96] 0.800

- Median 27.83 [23.84 - 55.39] 30.15[25.41 - 40.40] 0.953

- Std 9.73[2.58 - 17.73] 14.31 [10.08 - 24.16] 0.267
-CV 0.24 [0.11 - 0.30] 0.48 [0.27 - 0.61] 0.070
Amplitude | s | et | eeeeeeeeiaen,
- Minimum 0.37 [0.34 - 0.72] 0.31[0.22 - 0.43] 0.155

- Maximum 1.34 [1.05 1.83] 1.34 [1.04 - 1.79] 0.922

- Delta 0.81[0.22 - 1.46] 0.85[0.63 - 1.53] 0.496

- Mean 0.86 [0.57 - 1.02] 0.73[0.52 - 0.88] 0.425

- Median 0.82[0.54 - 0.98] 0.66 [0.47 - 0.84] 0.360

- Std 0.17 [0.05 - 0.31] 0.19[0.14 - 0.34] 0.381
-CV 0.22 [0.09 - 0.28] 0.36 [0.21 - 0.54] 0.106
Breathing intensity | oo | s | s
- Minimum 527 [365- 753] 323 [251 - 451] 0.090

- Maximum 1718 [1215 - 2136] 1821 [1409 - 2864] 0.496

- Delta 1157 []343 - 1450] 1431 [822 - 2535] 0.321

- Mean 917 [681 - 1140] 785 [620 - 1039] 0.599

- Median 807 [631 - 1056] 720 [513 - 914] 0.572

- Std 228 [80-355] 306 [192 - 547] 0.220
-CV 0.26 [0.10 - 0.30] 0.45[0.28 - 0.59] 0.059

The features are expressed as median and the interquartile ranges [IQR], and are compared using the Mann-
Whitney U test. * indicates a significant p-value.
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4.5 Predictive models

In order to explore the potential for developing a predictive model of deterioration, first a model was
constructed using only vital signs and demographics. Next, models were developed using PPG fea-
tures and the combination of both.

4.5.1 Model vital signs and demographics

The validation results of the different classifiers based on vital parameters and demographics are
presented in Figure 4.4. The results indicate that the classifiers show a minimal improvement over
chance and perform slightly better than the gSOFA metric. However, the magnitude of this improve-
ment is small. A summary of the performance measures for all models is presented in Table 4.4,
which shows the low training, validation and the other performance scores. Despite the overall poor
performance of the classifiers, the logistic regression model showed the best results with an AUROC
score of 0.63 and a F1 score of 0.447.

Model Vital Signs
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Figure 4.4: Predicting deterioration based on vital signs and demographics.

Table 4.4: Results of the validation experiments with the vital parameters, presented as the mean and standard
deviation of the 5-fold cross-validation.

| Classifier | Training | Validation | F1 Score | ROC-AUC | Sensitivity | Specificity |

| KNN | 0.68 (0.03) | 0.57 (0.10) | 0.55 (0.16) | 0.58 (0.15) | 0.56 (0.20) | 0.58 (0.05) |
| LR | 0.71(0.03) | 0.53 (0.16) | 0.45 (0.25) | 0.63 (0.14) | 0.42(0.25) | 0.64 (0.11) |
| SVM | 0.46 (0.18) | 0.54 (0.12) | 0.46 (0.18) | 0.60 (0.13) | 0.41 (0.20) | 0.67 (0.08) |
| RF | 1.0(0.0) | 0.45(0.02) | 0.06 (0.07) | 0.58 (0.134) | 0.04 (0.05) | 0.88 (0.05) |
| gSOFA - - | 0.16 (0.07) | 0.52(0.08) | 0.10(0.14) | 0.94 (0.04) |

Training and validation scores are measured by accuracy. KNN= K-Nearest Neighbors, LR= Logistic Regres-
sion, SVM= Support Vector Machine, RF= Random Forest. gSOFA= Quick Sequential Organ Failure Assess-
ment. ROC-AUC= Receiver Operating Characteristic - Area Under the Curve.
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4.5.2 Model PPG features

As previously mentioned, 55 features were initially found to be statistically significant at a p-value of
0.05, and the first PPG model was developed incorporating these features. The results, as shown
in Figure 4.5, demonstrate the predictive capacity of the PPG features, with all classifiers performing
superior to chance. Table 4.5 reveals that the KNN model performs best, achieving an AUROC score
of 0.77 and a F1 score of 0.66. The LR, SVM and RF models show high training scores and lower
validation scores, indicating overfitting. The high degree of correlation among many of the model’s
features can be observed in Figure A.3 in Appendix A.5.
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Figure 4.5: Predicting deterioration using all significant features.

Table 4.5: Results of the experiments with all significant PPG features, presented as the mean and standard
deviation of the 5-fold cross-validation.

| Classifier | Training | Validation | F1 Score | ROC-AUC | Sensitivity | Specificity |

| KNN | 0.80 (0.02) | 0.70 (0.12) | 0.66 (0.23) | 0.77 (0.20) | 0.72 (0.32) | 0.69 (0.14) |
| LR | 0.95(0.03) | 0.68 (0.04) | 0.61 (0.08) | 0.63 (0.11) | 0.52 (0.12) | 0.84 (0.04) |
| SVM | 0.97 (0.01) | 0.60 (0.07) | 0.48 (0.11) | 0.53 (0.08) | 0.38 (0.11) | 0.83 (0.07) |
| RF | 1.0(0.0) | 0.63(0.14) | 0.41(0.29) | 0.71(0.22) | 0.32 (0.26) | 0.95 (0.04) |

Training and validation scores are measured by accuracy. Best results are printed in bold. KNN= K-Nearest
Neighbors, LR= Logistic Regression, SVM= Support Vector Machine, RF= Random Forest. ROC-AUC= Re-
ceiver Operating Characteristic - Area Under the Curve.

4.5.3 Model PPG subset features

A subsequent model was developed using the 15 best features found through statistical testing, cor-
relation plot analysis, and feature importance assessment using LR and RF analysis. The correlation
plot of the selected features can be seen in Figure A.4 in Appendix A.5. The results of the classifiers
using these 15 features are shown in Figure 4.6 and Table 4.6. The KNN model had the best per-
formance with the highest F1 score (0.73), AUROC score (0.79), and sensitivity (0.73). All models
showed improvement, especially LR, SVM, and RF, with reduced overfitting compared to the previous
model.
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Models PPG features selection
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Figure 4.6: Predicting deterioration based on best fifteen features.

Table 4.6: Results of the experiments with the selection of 15 PPG features, presented as the mean and

standard deviation of the 5-fold cross-validation.

| Classifier | Training | Validation | F1 score | ROC-AUC | Sensitivity | Specificity |

| KNN | 0.77 (0.04) | 0.76 (0.10) | 0.73 (0.14) | 0.79 (0.12) | 0.73 (0.22) | 0.78 (0.08) |
| LR | 0.82(0.02) | 0.66 (0.12) | 0.61 (0.18) | 0.67 (0.17) | 0.57 (0.21) | 0.75(0.12) |
| SVM | 0.84 (0.03) | 0.76 (0.07) | 0.74 (0.07) | 0.74 (0.10) | 0.70 (0.10) | 0.81 (0.11) |
| RF | 1.0(0.0) | 0.69(0.15) | 0.54 (0.32) | 0.75 (0.14) | 0.46 (0.29) | 0.93 (0.05) |

Training and validation scores are measured by accuracy. Best results are printed in bold. KNN= K-Nearest
Neighbors, LR= Logistic Regression, SVM= Support Vector Machine, RF= Random Forest. ROC-AUC= Re-

ceiver Operating Characteristic - Area Under the Curve.

454 Model PPG features with vitals

The objective of of this last analysis is to evaluate the effect of adding the vital signs to the previous
PPG model. To accomplish this, the performance of the model using both the subset of PPG features
and vital parameters is compared against that of the previous model. As demonstrated in Figure 4.7
and Table 4.7, the incorporation of vital signs and demographics resulted in an improvement of the
performance of all models. KNN has the highest F1, AUROC score and sensitivity among the four

classifiers.
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Model PPG features + vital signs

=
=}
L

©
©

g
o
L

o
I
L

—— KNN (AUC = 0.82)
LR (AUC = 0.75 )
—— SVM (AUC = 0.73)
RF (AUC = 0.77 )
— = gSOFA (AUC = 0.54 )
—— Dummy (AUC = 0.50 )

e
[N)

True Positive Rate (Sensitivity)

0.0 A

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate (1 - Specificity)

Figure 4.7: Predicting deterioration based selection PPG features and vital signs

Table 4.7: Results of the experiments with the selection of 15 PPG features and the vital signs, presented as
the mean and standard deviation of the 5-fold cross-validation.

| Classifier | Training | Validation | F1score | ROC-AUC | Sensitivity | Specificity |

| KNN | 0.81(0.01) | 0.74 (0.04) | 0.73 (0.07) | 0.82 (0.07) | 0.71 (0.15) | 0.76 (0.09) |
| LR | 0.92(0.02) | 0.73 (0.16) | 0.68 (0.22) | 0.75 (0.11) | 0.64 (0.25) | 0.82 (0.10) |
| SVM | 0.93(0.02) | 0.65(0.15) | 0.51 (0.25) | 0.73 (0.13) | 0.43 (0.27) | 0.86 (0.05) |
| RF | 1.0(0.0) | 0.63(0.07) | 0.44 (0.15) | 0.77 (0.06) | 0.31 (0.12) | 0.95 (0.02) |

Training and validation scores are measured by accuracy. Best results are printed in bold. KNN= K-Nearest
Neighbors, LR= Logistic Regression, SVM= Support Vector Machine, RF= Random Forest. ROC-AUC= Re-
ceiver Operating Characteristic - Area Under the Curve.
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5 DISCUSSION

This study demonstrates that combining trends in PPG waveforms with vital signs can effectively
predict patient deterioration. The K-nearest Neighbor (KNN) model showed the best performance
with an AUROC score of 0.82 and an F1-score of 0.73. These findings suggest the potential utility of
continuous PPG waveforms at the ED and nursing wards and warrant further investigation towards
the development of a clinical tool. Unfortunately, no trend analysis could be performed on the EMG
data due to limitation in signal quality and the number of patients.

5.1 Interpretation results

5.1.1 Vital signs and demographics

The correlation analysis of vital signs and demographics revealed strong positive associations be-
tween blood pressure readings and a negative association between respiration and oxygen satura-
tion, which is in line with expectations. The observation of reduced diastolic blood pressure, increased
respiration rate, and a lower GCS score among patients experiencing deterioration can be attributed
to their presenting in a compromised state due to sepsis symptoms. This would have resulted in
decreased cardiac output and perfusion, contributing to the decline in diastolic blood pressure. In a
compensatory effort, the body increases the respiration rate to improve oxygen delivery.

Additionally, it was observed that the SOFA scores of patients who did not deteriorate decreased over
a 48-hour period, which is a logical outcome, as hospitalization improved their health status. The
deteriorated group did not show changes in their SOFA scores. This could be attributed to the fact
that this group also includes patients who passed away or were admitted to the Intensive Care Unit
(ICU). In these circumstances, it is possible that further organ failure did not occur.

5.1.2 PPG trend features

After correction for False Discovery Rate, only the Crest time - ratio amount feature was found to be
significant. Crest time, which refers to the duration of the systolic phase, is defined as the interval
between the initiation of the systolic peak and the peak itself. It reflects the duration required for
blood to be expelled from the heart and reach the peripheral artery. The observation of a lower ratio
amount in the deteriorated group suggests that the bigger part of the measurement the crest time was
decreasing over time, indicating that the cardiac ejection is occurring at a faster rate. This could be
a compensatory mechanism in response to the decreased cardiac output or decrease in perfusion,
as supported by the lower median cardiac output (Table A.15) and stroke volume (Table A.14) in the
deteriorated group, as presented in Appendix A.3.

The second most effective feature was the median stroke volume, which was lower in the deteriorated
group. This aligns with literature on early sepsis, as a low stroke volume is reported at the initial phase
of sepsis due to decreased cardiac preload resulting from high vascular permeability and vasodilation
[61]. The compensatory tachycardia is often insufficient to maintain adequate cardiac output during
the early phase of sepsis. This is supported by the higher mean heart rates (Table A.11) and reduced
cardiac output (Table A.15) in the deteriorated group, which can be seen in Appendix A.3.
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Additionally, the deteriorated group demonstrated a higher number of trend changes in various PPG
features, including diastolic peak amplitude, reflection index, inflection point area, and acceleration
plethysmography. This higher degree of variability among these features is in line with the findings of
Bloch et al. [37], who demonstrated the capability of accurately predicting the onset of sepsis in the
ICU based on variations in physiological parameters. However, it is important to keep in mind that the
variability may not only be a result of underlying pathophysiology, but also due to interventions given
to patients deteriorating, such as medication, which can alter the PPG signal and increase variability
in PPG features.

Furthermore, several heart rate features were found to be related to deterioration. Analysis revealed
that the deteriorated group had higher mean, median, delta and maximum heart rate (Table A.11 in
Appendix A.3), which is consistent with the association of increased heart rate with deterioration [62].
Additionally, the group showed higher heart rate- ratio amount, indicating a higher tendency of the
heart rate to increase rather than decrease over time, and a positive overall slope over time, com-
pared to the negative slope over time in the non-deteriorated group. These findings are supported by
Churpek et al, who found that incorporating the slope of heart rate into analysis improved diagnostic
accuracy [8].

Lastly, it was notable that from the top 15 features, 9 consisted of complex trend features. This finding
suggest that trend features of classical PPG features over time have predictive value, potentially more
than the average value of the classical feature alone. This is consistent with the findings that adding
trends can be of added value [8, 37].

5.1.3 EMG trend features

A Mann-Whitney U test was also conducted on the EMG features, similar to the PPG feature analy-
sis. It is however important to note that the sample size (38 patients) and the imbalance between the
groups (6 patients in the deterioration group) were limiting factors in this analysis.

The results showed that four features were statistically significant, with three of them related to respira-
tory rate. Surprisingly, the delta and variation features (standard deviation and coefficient of variation)
of the respiratory rate in the deteriorating group were lower, contrasting the commonly observed in-
creased variability in sepsis patients, as reported by Bloch et al. [37]. Moreover, the expectation of
a higher average respiration rate in the deteriorated group was not met, as the group actually had a
lower average respiratory rate. These unexpected results may be due to a bias in the data collection
process. The EMG features were primarily collected from periods of good signal quality with limited
muscle artifacts. During periods of clinical deterioration, patients may have had higher respiration
rates and increased restlessness and movement, which often resulted in worse signal quality and
were excluded from the analysis. This may have led to a bias towards measuring respiration rate
during times when the patient was relatively stable. Furthermore, three of the six patients who where
transferred to the ICU received supplemental oxygen through Optiflow, which could have provided
support and had an impact on their breathing effort and respiration frequency.

The results furthermore showed a higher minimal area under the curve, indicating a higher baseline
diaphragmatic activity in rest. This aligns with the general knowledge that sepsis causes increased
respiratory muscle activity in an effort to ensure adequate oxygenation, leading to higher diaphrag-
matic activity both at rest and during activity. However, the maximum and mean of the AUC were not
higher in the deteriorating group, contrary to expectation. Further investigation is required to gain a
better understanding of these unexpected findings.

The statistical analysis did not find significant results in amplitude or breathing intensity features, which
may have been due to normalization of the EMG signals. The focus was instead on trend features,
such as overall slope and number of trend changes, as changes in respiratory function are consid-
ered a sensitive indicator of clinical deterioration [63]. However, there was a lack of high-quality data
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for trend analysis due to gaps in the EMG data, caused by patients removing the electrodes or by
sweating. The system was not able to produce extended and reliable measurements in patients who
where restless or were sweating.

5.1.4 Predictive models

The results suggest that models relying only on vital signs and demographics collected at triage are
not highly accurate in predicting deterioration, though they do contain some degree of predictive value.
A previous study done in the emergency department with similar data on a larger population (765 pa-
tients) found that vital parameters measured at triage had more predictive value. The difference in
outcomes between the two studies could be due to the fact that in this study, critically ill patients who
where unable to provide informed consent could not be included in the dataset, potentially leading
to a dataset with relatively less severe vital parameters. However, it is not verified whether the not
included population was in general sicker.

The results of the 55 PPG feature models showed better performance than chance, indicating predic-
tive potential for deterioration. However, overfitting was observed, due to the high number of strongly
correlated features. This resulted in models that fit the training data too well, capturing noise instead
of underlying patterns, leading to poor performance on the validation data. The KNN model performed
better than the LR, SVM and RF classifiers, likely due to its non-parametric nature. Unlike parametric
models, KNN does not make assumptions about the distribution of the data, allowing it to capture
complex relationships between features and target variables.

The results from using a subset set of PPG features in the model showed improved performance in
all classifiers, particularly for the LR, SVM and RF models, where overfitting was reduced. By limiting
the number of features, these models became simpler and less likely to capture noise, leading to a
better generalization.

The final analysis assessed the impact of incorporating vital signs on model performance. The results
indicated a modest improvement in prediction accuracy when vital signs were combined with PPG
features. However, the significance of this improvement was not tested. The composite model, with an
AUROC score of 0.82 using the KNN model, outperformed all previous models. This result highlights
that the PPG trend features contain additional information that is distinct from vital signs, leading to a
more accurate prediction.

5.2 Strengths

The study presents several strengths in its method for predicting deterioration, particularly in its ability
to detect deterioration in an early stage. There have been studies that showed that individual ma-
chine learning models can accurately predict the onset of sepsis ahead of time, including one that
used solely PPG signals and deep learning models to perform classification [64, 65]. However, these
studies were primarily conducted in ICU settings, where sepsis is often already in an advanced stage.
Early detection and intervention are crucial in preventing patients from reaching a more serious condi-
tion. The fact that this study was able to achieve successful results in the early stages of deterioration
is therefore a notable strength.

Another strength of the study is the use of trends within the PPG signal, which has not been explored
previously. Although traditional PPG features can provide information about the cardiovascular sta-
tus, such as heart rate, stroke volume, systemic vascular resistance, total peripheral resistance, and
arterial stiffness [47, 20], the intra-individual changes may provide even more crucial information.
Trend analysis allows for the detection of subtle changes over time that may not be evident when
considering only the absolute values of PPG features. Previous studies have shown that using trends
of vital signs into models significantly improved their accuracy in detecting critical illness in ward set-
tings [8].
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Previously, trend features such as minimum, maximum, standard deviation, mean, slope, and delta
have been used. However, given that these trend features were based on a limited number of vi-
tal sign measurements, the present study has developed more advanced trend features based on
continuously available data. These advanced trend features include the ratio of feature increase and
decrease, the number of trend changes, the steepest, longest, and overall slopes, and appear to offer
even greater insights into the patient’s condition.

The robustness of the prediction is another strength of the study, considering that the outcome also
includes an increase of two SOFA points, in addition to ICU admission and mortality. While hard
outcomes such as ICU admission and mortality tend to be easier to predict, this study used a combi-
nation of all three outcomes and achieved a remarkable AUROC score of 0.82. This result indicates
that the trend features extracted from the PPG waveforms contain valuable information about organ
failure as well.

Finally, the use of PPG technology, which is simple and inexpensive, also adds to the feasibility and
practicality of the study. Many patients were willing to wear the wearable and reported no discomfort
and the quality of the data collected was sufficient for analysis. In conclusion, the study demonstrated
that it is both feasible and practical to use PPG wearables in the prediction of sepsis.

5.3 Limitations

A limitation of this study is the patient population, which consisted of 197 patients, with only 25 of
them experiencing deterioration. This imbalanced population may pose challenges for ML models,
as they become biased towards the more prevalent class and perform poorly on the less prevalent
class. To address this issue, SMOTE was used to balance class distribution, but it is preferable to
use real data rather than synthetic data to improve the generalizability of the model to new data.

Another limitation of this study is the method used for pre-processing the EMG data. Template sub-
traction was used to remove ECG activity, but it was necessary to perform this step twice to remove
most of the ECG activity. In some cases, residual ECG activity remained, which resulted in an unreli-
able signal-to-noise ratio (SNR). As a result, an alternative measure was used to calculate the SNR.
In future studies, it may be more effective to use a different approach to more strictly remove ECG
activity, such as gating [51]. This method involves the identification of R-peaks, followed by the mark-
ing of QRS complexes with a pulse generator having a standardized width. The QRS complexes,
along with all other EMG activity, are then removed from the signal at the generated pulses. Although
this approach may result in the loss of some EMG signals, it might allow for the use of the SNR and
therefore provide a more accurate extraction of good quality EMG data.

As mentioned earlier, the EMG signal is normalized to compare changes over time between patients,
instead of absolute values. However, this normalization process means that the absolute effort a pa-
tient is putting into their respiration cannot be compared to another patient, but only whether there has
been an increase or decrease in effort. Normalization is crucial, but the inability to capture absolute
effort is a limitation.

The limitations of the machine learning models used in this study include the absence of a separate
test set and the use of the filter method for feature selection. The results are currently based on 5-fold
cross-validation, which can indicate performance on unseen data, but still have a risk of overfitting. A
separate test set, typically 10% of the data, is usually recommended to reduce this risk. However, this
was not possible in this study due to the small size of the dataset. The feature selection method used
in this study (filter) does not consider feature interactions or their impact on the model performance.
Future research should use the wrapper method instead to select features.
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Finally, the plan was to measure both PPG and EMG signals simultaneously to include information
from both the cardiovascular and respiratory system in the models. However, due to technical issues,
it was not feasible to obtain both types of measurements from a large group of patients. The predictive
models were therefore built using only PPG data, but it is expected that combining both will lead to
better predictions.

5.4 Future research

To improve the models, it may be useful to include vital signs measured at subsequent time points as
well as trend information of the vitals. Incorporating respiration rate, a key predictor of clinical dete-
rioration, could also be valuable [66]. The respiration rate can be estimated from PPG, but accuracy
may vary depending on the PPG device and the signal-to-noise ratio [67].

Some of the trend features appear to have the ability to predict clinical deterioration, with the number
of trend changes being particularly noteworthy. It may be beneficial to conduct further investigation
into this feature, including analyzing additional characteristics such as the minimum, maximum and
average intensity of the trend changes. This approach was previously used by Bloch et al, who ex-
amined the variability of vital signs using similar features [37]. As previously mentioned, it is important
to consider that trend changes may be predictive not only due to the underlying pathophysiology, but
also due to the impact of interventions on patients. To better understand the role of these multiple
factors, it may be useful to study PPG waveforms in healthy individuals induced with sepsis using
Lipopolysaccharide (LPS) without any intervening treatments. LPS is an endotoxin and is recognized
as the most potent microbial mediator implicated in the pathogenesis of sepsis and septic shock [68].
Furthermore, the induction of the pathophysiological response with a fixed starting time provides valu-
able clinical insights.

In addition to examining trends within classic PPG features over a long time period (e.g. hours), it is
also of interest to analyze the variability within a feature within a shorter time frame (e.g. 10 minutes).
Heart rate variability (HRV) features have been previously studied as potential indicators of clinical
deterioration in sepsis patients [69]. A similar analysis can also be performed on PPG features. To do
this effectively, it is important to distinguish between PPG waves that deviate from the average wave
due to pathophysiological variation and those that may be caused by factors such as movement or
reduced contact between the sensor and the finger.

For future research it is interesting if the prediction could be made earlier. Right now, it has been
shown that the current model is making a good prediction of deterioration, based on PPG signals
from the initial 12 hours. In an ideal scenario, it would be preferable to make this prediction as quickly
as possible. Therefore, it is of interest to explore whether the features from the first 6 hours, for ex-
ample, are also able to provide a reliable prediction.

Lastly, it would be of interest to create patient-specific models for specific groups such as young peo-
ple and immune-compromised patients. These subgroups may have unique characteristics that could
influence their risk of clinical deterioration. For example, young people may have a higher risk of rapid
clinical deterioration due to their generally good health and lack of comorbidities. Immune compro-
mised patients may also have an increased risk of clinical deterioration due to their compromised
immune systems. By creating predictive models specifically for these subgroups, it may be possible
to more accurately identify those at risk of deterioration and provide timely interventions to prevent or
mitigate further decline.
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5.5 Clinical implications

The early detection of sepsis, a life-threatening condition that can result in septic shock and multiple
organ failure, is a critical aspect in patient care. Despite the potential for deterioration within 72 hours,
continuous monitoring is not a standard practice in healthcare settings. This study demonstrated that
through the analysis of trends from 12-hour PPG measurements using a wearable device, itis possible
to predict deterioration after 48 hours. This information provides the nurse with additional insight into
the patient’s condition, enabling them to closely monitor the patient, initiate antibiotics or fluid therapy,
or consult with a physician regarding further management. The initial six hours following the onset
of sepsis symptoms are particularly critical for prognosis, and research has shown that appropriate
antibiotic treatment within this time frame can reduce the incidence of shock by half [18]. Hence, early
identification of patients at risk is of significant importance.

However, a 12-hour measurement may still be considered too long. By refining the algorithm and
equipping the system with an alarm feature that triggers an alarm when specific thresholds are ex-
ceeded could reduce the wait time for complete measurements. Another approach would be to con-
duct trend measurements during a shorter duration, such as 6 hours or the typical stay of the patient
in the ED to provide earlier predictions.

The ultimate goal of these efforts is to provide early warning to healthcare providers, enabling prompt

intervention and reducing in-hospital mortality, shortening hospital stays, and lowering healthcare
costs.
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6 CONCLUSION

In this study, we analyzed photoplethysmography and diaphragm EMG waveform data to identify
trend features that can predict deterioration, including ICU admission, mortality, and a 2-point rise in
SOFA score within 48 hours. Using a 12-hour measurement period, we achieved a AUROC score
of 0.82. The K-nearest neighbor algorithm was found to be the most effective classification model.
Among the photoplethysmography features, the Crest Time-Ratio Amount was most closely related to
deterioration, followed by the median stroke volume and the number of trend changes in the diastolic
peak amplitude and reflection index and heart rate related features. Unfortunately, no significant trend
features were extracted from the EMG data due to gaps in the 12-hour measurement period. Further
research is needed to assess the model’s generalizability using a separate test set and to determine
if predictions can be made earlier than 12 hours.
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A APPENDIX

A.1 Cardiac Artifact Removal

In this section, the process of the initial removal of cardiac activity is described in more detail. To ac-
complish this task, the template subtraction method, as described in [50] was used. First, the R-peaks
were detected using the Pan-Tompkins method [52]. The algorithm was designed to identify the QRS
complexes in the electrocardiography (ECG) signal, therefore, a 2nd order Butterworth band-pass
filter with a frequency range of 5-15 Hz was used to eliminate muscle noise.

Next, the the derivative of the ECG signal was computed and the signal was squared. A window of ten
seconds was used to inspect the signal for extreme artifacts, defined as an amplitude deviation higher
than 3000 nV within the 10 second window. If the criterion was fulfilled, the window was discarded.
The start and end of a QRS complex were determined as the valley and peak of the moving-window
integration (MWI) of the ECG signal. The position of the R-peak was defined as the minimum value of
the ECG value between the start and end of the QRS complex, as demonstrated in Figure A.1. The
MWI was calculated using a window length of 200 ms.

Points of interest QRS complexes

600 —EMG R
MWI
* R-peaks
Begin QRS complex
400 End QRS complex | |

L

16:19:41  16:19:42 16:19:43  16:19:44  16:19:45
Jul 06, 2021

Figure A.1: Points of interest of the QRS complexes

To remove the ECG artifact from the EMG signal, a subtraction template was generated for each ECG
beat. The process of generating the template involved averaging 21 ECG beats. This average in-
cluded the current beat, ten beats before it, and ten beats after it, as shown in the top graph of Figure
A.2. If the current beat was one of the first ten or last ten beats, the average was taken using all
available beats before or after it, respectively, resulting in fewer than 21 beats being used. The beats
were then aligned based on the R-peaks, and the length of the template window was set to match the
length of the current beat.
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To align the template and the current ECG beat, their correlation was maximized, as demonstrated in
the middle graph of Figure A.2. The offset and amplitude of the template were adjusted using linear
regression. Finally, the template was subtracted from the EMG signal, resulting in last graph of Figure
A.2.
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Figure A.2: Subtraction template

A.2 Protocols wearables
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umece Handleiding: Metingen met ItoM

1. Werkwijze

1.1. Meetmomenten

Er wordt 1 meting verricht van 1 x 12 uur. Deze meting wordt op de SEH gestart en loopt door op de
afdeling waar de patiént daarna wordt heengebracht. Het apparaat stopt de meting vanzelf, doordat
de batterij leeg is of de opslag vol is. De zaaldienst of avonddienst moet de sensor 12 uur later er
weer afhalen en op de SEH aan de stroom leggen. Hieronder een voorbeeld van hoe dit in de praktijk
werkt.

SEH

12h |
15.00 Start meting 03.00 Einde meting 09.00 Devices ophalen

1.2. Benodigdheden

Voor het aansluiten van de ItoM zijn de volgende onderdelen nodig:

- UMCG Laptop: ‘16-000-7381’

- Laptop HP oplader

- Docking station

- USB naar micro USB kabel (zwarte kabel)
- Sensor module (SEM)

- Elektrode kabels

- Elektrodes

- Alcohol

- Doekjes

- Tape

- Flyer voor de verpleegkundige

- Oranje polsbandje speciaal voor wearables

Bijna alle benodigdheden liggen in de staande researchkast. Alcohol en gaasjes kan je bij/in de

patiéntkamer vinden.

Figuur 1 —vinr: Docking station, SEM, elektrode kabels, elektrodes

Pagina2van5 Versie: 1



Handleiding: Metingen met ItoM ucute

1.3. ItoM meting: SEM instellen en aansluiten

Start de laptop op en log in
De ItoM applicatie start automatisch op (duurt wel eventjes).

3. Verbind de docking station met de laptop met de zwarte USB-kabel en druk de SEM in de
dockingstation. Let op dat deze met de acutelines sticker bovenop er wordt ingedrukt.

4. Controleer de batterijstatus van de SEM (led ‘SEM’)
a. Groene LED: opgeladen
b. Gele/oranje/rode led: aan het opladen
5. Controleer de koppelingsstatus van de SEM (led ‘Pairing’)

a. Groene led: correct gekoppeld
b. Geen groene led: voer de SEM opnieuw in in de docking station
6. Voer de juiste settings in het ‘Config’ scherm 2>
a. Voer bij ‘Study’ = ‘Demo’ in
b. Voer bij Subject ID het juiste deelnemer ID + bezoeknummer in (01234_01)
e Subject ID= 1234 en bezoeknummer =1

c. Klik bij ‘System connection’ = COM 3 in en klik op ‘next’. Als er geen COM poort
geselecteerd kan worden, doe dan de usb kabel er opnieuw in.

*f Config — >
Measurement info Subject information System connection
Study: Gender: Female ale Other COM3 -
Demo e
Subject ID: Weight: (ka) ‘ Scan
|':I 1234_1 Length: (cm)
Version: 0.1.0
, Maonth and year of birth:
7 2022 Powered by:
Motes:

SENssURE

Storage path
Select folder to save data:

C:fUsers/Public/Documents - Mext

7. Haal de SEM uit de docking station en verbindt deze met de elektrodekabels. Reinig met
alcohol. Als het goed is wordt het lampje van de SEM eerst groen en gaat dan
blauw/donkerblauw knipperen. Dit betekent dat hij verbinding heeft.

8. Verbindt de elektrodekabels alvast met de electroden voordat ze op de patiént geplakt
worden.
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9. Neem nu de laptop inclusief oplader, docking station, SEM met elektrodekabels en elektrodes
en tape mee naar de patiént.
10. Plak de elektrodes op de patiént. Bij een behaarde borst, eerst plaatselijk scheren. De
scheermesjes liggen bij de SEM + elektrodes in de houten bak.
Zorg ervoor dat je de juiste elektrodekabel met de juiste elektrode verbindt!

a.

Zwart (referentie): op 3¢ intercostaal ruimte, midsternaal (zie afbeelding)

b. Rood (rechts) en wit (links): op de ribbenboog, midclaviculair (zie afbeelding)
11. Maak de SEM vast met een stukje tape aan de borstkas.
12. Check nu of er een hartslag signaal wordt geplot in de applicatie.

Hide data

Real-time graph

(®)Start recording

13. Klik nu op ‘Start Recording’.

14. Als het niet lukt om signaal te krijgen, bel dan Anna Schoonhoven!

15. Zet de laptop op een veilig plek en zorg dat de laptop opgeladen wordt.
Om te zorgen de dat meting doorgaat als de patiént naar de afdeling gaat moet de

a.
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RA met de laptop mee lopen als de patiént opgenomen wordt.

User events
Start lung test

Log medication
Log CAS & Borg

Other event

"] ECG signaal

Plot settings

ExG Plot options
ACC

[ Gyro

Plot length:
5 ~

Houdt dus in de gaten wanneer de patiént opgenomen wordt. Dit kan je in EPIC
zien in het SEH-trackboard bij vervolg. Of je bespreekt dit met de verpleegkundige
en vraagt of hij/zij je komt ophalen (houdt nog steeds wel zelf in de gaten!)

Zorg ervoor dat de laptop weer opgeladen wordt op de afdeling en dat hij niet

dichtgeklapt wordt!
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Handleiding: Metingen met ItoM "Cutelines

16. Kruis op de flyer voor de verpleegkundige aan welke wearables er bij de patiént worden
aangesloten.

17. Vul de ‘research notitie’ in op Epic.

18. Vul in op Teams dat de ItoM is aangesloten en wanneer deze afgehaald moet worden door de
zaaldienst of avonddienst.

19. Vul de starttijd van de meting van ItoM in Redcap.

1.4 Verpleegkundige informeren
20. Plak de flyer voor de verpleegkundige met wat tape aan het voeteneinde van het bed, zodat
deze goed zichtbaar is voor alle verpleegkundigen.

21. Informeer de verpleegkundige dat de patiént aangesloten is op de wearables. En vraag of
hij/zij je wilt waarschuwen als de patiént naar de afdeling gaat

22. Loop met de patiént en verpleegkundige mee naar de afdeling als de patiént opgenomen
wordt. Informeer de verpleegkundige van de afdeling mondeling over de metingen met de
wearables en wijs hen op de flyer voor als ze meer informatie willen.

1.4, Metingen loskoppelen (ZAALDIENST OF AVONDDIENST)

Kijk in RedCap op het Productie Dashboard ‘Wearable Dashboard’ en op Teams of er een meting
bezig is en hoelaat de meting is gestart. Als er 12 uur voorbij zijn gedaan, dan moeten de ItoM
losgekoppeld worden. Vul de eindtijd van de meting in op Redcap en op Teams.

ItoM loskoppelen en schoonmaken

Druk op ‘Stop Recording’ in de ItoM applicatie op de laptop.

Sluit de applicatie af.

Koppel de elektrodekabel los van de elektrodes.

Haal voorzichtig de SEM los van de huid.

Verwijder voorzichtig de elektrodes van de huid.

Maak de SEM en de elektrodekabel schoon met een gaasje met 70% alcohol. Let goed op dat

de SEM niet kwijtraakt tussen de dekens!

7. Neem alles mee terug naar de research kamer. Alleen de elektrodeplakkers mogen
weggegooid worden.

8. Plaats de laptop in de oplader.

9. Laad de SEM op door hem in de docking station te stoppen en te verbinden met de laptop of

met een computer.
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Handleiding
METINGEN MET OSASENSE
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1. Werkwijze

1.1. Meetmomenten

Er wordt 1 meting verricht van 1 x 12 uur. Deze meting wordt op de SEH gestart en loopt door op de
afdeling waar de patiént daarna wordt heengebracht. Het apparaat stopt de meting vanzelf, doordat
de batterij leeg is of de opslag vol is. De zaaldienst of avonddienst moet de sensor 12 uur later er
weer afhalen en op de SEH aan de stroom leggen. Hieronder een voorbeeld van hoe dit in de praktijk
werkt.

SEH

12 h |
15.00 Start meting 03.00 Einde meting 09.00 Devices ophalen

1.2. Benodigdheden

Voor het aansluiten van het OSAsense meetsysteem zijn de volgende onderdelen nodig:

- UMCG Laptop: ‘16-000-7377’

- Laptop oplader

- OSAsense meetsysteem (zit in een zwarte bewaarhoes)
- Vingertipsensor

- Oplaad/verbindingskabel

- Flyer voor de verpleegkundige

- Oranje polsbandje speciaal voor wearables

Bijna alle benodigdheden liggen in de staande researchkast. Alcohol en gaasjes kan je bij/in de
patiéntkamer vinden.

1.3. OSAsense instellen
Pak de UMCG laptop, de OSAsense en een vingertipsensor uit de kast
Start de UMCG laptop op
3. Llogin
a. De pop-up van ED RESEARCH kan je wegklikken
b. Er komt ook een pop-up van Citrix in beeld, deze kan je wegklikken, maar hij blijft
terugkomen. Je kunt de pop-up ook opzij slepen en verder negeren.
. Open de OSAsense applicatie
5. Klik op “OSAsense S18 Instellen”
6. Verbind de OSAsense met de computer met de witte kabel
a. Als het goed is komt de OSAsense bij stap 1 in het scherm te staan.
b. Gebeurt dit niet: koppel de OSAsense los en opnieuw weer aan of beweeg de kabel
voorzichtig totdat de OSAsense wel herkend wordt.
7. Controleer in “Redcap->productie” in het report “OSAsense” welke patiént codes al gebruikt
zijn. Deze lijst vind je in het menu links.
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Handleiding: Metingen met OSAsense

REFﬂrtS Deelnemer ID Event Name

Repeat Instance OSAsense ID

1646 Visit

11 Deelnemer en Screen 1D's ==

s . 415 Visit

2} Emailadressen .
1570 Visit

3 O5Asense 1606 Visit

1

&

1

1

4} COVID-19 1418 Visit 1
s follow up 1364 Visit 1
& follow up 1258 Visit t
i 1321 Visit 1

= Hjalmar Less e .
1 SEF'EI-S 1380 Visit 1

21 Intoxicaties 1268 Visit 1

8. Koppel de patiént in “Redcap->Productie->koppeling” aan een ongebruikte OSAsense code.
9. Vul de begintijd van de meting in in Redcap.
10. Selecteer die patiént code in de OSAsense app.
a. Als er geen/weinig ongebruikte patiént code zijn.
11. Klikt op “OSAsense S18 Instellen voor: [patiént code]”.
12. Koppel de OSAsense los en sluit de applicatie af. De OSAsense is nu klaar voor gebruik.

1.4, OSAsense instellen
13. Sluit de sensor aan op een vinger van de patiént op de aangegeven methode

a. Op de pleister van de sensor staat aangegeven hoe deze om de vinger van de patiént
geplakt moet worden.

14. Doe de OSAsense om de pols van de patiént en sluit de sensor aan op de OSAsense.

a. Als het goed is gaat de rode led van de elektrode branden, knippert het rondje
linksboven in het schermpje en komt na een paar seconden de saturatie en hartslag
in het scherm. De meting is dan begonnen.

b. Zolang de sensor verbonden is kan de OSAsense niet uitgezet worden. Het scherm
gaat vanzelf uit, maar de meting blijft doorgaan

Verpleegkundige informeren
15. Plak de flyer voor de verpleegkundige met wat tape aan het voeteneinde van het bed, zodat
deze goed zichtbaar is voor alle verpleegkundigen.
16. Informeer de verpleegkundige dat de patiént aangesloten is op de wearables. En vraag of
hij/zij je wilt waarschuwen als de patiént naar de afdeling gaat.

1.5 Metingen loskoppelen

Kijk in RedCap op het Productie Dashboard ‘Wearable Dashboard’ of er een meting bezig is en hoe
laat de meting is gestart. Als er 12 uur voorbij zijn gedaan, dan moeten de ItoM en OSAsense
losgekoppeld worden. Vul de eindtijd van de meting in in “Redcap->Productie->koppeling”.
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Toont alle deelnemers die nu een wearable hebben

Dashboard display<l | wearable Dashboard El

Displaying record | P22 646" B van 5 records

+ Add new record

Displaying: |nstrument status only | Lock status only | All status types

Baseline Visit
Koppeling Patiéntenvragenlijst

Deelnemer ID | sypject | [Direct) [PT]
177 ® | ® @
i @ @ ®
1599 ® | @ ®
1606 ® | ¢ :
1626 ® | o ®

OSAsense loskoppelen en schoonmaken
1. Haal de sensor van de vinger
Maak het polshorloge los
Koppel de sensor los van het horloge
Gooi de sensor weg

i kW

Ontsmet het horloge met een gaasje met 70% alcohol

1.6 Metingen uitlezen en uploaden

1. Start de UMCG laptop op

2. login.
a. De pop-up van ED RESEARCH kan je wegklikken
b. Er komt ook een pop-up van Citrix in beeld, deze kan je wegklikken, maar hij blijft
terugkomen. Je kunt de pup-up ook opzij slepen en verder negeren.
3. Open de OSAsense applicatie
Klik op “OSAsense S18 Uitlezen”

5. Verbind de OSAsense met de computer, Als het goed is komt de OSAsense bij stap 1 in het
scherm te staan. Gebeurt dit niet: koppel de OSAsense los en opnieuw weer aan of beweeg de
kabelvoorzichtig totdat de OSAsense wel herkend wordt.

6. Klikt op “Uitlezen & Uploaden”.

7. Op de OSAsense verschijnt een laadbalk. Het uitlezen kan enkele minuten duren.

8. Als het uploaden gelukt is, verschijnt de melding “De data van de OSAsense S18 is uitlezen,
geupload en geanalyseerd.” in de applicatie.

9. Sluit de applicatie af

10. Laat de OSAsense verbonden met de laptop om deze op te laden voor de volgende meting.
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A.D. Schoonhoven MSc Thesis

A.3 Tables PPG features

Table A.1: Trend features of the systolic peak amplitude for deteriorated and non-deteriorated group.

Deteriorated Non-deteriorated value
(n=24) (n=165) P
| Feature | Trend | | |
Systolic Peak -
Amplitude Minimum ) ) )
| | Maximum - - -
| | Delta - - -
| | Mean - - -
| | Median - - -
Standard 0.40 [0.39 - 0.42] 0.40 [0.39 - 0.41] 0.33
deviation
Coefficient of 0.91[0.79 - 1.02] 0.87 [0.79 - 0.93] 0.13
Variation
| | Number of trend changes | 0.05 [0.04 - 0.06] | 0.05[0.04 - 0.05] | 0.06
| | Ratio time | 1.01[0.85-1.18] | 0.93[0.80-1.06] | 0.17
| | Ratio amount 1.02[0.94-1.05] | 0.98[0.91-1.05] | 0.25
3.14e-03 -3.8e-03
Longest slope [-4.86-3 - 0.012] [-9.96-03 - 7.26-03] | 016
| | Longest duration | 64.50 [56.00 - 76.00] | 64.00 [52.00 - 81.25] | 0.88
| | Steepest slope | 0.14[0.09-0.21] | 0.15[0.10-0.21] | 0.86
-4.81e-06 -9.37e-05
Complete slope [5.36-04 - 7.4604] | [-5.2¢-04 - 5.2¢-04] | %8

The features are expressed as median and the interquartile ranges [IQR], and are compared using the Mann-
Whitney U test. * indicates a significant p-value.

67



A.D. Schoonhoven MSc Thesis

Table A.2: Trend features of the diastolic peak amplitude for deteriorated and non-deteriorated group.

Deteriorated Non-deteriorated
(n=24) (n=165)

| Feature | Trend | | | |

p-value

Diastolic Peak

Amplitude Minimum ) ) )

\ Maximum

\ Delta

\ Mean
\ Median
Standard

o 0.40[0.39-0.42] 0.40[0.39 - 0.41] 0.09
deviation

0.94 [0.86 - 1.05] 0.87[0.81 - 0.97] 0.009*

|
|
|
|
Coefficient of
|
|
|
|
|
|

|
|
|
|
| Number of trend changes | 0.06 [0.05 - 0.07] | 0.05[0.04 - 0.05] | 0.001* |
|
|
|
|
|

Variation
‘ Ratio time ‘ 1.01[0.87 - 1.20] ‘ 0.94[0.81 - 1.08] ‘ 0.19
| Ratio amount 099[0.96-1.05] |0.99[0.94-1.05 | 0.51
| Longest slope -0.01[-0.02-001] | 0,00[-0.010.01] | 0.38
‘ Longest duration ‘ 60.50 [34.00 - 74.50] ‘ 64.00 [52.00 - 81.00] ‘ 0.07
| Steepest slope 10.18[0.09-0.27] | 0.15[0.11-021] | 0.82
Complete slope -2.07e-04 1.766-04 0.27

[-8.3e-04 - 7.06-04] | [-3.1e-04 - 7.1e-04]

The features are expressed as median and the interquartile ranges [IQR], and are compared using the Mann-
Whitney U test. * indicates a significant p-value.
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Table A.3: Trend features of the pulse width for deteriorated and non-deteriorated group.

Deteriorated Non-deteriorated

(n=24) (n=165) p-value

| Feature | Trend | | | |
| Pulse Width | Minimum | 0.20[0.18 -0.22]  0.21[0.18 - 0.24] 007 |
| | Maximum | 0.37[0.27 - 0.45] | 0.41[0.32 - 0.47] 013 |
| | Delta | 0.15[0.10 - 0.23] | 0.18[0.12-0.23] | 034 |
| | Mean | 0.26 [0.20- 0.32] | 0.30[0.24 - 0.35] 011 |
| | Median | 0.26 [0.19 - 0.30] | 0.28[0.22 - 0.36] 008 |
(?(ta?/?:t?g: 0.04 [0.03 - 0.06] 0.04 [0.03 - 0.06] 0.42
\(;:re.:tlgﬁnt of 0.13[0.11 - 0.19] 0.14[0.10 - 0.19] 0.83
| | Number of trend changes | 0.02 [0.01 - 0.03] | 0.02[0.02 - 0.03] 095 |
| | Ratio time 1.07 [0.71 - 1.51] | 1.13[0.89 - 1.34] 057 |
| | Ratio amount | 0.99[0.65 - 1.40] | 1.03[0.89 - 1.27] (026 |
Longest slope [1-53.?2:81 - 5.7¢-04] ?1'21.3234 76604 | 0%
| | Longest duration | 130.00 [80.50 - 165.50] | 107.50 [84.00 - 137.00] | 0.54 |
| | Steepest slope | 0.002[0.001 0.01]  0.005[0.0020.008] | 047 |
Complete slope [2-'{4.212:82 - 9.9¢-05] %'?26:-})045- 0.03] 0.03"

The features are expressed as median and the interquartile ranges [IQR], and are compared using the Mann-
Whitney U test. * indicates a significant p-value.
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Table A.4: Trend features of the Peak to Peak interval for deteriorated and non-deteriorated group.

Deteriorated Non-deteriorated value
(n=24) (n=165) P
| Feature | Trend | | | |
Peak to Peak |\ \irimum 0.54 [0.47 - 0.58] 0.60 [0.53 - 0.66] 0.01
interval
| | Maximum | 0.75[0.67 - 0.86] | 0.80[0.71-0.94] 013 |
| | Delta  0.23[0.18 - 0.27] | 0.21[0.15 - 0.27] (043 |
| | Mean | 0.64[0.55 - 0.71] | 0.71[0.62 - 0.81] | 0.01* |
| | Median | 0.62[0.54 - 0.72] | 0.70[0.62 - 0.81] 0.01* |
Standard 0.06 [0.04 - 0.06] 0.05 [0.04 - 0.07] 0.99
deviation
Coefficient of 0.09 [0.06 - 0.11] 0.08 [0.05 - 0.10] 0.24
Variation
| | Number of trend changes | 0.03 [0.02 - 0.05] | 0.02[0.02 - 0.03] 1026 |
| | Ratio time | 1.04[0.61 - 1.41] | 1.23[0.89 - 1.63] [ 0.04* |
| | Ratio amount | 1.00[0.67 - 1.13] | 1.11[0.90 - 1.39] | 0.06 |
Londest slone -9.9e-05 4.98e-04 0.02"
9 P [-8.57e-04 - 4.26e-04] | [-3.31e-04 - 9.02e-04] | -
| | Longest duration | 90.50 [53.50 - 128.50] | 121.00 [84.50 - 165.25] | 0.01* |
5.17e-03 4.44e-03
Steepest slope [4.006-03 - 1.07e-02] | [2.96e-03 - 8.00e-03] | %'
Complete slope “SfEenlle SA0S0 0.02*

[-1.35€04 - 1.37e-04] | [-3.60e-05 - 1.97-04]

The features are expressed as median and the interquartile ranges [IQR], and are compared using the Mann-
Whitney U test. * indicates a significant p-value.
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Table A.5: Trend features of the pulse interval for deteriorated and non-deteriorated group.

Deteriorated

Non-deteriorated

(n=124) (n=165) p-value
| Feature | Trend | | | |
| Pulse interval | Minimum | 0.54[0.47-0.58] | 0.60[0.53 - 0.66] [0.01* |
| | Maximum | 0.74[0.67-0.86] | 0.80[0.71-0.94] 013 |
| | Delta 023[0.17-027] | 0.20[0.15-0.27] 042 |
| | Mean 1 064[0.55-0.71] | 0.71[0.62 - 0.81] | 0.01* |
| | Median 1 062[0.55-0.72] | 0.80[0.62-0.82] [0.01* |
(‘j’;f‘/?adt?c:: 0.05 [0.04 - 0.07] 0.05 [0.04 - 0.07] 0.95
S:r?:t'gﬁ”t of 0.09 [0.07 - 0.11] 0.08 [0.05 - 0.10] 0.23
| | Number of trend changes | 0.02 [0.02 - 0.04] | 0.02[0.03 - 0.04] | 0.80 |
| | Ratio time 10.98[0.58-1.42] | 1.23[0.92-1.61] 003 |
| | Ratio amount 093[0.62-1.27] | 1.09[0.89 - 1.42] 007 |

Longest slope < Uil SO 0.01*

[-9.386-04 - 5.55e-04] | [-3.66e-04 - 1.03e-03]

| | Longest duration | 89.00 [55.00 - 105.00] | 110.50 [81.50 - 160.50] | 0.01* |
Steepest slope [53;?23763033 - 1.07e-02] ?2'?6072?33- 8.68¢-3] 0.13
Complete slope fi'§385e<;82 - 1.38e-04] Eé??égﬁ& -198e-04) | 00%

The features are expressed as median and the interquartile ranges [IQR], and are compared using the Mann-

Whitney U test. * indicates a significant p-value.
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Table A.6: Trend features of the crest time for deteriorated and non-deteriorated group.

Deteriorated

Non-deteriorated

(n=24) (n=165) p-value
\ Feature \ Trend \ \ \ \
| Crest time | Minimum | 0.18[0.16 - 0.20] | 0.18[0.18 - 0.20] 010 |
| | Maximum 1 0.24[0.21-0.31] | 0.24[0.22 - 0.26] 029 |
| | Delta  0.060.03-0.12] | 0.05[0.03 - 0.07] 016 |
| | Mean 0.21[0.20 - 0.22] 1 0.21[0.20 - 0.22] 1099 |
| | Median 0.21[0.20 - 0.22] 1 0.20[0.20 - 0.22] 078 |
Standard 0.01[0.01 - 0.03] 0.01[0.01 - 0.02] 0.44
deviation
Coeflicient of 0.07 [0.04 - 0.13] 0.06 [0.05 - 0.08] 0.43
Variation
| | Number of trend changes | 0.01[0.01 - 0.02] | 0.01[0.01-0.02] | 065 |
| | Ratio time | 0.79[0.43 - 1.17] | 1.14[0.69 - 1.76] | 0.01% |
| | Ratio amount | 0.87[0.61 - 1.00] 1.05[0.83 - 1.27] | <0.01* |
-1.446-05 1.48e-05
Longest slope [-1.026-02 - 1.596-04] | [-9.256-05 - 1.09e-04] | 0%
| | Longest duration | 143.00 [87.50 - 225.75] | 169.50 [102.00 - 222.00] | 0.41 |
8.00e-04 1.14e-03
Steepest slope [6.67e-04 - 3.01-03] | [7.826-04 - 2.43¢-03] | 060
-5.51-08 1.21e-05 i
SR SlepE [-4.56-05 - 5.11e-06] | [7.06€-06 - 3.37e-05] L

The features are expressed as median and the interquartile ranges [IQR], and are compared using the Mann-
Whitney U test. * indicates a significant p-value.
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Table A.7: Trend features of the delta time for deteriorated and non-deteriorated group.

Deteriorated

Non-deteriorated

(n=24) (n=165) p-value
| Feature | Trend | | | |
| Delta time | Minimum 0.20[0.17 - 0.22] 0.22[0.20 - 0.24] Xt
| | Maximum | 0.26[0.26 - 0.28] | 0.280.26 - 0.30] 014 |
| | Delta | 0.080.06 - 0.10] | 0.06 [0.04 - 0.08] | 0.05* |
| | Mean | 0.23[0.22 - 0.25] | 0.25[0.24 - 0.27] | 0.01* |
| | Median | 0.22[0.22 - 0.26] | 0.26 [0.24 - 0.26] | <0.01* |
Standard 0.02[0.01 - 0.02] 0.01[0.01 - 0.02] 0.08

deviation
SO?ﬁ'.C'e”t < 0.08 [0.05 - 0.10] 0.06 [0.04 - 0.08] 0.01*
ariation
| | Number of trend changes | 0.02 [0.01 - 0.03] | 0.02[0.01-0.02] |0.12 |
| | Ratio time 1 0.93[0.69 - 1.33] | 1.06 [0.76 - 1.38] (043 |
| | Ratio amount | 0.96[0.83 - 1.20] | 1.00[0.85 - 1.21] 082 |
-8.55-05 2 44e-05
Longest slope [-2.616-04 - 2.306-04] | [-1.18¢-04 - 1.93e-04] | 023
| | Longest duration | 99.50 [64.50 - 142.00] | 133.00 [92.50 - 185.75] | 0.07 |
1.86e-03 1.53e-03
Steepest slope [1.266-03 - 4.006-04] | [1.006-03 - 2.676-03] | O1°
-3.486-06 5.92e-07
Complete slope [-2.776-05 - 5.076-05] | [-1.476-05 - 2.59¢-05] | 069

The features are expressed as median and the interquartile ranges [IQR], and are compared using the Mann-
Whitney U test. * indicates a significant p-value.
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Table A.8: Trend features of the infliction point area for deteriorated and non-deteriorated group.

Deteriorated Non-deteriorated _value
(n=24) (n=165) P
| Feature | Trend | | | |
Infliction
point Minimum 0.15 [0.04 - 0.27] 0.19[0.11 - 0.31] 0.07
area
| | Maximum 061[0.32-0.73] | 060[0.44-0.79] [ 052 |
| | Delta 10.38[0.27-055] | 0.37[026-053] | 089 |
| | Mean 1032[0.15-0.44] | 037[0.28-0.51] [ 007 |
| | Median | 0.30 [0.14 - 0.44] | 0.38[0.27 - 0.49] | 0.03* |
Standard 0.09[0.06-0.14] | 009[0.06-0.12] | 0.96
deviation
Coefficient of 0.30 [0.20 - 0.52] 0.24 [0.18 - 0.31] 0.02*
Variation
| | Number of trend changes | 0.06 [0.04 - 0.06] | 0.05[0.04 - 0.05] | 0.01* |
| | Ratio time 095[0.83-1.16] | 1.13[0.96-1.31] [ 0.03* |
| | Ratio amount 097[0.89-1.19] | 1.03[0.93-1.12] [ 044 |
Londest slone 2.05e-04 1.20e-03 036
9 P [-1.74€-03 - 1.75¢-03] | [-1.49e-03 - 2.50e-03] | ~-
| | Longest duration | 53.00 [46.00 - 73.75] | 65.00 [52.75- 81.25] | 0.03* |
1.99-02 2.00e-02
Steepest slope [1.296-02 - 3.826-02] | [1.27-02 - 3.62¢-02] | 092
Complete slope -2.94e-05 7.72€-05 0.12
P P [-2.55e-04 - 2.30e-04] | [-7.156-05 - 2.35e-04] |

The features are expressed as median and the interquartile ranges [IQR], and are compared using the Mann-
Whitney U test. * indicates a significant p-value.
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Table A.9: Trend features of the reflection index for deteriorated and non-deteriorated group.

Deteriorated Non-deteriorated value
(n=24) (n=165) P
| Feature | Trend | | | |
:flzféictm" Minimum 25.16 [11.00 - 32.54] | 26.07 [17.18 - 35.14] | 0.21
| | Maximum | 60.74 [44.13-68.10] | 60.20[49.04-69.12] | 0.66 |
| | Delta | 33.90 [28.62 - 40.69] | 31.08 [23.80 - 38.19] | 0.18 |
| | Mean | 40.31[27.63-47.62] | 42.73[33.78-51.18] | 0.24 |
| | Median | 39.50 [29.34 - 47.94] | 42.72[33.43-51.30] | 022 |
Standard 8.18 [6.64-11.97] | 7.10[5.25-9.17] 0.06
deviation
CREIEE @ 0.25[0.16 - 0.37] 0.17 [0.13 - 0.24] 0.01*
Variation
| | Number of trend changes | 0.06 [0.05 - 0.06] | 0.051[0.04 - 0.06] | <0.01* |
| | Ratio time 0.95[0.83-1.16] | 1.13[0.96 - 1.31] 1003 |
| | Ratio amount 0.97[0.89-1.19] | 1.03[0.93-1.12] 044 |
| | Longest slope -0.08[-0.24-0.13] | 0.06[-0.17-0.16] | 0.28 |
| | Longest duration | 60.50 [45.00 - 75.50] | 64.00 [51.75-80.50] | 0.30 |
| | Steepest slope | 244[1.71-387] | 1.82[1.26 - 2.88] [ 0.02% |
Complete slope -3.39e-03 5.73e-03 0.12

[2.62e-02 - 1.87e-02] | [-4.87e-03 - 1.69¢-02]

The features are expressed as median and the interquartile ranges [IQR], and are compared using the Mann-
Whitney U test. * indicates a significant p-value.
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Table A.10: Trend features of the augmentation index for deteriorated and non-deteriorated group.

Deteriorated Non-deteriorated _value
(n=24) (n=165) P
| Feature | Trend | | | |
ﬁ‘l:ir:e“tatm" Minimum 39.17 [31.77 - 55.80] | 39.58 [30.76 - 50.79] | 0.66
| | Maximum | 74.80[67.37 - 88.92] | 73.89[64.79-82.78] | 0.21 |
| | Delta | 33.91[28.63-40.59] | 30.93[23.94-38.18] | 0.18 |
| | Mean | 59.69[52.38 - 72.37] | 57.27[48.82-66.22] | 0.24 |
| | Median | 60.50 [52.06 - 70.66] | 57.27 [48.82-66.22] | 022 |
Standard 8.18 [6.64 - 11.97] 7.10 [5.25 - 9.17] 0.06
deviation
Coefficient of 0.13[0.11 - 0.19] 0.13 [0.09 - 0.18] 0.40
Variation
| | Number of trend changes | 0.05 [0.04 - 0.06] | 0.05[0.04 - 0.06] 1099 |
| | Ratio time | 1.00[0.84 - 1.19] 1 0.95[0.81 - 1.11] 1046 |
| | Ratio amount | 1.00[0.90 - 1.11] | 0.97[0.89 - 1.06] | 040 |
| | Longest slope | 0.13[-0.16 - 0.24] -0.09[-0.15-0.18] | 0.39 |
| | Longest duration | 64.00 [55.00 - 72.00] | 61.00 [51.00 - 75.25] | 0.94 |
| | Steepest slope | 1.73[1.40 - 3.04] | 1.87 [1.34 - 2.86] 1095 |
Complete slope 3.39e-03 -5.73e-03 0.12

[-1.87e-02 - 2.626-02] | [-1.69e-02 - 4.87€-03]

The features are expressed as median and the interquartile ranges [IQR], and are compared using the Mann-
Whitney U test. * indicates a significant p-value.
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Table A.11: Trend features of the heart rate for deteriorated and non-deteriorated group.

Deteriorated Non-deteriorated

(n=24) (n=165) p-value

| Feature | Trend | | | |
| Heart rate | Minimum 80.92[69.49-89.72] | 74.70[63.83-84.28] | 0.13 |
| | Maximum | 110.09 [103.45 - 127.66] | 100.00 [91.28 - 113.87] | 0.01* |
| | Delta | 29.78[26.15-41.67] | 25.81[18.74-34.35] | 0.01* |
|  Mean | 95.63[84.94-109.50] | 85.02 [74.81-93.63] | 0.01* |
| | Median | 96.77[83.40-109.13] | 85.71[73.17-96.77] | 0.01* |
Sandard 7.64 [6.07 - 10.29] 6.59 [4.45 - 9.05] 0.08
S;f:t'gﬁ”t of 0.08 [0.06 - 0.11] 0.08 [0.05 - 0.10] 0.53
| | Number of trend changes | 0.02 [0.02 - 0.04] | 0.03[0.02 - 0.03] | 0.18 |
| | Ratio time | 0.96[0.80 - 1.51] | 0.81[0.63 - 1.07] 002" |
| | Ratio amount 1 1.14[0.89 - 1.76] 1 0.90[0.73 - 1.08] | 0.01* |
| | Longest slope | 0.10 [:0.06 - 0.21] 0.06[-0.10-0.05] | <0.01* |
| | Longest duration 90.00 [55.50 - 117.50] | 107.00 [77.25 - 159.50] | 0.04* |
| | Steepest slope | 0.89[0.50 - 1.23] | 0.74[0.41-1.19] 1025 |
| | Complete slope | 0.01[-0.02 - 0.02] 0.01[-0.03-001] [ 003 |

The features are expressed as median and the interquartile ranges [IQR], and are compared using the Mann-
Whitney U test. * indicates a significant p-value.
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Table A.12: Trend features of the relative amplitude for deteriorated and non-deteriorated group.

Deteriorated Non-deteriorated value
(n=24) (n=165) P
| Feature | Trend | | | |
Relative |\ imum 1.68 [1.62 - 1.74] 1.69 [1.61 - 1.75] 0.68
amplitude
| | Maximum 204[188-212]  |201[1.92-210] | 100 |
| | Delta 1035[0.21-041] | 032[022-042] | 098 |
| | Mean 1.82[177-1.88] | 1.83[1.76-1.89] | 081 |
| | Median 181[1.76-187) | 183[1.76-1.89] | 081 |
Standard 0.08 [0.05 - 0.10] 0.07 [0.05 - 0.10] 0.76
deviation
Coefficient of 0.04 [0.03 -0.06] 0.05 [0.04 - 0.06] 0.08
Variation
| | Number of trend changes | 0.05 [0.05 - 0.06] | 0.05[0.04 - 0.06] | 0.08 |
| | Ratio time | 1.01[0.90 -1.20] 1094[0.84-1.10] | 017 |
| | Ratio amount 1094[083-1.03] | 0.99[0.93-1.05] | 006 |
6.18e-04 -3.73e-04
Longest slope [2.07-03 - 1.73¢-03] | [-1.85¢-03 - 1.86e-03] | *-°C
| | Longest duration | 62.50 [42.50 - 69.50] | 63.00 [48.00 - 74.25] | 0.34 |
| | Steepest slope 10.02[0.01-0.03] | 0.02[0.02-0.03] | 006 |
-4.03e-05 2.54e-05 .
Complete slope [-2.51e-04 - 9.33¢-05] | [-6.29¢-05 - 1.16e-04] | -0

The features are expressed as median and the interquartile ranges [IQR], and are compared using the Mann-
Whitney U test. * indicates a significant p-value.
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Table A.13: Trend features of the acceleration plethysmography feature for deteriorated and non-deteriorated

group.

| Longest duration

| 63.00 [51.00 - 72.00] | 64.00 [52.75 - 77.25] | 0.39

Deteriorated Non-deteriorated

(n=24) (n=165) p-value

| Feature | Trend | | | |
| APG | Minimum A27[1.46--1.15] | -1.21[-1.28--1.12] | 0.02* |
| | Maximum 0.90[-1.10--0.82] |-0.87[-0.98--0.76] | 0.14 |
| | Delta | 0.38[0.30 - 0.51] | 0.32[0.25 - 0.41] | 0.07 |
| | Mean 1.08[-121--1.00] | -1.04[-1.13--0.95] | 0.04* |
| | Median 1.07[1.21--0.99] | -1.04[-1.14--094] | 0.03* |
(‘:’:\‘/’I‘;f‘;g 0.09 [0.06 - 0.12] 0.07 [0.06 - 0.10] 0.07
S;’r?:t';'ﬁ”t of -0.09 [-0.11--0.06] | 0.05 [0.04 - 0.05] 0.01
| | Number of trend changes | 0.05 [0.04 - 0.06] | 0.05[0.04 - 0.05] | 0.01* |
| | Ratio time 1097[0.85-1.08] | 098[0.82-1.17] [ 065 |
| | Ratio amount 096[0.85-1.03] | 1.01[0.94-1.10] | 0.01* |
Longest slope E-4?;.0393ee:-0043 - 2.10e-03] [1-'10.1522(3)3 -2.17e-03] | 920
| |
| |

| Steepest slope 002[0.01-0.03] | 0.02[0.01-003] | 0.69
1.646-06 5.53¢-05 .
g B2 EEEE [-3.426-04 - 7.076-05] | [-3.48¢-04 - 1.52¢-04] | %:03

The features are expressed as median and the interquartile ranges [IQR], and are compared using the Mann-

Whitney U test. * indicates a significant p-value.
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Table A.14: Trend features of the stroke volume for deteriorated and non-deteriorated group.

Deteriorated Non-deteriorated value
(n=24) (n=165) P
| Feature | Trend | | | |
Stroke |\ vnimum 2.96 [1.55 - 4.30] 3.15 [2.07 - 4.40] 0.49
volume
| | Maximum | 26.52[21.11-34.00] | 28.18[24.71-33.03] | 0.58 |
| | Delta | 23.24[16.88 - 31.66] | 24.92[21.25-29.38] | 0.61 |
| | Mean | 11.80[9.89 - 14.10] | 13.36 [12.01-14.72] | 0.01* |
| | Median 9.81[9.00-12.88] | 12.81[11.00- 14.46] | <0.01* |
Standard 5.84 [4.33 - 7.80] 5.74 [4.67 - 6.85] 0.99
deviation
Coefficient of 0.51 [0.40 - 0.69] 0.43 [0.36 - 0.53] 0.06
Variation
| | Number of trend changes | 0.05 [0.04 - 0.06] | 0.05[0.04 - 0.05] 016 |
| | Ratio time 1.03[0.89-1.17] | 0.91[0.80 - 1.06] 003" |
| | Ratio amount 0.99[0.91-1.09] | 0.99[0.92 - 1.05] 1097 |
| | Longest slope | 0.02[-0.06-0.16] | -0.05[-0.13-0.12] [ 023 |
| | Longest duration | 65.50 [56.50 - 76.50] | 65.00 [53.00 - 80.00] | 1.00 |
| | Steepest slope 1.89[1.23-3.33] | 2.10[1.50 - 2.94] 1055 |
Complete slope 9.75¢-04 -1.07e04 0.94

[-7.52¢-03 - 1.04e-2] | [-5.46€-03 - 7.40e-03]

The features are expressed as median and the interquartile ranges [IQR], and are compared using the Mann-
Whitney U test. * indicates a significant p-value.
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Table A.15: Trend features of the cardiac output for deteriorated and non-deteriorated group.

Deteriorated Non-deteriorated

(n=24) (n=165) p-value
| Feature | Trend | | | |

g:trs:‘atc Minimum 263.00 [145.08 - 396.15] | 269.55 [178.56 - 402.57] | 0.81

| | Maximum | 2434 [1864 - 3222] | 2420 [2081 - 2813] 1099 |
| | Delta | 21351538 - 2984] | 2090 [1736 - 2550] 1092 |
| | Mean | 1101 [949 - 1220] | 1146 [1047 - 1227] 028 |
| | Median | 936 [831 - 1144] | 1094 [959 - 1192] 1003 |
i;i?adt?;g 526 [366 - 698] 482 [389 588] 0.50
S;’r?;ft'g‘;”t of 0.50 [0.36 - 0.70] 0.43 [0.35 - 0.53] 0.16
| | Number of trend changes | 0.05 [0.04 - 0.06] | 0.05[0.04 - 0.05] 015 |
| | Ratio time | 0.96[0.80 - 1.11] | 0.90[0.79 - 1.06] 021 |
| | Ratio amount | 0.98[0.93 - 1.06] | 0.98[0.91 - 1.04] 066 |
| | Longest slope | 2.92[-7.85 - 12.44] 5.07[12.77-7.48] | 0147 |
| | Longest duration | 64.00[57.00-79.50] | 66.00[54.75-80.00] | 0.84 |
| | Steepest slope | 155.82[116.65 - 286.01] | 176.69 [131.47 - 256.14] | 0.70 |
| | Complete slope | 0.12[-0.56 - 0.70] -0.15[-0.58 - 0.47] | 056 |

The features are expressed as median and the interquartile ranges [IQR], and are compared using the Mann-
Whitney U test. * indicates a significant p-value.
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A.4 P-values PPG features

A.5 Correlation plots
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Figure A.3: Correlation plot of best 20 features

f=

o

% o
5 S-S e
S 3 5 =
=) = 3 u © v oW
m I u E = o =R =

o ¢ m© < ©
o o e O = © 2 @m e o a =

= c = =] a = = =

"W L 2 9 58 ¢ ®F "% = @ R®BR = & &
€ £ F g 2 = @ € 2L & & 0 5 =
Fd - N> o - Lo s B oa bk
U 0 ¥ o I b W I o =& I in O 4 0

1.00

0.75

r0.50

r0.25

r0.00

r—0.25

r—0.50

CT Ratio amount
DPA Flip 1

RI Flip1

P2P Longest duration A
HR Longest slope 1
SV Median 1

CT Ratio time

HR. Ratio amount -
Pl Median 1

1PA Flip |

HR Ratio time -

SV Ratio time

DT CV 1

APG flip 1

DT Median {

Figure A.4: Correlation plot of best 15 features
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