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11.1 Background

1.1.1 Machine learning models in medicine

For diagnostic, interventional or predictive purposes, medical doctors constantly try to 
identify patterns in patients’ vital signs. However, a clinician can only interpret a limited 
number of parameters at the same time. Furthermore, it is difficult for a clinician to assess 
trends in data. An example is found during surgical procedures, where the anesthesiologist 
aims to keep blood volume constant using blood pressure and heart rate as parameters 
[1,2]. Although absolute blood pressure and heart rate values may lie in a physiological 
range, the combination of a larger number of parameters may indicate progression towards 
hypovolemia [3]. Machine learning models can assist the clinician by performing bed-side 
diagnostics or outcome prediction based on the combination of large amounts of current and 
trend data. Since machine learning models may outperform clinicians and do not suffer from 
stress, disease, fatigue or emotion-based decision making, they are developed more and more 
for clinical purposes [4–7]. However, application of machine learning models lags behind, 
with only a handful of models being actually implemented [8]. This may partly be due a lack 
of trust by the clinician in the accuracy of such potential non-transparent models [9–11]. 
Since the prediction of a model may define whether treatment or even life support is given 
or withdrawn, a wrong prediction may have tremendous consequences. In this thesis, we 
address three (of the many more) crucial steps in the development and assessment of machine 
learning in medicine: raw data assessment, parameter extraction and model creation.

1.1.2 Data quality

“On two occasions I have been asked, “Pray, Mr. Babbage, if you put into the 
machine wrong figures, will the right answers come out?” ... I am not able 
rightly to apprehend the kind of confusion of ideas that could provoke such a 
question.” [12]

It is tempting to think of a machine learning model as a magical machine. Charles Babbage 
(mathematician and inventor of the difference engine, precursor of electronic computers) 
already recognized in the 19th century that the performance of a model greatly depends on 
data quality [12]. This kind of model behavior is captured by the well-known phrase “garbage 
in, garbage out”. 

Clinical data contains noise, artifacts and missing data since data collection is usually a by-
product of clinical care [13–15]. An example of the noisiness of clinical data is found in the 
measurement of invasive arterial blood pressure. During data collection, patients are nursed 
and treated and undergo scans and physical examinations that, in addition to measurement 
artifacts from the sensor itself, affect data quality [16]. As follows from the phrase “garbage in, 
garbage out”, noise in data collection leads to noise in estimated parameters, which results in 
decreased model performance [17–19]. Therefore, assessment of data quality is fundamental 
in the development of clinical models.
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Raw clinical data have to be converted to meaningful parameters before they can be used 
in common models. Although it is possible to feed raw data into complex models, such an 
approach is not transparent and underlying biological and physiological mechanisms are hard 
to interpret [9,20]. The development of such parameters is often based on domain knowledge. 
Parameters are extracted by the researcher based on proven or suspected relationships 
between data and outcome, reflecting biology-based medicine [21,22]. In the example of 
the invasive blood pressure measurement, the raw data is the continuous blood pressure 
waveform. If the outcome to predict is whether a neonatal patient is or will become septic 
or not, domain knowledge dictates that mean blood pressure over a period of time would be 
a meaningful parameter, as well as heart rate characteristics, entropy and many more [23–
25]. Such parameters can be extracted using common analysis software. Good parameters 
carry the information needed for the model to generate accurate predictions. Without good 
parameters, a model has no information to base its prediction on, resulting in inaccurate 
predictions [26,27]. The construction of high-quality parameters is therefore a fundamental 
step in model creation. In addition, by defining parameters based on physiology, it is possible 
to understand which mechanisms in the human body relate to the outcome [11], since the 
model in which the parameter is inserted may give feedback on the relative importance of the 
parameters. Therefore, identification of interpretable parameters predictive of the outcome 
is important in the development of clinical models.

1.1.4 Model creation

Parameters are used to train machine learning models and subsequently predict outcomes 
in new patients. Machine learning models are diverse in complexity, ranging from logistic 
regression to deep neural networks [28,29]. A simple model such as logistic regression gives 
in numerous instances good performance with a high transparency enabling physiological 
interpretation of the parameters [30]. If the parameter is also indicative of the underlying 
physiology, a link can be made between physiology and prediction. Furthermore, acceptability 
of these linear models in a clinical situation is high due to their high transparency [8,30]. 
However, the relationship between input and output that they can model is simple. If the 
underlying physiological relationship is more complex, the model may not be able to fit 
accordingly, leading to a lower performance. More complex models such as neural networks 
can fit complex relationships [31,32]. Therefore, these models may result in a better 
performance in case of more complex underlying physiology. However, with increasing 
complexity comes decreasing transparency, leading to a model in which it is unknown 
what happens internally (black-box model), resulting in decreased acceptability in clinical 
situations [8,32,33]. Although models such as neural networks can model more complex 
relationships, they do not always outperform simple models such as logistic regression [34–
36].
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11.2 Thesis outline

This thesis aims to analyze the importance of raw data assessment, parameter extraction and 
model creation in the context of currently unresolved clinical problems.

The pulse transit time is measured as the time difference between the R peak in the ECG 
and the upslope of the photoplethysmogram and may be used as a parameter in clinical 
models [37]. As two different devices measure the ECG and the photoplethysmogram, 
synchronization may have an effect on the calculation of the pulse transit time. Because 
correct parameters are crucial for model creation, we performed a raw data assessment study 
in Chapter 2, where we investigated the effect of synchronization errors on the calculation of 
the pulse transit time.

The ductus arteriosus is an artery between the aorta and the pulmonary artery that is open 
during fetal life, but should close after birth. In preterm infants, the ductus arteriosus 
may remain open and can have a hemodynamically significant impact [38]. Though an 
echocardiogram can detect the presence of a patent ductus arteriosus, it is a discontinuous 
measurement, while the ductus arteriosus may open, close and reopen over time.  Therefore, 
in Chapter 3 we extracted a physiology-based parameter that can discriminate patients with 
from patients without a patent ductus arteriosus. 

The outcome in patients with traumatic brain injury admitted to the intensive care unit 
ranges from death to full recovery [39]. It is helpful for clinicians and family to have an 
indication of a patient’s outcome as early as possible. To this end, we created in Chapter 
4 a logistic regression model to predict outcome after six months in traumatic brain injury 
patients admitted to the intensive care unit using clinical data at admittance and of the first 
24 hour thereafter.

Patients may lose a lot of blood during surgery. If uncompensated for, this may eventually 
lead to syncope (if the patient is conscious), cerebral hypoxia and/or ischemia [40]. Blood 
pressure declines after severe blood loss, but it is known that blood pressure may remain 
stable during initial blood loss. Therefore, in Chapter 5 and 6, we train machine-learning 
models to detect pending syncope in central hypovolemia-induced subjects using a support 
vector machine model and a neural network model.

In the final chapter of this thesis, Chapter 7, the findings of the various chapters are put into 
broader perspective in a general discussion.
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Abstract

Background
Pulse transit time (PTT) refers to the time it takes a pulse wave to travel between two 
arterial sites. PTT can be estimated, amongst others, using the electrocardiogram (ECG) and 
photoplethysmogram (PPG). Because we observed a sawtooth artifact in the PTT while using 
standard patient monitoring equipment for ECG and PPG, we explored the reasons for this 
artifact.

Methods
PPG and ECG were simulated at a heartrate of both 100 and 160 beats per minute while using 
a Masimo PPG post-processing module and a Philips patient monitor setup at the neonatal 
intensive care unit. Two different post-processing modules were used. PTT was defined as the 
difference between the R-peak in the ECG and the point of 50% increase in the PPG.

Results
A sawtooth artifact was seen in all simulations. Both length (59.2 to 72.4 s) and amplitude 
(30.8 to 36.0 ms) of the sawtooth were dependent on the post-processing module used. 
Furthermore, the absolute PTT value differed up to 250 ms depending on post-processing 
module and heart rate. The sawtooth occurred because the PPG wave continuously showed 
a minimal prolongation during the length of the sawtooth, followed by a sudden shortening. 
Both artifacts were generated in the post-processing module containing Masimo algorithms.

Conclusion
Post-processing of the PPG signal in the Masimo module of the Philips patient monitor 
introduces a sawtooth in PPG and derived PTT.  This sawtooth, together with a large module-
dependent absolute difference in PTT, renders the thus-derived PTT insufficient for clinical 
purposes.
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2.1 Introduction

Pulse transit time (PTT) is commonly determined as the time difference between onset 
of cardiac ejection (approximated by the R peak in the electrocardiogram (ECG)) and the 
arrival of the pulse in a finger as determined from the photoplethysmogram (PPG) [1–4]. 
Increases in PTT are related to changes in the cardiovascular system such as lower systolic 
blood pressure, lower arterial stiffness or an increased pathway length [5–8]. PTT might be 
used, amongst others, to detect sleep disordered breathing [9] or as a surrogate measure of 
blood pressure due to the correlation of PTT with blood pressure [10]. Another promising 
application of PTT is monitoring of closure of the ductus arteriosus in a neonatal setting 
[11,12]. However, when we started our study on the applicability of PTT to detect the status of 
the ductus arteriosus, the estimated PTT showed a remarkable and relatively large sawtooth-
like artifact (Figure 2.1). This artifact might not only impede clinical usefulness of PTT in 
the detection of a patent ductus arteriosus, but also the use of PTT as a surrogate measure 
of blood pressure because it reflects non-existing sudden changes in blood pressure. In 
the present study we explored why this sawtooth artifact occurred in PTTs obtained with 
standard patient monitoring equipment for ECG and PPG.

 
Figure 2.1: Clinically derived PTT of a preterm infant. A regular sawtooth-like artifact is seen, 
hampering clinical usefulness.
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2.2 Methods

2.2.1 Simulation design

Experiments were performed at the neonatal intensive care unit at the Máxima Medisch 
Centrum in Veldhoven, The Netherlands. The Vital Signs Simulator ProSim 8 (Fluke 
Biomedical, Cleveland, USA) was used to create an artificial analog ECG output and an optical 
signal changing in intensity mimicking blood flow. The optical PPG sensor used (Masimo 
SET SpO2-technology, Irvine, USA) has a light-emitting end as well as a light-receiving end. 
The light-emitting end offers pulsed light signals that are modulated due to the presence of 
blood in the tissue between the light-emitting and light-receiving ends of the sensor. These 
modulated signals are subsequently received by the light-receiving end. The intensity and 
duration of the light pulses are under control of the PPG post-processing module. In our setup, 
the simulator modulated the pulsed light signal in amplitude thereby mimicking a light signal 
that has passed through a finger with a pulsating blood flow. For a flowchart of the setup we 
refer to Figure 2.2. The optical PPG sensor as well as the ECG output were in turn connected 
to a post-processing module (X2, Philips Medical Systems, Best, The Netherlands). The post-
processing module was connected to the patient monitor (IntelliVue MX800, Philips Medical 
Systems, Best, The Netherlands), which in turn was connected via the central post of the 
neonatal intensive care unit to a central data warehouse (PIIC iX, Data Warehouse Connect, 
Philips Medical Systems, Best, The Netherlands), where ECG and PPG data were stored at 
250 and 125 Hz, respectively. The ECG and PPG were extracted for analysis from both the 
data warehouse and the monitor to test in which part of the chain potential artifacts occurred. 
Extracted data was stored on a personal computer (Microsoft Windows 10 Pro, HP EliteBook 
850 G3, Palo Alto, USA). Simulations were performed at two different, but constant heart 
rates (100 and 160 beats per minute (BPM)) and processed by two different modules (X2 
A03 and X2 A05), resulting in a total of four simulations. To exclude that the simulator itself 
or the light pulses offered by the PPG sensor introduced the sawtooth phenomenon in the 
PTT, a photosensitive diode was placed at the light-receiving end of the PPG sensor. The 
signal from this diode was amplified and sampled together with the ECG from the simulator 
at 25000 Hz (Acquisition system IdeeQ, Instrumental Department Maastricht University, 
The Netherlands). The thus reconstructed PPG was smoothed over five samples to remove 
fluctuations. Estimation of PTT using these signals was done in the same manner as for the 
ECG and PPG from the data warehouse.

2.2.2 PTT calculation

Signal analysis was performed using MATLAB (2016A, The MathWorks, Natick, MA, USA). 
PTT was defined as the difference in time between the R peak in the ECG and the point where 
the increase in the upstroke of the PPG was 50% of the total increase (Figure 2.3). The R 
peak in the ECG was found using the MATLAB build-in function findpeaks. The point of 50% 
increase in the PPG was selected by using the findpeaks function to find the lower and upper 
peak of the upstroke, followed by the selection of the first point where the increase was equal 
to or higher than 50%. The difference between the time instances for each ECG peak and 
subsequent PPG peak were calculated in milliseconds.
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Figure 2.3: Illustration of pulse transit time calculation. Pulse transit time is depicted as the time 
difference between the R peak in the ECG (black circle) and the point of 50% increase in the PPG signal 
(green circle).

2.3 Results

The PTT calculated for the A03 module (100 BPM signal in orange and 160 BPM in red) 
and the A05 module (100 BPM in black and 160 BPM in blue) are shown in Figure 2.4A. A 
recurring sawtooth-like phenomenon was detected in all simulations. The average length, 
slope and mean amplitude of the sawtooths are shown in Table 2.1 for all four simulations.

A03 A05

100 BPM 160 BPM 100 BPM 160 BPM

Length (s) 60.8 59.2 72.4 72.4

Slope (ms/min) 35.6 34.4 25.9 25.5

Mean amplitude (ms) 36.0 33.9 31.3 30.8

Table 2.1: The length, slope and mean amplitude of an average sawtooth are shown for different heart 
rates (100 BPM and 160 BPM) with different post-processing modules (A03 and A05).
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Figure 2.4: Pulse transit time and analysis for multiple simulations. A. Pulse transit time over several 
minutes for all four combinations of post-processing modules (A03 and A05) and heart rate (100 
BPM and 160 BPM) using the Masimo oximeter. A clear sawtooth was observed in all simulations. B. 
Detrended cumulative intervals for PPG and ECG using the A03 module with 100 BPM. PPG shows a 
clear sawtooth pattern. The small fluctuations in ECG and PPG correspond to a single sample.
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As the signal is simulated at a constant heart rate, the interval between subsequent R peaks or 
subsequent PPG peaks should remain equal. Therefore, the cumulative sum of these intervals 
over time should result in a straight upward line. Detrending this cumulative sum should 
result in a constant value of zero in case of a constant heart rate and stroke volume. The 
detrended cumulative intervals of the PPG and the ECG using the A03 module at 100 BPM 
are shown in Figure 2.4B. The detrended cumulative ECG interval did not show a slope, 
indicating that on average, every ECG complex had an equal length. However, the detrended 
cumulative PPG interval resembled the sawtooth as found in the PTT. This indicates that each 
waveform of the PPG signal was slightly prolonged, corrected for by a periodic shortening of 
a single waveform. The amount of prolongation and correction relate to the slope and the 
amplitude of the sawtooth in the PTT, respectively.

At similar heart rates but with different post-processing modules, PTT varied up to 250 ms, 
indicating a post-processing module dependent shift of the ECG and/or the PPG in time.

The PTT calculated from data directly extracted from the simulator did not show a sawtooth 
and was not influenced by heart rate or the module used to provide the optical signal (Figure 
2.5). Because data extracted from the monitor and the data warehouse showed exactly the 
same sawtooth-like artifact, we conclude that the sawtooth artefact has its origin between the 
simulator and the monitor, i.e. it occurs in the post-processing module. This conclusion is 
supported by the module-dependent changes in the sawtooth characteristics.

Figure 2.5: Pulse transit time as calculated from data extracted directly from the simulator. Pulse 
transit time over several minutes for all four combinations of postprocessing modules (A03 and A05) 
and heart rate (100 BPM and 160 BPM) using direct extraction out of the simulator. No large sawtooth is 
observed. Small fluctuations are caused by shifting of detected peaks with one sample.



Artifacts in pulse transit time measurements | 23

2

2.4 Discussion

We observed in our clinical monitor system a sawtooth pattern in the PTT, which has its origin 
in the Masimo post-processing module of the PPG signal in the Philips patient monitor. The 
detected sawtooth demonstrates that clinical patient monitoring systems need to be tested 
before they can be used for PTT measurements. Although direct export of the simulation 
signal did not show a sawtooth, this artifact was observed in the signal acquired directly at the 
patient monitor. Therefore, the sawtooth artifact is not a result of delays in signal transport 
between the patient monitor and the central post. Characteristics of this sawtooth were 
independent of the heart rate. However, the duration and slope of the sawtooth changed with 
different post-processing modules. This confirms that the sawtooth is generated in the post-
processing module. Inspection of the individual ECG and PPG signals showed that the ECG 
did not show alterations in time, while all PPG waveforms were slightly prolonged, corrected 
for by a periodic shortening of a single waveform. Therefore, we conclude that postprocessing 
of the PPG waveform induces the sawtooth artifact. In addition to the sawtooth artifact, the 
change in PTT using different post-processing modules indicates that the ECG and/or the 
PPG are also shifted in time with a non-equal time interval. The results found in our study 
are in line with earlier observations by Foo et al., which describe a high variation in PTT using 
a Masimo oximeter [13]. Our study proves that the variation observed is actually a periodic 
artifact combined with a phase delay, both due to post-processing in the Masimo module.

We observed that the PTTsim was constant over time and independent of HR and the post-
processing module. However, the PTTDWH showed a sawtooth with amplitude up to 36.0 ms 
and a shift in PTT values up to 250 ms, dependent on HR and the post-processing module 
used. Amirtharaj et al. found that the mean PTT for preterm infants with a closed ductus 
arteriosus is as small as 65.5 ms [11]. Even though in this study the PTT has a resolution of 
8 ms, it is clear that artifacts as large as measured in the current setup result in a PTT that 
cannot be used as an absolute value in clinical situations and thus not as a diagnostic tool. The 
finding that the PTT is unreliable as a diagnostic tool has to be taken into account in current 
research, as current research focusses on PTT as a predictive or trend parameter [10,14,15]. 
Our study emphasizes the importance of quality control in the setup used for measuring PTT.

To enable the use of PTT in a clinical setting, the cause of the phase shift and the sawtooth 
should be identified and removed by the manufacturer. An alternative is calibration of the 
signal based on a known input. We observed that the shift in PTT time and the sawtooth 
characteristics differ per post-processing module. As the shift in time is HR dependent and 
HR is not constant in patients, it is not possible to correct for this shift in time without knowing 
the exact nature of the dependencies. When the shift in time of the signals remains unknown, 
the absolute value of the PTT has no meaning. Therefore, the only clinical application of 
PTT is the use as a trend monitor. To use the PTT as a trend monitor, the sawtooth has to be 
corrected by a moving averaging filter with a window that spans the sawtooth artifact. This 
application is not able to detect beat-to-beat differences or to compare a patient to a reference 
value, as is necessary for predictive purposes. Therefore, for clinical applications of the PTT 
it is of utmost importance that both phase shift and sawtooth are prevented from occurring 
in the post-processing module.
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Our study has several limitations. First, though we demonstrated that the Masimo post-
processing module is responsible for the occurrence of the sawtooth, we cannot indicate 
why these artifacts occur because the algorithms used for post-processing are unknown 
to us. Therefore, we cannot provide solutions, but only cumbersome workarounds to use 
the current data to the fullest extent. Second, our methods to detect alterations in the time 
domain depend on raw waveform information, which is not always provided. Based on our 
findings, it is necessary to control if a sawtooth and a phase delay are present in the PTT. 
Therefore, systems that output the PTT without providing PPG- and ECG-signals should not 
be used. 

2.5 Conclusion

We demonstrated that post-processing of the PPG signal in the Masimo module of the Philips 
patient monitor introduces a sawtooth in the PPG and in the derived PTT. This sawtooth, 
together with a large module-dependent phase shift, renders the PTT insufficient for clinical 
purposes. Whether these artifacts are vendor-specific is unknown. We conclude that before 
using time-dependent parameters like PTT for clinical purposes, the monitoring system 
needs to be checked on its accuracy.
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Abstract

Background
Presence of a patent ductus arteriosus (PDA) in neonates is assessed by echocardiography. 
Echocardiographic assessment has disadvantages, primarily its discontinuous nature. We 
hypothesize that the continuously measured ratio of arterial blood pressures (ABP) at the 
borders of a window surrounding the systolic peak ratio discriminates non-PDA from PDA 
patients.

Methods
Preterm infants (gestational age < 32 weeks) with and without PDA were included. Patients 
were divided into controls (n=8), PDA patients (n=22), and patients with closed PDA after 
three doses Ibuprofen (n=10). For each patient, a six-hour ABP segment from 12 AM to 6 
AM on the day of echocardiography assessing patency or closure of the DA was selected. The 
mean ratio of the ABP values a samples before and p samples after the systolic peak (RABP) 
was calculated for each segment. If RABP < 1, the patient was predicted to have a PDA. The a 
and p with the least misclassifications were selected (-64 and +104 ms).

Results
RABP was significantly lower in PDA patients (median 0.95, IQR 0.06) compared to controls 
(median 1.05, IQR 0.10; p=0.0024). RABP correctly predicted 19 out of 22 patients (86.4%) 
and 6 out of 8 controls (75%). RABP increased after closure in 9 out of 10 patients (median 1.01, 
IQR 0.04; p = 0.0182).

Conclusion
RABP can discriminate preterm PDA patients from non-PDA patients and can be calculated 
continuously from clinical data measured during standard of care.



Ratio of arterial blood pressures as indicator of patent ductus arteriosus | 29

3

3.1 Introduction

Closure of the ductus arteriosus (DA) is necessary in postnatal circulation as it ensures a 
serial circulation with blood first passing through the lungs for oxygenation and subsequently 
through the body. Failure of closing the DA results in a patent DA (PDA). A PDA in the 
postnatal circulation may result in a hemodynamically significant left-to-right shunt with 
blood flowing from the aorta to the pulmonary circulation. This pattern of blood flow may 
lead to systemic hypoperfusion and pulmonary hypertension and is associated with major 
neonatal morbidities involving the gut, brain and lungs as well as with an increase in overall 
mortality [1–4]. In very low birth weight infants (below 1000 g), PDA is present in 39% to 
66% [5,6]. This high incidence and the severe comorbidities of a hemodynamically significant 
PDA suggest the importance of timely detection and treatment of a hemodynamically 
significant PDA.

Though echocardiography is routinely performed to assess ductal patency a couple of days 
after birth, it has several disadvantages: 1) Ductal patency is assessed at a single discrete 
moment in time, whilst ductal patency and hemodynamic consequences may differ over 
time: a PDA may close spontaneously, but a non-significant PDA may also progress to a 
hemodynamically significant PDA [5,7,8]. 2) Echocardiography, a time- and recourses-
consuming procedure, has to be performed by a pediatric cardiologist or a well-trained 
neonatologist [9], who may not be available at any moment.

We therefore aim to identify a continuously measured parameter that can discriminate a 
PDA from a closed DA. This parameter should be based on clinical data obtained during 
standard of care. One such parameter may be extracted from the arterial blood pressure 
(ABP) waveform, as it has been shown that the ABP waveform is influenced by a PDA [10–13]. 
Blood flow from the aorta through the PDA to the pulmonary artery results in a faster decline 
of the ABP during diastole [12,13]. Furthermore, the PDA can be seen as a parallel artery, 
which may result in a slower build-up of pressure during systole (Figure 3.1). Therefore, we 
hypothesize that the ratio between the downward – and upward slope arterial blood pressure 
at the borders of a given window surrounding the systolic peak can discriminate patients with 
a PDA from patients with a closed DA.
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Figure 3.1: Hypothetical waveforms in patients without and with a PDA. Arterial blood pressure (ABP) 
is selected p samples after and a before the systolic peak. For PDA patients, ABPa is lower (gray dotted 
line) compared to non-PDA patients, while ABPp (gray dotted line) is higher for PDA patients.

3.2 Methods

3.2.1 Design and subjects

The patient population consisted of preterm infants without a PDA (controls) and of preterm 
infants with a PDA requiring treatment. All infants received standard of care at the neonatal 
intensive care unit (NICU) at the Máxima Medical Centre Veldhoven and were admitted 
between June 2016 and January 2019. The main inclusion criterium for the PDA group was 
a PDA that because of its hemodynamic significance was treated with a three day course of 
Ibuprofen. As controls served patients in which a closed ductus arteriosus was confirmed 
by echocardiography. Further inclusion criteria were a gestational age below or equal to 32 
weeks, the first echo within two weeks after birth and invasive continuous ABP measurements 
from 12 AM (midnight) of the day on which the first echo was performed until at least the 
time of the first echo. Exclusion criteria were treatment with inotropic drugs and clinical 
conditions related to overt patient instability, such as septic shock (positive blood culture), 
pneumothorax, intraventricular hemorrhage grade 3 or higher or necrotizing enterocolitis. 
As this was a retrospective study in which anonymized data corresponding to routine patient 
monitoring was used, the medical ethical committee provided a waiver in accordance with 
the Dutch law on medical research with humans. Note that none of the arterial catheters had 
to be introduced to the infants for this study; all used arterial catheters were part of standard 
of care.
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3.2.2 Data collection

Gestational age, birth weight, gender, location of the arterial line, ABP waveforms, patency 
of the DA, date and dose of Ibuprofen as well as date of echocardiographic examinations 
were stored for all included patients. Blood pressure waveforms were measured continuously 
by a 3.5 French invasive arterial line via the umbilical artery or a 22 Gauge catheter in the 
radial artery and stored at 125 Hz in a local data warehouse (PIIC iX, Data Warehouse 
Connect, Philips Medical Systems). Blood pressure waveforms were exported from this data 
warehouse to a personal computer (Microsoft Windows 10 Pro, HP EliteBook 850 G3) on 
which further analysis was done using MATLAB (2018A, The MathWorks, Natick, MA, USA). 
Blood pressure waveforms were selected from the start of blood pressure measurements up 
to the echo confirming closure of the DA, if available. 

Subjects were divided into three groups: 1) controls 2) all PDA patients 3) PDA patients in 
whom ABP signals were available until echocardiography confirmed closure after three doses 
of Ibuprofen, which is thus a subset of group 2. Group one and two were used to evaluate 
the ability of a parameter to discriminate a patient with a PDA from a patient with a closed 
DA. Group two and three were used to evaluate the ability of the same parameter to indicate 
closure of a PDA after treatment. A six-hour ABP period (subsequently referred to as one 
segment) ranging from 12 AM midnight to 6 AM on the day of the first echo assessing patency 
of the DA was selected for each subject. We chose to analyze ABP only in the segment between 
12 AM midnight and 6 AM to prevent variation between patients induced by time of the day. 
In group three, an additional six-hour ABP segment was measured from 12 AM midnight to 
6 AM on the day the second echocardiography confirmed closure of the DA.

3.2.3 Pre-processing

Blood pressure waveforms were corrected for gain and offset. Diastolic minima and systolic 
peaks were selected using the findpeaks algorithm in MATLAB, corresponding to the 
downward and upward peaks, respectively. The minimum distance between diastolic values 
was set as 0.24 s, equal to a maximal heart rate of 250 bpm, to prevent local peaks and 
minima to be selected as a systolic peak or diastolic minimum. To ensure that each diastolic 
minimum was followed by a systolic peak and vice versa, data points were excluded if two 
subsequent peaks were both in diastolic phase or both in systolic phase. The ABP signal was 
subsequently segmented into separate beats, each beat ranging from diastolic to diastolic 
minimum. After beat segmentation, artifacts were selected and removed on a beat-to-beat 
basis using a custom-made algorithm (Supplementary material 3.7.1). If more than 10% of all 
waveforms in the selected six-hour segment consisted of artifacts, the subject was excluded 
for analysis as the signal was considered too unstable in general.
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3.2.4 Parameter calculation

For each waveform in the artifact-free six-hour ABP segment, the ABP value p ms after (ABPp) 
and a ms before (ABPa) the systolic peak was selected (Figure 3.1). The ratio ABPp / ABPa, 
which is thus the ABP at the downward (posterior) slope divided by the ABP at the upward 
(anterior) slope, was calculated for each waveform. The mean over all ratios in the six-hour 
segment was subsequently determined (we call this RABP). An RABP higher than 1 indicates 
that the ABP level p samples after the systolic peak is in general higher than the ABP level a 
samples before the systolic peak.

3.2.5 Statistical analysis

The time period after (post) and before (ante) the systolic peak (p and a) was varied in steps 
of 8 ms from 8 to 160 ms for p and -8 to -80 ms for a, respectively. Assuming that RABP < 1 
indicates the presence of a PDA, the number of patients classified incorrectly was calculated 
for every combination of p and a. The combinations with the lowest number of incorrectly 
classified patients were defined as optimal. If multiple combinations were selected as 
optimal, the combinations with the lowest number of incorrectly classified control patients 
were defined optimal. If still multiple combinations were present, the combination with 
the lowest p-value (Students T-test, controls vs all PDA patients) was selected as optimal. 
A paired T-test was performed to test for a change in RABP in patients with a PDA before and 
after closure (group three) using the previously selected optimal values for p and a.

3.3 Results

In the study period 36 patients were eligible for inclusion. Six out of these 36 patients were 
excluded because more than 10% of the waveforms in the analyzed time segment contained 
artifacts. The remaining 30 patients consisted of 8 controls (group one, 3 male) and 22 
patients with a PDA (group two, 10 male) (Table 3.1). Ten out of the 22 patients with a PDA 
showed closure of the DA after three doses of Ibuprofen and had ABP measurements during 
the whole treatment period (group three, 3 male). In 20 infants ABP was measured via the 
umbilical artery with the tip of the catheter just above the diaphragm. In 10 infants ABP was 
measured via a catheter in the radial artery.

3.3.1 Optimal window selection

The total amount of misclassified patients (RABP < 1 is classified as a PDA patient) was 
calculated for every combination of p and a. A surface plot of the number of misclassifications 
for each combination of p and a is given in Figure 3.2. With increasing p, a should also 
increase to obtain a significant p-value, showing a diagonal line in Figure 3.2. If a is taken too 
small compared to p, the ABP level is selected too close to the systolic peak and is therefore 
almost always lower at the end than at the begin of the selected window, resulting in low RABP 
for every patient. The opposite is true if p is taken too small compared to a. The optimal p and 
a are found to be +104 and -64 ms, respectively, with five misclassified subjects, of which two 
are control subjects.
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3.3.2	 Detection	of	a	PDA	before	the	first	echocardiography

The RABP of patients with a closed DA (group one, median 1.05, IQR 0.10) was significantly 
higher than the RABP of PDA patients (group two, median 0.95, IQR 0.06; p=0.0024) (Figure 
3.3, first vs. second boxplot). Two PDA patients (both with an umbilical catheter) showed 
a remarkable high RABP. However, patient data and ABP data did not provide any reason to 
exclude those patients. In the current outcome, 19 out of 22 PDA patients (86.4%) and 6 out 
of 8 control patients (75%) are classified correctly using an RABP cutoff value of 1. We did not 
find a correlation between heart rate and RABP (data not shown).

3.3.3 Evaluation of PDA closure after Ibuprofen treatment

The RABP of PDA patients in group 2 on the day of the first echocardiography confirming a PDA 
was compared to the RABP within the same patients on the day of the second echocardiography 
confirming closure of the DA. A significant increase in RABP after PDA closure was observed 
(median 1.01, IQR 0.04, p = 0.0182, Figure 3.3, second vs. third boxplot). RABP increased in 9 
out of 10 patients. No reason was found to exclude the single patient in whom RABP decreased. 
RABP after closure lies in 6 out of 10 patients above 1. 

Controls
(n=8)

All PDA
patients 
(n=22)

Patients with 
closure of PDA 
(n=10)

P-value

Gestational age (weeks + 
days, (median (IQR))

26+2.5 (24+2 
– 28+2.5)

26+1 (25+6 
– 26+4)

26+1 (25+6 – 
26+4)

0.58

Birth weight (g, mean (SD)) 854 (256) 855 (150) 777 (147) 0.48

Male (n (%)) 3 (37.5) 10 (45) 3 (30) 0.70

Umbilical arterial line (n, %) 4 (50) 16 (72,7) 6 (60) 0.48

Mean arterial pressure over 
six-hour segment (mmHg, 
mean (SD))

40.1 (4.4) 36.3 (4.7) 35.0 (4.2) 0.06

Mean systolic arterial 
pressure over six-hour 
segment (mmHg, mean (SD))

54.8 (8.8) 49.9 (6.1) 49.2 (7.0) 0.18

Mean diastolic arterial 
pressure over six-hour 
segment (mmHg, mean (SD))

29.9 (3.0) 26.5 (4.6) 25.1 (3.6) 0.048

Mean heart rate over six-
hour segment (BPM, mean 
(SD))

151.8 (10.2) 152.1 (10.7) 149.4 (9.1) 0.78

Table 3.1: Demographics and hemodynamic variables of the patients used. Demographics are split into 
controls (group 1), all PDA patients (group 2) and patients in whom the PDA closed after Ibuprofen 
treatment (group 3). P values are calculated by a Chi-Square test or a one-way-Anova.
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Figure 3.2: Surface plot showing the number of misclassified patients using arterial blood pressure 
ratios for each possible window (combination of the time period before and time period after the systolic 
peak). With an increasing time period after the systolic peak, the time period before the peak also has to 
increase to obtain significant differences. The optimal window is 64 ms before to 104 ms after the systolic 
peak (black cross).

 
Figure 3.3: RABP, i.e. the ratio of ABPp (104 ms after the systolic peak) divided by ABPa (64 ms before the 
systolic peak) for controls (n=8, 3 male), all PDA patients (n=22, 10 male) and a subset of PDA patients 
that showed a closed ductus after buprofen treatment (n=10, 3 male)). A significant lower RABP is seen 
for patients where a PDA is present compared to controls as tested by the Students T-test. A significant 
increase in the ratio is observed after closure of the PDA as tested by a paired T-test. Red lines indicate 
an increase in RABP after closure, the black dotted line indicates a decrease.
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3.4 Discussion

This study showed that the ratio between the down– and upward slope ABP pressure at the 
borders of a given window surrounding the systolic peak can discriminate a patient with a 
PDA from a patient with a closed DA with a correct classification rate of 83.3%. Furthermore, 
RABP significantly increased after closure in patients with a PDA. Because ABP can be assessed 
continuously shortly after birth and is based on clinical data measured during standard of 
care, this study indicates that RABP is useful to assess ductal patency at a single point in time 
as well as ductal patency after Ibuprofen treatment.

The lower RABP in patients with a PDA was due to a smaller increase in ABP before the systolic 
peak and a larger decrease in ABP after the systolic peak compared to controls. The larger 
decrease in ABP after the systolic peak in patients with a PDA may be explained by ductal steal, 
which accelerates the decrease in pressure during diastole and therefore lowers the diastolic 
blood pressure in the presence of a PDA [12,14,15]. The smaller increase in ABP in the time 
window before the systolic peak in patients with a PDA is harder to grasp. In theory, a PDA 
results in a higher preload of the left ventricle, resulting in increased contractility due to the 
Frank-Starling effect and therefore a larger increase in ABP [16]. However, it has been shown 
in preterm infants that although a higher preload leads to an increased ejection fraction, 
it does not lead to an increase in contractility [17]. Therefore, the total increase in stroke 
volume following a larger left ventricular end-diastolic volume is smaller in preterm infants 
than in term infants [18]. The combination of these notions may explain why the effect of an 
increased preload on the increase in ABP within the selected window is small. In addition, 
it is possible that ABP increases less steeply in PDA patients due to a larger combined cross-
sectional area of the systemic arteries. This may result in a broader distribution of the cardiac 
output, dampening the waveform and reducing the increase in ABP before the systolic peak. 
We expect a difference in heart rate to mostly affect the latter part of the diastolic phase 
and thus not the selected windows surrounding the systolic peak, which is in line with the 
findings that we did not find a correlation between heart rate and RABP.

Our finding that the ABP decreases more in the selected window after the systolic peak in 
patients with a PDA corresponds to literature [12,13]. Our finding that the increase in ABP 
in the selected window before the systolic peak is larger in patients without a PDA differs 
from literature. Gevers et al. found that PDA patients often show a pulsus bisferiens [11,19]. 
The initial peak of a pulsus bisferiens is significantly higher in patients with a PDA than in 
patients without a PDA and corresponds to a larger increase in ABP. However, our study 
did not find a pulsus bisferiens in most patients with a PDA. This may be because we used 
a fluid-filled catheter, whereas Gevers et al. used a tip-manometer. The fluid-filled catheter 
may dampen the waveform, canceling out the pulsus bisferiens. Interestingly, Gevers et al. 
did find a significantly shorter time period to systolic peak in patients without a PDA. In our 
study, the pulsus bisferiens was suppressed, which would make that a shorter time to systolic 
peak results in a larger increase in ABP for non-PDA patients compared to PDA patients 
since the same window length is selected. These findings suggest that the increase in ABP 
before the systolic peak may indeed be larger in a given time window for non-PDA patients 
compared to PDA patients. 
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Currently, treatment of a PDA is under debate [20–22]. Some authors suggest to treat very 
conservatively or even keep a PDA untreated, as it may close on its own over time, thereby 
avoiding unnecessary treatment [23–26]. In this current study, an RABP cutoff value of 
1 was used, which led to a sensitivity of 86.4% and a specificity of 75%. Using this cutoff 
value without additional echocardiography, three out of 22 PDA patients would not receive 
treatment, whilst two out of eight controls would receive treatment. The use of RABP with 
a cutoff value of 1 may therefore accurately indicate the presence of a PDA. However, it is 
unlikely that such a measure will fully replace echocardiography for the detection of a PDA, 
since misclassifications still exist. A different approach is to shift focus from prediction of 
PDA to avoiding treatment in patients without a PDA. This shifted focus results in a 100% 
specificity rate while still detecting a PDA in 16 out of 22 patients. A more conservative way 
of implementation is to interpret RABP as an indicator how likely a patient has a PDA. In this 
manner, the clinician can decide which patients should be screened for a PDA first. Although 
the choice depends on the clinician’s preference, each method may reduce the number 
of echocardiographies needed. Since our method uses data that is already available and 
processes the data automatically up to the value of RABP, our method is an easy to use and cost-
effective addition to echocardiography. Another application of our method is early detection 
of a potential PDA, which can subsequently be confirmed by echocardiography and can thus 
be treated in an early phase. This possibility has to be evaluated further in a prospective 
study. Furthermore, our method classifies a high number of PDA patients correctly, enabling 
adequate treatment in this patient group.

A significant difference was found in the RABP before closure of the PDA compared to the 
RABP after closure of the PDA in the same patient. This indicates that RABP may also be used 
to evaluate the progress of ductal closure over time. It has to be noted that the RABP was still 
below 1 in four out of ten patients after ductal closure, indicating that focus has to be given 
to the progression of RABP over time instead of the absolute value to evaluate ductal closure. 
Another possible application is the use of RABP to observe progression of ductal closure shortly 
after birth. However, verification in a larger dataset is necessary to test the hypothesis that 
RABP is indicative of ductal closure over time. 

Our study has several limitations. First, ABP measurements via the umbilical artery were in 
general discontinued after the first week. The limited period of invasive ABP measurements 
constrained the possibility to follow-up PDA closure. Therefore, we were not able to include 
sufficient patients to correct the increase in RABP after closure following treatment for possibly 
influencing factors such as increasing postnatal age. Second, this study defined the optimal 
window surrounding the systolic peak in the waveform to discriminate patients with and 
without a PDA in a retrospective dataset. However, the window is specific for this dataset 
and it is not known what the effect of gestational age is upon the optimal window length. 
Therefore, the outcome has to be validated in a larger independent dataset gathered during 
a prospective study and stratified according to gestational age. Third, although exclusion 
of severe comorbidities implied that none of our patients received any inotropic drug, 
medication other than Ibuprofen was not taken into account. It is possible that co-medication 
(e.g. caffeine) influenced contractility and therefore the speed of the upstroke. Since our 
study shows that the RABP is a promising parameter to identify a PDA in preterm infants, the 
next step for further studies and analyses would be to include the sickest of patients and the 
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influence of medication. Fourth, we included patients with umbilical as well as radial arterial 
lines. However, Gevers et al., have shown that the peripheral waveform resembles the central 
waveform in neonates [27]. Therefore, we do not expect the location of the arterial line to 
influence our results.

3.5 Conclusion

This study identified RABP, the ratio between ABP values at the borders of a given window 
surrounding the systolic peak, as a parameter able to discriminate preterm patients with a 
PDA from patients without a PDA. This ratio can be calculated from clinical data measured 
during standard of care. Furthermore, RABP increased after closure of the PDA following 
treatment with Ibuprofen. We suggest validating RABP in an external dataset over time with 
more patients in whom RABP is measured prospectively and correlated to ductal closure and 
medication.
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3.7 Supplementary materials

3.7.1 Artifact removal

Artifacts were detected on a beat-to-beat basis per segment of 1000 beats. Two algorithms 
were used to detect artifacts, i.e. an altered signal abnormality index (SAI) [28] and a nearest 
neighbor waveform analysis. The altered version of the SAI focusses on large beat-to-beat 
changes that indicate severe artifacts. The nearest neighbor waveform analysis was used 
compare similarity between waveforms and can detect more subtle artifacts. If a beat was 
marked as an artifact, the beat previous to and following the artifact were also selected as an 
artifact.

Altered signal abnormality index
The SAI algorithm detects abnormal ABP waveforms using nine different features which 
indicate the waveform as an artifact if one of them exceeds a defined threshold. Five features 
are based on general waveform characteristics, namely the systolic, diastolic, mean and pulse 
arterial pressure and the heart rate. Three features calculate the difference of the current beat 
compared with the previous beat for systolic pressure, diastolic pressure and RR interval. 
The last feature calculates the mean of all downward slopes in the ABP waveform, which 
increases with high-frequency noise. In this study, this mean is divided by the pulse pressure, 
as the amplitude of the beat affects the downward slope. 

Features were extracted per beat. The systolic and diastolic values were determined as 
described in the Methods section. The mean arterial pressure was the mean over one beat 
(diastolic to diastolic peak), while the pulse pressure was the difference between the diastolic 
and the subsequent systolic arterial pressure peak. If one of the features exceeded a set 
corresponding threshold, the beat was marked as an artifact. In case the threshold for a 
feature regarding the difference between the previous and the current beat was exceeded, the 
current beat was selected as an artifact. Thresholds were based on expert opinion. Thresholds 
were set to a systolic BP larger than 90 mmHg, a diastolic BP smaller than 10 mmHg, a 
mean BP smaller than 20 mmHg or larger than 70 mmHg, a pulse pressure smaller than 
2 mmHg and a beat-to-beat heart rate smaller than 90 bpm or larger than 220 bpm. The 
thresholds for the differences in systolic BP, diastolic BP and RR interval were respectively 
15 mmHg, 10 mmHg and 0.5 seconds. The threshold for the summation of downward slopes 
was empirically determined at -0.06 mmHg/8ms.

Nearest neighbor waveform analysis
Correctly measured waveforms have multiple similar beats in a segment of 1000 beats, 
corresponding to a small Euclidian distance to the most similar beat. Artifacts however do 
not or seldom have a similar waveform, resulting in a large Euclidian distance to the most 
similar beat. This study used a dynamic time warping based distance as an alternative to the 
Euclidian distance. Dynamic time warping is able to compare two waveforms correcting for 
non-linear differences in time such as a slowing of the waveform during the diastole. The 
corrected difference can accurately compare waveform shapes, independent of accelerations 
or decelerations. An artifact was defined as a beat that did not have five beats with a distance 
smaller than a certain threshold, in this case empirically set as 0.7
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Abstract

Background
Current severe traumatic brain injury (TBI) outcome prediction models calculate the 
chance of unfavourable outcome after six months based on parameters measured at 
admission. We aimed to improve current models with the addition of continuously measured 
neuromonitoring data within the first 24 h after intensive care unit neuromonitoring.

Methods
Forty-five severe TBI patients with intracranial pressure/cerebral perfusion pressure 
monitoring from two teaching hospitals covering the period May 2012 to January 2019 were 
analysed. Fourteen high-frequency physiological parameters were selected over multiple 
time periods after the start of neuromonitoring (0–6 h, 0–12 h, 0–18 h, 0–24 h). Besides 
systemic physiological parameters and extended Corticosteroid Randomisation after 
Significant Head Injury (CRASH) score, we added estimates of (dynamic) cerebral volume, 
cerebral compliance and cerebrovascular pressure reactivity indices to the model. A logistic 
regression model was trained for each time period on selected parameters to predict outcome 
after six months. The parameters were selected using forward feature selection. Each model 
was validated by leave-one-out cross-validation.

Results
A logistic regression model using CRASH as the sole parameter resulted in an area under 
the curve (AUC) of 0.76. For each time period, an increased AUC was found using up to 
five additional parameters. The highest AUC (0.90) was found for the 0–6 h period using 
5fiveparameters that describe mean arterial blood pressure and physiological cerebral 
indices.

Conclusion
Current TBI outcome prediction models can be improved by the addition of neuromonitoring 
bedside parameters measured continuously within the first 24 h after the start of 
neuromonitoring. As these factors might be modifiable by treatment during the admission, 
testing in a larger (multicenter) data set is warranted.
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4.1 Introduction

Severe traumatic brain injury (TBI) is defined as severe trauma to the brain and skull due 
to an external force. In Europe, 57.000 TBI-related deaths are reported each year [1]. TBI is 
the leading cause of death and severe disability in young adults [2]. The external force to the 
brain may result in ischaemia, contusions and haematomas. These processes lead to swelling, 
rise in intracranial pressure (ICP), decrease in cerebral perfusion pressure (CPP) and finally 
cerebral ischaemia [2]. Intensive care unit (ICU) admission with organ support is necessary 
in comatose TBI patients to overcome secondary damage. Severe or moderate disability is 
common in surviving patients, which makes TBI a large burden for patients, families and 
society [3]. An accurate prediction of outcome would be helpful, as it would support the 
clinical team in decision-making and discussions with the family during ICU admission.

Models such as the (extended) model based on data from the Corticosteroid Randomisation 
after Significant Head Injury (CRASH) study are developed to predict the six-month individual 
outcome [4,5]. These models primarily use baseline demographics and factors related to the 
primary injury to predict outcome. However, confounding factors, consequences of the initial 
trauma (like brain swelling, metabolic crises and inflammation) and the individual response 
to therapy during ICU admission are not included. Because full supportive care for a certain 
amount of time from initial presentation is recommended to maximize the potential for 
recovery from primary and secondary damage [6], extending prognostic models with early 
physiological monitoring data might improve the outcome prediction accuracy as has been 
shown in studies on the ICU for pathologies other than TBI [7–9].

Commonly used parameters for continuous hemodynamic monitoring in the ICU are heart 
rate (HR) and mean arterial blood pressure (MAP). For cerebral monitoring, the guidelines 
recommend ICP and CPP monitoring [10,11]. These parameters depend heavily on the 
treatment given and are associated with mortality [12,13] but are limited in their correlation 
with unfavourable outcome. Therefore, the use of additional cerebral parameters such as 
the cerebral compliance and autoregulation has been suggested for therapy guidance [14]. 
Dynamic cerebral autoregulation parameters such as the cerebrovascular pressure reactivity 
index (PRx) are gaining more interest because these parameters are correlated independently 
with TBI outcome [14–17].

In this retrospective study, we aim to develop a model that combines the prediction of the 
CRASH model with continuously measured general and brain-specific monitoring parameters 
in severe TBI patients on day one after the start of neuromonitoring. We hypothesize that 
extending the prediction model improves outcome prediction and may assist decision-
making during the ICU stay.
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4.2 Methods

4.2.1 Design and subjects

Patients from the ICU of the University Medical Centre Groningen (UMCG) and Maastricht 
University Medical Centre (MUMC), both in the Netherlands, were retrospectively analysed. 
Data were included from two centres to increase the number of patients. In both the centres, 
medical ethical committees approved anonymized physiological, diagnostic, clinical and 
outcome data collection. The need for informed consent was waived in Groningen. In 
Maastricht, informed consent was obtained from the closest relative. Inclusion occurred 
between May 2012 and March 2015 in the UMCG and between April 2017 and January 2019 
in the MUMC. Inclusion criteria were (1) severe TBI and (2) ICP/CPP monitoring. Exclusion 
criteria were (1) moribund at admission, (2) pregnancy, (3) monitoring started > 24 h after 
trauma, (4) loss to follow-up or (5) incomplete baseline data for the extended CRASH score.

4.2.2 Data collection

Outcome after six months was obtained by consultation over the phone by a clinician. The 
outcome of patients was scored on the five-point Glasgow Outcome Scale (GOS). The GOS 
was subsequently dichotomized to unfavourable (dead, vegetative state or severe disability 
(GOS 1–3)) or favourable (mild disability or full recovery (GOS 4–5)) outcome. Mortality 
after 14 days was not evaluated as this was not standardly collected. The patients were treated 
by the same neuro-intensivist in both hospitals (MJ Aries).

Electrocardiogram, arterial blood pressure (ABP) and ICP were recorded at 250 Hz using 
ICM + software (www.icmplus.neurosurg.cam.ac.uk) running on a bedside computer. In 
Groningen, an external ventricular drain was used with an electronic (ICP) sensor in the tip 
for intraventricular pressure monitoring and optional cerebral spinal fluid drainage capacity 
(Neurovent, RAUMEDIC AG, Helmbrechts, Germany). In Maastricht, a parenchymal sensor 
was used. ABP was zeroed at heart level in Groningen. In Maastricht, ABP was zeroed at heart 
level up to 2018, after which ABP was measured at the brain level. Corresponding HR, ABP 
and ICP were down-sampled to one sample/min. PRx was calculated as the moving Pearson 
correlation of 30 consecutive 10-s non-overlapping moving window averages of ABP and ICP, 
updated every minute, resulting in one averaged correlation value per minute. The PRx index 
indicates the intactness of the cerebrovascular reactivity. With an intact cerebrovascular 
reactivity, a slow increase in ABP will be counteracted by cerebral vasoconstriction, leading 
to a decrease in cerebral volume and subsequent in ICP. If the cerebrovascular reactivity is 
impaired, the cerebral volume and ICP will rise as a result of an increase in ABP. Therefore, the 
correlation coefficient will be negative or around zero in the case of an intact cerebrovascular 
reactivity, and positive when the cerebrovascular reactivity is impaired. Similar correlation-
based parameters calculate the correlation coefficient in the same way, but by using different 
input and output parameters. These correlation-based parameters are the correlation 
coefficient between: ABP and pulse amplitude of ICP (AMP) (pressure amplitude index 
(PAx)), which describes the cerebrovascular reactivity; moving correlation coefficient 
between AMP and CPP (RAC), which includes information about the cerebral compensatory 
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reserve and cerebrovascular reactivity; moving correlation coefficient between AMP and ICP 
(RAP), which describes the intracranial compliance. For more in-depth information about 
these dynamic parameters, we refer to literature [16,18]. The extended CRASH score was 
calculated with basic clinical parameters obtained at admission [4].

4.2.3 Physiological parameters and methodology

MATLAB (2018A, The MathWorks, Natick, MA, USA) was used for all analyses. Outliers 
were replaced in HR, MAP and ICP with the filloutliers function. The algorithm replaced data 
points more than six median absolute deviations above or below the median by a linearly 
interpolated value using the previous and the next data point. No outliers were removed 
in parameters describing the trends in cerebral compliance, compensatory reserve and 
autoregulation, as individual data points are known to be noisy [19].

We investigated which of four data periods after the start of neuromonitoring were most 
informative to predict six-month outcome. These periods contained data from 0–6 h, 0–12 h, 
0–18 h and 0–24 h after the start of monitoring. Missing data were not replaced. If a period 
contained less data than 50% of the total length or less than three hours additional to the 
previous period, the period was excluded. We chose to exclude only time periods and not the 
entire patient, in order to represent the clinical setting. In total, 15 parameters for each period 
were selected representing different physiological domains: (1) average ICP, ABP and HR; (2) 
average PRx, PAx, RAP and RAC; (3) the slope of a linear line fitted on the PRx, PAx and RAC 
(as an indicator how these parameters progress over time); (4) the amount of impairment of 
autoregulatory parameters, defined as the area of the signal above a set threshold divided by 
the total amount of samples: for the PRx (threshold  > 0.35), PAx (> 0.25), RAC (> − 0.05) 
and ICP ( > 2 mmHg) [12]; and (5) individual unfavourable outcome risk score (CRASH, %). 
This resulted in 15 values per time segment.

4.2.4 Logistic regression modelling

A logistic regression model was trained based on the above parameters, called the ‘combined’ 
model. To train the model with those parameters that are most predictive of outcome, the 
algorithm will first rank the parameters on their respective predictive power (Figure 4.1).

Ranking of parameters 
To rank the parameters, leave-one-out cross-validation (LOOCV) [20] was combined with 
forward feature selection (FFS) (Figure 4.1A) [21]. LOOCV splits the data set 45 times (called 
folds) in a training set containing all but one and a test set containing the remaining patient. 
For each fold, the training set was used to determine the optimal order of parameters by FFS, 
from best to worst. The CRASH risk score was fixed to be the first ranked parameter. This 
results in an optimal order of parameters for each patient when not including that patient 
in the FFS. To define the overall optimal order of parameters, the kth optimal parameter 
is selected as the most occurring parameter at position k from all 45 LOOCV models. This 
is continued until all parameters are included, resulting in an overall ranking of the 15 
parameters.
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Figure 4.1: A. Selection of the ideal order of parameters for the selected time period (for instance 0–6 
h) using leave-one-out cross-validation and forward feature selection. The data set selects a different test 
set (red square) for each fold. Parameters are ordered subsequently for each fold. The parameters which 
are seen most often for each column are selected as the order for the final model. B. Model training using 
the previous selected parameters, each time adding the next best parameter. The data again selects a 
different test set for each fold. A logistic regression model is trained and tested for each fold, resulting 
in the probability of an unfavourable outcome for each subject. An ROC curve is created using this 
probability for all subjects over a single number of features included. The ROC with the best AUC is 
selected as the final model for this time segment.
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Training the model
To train the model, the data set is again divided by LOOCV (Figure 4.1B) and training and 
testing are performed for each fold. Starting with the neuromonitoring-derived parameter 
that was ranked highest as single input, a logistic regression model is trained on the training 
set and tested on the test set for each split. The test set output is the probability that the 
patient has an unfavourable outcome. As this is repeated for each fold, the probability of 
an unfavourable outcome is predicted for each patient. Thereafter, a model that included 
the two highest ranked parameters was trained and tested, again resulting in an individual 
probability of unfavourable outcome. This is repeated until all parameters are added. The 
number of parameters with the highest area under the curve (AUC) in the corresponding 
ROC curve is selected as the best model for that time period. A common problem in machine 
learning is overfitting, which occurs when the number of parameters is too large compared 
to sample size. Since the number of patients is limited, a maximum of six parameters were 
included. The selection of parameters and model training was performed for each time 
period.

The accuracy of the model, expressed in correctly predicted patients, is based on the optimal 
cut-off value determined by the Youden’s index [22]. The performance of the CRASH model 
and the different combined models will be compared using ROC curves, the AUC values and 
the prediction accuracy. We decided not to statistically compare AUC curves due to the limited 
sample size, and hence, results should be interpreted at a qualitative level. Model calibration 
is assessed by visualization of the predicted probabilities versus the actual outcome.

4.3 Results

Sixty-two patients were eligible for inclusion. Two patients did not have any data. Eleven 
patients were excluded because monitoring started > 24 h after the trauma. The outcome 
was unknown in four of the remaining 49 patients. In total, 45 patients were available for 
analysis.

The patients had a median age of 41 years (interquartile range (IQR) 24–57) and a median 
admission Glasgow Coma Scale (GCS) of 7 (IQR 5–9). Thirty-three patients were male 
(73.3%). In 11 patients, ABP was zeroed at the brain level. In three patients, a secondary 
decompressive craniectomy was performed. In 29 out of 45 patients, the mechanism of 
injury involved road traffic accidents. In 13 patients, the mechanism of injury was a fall of 
height. The remaining three patients involved an assault, metal against head and a hit by a 
tree. The patients had a median Marshall computed tomography score of 2, with the 25 and 
75 percentile also at 2. Four patients had evacuated mass lesions. Dividing patients according 
to the GOS, 13 (28.9%) died, 1 (2.2%) was in a vegetative state, 6 (13.3%) experienced severe 
disabilities, 10 (22.2%) had moderate disabilities and 15 (33.3%) made a good recovery. 
Twenty patients (44.4%) had an unfavourable outcome. All 45 patients were included in 
the 0–6 h and 0–12 h group. We excluded one patient (GOS score 5) in the 0–18 h group, 
whereas we had to exclude four patients (GOS score 4–5) in the 0–24 h group because data 
collection was stopped due to early removal of the ICP monitor as a result of low ICP values. 
The mean parameter values are given in Supplementary Table S4.1.
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4.3.1	 Performance	of	different	models

The CRASH model performs adequate for all periods (AUC 0.75–0.76, accuracy 75.0–75.6%) 
(Table 4.1, Figure 4.2). Slight deviations in CRASH performance are due to the fact that not 
all time periods had an equal number of subjects. The combined model shows a high AUC 
and accuracy for each time period, especially in the early monitoring period (0–6 h, AUC 
0.90, accuracy 86.7%). The parameters included per time segment are shown in Table 4.2. 
The logistic regression model coefficients and thresholds for favourable vs unfavourable 
prediction are given in Supplementary Table S4.2. The calibration curves indicate a systematic 
underestimation for the lower predicted probabilities, whilst a systematic overestimation for 
the higher predicted probabilities is observed (Figure 4.3). However, as the data set used 
in this study is fairly small and the magnitude of error is not severe, calibration is deemed 
acceptable [23].

Figure 4.2: Models predicting unfavourable outcome in severe TBI patients and ICU admission. ROC 
curves of the CRASH model and the combined model for each time period. High AUC values are seen for 
the logistic model predicting unfavourable outcome, especially for the early monitoring period (Figure 
4.2A)
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Time period CRASH risk score Combined models

AUC (CI) Prediction 
accuracy (%)

AUC (CI) Prediction 
accuracy (%)

0-6 h (n=45) 0.76 (0.62 – 0.91) 75.6 0.9 (0.8 – 1) 86.7

0-12 h (n=45) 0.76 (0.62 – 0.91) 75.6 0.82 (0.69 – 0.95) 75.6

0-18 h (n=44) 0.76 (0.61 – 0.9) 75.0 0.87 (0.76 – 0.98) 81.8

0-24 h (n=41) 0.75 (0.6 – 0.9) 75.6 0.84 (0.71 – 0.96) 78.0

Table 4.1: The AUC and prediction accuracy for the best model using the CRASH and the combined 
model for each time period. Higher AUC values and prediction accuracies can be seen for the combined 
model for predicting unfavourable outcome after severe TBI and ICU admission

 
Figure 4.3: Calibration plots of the combined models predicting unfavourable outcome in severe 
traumatic brain injury patients. A systematic underestimation is seen for the lower predicted probabilities, 
whilst a systematic overestimation is seen for higher predicted probabilities.
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Time 
segment

Parameter included

First Second Third Fourth Fifth Sixth

CRASH CRASH

0h-6h CRASH Mean ABP Slope PAx Slope PRx Slope RAC

0h-12h CRASH Impairment 
PRx

Mean ABP

0h-18h CRASH Mean PRx Mean PAx Mean ABP Impairment 
RAC

Slope RAC

0h-24h CRASH Impairment 
PRx

Slope PAx Slope PRx Mean ABP

Table 4.2: Parameters included per time segment. Ordering is the sequence in which forward feature 
selection picked the parameters.

Time 
segment

True GOS score

1 2 3 4 5 Total

CRASH 2 / 13 1 / 1 2 / 6 3 / 10 3 / 15 11 / 45

0h-6h 1 / 13 0 / 1 3 / 6 0 / 10 2 / 15 6 / 45

0h-12h 3 / 13 0 / 1 2 / 6 2 / 10 4 / 15 11 / 45

0h-18h 2 / 13 0 / 1 2 / 6 2 / 10 2 / 14 8 / 44

0h-24h 6 / 13 0 / 1 1 / 6 2 / 8 0 / 13 9 / 41

Table 4.3: Number of false favourable (true GOS score of 1, 2, 3) and false unfavourable predictions 
(true GOS score of 4, 5) vs total number of subjects per true GOS score

4.3.2	 False	classification

Both the CRASH and the combined models classified a few more patients to have a favourable 
than an unfavourable outcome (Table 4.3). The number of misclassified subjects was 
comparable over all GOS outcomes. The percentage of patients who were classified to have a 
favourable outcome but actually died ranged from 7.7% (1 out of 13) to 46.2% (6 out of 13). 
The percentage of patients who were predicted to have an unfavourable outcome but actually 
had a GOS score of 5 ranged from 0 to 26.7% (4 out of 15). The combined model using data 
of 0–6 h showed the highest AUC, the least mortality misclassifications and the second-best 
good recovery misclassifications.
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4.4 Discussion

This pilot study aimed to develop a model that combined baseline parameters with 
continuously measured general and brain-specific monitoring parameters in admitted 
severe TBI patients to improve the prediction accuracy for the six-month clinical outcome. 
The combined models showed high AUC values when using data from 0–6 h up to 0–24 h 
period, with the highest performance when using data of the first 6 h (Figure 4.2, Table 4.1). 
Furthermore, an increase in prediction accuracy was found in three out of four time periods, 
with the best performance when neuromonitoring data of the first 6 h were used. Our results 
are in line with our hypothesis that current TBI outcome prediction models can be improved 
by the addition of early neuromonitoring data.

Of special interest are the parameters selected by the model. Mean ABP was included for 
each time period, with lower ABP resulting in a higher chance of unfavourable outcome. 
This is in line with current clinical practice, as ABP is part of all treatment protocols for 
critically ill patients. Lower systolic blood pressures before and during ICU admission are 
related to higher mortality rates in TBI patients [13,24]. The finding that ABP was selected in 
every model—despite the fact that different ABP zeroing levels were applied in patients—is 
interesting because autoregulation-based parameters are more likely to be included by the 
model due to the fact that they do not rely on the absolute level of ABP. Additional analyses 
of models including CRASH and mean ABP as sole parameters show an AUC and prediction 
accuracy of 0.82 and 77.8%, 0.79 and 75.6%, 0.76 and 72.7% and 0.74 and 75.6% for the 
0–6 h, 0–12 h, 0–18 h and 0–24 h time spans, respectively. These findings indicate that 
particular combinations of physiological derangements may be (prognostically) important 
(for example the combination of low ABP in a situation with impaired autoregulation). 
Subsequent parameters were all correlation-based parameters describing trends in 
cerebrovascular (autoregulation) reactivity or cerebral compensatory reserve. Of these 
correlation-based parameters, different characteristics were selected (slope, mean and 
amount of impairment). These findings indicate that not only a general ICU parameter (ABP) 
but also specific parameters representing the unique (global) cerebral homoeostasis and 
protection mechanisms contain prognostic information. We speculate that trends in these 
parameters can be used in addition to baseline prognostic parameters to aid decision-making 
and discussion between the clinical team and families during the ICU admission period.
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The finding that the effect of including neuromonitoring data in a prediction model for six-
month outcome is the largest when using data from the ‘early’ 0–6 h time period may be 
because we studied trauma patients in which treatment was focused on controlling ICP as the 
main goal. These treatment effects may have reduced the effect of the selected parameters in 
the combined model. However, in the early phase of admission, the patient may not yet be 
fully stabilized and thus the parameters may reflect the deranged physiological status of the 
patient better. Including treatment intensity level may account for treatment given in a later 
stage. The treatment effect may be most apparent in the fact that ICP was never selected, 
as current therapy protocols are primarily focused on controlling ICP. Recent literature has 
shown that cerebrovascular reactivity/autoregulation parameters, however, appear to remain 
relatively independent of the ICP-guided treatment [25–27]. As cerebrovascular reactivity or 
autoregulation status might be modifiable by directed (perfusion) therapies started as early 
as possible, our findings might add retrospective evidence for the call for prospective testing.

4.4.1 Limitations

This study has several limitations. First, the sample size of this study is small. Therefore, we 
did not have the possibility to use a separate test set. Instead, we performed feature selection 
in a separate cross-validation before training the model. Selection of parameters by FFS may 
vary between subjects in the case of correlation between parameters, as the information 
between parameters is quite similar. As some parameters are correlated in this study, the 
order of parameters in different patients as selected by FFS varied. Therefore, variability 
in feature selection and subsequent low performance would be seen if FFS was performed 
in the cross-validation splits together with prediction. Although the current method might 
introduce a slight bias, it ensures that each model uses the same features. To improve training 
and ensure correct generalization, we recommend increasing the sample size and validate 
the found models on an external data set. Second, the parameters used show correlation, 
especially parameters describing autoregulation such as PRx and PAx. The feature selection 
algorithm used in this method does not take correlation into account. Although this is partly 
solved due to the selection of parameters that perform best most often, it is recommended to 
use algorithms that are capable of handling correlation in parameters, such as lasso logistic 
regression. To test the influence of correlation between parameters, model performance was 
evaluated once without PRx and once without PAx. AUC was the highest using both PRx and 
PAx in three out of the four time segments and equal in the remaining one time segment 
(data not shown). Therefore, although the correlation is present, including both parameters 
improves prediction accuracy. We hypothesize that both might contain different cerebral 
hemodynamic information. Third, selection of the 14 monitoring-based parameters was 
based on availability and proven relationship to outcome in the literature. The parameters 
in this study are mainly perfusion related, whilst brain oxygenation or metabolism is not 
considered. Adding the latter to the model, for instance using near-infrared spectroscopy or 
parenchymal brain tissue oxygenation, may further increase the predictive value. Fourth, it is 
possible that events occur after the first 24 h, such as a deterioration or improvement in the 
measured physiological parameters, complications or independent issues, such as unrelated 
death after discharge. Future models should consider incorporating such long-term deviations 
in addition to the early-phase parameters. Fifth, the combined model included ICU-admitted 
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severe TBI patients, whilst the CRASH model was trained on all TBI patients with a GCS 
lower than 14 [4]. Therefore, the CRASH model is not optimized for our specific data set. If 
the initial CRASH model accuracy would be higher, the addition of early neuromonitoring 
data may result in even higher prediction accuracies than currently found. In future studies, 
we will include the model created on the International Mission for Prognosis and Analysis 
of Clinical Trials (IMPACT score) in TBI database [5], which may result in additional info 
and thus better outcome prediction. Sixth, the model did not directly take the influence of 
treatment into account. In future work, the (intracranial hypertension) treatment intensity 
level is worth adding as a separate parameter to the model. Last, this study used the time 
from the start of neuromonitoring to divide data in time segments. However, the start of 
neuromonitoring (data collection) may be postponed due to for example operator availability 
or delayed ICU arrival due to urgent (life-saving) surgery. Dividing data according to time 
after trauma and adding parameters describing time and procedures from trauma to ICU 
admission/data collection may improve outcome prediction.

Prognostication in ICU patients can be improved by physiological parameters. Meiring et 
al. [7] showed that common physiological parameters such as HR and MAP and treatment 
given can predict mortality on the ICU on subsequent days. Other applications are prediction 
of delayed cerebral ischaemia after subarachnoid haemorrhage [9], prediction of favourable 
neurological outcome among children on the ICU with critical illness [8] or prediction of 
impending sepsis in neonates [28]. Although it also has been attempted to use physiological 
parameters to predict outcome 6 to 12 months after TBI, data used are solely measured 
before admission or incorporate the whole ICU admission period, hampering (early) clinical 
assistance [4,5,29–31].

4.5 Conclusion

This study showed that the inclusion of (complex) physiological data of the first 24 h 
after admission improves the prediction of the six-month outcome in TBI patients. The 
main perfusion-related parameters included are ABP and parameters describing cerebral 
compliance and autoregulation. As these parameters might be modifiable by treatment 
during the admission, testing in a larger (multicenter) data set is warranted. 
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4.7 Supplementary materials

Mean (SD)

0h-6h 
(n=45)

0h-12h 
(n=45)

0h-18h 
(n=44)

0h-24h 
(n=41)

CRASH risk 
score (%)

58.9 (21.9) 58.9 (21.9) 59.4 (21.9) 60.7 (21.4)

Mean

ICP 
(mmHg)

11.1 (5.4) 11.6 (5.4) 12.2 (5.7) 12.4 (5.8)

ABP 
(mmHg)

81.0 (7.6) 80.6 (7.0) 81.2 (7.1) 81.1 (6.6)

HR (BPM) 78.2 (18.2) 77.8 (17.1) 77.2 (16.7) 78.2 (16.0)

RAP 0.57 (0.26) 0.61 (0.22) 0.65 (0.20) 0.66 (0.19)

PRx 0.13 (0.24) 0.11 (0.23) 0.09 (0.24) 0.06 (0.23)

RAC - 0.21 (0.29) - 0.25 (0.28) - 0.28 (0.29) - 0.29 (0.28)

PAx 0.00 (0.25) - 0.01 (0.25) - 0.02 (0.26) - 0.03 (0.26)

Impairement

PRx 0.07 (0.08) 0.07 (0.07) 0.07 (0.06) 0.06 (0.06)

PAx 0.07 (0.09) 0.07 (0.08) 0.07 (0.08) 0.07 (0.08)

RAC 0.11 (0.12) 0.10 (0.10) 0.10 (0.10) 0.10 (0.10)

ICP 0.14 (0.44) 0.22 (0.76) 0.33 (1.24) 0.40 (1.58)

Slope

PRx (PRx/
min)

- 0.18 (1.20) - 0.16 (0.71) - 0.20 (0.47) - 0.20 (0.39)

RAC (RAC/
min)

- 0.61 (1.31) - 0.29 (0.65) - 0.25 (0.48) - 0.22 (0.36)

PAx (PAx/
min)

- 0.40 (1.17) - 0.12 (0.55) - 0.12 (0.35) - 0.14 (0.30)

Table S.4.1: Average of the CRASH risk score and the mean of physiological values for each time 
segment. Noticeable is that the mean of cerebral autoregulatory parameters changes with different time 
periods and that the slope of RAC and PAx differs strongly in the 0h-6h time period compared to the rest 
of the time periods. 



Predicting outcome in traumatic brain injury patients | 59

4

4.7.1 Prediction of new patients

To predict new patients as favourable or unfavourable, calculate the Y value as displayed 
in Equation 4.7.1 using the corresponding regression coefficients given in Table S4.2 and 
compare Y to the threshold given. If Y is equal to or higher than the corresponding threshold, 
the patient is predicted to have an unfavourable outcome. Otherwise, the patient is predicted 
to have a favourable outcome.

        Eq. 4.7.1 

0h-6h 0h-12h 0h-18h 0h-24h

Threshold 1.259 1.166 0.136 -1.506

Intercept 19.3 2.78 -6.96 4.66

CRASH risk 
score

0.161 0.083 0.166 0.0885

Mean ABP -0.375 -0.11 -0.113 -0.140

Mean PRx 19.2

Mean PAx -25.0

Slope of PRx 2.13 -4.16

Slope of RAC 2.46 1.94

Slope of PAx - 4.96 8.24

RAC 
impairment

44.4

PRx 
impairement

15.2 25.2

Table S.4.2: Regression coefficients and threshold for each model. Only filled cells are used for 
calculation. A negative value indicates that an increase in that parameter corresponds to a lower 
probability of unfavourable outcome. 

Y = Intercept+ β1 ∗ Par1 + β2 ∗ Par2 + · · ·+ βn ∗ Parn
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Abstract

Background
Traditional patient monitoring during surgery includes heart rate (HR), blood pressure (BP) 
and peripheral oxygen saturation. However, their use as predictors for central hypovolemia 
is limited, which may lead to cerebral hypoperfusion. The aim of this study was to develop 
a monitoring model that can indicate a decrease in central blood volume (CBV) at an early 
stage.

Methods
Twenty-eight healthy subjects (aged 18–50 years) were included. Lower body negative 
pressure (−50 mmHg) was applied to induce central hypovolemia until the onset of pre-
syncope. Ten beat-to-beat and four discrete parameters were measured, normalized, and 
filtered with a 30 s moving window. Time to pre-syncope was scaled from 100%–0%. A total 
of 100 neural networks with 5, 10, 15, 20, or 25 neurons in their respective hidden layer 
were trained by 10, 20, 40, 80, 160, or 320 iterations to predict time to pre-syncope for each 
subject. The network with the lowest average slope of a fitted line over all subjects was chosen 
as optimal.

Results
The optimal generalized model consisted of 10 hidden neurons, trained using 80 iterations. 
The slope of the fitted line on the average prediction was  −0.64 (SD 0.35). The model 
recognizes in 75% of the subjects the need for intervention at  >200 s before pre-syncope.

Conclusion
We developed a neural network based on a set of physiological variables, which indicates 
a decrease in CBV even in the absence of HR and BP changes. This should allow timely 
intervention and prevent the development of symptomatic cerebral hypoperfusion.
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5.1 Introduction

Anesthetized patients are prone to the development of undetected central hypovolemia, 
which is a shortage of blood volume directly available to the left ventricle of the heart. 
Central hypovolemia affects cardiac output (CO) and may jeopardize cerebral perfusion [1]. 
A decrease in central blood volume (CBV) may occur due to a variety of causes, ranging from 
bleeding and spinal anesthesia to preoperative fasting and the compression of major veins 
[2].

Traditional patient monitoring during surgery includes the monitoring of heart rate (HR), 
blood pressure (BP) and peripheral oxygen saturation. However, the value of these monitored 
parameters as an indicator for central hypovolemia is insufficient [3,4], as exemplified during 
World War II in which air raid victims suffered from major blood loss with relative bradycardia 
rather than the expected tachycardia [5]. Faced with central hypovolemia, cardiovascular 
control mechanisms maintain BP despite reductions in CBV of up to 30%. A decrease beyond 
approximately 30% of the CBV marks the second phase of hypovolemic shock. In this phase, a 
Bezold–Jarish-like reflex ceases sympathetic activity together with the development of vagal 
activation [6-8]. As a result, HR and/or systemic vascular resistance (SVR) decline, followed 
by a decrease in BP [9-12]. The late development of changes in HR and BP explains the clinical 
delay in recognizing the occurrence of central hypovolemia. As a result, the development of 
cerebral hypoperfusion during surgery may pass unnoticed, resulting in brain hypoxemia 
with the risk of developing postoperative neurological impairment [13].

Although cardiovascular parameters such as thorax impedance (TI) and variation in pulse 
pressure (Ppulse) relate to CBV [14-18] and thus may contain valuable information related 
to central hypovolemia in an early stage, each is unable to indicate central hypovolemia by 
itself. However, combining several of these parameters may provide a better prediction. To 
interpret the complex relationship between numerous continuous cardiovascular parameters 
for early or even hidden information, machine learning may offer new opportunities for 
complex biomedical signal analysis to support perioperative monitoring. Among machine 
learning models, neural networks are used to create a prediction based on the complex and 
non-linear relationships between parameters [19]. We evaluated whether a neural network 
approach using a large set of biomedical parameters can add in diagnosing a decrease in CBV 
at an early stage. Therefore, the aim of this study was to develop a neural network using beat-
to-beat physiological parameters and static parameters (age, gender, weight, and height) to 
diagnose a decrease in CBV at an early stage.
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5.2 Methods

5.2.1 Subject population

Healthy, non-smoking subjects aged between 18 and 50 years were recruited by advertisement 
in the Academic Medical Centre in Amsterdam (AMC), excluding any subject with a history 
of and/or treatment for cardiovascular disease, diabetes, and fainting. The measurements 
were performed between 6 January 2015 and 11 June 2015. Prior to inclusion, a full medical 
history was obtained, followed by physical examination and oscillometric BP as well as ECG 
measurements to assess the presence of cardiovascular contra-indications for the procedure. 
The study was approved by the Medical Ethics Committee of the AMC. Written informed 
consent was obtained from all subjects before any measurement.

5.2.2 Study design

Measurements were performed in a quiet room. Subjects were informed about the procedures 
involved and instructed to empty their bladder prior to the start of testing. They abstained 
from coffee, tea, sports, and fatty foods the day before measurement. With the subject in 
the supine resting position a lower-body negative pressure (LBNP) box was placed over 
the lower body. The LBNP box sealed the subject from hip to toes, enabling the buildup of 
a pressure difference between the upper and lower body. It was verified whether the box 
created and maintained a subatmospheric pressure of  −50 mmHg. A baseline of 5 min, 
consisting of the same parameters obtained during LBNP, was measured after 25 min of 
supine rest. A LBNP of  −50 mmHg was induced after the baseline and maintained for 30 min 
or terminated earlier in the case of the development of signs or symptoms of pre-syncope 
such as lightheadedness, nausea, or blurry vision. Pre-syncope was additionally defined as 
a sudden consistent reduction of  >25 mmHg in systolic blood pressure (Psys), of  >15 mmHg 
in diastolic blood pressure (Pdia), or of  >15 beats/min in HR, as these parameters will change 
with a large (>30%) decrease of CBV [7]. The start and end of the baseline and LBNP was 
indicated by markers. Data from the subjects not experiencing pre-syncope within 30 min 
were excluded from the analysis. 

5.2.3 Measurement parameters

BP was measured by plethysmography at the middle finger of the left hand (Nexfin, Edwards 
Lifesciences BMEYE, Amsterdam, The Netherlands) during the entire experiment. The 
signal was stored at 200 Hz. TI (Model AI-601G, Nihon Kohden, Japan) was measured by 
placing electrodes in the neck and on the upper body at the level of the xiphoid process. TI 
measures conduction through the chest as a gauge of CBV. The analog TI signal and a marker 
device were sampled at 200 Hz and stored on disk. The raw BP curve was extracted from 
the Nexfin. All signals were resampled at 100 Hz using MATLAB (2016A, The MathWorks, 
Natick, MA, USA). Nine beat-to-beat parameters were extracted directly from the Nexfin. 
These parameters consist of Psys, Pdia, mean arterial pressure (Pmean), Ppulse, HR, SV, CO, SVR, 
and left ventricular ejection time (LVET). Corresponding beat-to-beat values of TI were 
added as a parameter. Age, gender, height, and weight were entered as static parameters.
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5.2.4 Analysis

Analysis was performed off-line using a custom-made MATLAB algorithm combined with the 
neural network toolbox in MATLAB. The LBNP period was selected based on the manually 
defined markers. A 30 s baseline period containing few or no artifacts was selected out of the 
recorded baseline to accurately reflect the resting state of the subject. Recordings during the 
first 120 s of LBNP were removed to discard the sudden hemodynamic changes that occur 
at the start of LBNP. Data was visually inspected for artifacts in the raw BP curve and in 
the beat-to-beat parameters HR, SV, SVR, and TI. Artifacts were removed with subsequent 
interpolation of the remaining data.

All beat-to-beat parameters were normalized to their median value within the selected 
baseline period. Thereafter, these were smoothed using an averaging filter with a moving 30 s 
window. Because time to pre-syncope and HR varied between subjects, the amount of beat-
to-beat parameter values estimated for each subject differed between subjects. To ensure 
that each subject contributed an equal number of samples to the model, subject data were 
resampled to the median number of beat-to-beat parameter values over all subjects.

Model design and statistics
The input to the neural network for the prediction at the time point of each heartbeat 
contained ten beat-to-beat parameters measured at that single heartbeat, as well as static 
data on age, sex, height, and weight (Figure 5.1). Time to pre-syncope was scaled from 100%–
0%, with 100% defined as 120 s after initiation of LBNP and 0% as the onset of pre-syncope. 
Time to pre-syncope was the desired output of the model for each training instance.

Data was divided into a training set and test set. The training set consisted of all but one 
subject. The test set consisted of the remaining subject. Each subject served once as a test 
set. For each test set, 100 neural networks were trained using the training set, as more neural 
networks did not increase performance, while it did increase computation time. All neural 
networks were initialized randomly. Thereafter, models were trained using the Levenberg–
Marquardt algorithm for backpropagation. Each of the 100 neural networks predicted the 
time to pre-syncope for the selected test subject. These 100 predictions were averaged to 
create a single average prediction of the selected test subject. We assumed normovolemia 
at the initiation of LBNP and therefore the average predicted time to pre-syncope was set 
equal to 100% at the start. Each of the tested subjects served once as a test set (leave-one-out 
cross-validation) in the above-described procedure, finally resulting in an average prediction 
for each subject. These predictions ideally start at 100% when the true time remaining is also 
100%, and indicate 0% when the true time remaining is also 0%. Therefore, when plotting 
the true time remaining versus the predicted time remaining, the ideal slope would be  −1.

The above-mentioned model was created with a variable number of nodes in the hidden 
layer and a variable number of iterations during the training phase (Figure 5.1), influencing 
the complexity of the model and the amount of training on the data. The number of hidden 
nodes were 5, 10, 15, 20, or 25 (Figure 5.1A) and the number of iterations 10, 20, 40, 80, 
160, or 320 (Figure 5.1B). This resulted in a total of 30 combinations of hidden neurons 
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Figure 5.1: A Overview of the neural network. A total of 14 input parameters are connected by weights 
to the hidden layer with a variable number of neurons. The hidden layer neurons are connected by 
weights with the output (Y). B Overview of a single iteration of the training model. Parameters enter 
the neural network, which generate a certain output for each beat. The mean squared error (MSE) of all 
predicted outputs compared with the actual output is generated. After this, the weights are altered to 
minimize the MSE.
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and training iterations. Because each combination leads to an average prediction over 100 
neural networks, the result was a grid of average predictions for each subject. A straight line 
was fitted to each of the 30 average predictions, the slope of which should be ideally  −1, i.e. 
equal to the expected target slope. For each combination of hidden nodes and number of 
iterations, the slopes were subsequently averaged over all subjects. Each averaged slope can 
be interpreted as the expected slope of the prediction on a new subject. The least complex 
combination of hidden nodes and iterations that led to a slope closest to  −1 with the lowest 
standard deviation (SD) was considered the optimal model. Using the outcome on the test set 
to select the optimal model may introduce an optimistic outlook. However, no contamination 
between the training and test set is expected, because the data are already trained and 
tested at the moment of optimal model selection, thus reducing the possibility of an overly 
optimistic outlook. The fitted line on a prediction is used to evaluate the quality of the neural 
network, while the actual predictions by the model assess the quality of the model-prediction 
in an individual subject.

5.3 Results

A total of 28 subjects (12 male, aged 25  ±  5 years, weight 71  ±  10 kg, height 174  ±  11 cm) were 
included and experienced pre-syncope. The procedure was stopped because of a decline 
in BP (n  =  2), symptoms such as dizziness, lightheaded and impaired vision (n  =  10), or a 
combination of symptoms and a decline in BP or HR (n  =  14). The reason for discontinuation 
of the procedure was not documented for two subjects.

The model with 80 iterations and ten hidden neurons was found to be the least complex 
model where the slope was closest to  −1 with the lowest SD (Table 5.1). The average prediction 
with the SD of this model shows how the model would predict on average on new subjects 
(Figure 5.2). The median SD of the residuals of the prediction of each subject minus the 
corresponding fitted line is 7.2, indicating that the predictions differ up to plus minus 7.2% 
from the fitted line in two-thirds of the predictions.

Neurons in the hidden layer

Iterations 5 10 15 20 25

10 -0.49 (0.24) -0.58 (0.30) -0.60 (0.32) -0.60 (0.34) -0.61 (0.36)

20 -0.55 (0.28) -0.62 (0.34) -0.61 (0.37) -0.62 (0.38) -0.62 (0.41)

40 -0.56 (0.29) -0.62 (0.36) -0.62 (0.37) -0.64 (0.40) -0.63 (0.44)

80 -0.57 (0.28) -0.64 (0.35) -0.61 (0.35) -0.62 (0.37) -0.62 (0.44)

160 -0.57 (0.28) -0.64 (0.35) -0.59 (0.36) -0.58 (0.34) -0.57 (0.41)

320 -0.57 (0.28) -0.64 (0.35) -0.59 (0.35) -0.59 (0.34) -0.57 (0.37)

Table 5.1: Mean slopes with standard deviation for each combination of iterations and number of 
neurons in the hidden layer. Four models have a slope of -0.64, which is the closest to the target slope of 
-1. The least complex model with the lowest standard deviation is displayed in bold.
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Figure 5.2: The average prediction of the selected best model on the test subjects. At 100% the test 
starts, at 0% pre-syncope occurs. This prediction shows how the model would predict on average on 
new subjects. The average prediction shows a stable decline with a slope less steep than the actual slope.

Figure 5.3: Left: Commonly measured parameters Psys, Pdia, Pmean and HR. Blood pressures remain 
stable, while HR shows a clear increase the moment less than 25% of time is remaining. Right: The 
predicted time remaining to pre-syncope in % for this subject. A decreasing trend for CBV can be seen 
from the beginning of the experiment.
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The prediction of the model was compared to the evolution of BP and HR level of an individual 
(Figure 5.3). The model indicated a decrease in time remaining to pre-syncope from the start 
of LBNP with a slope of 0.76 for this particular subject, whereas the parameters BP and 
HR, respectively, did not show any change or changed in a later phase. A decrease in time 
remaining to pre-syncope indicated by the model was not just seen for this subject but for 
each subject, as the fitted line on the prediction displayed a negative slope for each subject 
(not shown).

Ideally (slope  =  −1), the model predicts 0% time remaining to pre-syncope with 0 s remaining. 
If the model-predicted slope is steeper than in reality (<−1), the model predicts 0% time 
remaining to pre-syncope, while in reality there is time remaining to pre-syncope. If the 
model-predicted slope is less steep than in reality (>−1), the model does not reach 0% before 
pre-syncope occurs, resulting in an overestimation of the remaining part. In this study, the 
model predicted 0% time remaining to pre-syncope for six subjects, with on average 253 s 
remaining (Figure 5.4). For a total of 14 subjects, the model predicted 25% time remaining to 
pre-syncope, with on average 225 s remaining. The 50% time remaining to pre-syncope level 
is predicted for 21 subjects, with on average 342 s remaining, while for all but one subject the 
model predicted 75% time remaining to pre-syncope with on average 439 s remaining. If we 
assume intervention is needed when predicted time remaining is  ≤75%, the model recognizes 
the need for intervention more than 200 s before pre-syncope in 75% (n  =  21) of the subjects.

 
Figure 5.4: Total time in seconds remaining to pre-syncope vs the predicted time remaining per subject. 
Subjects are divided into groups based on the lowest value of time remaining predicted by the model. 
Lower predicted times remaining at 0 seconds remaining reflect a steeper slope, with a predicted time 
remaining of 0% as ideal. Each bar represents one subject, of which the top corresponds to a predicted 
time of 100% with the amount of seconds remaining as displayed on the y-axis. As the subject progresses 
in time, the true time remaining in seconds decreases, while the predicted time remaining also decreases. 
This is visualized by the different segments in one bar.
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5.4 Discussion

The created neural network recognized a decrease in CBV as evoked by LBNP in an early 
stage using beat-to-beat cardiovascular parameters and information on age, weight, height, 
and sex. In individual patients, the measured downward trend may be seen before BP and HR 
show any noticeable changes (Figure 5.3). As the procedure was discontinued in ten subjects, 
due to symptoms indicated by the subject, while during anesthesia the subject is not able to 
indicate these symptoms, pre-syncope as a serious expression of central hypovolemia will not 
be recognized until in a later stage.

As soon as a decrease in BP or HR was recognized, the procedure was discontinued. We 
showed that our model indicated a decrease well before discontinuation of the procedure 
(Figure 5.4) and thus before a decrease in BP or HR (Figure 5.3), with  >200 s remaining in 
75% of the subjects at the 75% level. The SD of the residuals shows that while fluctuations are 
present, the prediction is on average relatively stable compared to the fitted line. It has to be 
noted that of the seven subjects in which prediction did not reach 75% with more than 200 s 
remaining, the time spent in LBNP without the initial 120 s was  <200 s for four persons and 
between 200 and 300 s for the remaining three. It is possible that the procedure was stopped 
too early in these cases, due to false symptom recognition. If we exclude subjects in whom 
pre-syncope occurred before 300 s, the model reaches the 75% threshold for every subject 
and 50% for 19 out of 21 subjects. These results indicate that because the model can recognize 
a decrease in CBV in an early stage, it may assist the anesthesiologist in decision-making. 
Starting treatment for central hypovolemia at low values of predicted time remaining results in 
treating few subjects, but may prevent pulmonary and/or peripheral edema due to overfilling. 
The model was able to detect pending pre-syncope and subsequent cerebral hypoperfusion, 
while none of the parameters used measured cerebral perfusion. Incorporating parameters 
that measure cerebral perfusion may further improve the recognition of decreased CBV. The 
two commonly used parameters to measure cerebral perfusion, near-infrared spectroscopy 
and transcranial Doppler ultrasound, may both be able to show changes in cerebral perfusion 
before other hemodynamic parameters [20,21].

5.4.1 Comparison with literature

Machine learning techniques were also used to develop the compensatory reserve index 
(CRI), indicating the amount of reserve before pre-syncope will occur in a subject on a scale 
from one to zero [22,23]. The CRI is shown to be more predictive for hypovolemia than the 
commonly used shock index, which is the ratio of HR to Psys [24]. Furthermore, a decrease 
in CRI is seen when a small amount of blood (450 ml) is withdrawn from a subject [25,26]. 
However, when withdrawing an average of 1.2 l in 20 subjects, the CRI decreased on average 
by 33%. This small decrease in CRI suggests that the CRI underestimates larger amounts of 
blood loss [27].

An important difference between our model and the CRI is the collected data on which to 
train the respective models. The CRI model is trained on subjects who underwent a stepwise 
LBNP protocol in which LBNP is lowered after every 5 min by 5 mmHg, until pre-syncope 
occurs. The CRI is based on the prediction of the current level of LBNP and the predicted level 
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of LBNP at which pre-syncope will occur. During a 5 min period at a certain level of LBNP, 
both the predicted current and final level of LBNP will be constant if the algorithm is correct. 
Therefore, during this 5 min period, the CRI will be stable. This is also seen in the outcome, as 
the predicted levels of LBNP show a stepwise fashion, with high correlation to the actual level 
of LBNP (r  =  0.94) [22]. When estimating the CRI out of these levels of LBNP, the result is a 
stepwise CRI [23]. However, even though LBNP is constant between two steps, there is still 
a change in CBV, which is not taken into account by the CRI. In our study, a constant level of 
LBNP was used, resulting in a continuous change in CBV during the procedure. Therefore, 
our model is trained to detect a change in CBV without the effect of the change in LBNP, 
which may be closer to the real-life situation of central hypovolemia. Furthermore, our study 
is to be applied in the operating room (OR). As the CRI is developed for the battlefield, our 
model can take more parameters into account. The difference in the model as well as the 
target group makes this a good addition for use in the OR.

5.4.2 Limitations

First, the number of subjects in our neural network is relatively small. Although this drawback 
is partially compensated for by the low number of parameters, increasing the number of 
subjects may increase the accuracy of the prediction. Furthermore, increasing the number 
of subjects opens the possibility of creating more diversity in the models by subset selection 
of the subjects, leading to possible better predictions. Due to the low number of subjects, no 
validation set was used in this study. This may introduce an overly optimistic outlook for the 
selected optimal model. In this study, however, a clear downward trend was found for all 
possible combinations of hidden neurons and iterations (Table 5.1). This suggests that a good 
prediction model would have been found for all possible combinations tested. For future 
studies, the inclusion of a validation set together with more subjects is recommended. Second, 
measurements were discontinued if the vasovagal response developed or if a subject indicated 
symptoms of pre-syncope. Because the onset of symptom occurrence is not by definition 
equal to the moment of pre-syncope, some measurements might have been interrupted 
early. Although this fact warrants subgroup analysis based on stopping criteria, this cannot 
be performed due to the low number of subjects. Third, we set the average prediction at 
the start equal to 100%, because we assumed normovolemia at the initiation of LBNP. It is 
realistic that the subjects were slightly hypovolemic, setting the true initial value below 100%. 
This decreases the slope of the reference line and may indicate that the calculated slope for 
the subjects may be closer to the reference slope than stated previously. Finally, the model 
requires measurement of a baseline period, which may not be available in acute cases. In 
these cases, baseline values may be estimated based on patient characteristics. A different 
approach would be to abandon normalization of parameters to the baseline, though possibly 
at the expense of prediction accuracy. The possibly lower prediction accuracy when using 
non-normalized parameters might be counteracted by the inclusion of trend parameters.

5.5 Conclusion

We developed a neural network based on a set of physiological variables that can diagnose 
decreases in CBV at an early stage even in the absence of HR and BP changes. This should 
allow for more timely intervention and may prevent cerebral hypoperfusion. 
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Abstract

Background
In the initial phase of hypovolemic shock, mean blood pressure (BP) is maintained by 
sympathetically mediated vasoconstriction rendering BP monitoring insensitive to detect 
blood loss early. Late detection can result in reduced tissue oxygenation and eventually 
cellular death. We hypothesized that a machine learning algorithm that interprets currently 
used and new hemodynamic parameters could facilitate in the detection of impending 
hypovolemic shock.

Methods
In 42 (27 female) young (mean (SD): 24 (4) years), healthy subjects central blood volume 
(CBV) was progressively reduced by application of −50 mmHg lower body negative pressure 
until the onset of pre-syncope. A support vector machine was trained to classify samples into 
normovolemia (class 0), initial phase of CBV reduction (class 1) or advanced CBV reduction 
(class 2). Nine models making use of different features were computed to compare sensitivity 
and specificity of different non-invasive hemodynamic derived signals. Model features 
included: volumetric hemodynamic parameters (stroke volume and cardiac output), BP 
curve dynamics, near-infrared spectroscopy determined cortical brain oxygenation, end-tidal 
carbon dioxide pressure, thoracic bio-impedance, and middle cerebral artery transcranial 
Doppler (TCD) blood flow velocity. Model performance was tested by quantifying the 
predictions with three methods: sensitivity and specificity, absolute error, and quantification 
of the log odds ratio of class 2 vs. class 0 probability estimates.

Results
The combination with maximal sensitivity and specificity for classes 1 and 2 was found for the 
model comprising volumetric features (class 1: 0.73–0.98 and class 2: 0.56–0.96). Overall 
lowest model error was found for the models comprising TCD curve hemodynamics. Using 
probability estimates the best combination of sensitivity for class 1 (0.67) and specificity 
(0.87) was found for the model that contained the TCD cerebral blood flow velocity derived 
pulse height. The highest combination for class 2 was found for the model with the volumetric 
features (0.72 and 0.91).

Conclusion
The most sensitive models for the detection of advanced CBV reduction comprised data 
that describe features from volumetric parameters and from cerebral blood flow velocity 
hemodynamics. In a validated model of hemorrhage in humans these parameters provide 
the best indication of the progression of central hypovolemia.
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6.1 Introduction

Hypovolemic shock is the hemodynamic response to a critically reduced central blood volume 
(CBV) and its diagnosis has challenged clinicians since the Second World War [1,2]. The main 
treatment consists of intravenous volume administration [3] to raise cardiac output (CO) 
and improve microvascular blood flow [2,4,5] and tissue oxygen delivery [6,7]. However, 
detection of a clinically relevant blood volume deficit remains difficult [2,4,8,9] because the 
blood volume is not only characterized by its magnitude but also by its function as preload 
to the heart [2,8,9]. From that perspective, a functional definition of “normovolemia” is 
by its ability to provide the heart with an adequate CBV i.e. cardiac preload that maintains 
stroke volume, cardiac output, and oxygen delivery [10,11]. Direct measures of CBV are not 
routinely available in the clinical environments of intensive care and operating room. As a 
result, volume treatment during anesthesia is generally planned according to a somewhat 
arbitrary fixed volume regime [12] or guided by blood pressure (BP) and heart rate (HR). 
However, interpretation of BP and HR changes in response to a reduction in CBV is not 
straightforward since loss of one liter of blood or fluid is not reflected in changes in BP [13]. 
Therefore, optimization of tissue oxygen delivery cannot be conducted by monitoring arterial 
pressure alone [14–17]. It is problematic that present hemodynamic monitoring techniques 
do not allow detection and therefore early treatment of a volume deficit before worsening of 
the cardio-cerebrovascular condition compromising oxygenation of the brain [3]. 

We hypothesized that the arterial pressure and transcranial cerebral blood flow velocity 
waveforms contain subtle information on the actual cardio-cerebrovascular condition that 
is hard to interpret by human visual inspection. We set out to investigate whether a machine 
learning model [18] could be trained to detect hypovolemia using hemodynamic signals 
during progressive reduction of CBV. This would allow determination to what extent the 
cardiovascular system can compensate hypovolemia, i.e. its compensatory reserve prior to 
(impending) circulatory collapse [19], by classifying patients according to their actual need 
of fluid therapy [20] and allow timely clinical intervention. Given that the brain is highly 
susceptible to hypoperfusion and hypoxia we hypothesized that the cerebral flow velocity wave 
shape may disclose early alterations that can be alleged to the hypovolemia induced onset 
of cerebral hypoperfusion resulting in pre-syncope. Earlier machine learning approaches 
based on BP waveforms [21] and beat-to-beat parameters [22] showed that it can detect a 
reduction in CBV. To that purpose, we parametrized both the BP and TCD waveforms to 
make information about curve dynamics available for statistical modeling during progressive 
hemorrhagic shock and compared the BP features to features from other non-invasive 
hemodynamic technologies. We trained a model to recognize progressive hypovolemia 
by means of supervised machine learning and tested it on a human model of progressive 
hemorrhagic shock (lower body negative pressure, LBNP). The goal was to create a model 
that picks up on changing physiology during the transitional phase from compensated to 
uncompensated circulatory shock by classifying each heartbeat based on its accompanying 
feature information and to check which non-invasive hemodynamic monitor contributes the 
most sensitive information to solve this problem.
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6.2 Methods

6.2.1 Subjects

Forty-two young, healthy volunteers (27 female; age: mean (SD): 24 (4) years) with no history 
of fainting and/or cardiac arrhythmia nor taking cardiovascular medication participated in 
the study. They abstained from heavy exercise and caffeinated beverages at least 12 h prior 
to the experiment. Before inclusion subjects underwent a medical screening prior to the 
experiment consisting of a medical interview, a physical examination and a 12-lead ECG. The 
experiments were conducted in a quiet, temperature-controlled laboratory (20–22°C). This 
study was carried out in accordance with the recommendations of Academic Medical Centre 
Amsterdam medical ethical committee (#2014_310) with written informed consent from 
all subjects. All subjects gave written informed consent in accordance with the Declaration 
of Helsinki. The protocol was approved by the medical ethical committee of the Academic 
Medical Centre, Amsterdam.

6.2.2 Experimental protocol

Measurements were performed with subjects in the supine position. Following instrumentation, 
the lower body was positioned inside a LBNP box (Dr. Kaiser Medizintechnik, Bad Hersfeld, 
Germany) and sealed at the level of the iliac crest [23]. To prevent a downward shift of the 
body into the LBNP box disrupting the airtight sealing with loss of sub-atmospheric pressure, 
the LBNP box was equipped with a saddle [24]. Subjects rested for 30 min of which the final 
ten were designated as baseline segment, followed by application of a single step continuous 
negative pressure (50 mmHg below atmospheric pressure) to the lower part of the body. The 
pressure inside the box was manually controlled and established within less than 20 s.

During the experiment, subjects were instructed to breathe normally and to avoid movement 
and muscle flexing. In compliance with our laboratory safety guidelines LBNP was terminated 
in case of (pre-)syncopal symptoms including sweating, light-headedness, nausea, blurred 
vision, and/or signs meeting one or more of the following criteria: systolic arterial pressure 
(Psys) below 80 mmHg, or rapid drop in BP (Psys by ≥25 mmHg·min−1, diastolic arterial 
pressure (Pdia) by ≥15 mmHg·min−1), and drop in HR by ≥15 bpm·min−1. If none of these 
criteria occurred within 30 min, the protocol was ended. The subjects were continuously 
monitored by an investigator experienced in human studies and unoccupied by experimental 
obligations.

6.2.3 Measurements

Continuous arterial BP was measured non-invasively by volume-clamp finger 
plethysmography with the cuff placed around the middle phalanx of the left hand placed 
at heart level (Nexfin, Edwards Lifesciences BMEYE, Amsterdam, The Netherlands) and 
sampled at 200 Hz. Left ventricular stroke volume (SV) was determined by a pulse contour 
method (Nexfin CO-trek, Edwards Lifesciences BMEYE, Amsterdam, the Netherlands). 
Cardiac output (CO) was calculated as the SV times HR and total peripheral resistance (TPR) 
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was the ratio of mean arterial pressure (Pmean) to CO. Changes in CBV were monitored using 
thoracic impedance (TI) (Model AI-601G, Nihon Kohden, Japan) [25,26]. Cerebral blood 
flow velocity was measured in the proximal segment of the middle cerebral artery (MCA) 
by means of TCD (DWL Multidop X4, Sipplingen, Germany). The left MCA was insonated 
through the temporal window just above the zygomatic arch at a depth of 40–60 mm with a 
pulsed 2 MHz probe. After signal optimization, the probe was fixed on a specially designed 
head-band (Marc 600, Spencer Technologies, Redmond, Washington, USA). Changes in 
oxygenated and deoxygenated hemoglobin (Hb) as well as their summation were measured 
using continuous wave near-infrared spectroscopy (NIRS) (Oxymon, Artinis, Zetten, The 
Netherlands). NIRS tracks cortical cerebral oxygenation during manipulation of CBF in 
parallel with the brain capillary oxygen saturation [27]. A differential path length factor was 
computed according to Gersten et al. [28] to account for the scattering of light in the brain 
tissue. NIRS signals were recorded at 10 Hz. Optodes were fixed just above the supraorbital 
ridge and below the hairline. Changes in cutaneous perfusion may interfere with the accuracy 
of cerebral oximetry, therefore the distance between the transmitter and the receivers was 
5 cm to assure deep enough penetration of the near-infrared light into the brain to exclude 
substantial contamination from the extra-cerebral circulation [29]. 

End-tidal CO2 partial pressure (ETCO2) was measured through a nasal cannula connected to a 
capnograph (Hewlett Packard 7834A, Wokingham, UK). All recorded signals were analyzed 
offline (MATLAB R2007b, The MathWorks, Natick, MA, USA) and visually inspected for 
artifacts and noise. Invalid beats were manually removed and interpolated.

6.2.4 Modeling approach

Models were created by means of a support vector machine algorithm (libsvm software 
package for MATLAB [30]). We used a supervised learning approach to detect worsening 
of the cardio-cerebrovascular condition from cardiovascular stability at rest toward 
instability when approaching pre-syncope. To this extent, we defined three distinct classes 
of the hemodynamic condition (see “class definition”). The algorithm then used one of nine 
designated feature sets (listed next) to detect patterns in an attempt to classify each heartbeat 
in one of the three classes. For each feature set a model was computed using a non-linear 
radial basis function (Gaussian) kernel [31]. To find the optimal model configuration for each 
respective feature set we used 64 combinations of values for both kernel width (gamma) and 
C-value (8 values for each). Using a randomly selected 30 subjects train vs. 1 test subject 
approach, this analysis was deemed optimal once the sum of sensitivity and specificity was 
maximal on average for all tested subjects.

Class definition
Baseline rest as well as onset of LBNP and pre-syncope were marked. Time points originating 
from data during baseline were designated as class 0, samples from data during the first 
75% of LBNP as class 1 and samples belonging to the last 25% of LBNP before onset of pre-
syncope (i.e. end-stage LBNP) were defined as class 2 (Figure 6.1). Multiclass in libsvm is 
handled by a one-vs.-one approach [32]. The corresponding feature values at these time 
points were labeled with one of these three classes. Static features were extracted on a beat-
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to-beat basis whereas dynamic features (variation and trends over time) were extracted by 
a moving windowing function of fixed size (see model specifications) where each moved 
window was classified as one of three classes. Due to how the class definitions were created, 
class distribution was not homogenous. Around 33% of the dataset was baseline data (class 
0); 50% was class 1 and 18% class 2

Feature extraction
To test the viability of different measured parameters from non-invasive measurement 
modalities we designed 7 models (named model #1 through #7). All shared the BP curve 
dynamics features (model #1, Figure 6.2, Supplementary Table S6.1). Features were then 
appended for models #2 through #7 for each investigated measurement modality to evaluate 
predictive capability when adding features from ETCO2, TI, NIRS, or TCD in modeling 
impending pre-syncope. All extracted features were down sampled by a factor 10 to abridge 
calculation time. Two models (named models #8 and #9) stand on their own and do not 
include the BP curve dynamics feature set.

0 1000 2000 3000

LBNPREST

Class = 0

Class = 1

Class = 2

Figure 6.1: Class definitions. The first part of the measurement is defined as baseline rest (class 0), 
LBNP is defined as class 1, of which the last 25% is defined as end-stage LBNP before pre-syncope (class 
2).
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6.2.5 Default model: BP curve dynamics (model #1)

From the arterial BP wave, beat-to-beat systolic, diastolic, mean, pulse pressure (Psys, Pdia, 
Pmean, and Ppulse), interbeat interval (IBI), HR, SV, CO, left ventricular ejection time (LVET), 
and TPR were extracted (10 features). Four incrementally sized intervals during LBNP (30, 
60, 90, and 120 s) were used for calculating trends and variances of Psys, Pdia, HR, Ppulse, and SV 
(4 intervals times 5 parameters for 2 techniques (trend and variation) delivers 40 features). 
Additional information from the BP wave shape was extracted by wave segmentation and 
parametrization (Figure 6.2, Supplementary Table S6.1, 15 features) making a total of 65 
parameters available for the BP curve dynamics model.
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Figure 6.2: In depth analysis of the blood pressure curve. Five primary points are detected (A to E). 
From these points several parameters are estimated (Supplementary Table S6.1). Positions on the curve 
are indicated with capital letters A through E. Their accompanying time points are described with lower 
case letters. Tangent lines are described with roman numerals. Areas of interest are shaded.
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6.2.6 Incremental models

Either beat-to-beat interpolated ETCO2 partial pressure or TI were appended in models 
#2 and #3 respectively (each has 1 additional feature). Features extracted from the NIRS 
consisted of the three concentrations of Hb: oxygenated, deoxygenated, and their summation 
(total Hb). Ratios of oxygenated and deoxygenated to total Hb were added as well to this 
model (model #4, 5 additional features).

Similar to the BP wave parametrization, the same points, durations, tangents, and surface 
areas were derived from the cerebral blood flow velocity wave. Further features comprised 
systolic, diastolic, and mean flow velocity (MCAv) as well as the difference between systolic 
and diastolic flow velocity (flow velocity pulse height) and their variation and trends over 
the same intervals as described for model #1. Also included were the cerebral autoregulatory 
computed gain and phase expressed as the transfer function between Pmean and MCAv over a 
3-min moving window between BP and MCAv [33]. The low frequency band (0.06–0.15 Hz) 
where covariation in both signals was significant (coherence of at least 0.5) was averaged 
to get respective gain and phase. Model #5 will further be referred to as flow velocity curve 
dynamics model (FV curve dynamics). Model 6 and 7 had a single FV derived feature 
addition. Either the MCAv or flow velocity pulse height were appended to models #6 and #7, 
respectively.

6.2.7 Further models (models #8 and #9)

Two separate models were created to check model performance without newly introduced 
features. A model with the basic hemodynamic output from the Nexfin device (Psys, Pdia, Pmean, 
Ppulse, IBI, HR, SV, CO, TPR, and LVET, model #8) was created to evaluate their additional 
value compared to BP and HR. A model comprising of mere BP (Psys, Pdia, and Pmean) and HR 
was introduced as a basic model (#9). The number of features in each model is summarized 
in Table 6.1.

Parameters were transposed into a feature matrix, normalized with respect to values during 
baseline and scaled so that all features ranged between 0 and 1. Alongside, a corresponding 
label vector that contained the appointed class per subject of each feature row was appended.

Training and testing process
Integral data sets of subjects were included in the modeling algorithm in order to prevent 
contaminating data from subjects in both training and testing set. Training data consisted of 
data from a subselection of 30 randomly chosen subjects which changed each iteration. The 
resulting model was then tested on a single subject who was not part of the training set. This 
process was repeated for all 42 subjects. The subset of 30 subjects was chosen to reduce total 
training time.
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Model names and numbers Amount of features (on top of base)

#1 BP curve dynamics 65: Basic hemodynamics (10 features), curve dynamics 
(15 features) and trends and varations (40 features).

#2 ETCO2 66 (model#1 + ETCO2)

#3 TI 66 (model#1 + TI )

#4 NIRS 70 (model#1 +oxygenation parameters (5 features))

#5 TCD curve dynamics 125 (model#1 +60: TCD trends and variation, cerebral 
autoregulation)

#6 Mean MCAv 66 (model#1 +mean TCD MCAv)

#7 MCAv Pulse height 66 (model#1 +TCD pulse height)

#8 Volumetric 10: Basic hemodynamics (10 features)

#9 HR and BP 4: systolic, diastolic, mean pressures and heart rate.

Table 6.1: Model description, numbering and feature count. Models 2 through 7 contain the features 
from model #1 with included device specific features. Models 8 and 9 are smaller models, containing 
features that are currently clinically used and/or available.

Model selection
Classification success was defined as to what extent a model correctly classifies individual 
samples. Each successive feature addition returned a unique classification outcome that in- 
or decreased model performance. Each model estimated the probability of a new sample 
belonging to each of the three classes. Since the classes were defined arbitrarily it is unlikely 
that the trained models describe a relevant physiological paradigm. To select the best model, 
and thus its corresponding features,  three methods were used to quantify model performance.

1. Actual model sensitivity and specificity.  
Sensitivity and specificity per class were the numbers as classified by the trained models 
without taking into account additional detail of probability estimates of each class. 
Sensitivity and specificity were calculated on a 1-vs.-all manner.

2. Individual model error.  
Model error was expressed as the difference between the predefined classes and the 
moving average of the prediction of each model. 

3. Specificity and sensitivity by accounting for probability estimates.  
Next to each model classifying every individual sample, all models return a probability 
for the sample belonging to each respective class. In method 1 the class with the highest 
probability is selected as the prediction of the model for that sample. To account for 
probability estimates we took the ratio of the probability of a sample belonging to class 
2 over its probability belonging to class 0. The logarithm of this (odds) ratio was taken 
and lower and upper cutoff values for this ratio were determined by using stepwise 
incremental thresholds to distinguish between classes 0, 1, and 2. The cutoffs were 
defined as optimal when the sum of both sensitivity and specificity was maximal.
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6.3 Results

The results of the search for the optimal C and gamma values per model are given in Table 
6.2. These optimal models were chosen to compute both sensitivity and specificity (Table 
6.3), the model errors (Table 6.4) and to detect optimal cutoffs for the probability estimate 
analysis (Table 6.5).

6.3.1 Actual model sensitivity and specificity

Regarding classes 1 and 2, the combination with highest sensitivity and specificity was found 
for the model comprising volumetric features (#8) (class 1: sensitivity: 0.73; specificity: 0.98; 
class 2: sensitivity: 0.56; specificity: 0.96) (Table 6.3). Adding variation, trends and BP curve 
dynamics (model #1, Figure 6.2) did not improve the performance of the model for classes 
1 (sensitivity 0.63; specificity 0.98) and 2 (sensitivity 0.56; specificity 0.95). Sequentially 
adding features of ETCO2, TI, or from NIRS or TCD devices also did not improve classifying 
actual model sensitivity. Specificity was maintained. 

6.3.2 Individual model error

The FV curve dynamics model (#5) had the lowest error for all three classes combined (Table 
6.4). The median error of the BP curve dynamics (#1) vs. FV curve dynamics model (#5) 
was greater for class 2. The largest fraction of subjects (12/42) benefited from the FV curve 
dynamics model (#5) since it had the lowest overall error. Models with either mean MCAv 
(model # 6) or pulse height of MCAv (model #7) accounted for another 8/42 subjects. The BP 
curve dynamics model (#1) had the lowest error for 10/42 subjects. Models including ETCO2 
(#2) or NIRS (#4) both performed best 5/42 times. The TI model (#3) came in last as the best 
model in 2 out of 42 subjects.

Feature Set C Gamma

#1 BP curve dynamics 0.13895 0.002683

#2 BP curve dynamics & ETCO2 0.13895 0.051795

#3 BP curve dynamics &TI 0.13895 0.051795

#4 BP curve dynamics &NIRS 0.517947 0.007197

#5 BP curve dynamics &TCD 100 0.019307

#6 BP curve dynamics & MCAv mean 0.037276 0.13895

#7 BP curve dynamics & MCAv pulse height 7.196857 0.001

#8 Volumetric 0.0100 0.001

#9 HR and BP 0.5179 0.0027

Table 6.2: Optimal model configuration. Optimal results following the 64-fold optimization steps 
for different incremental values for regularization parameter C (misclassification penalty) and gamma 
(deviation of the radial basis Kernel) for each feature set.
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Class/Model Class 0 Class 1 Class 2 Total  
error

#1 BP curve dynamics 0.11 0.06 0.82 1

#2 ETCO2 0.13 0.12 0.65 0.89

#3 TI 0.11 0.11 0.67 0.89

#4 NIRS 0.1 0.11 0.74 0.95

#5 FV curve dynamics 0.19 0.06 0.53 0.78

#6 MCAv mean 0.11 0.1 0.7 0.91

#7 MCAv Ppulse 0.11 0.11 0.81 1.03

#8 Volumetric 0.03 0.07 0.71 0.82

#9 HR and BP 0.12 0.16 0.81 1.09 

Table 6.4: Median mean squared errors per model expressed as difference between moving averaged 
prediction and the predefined class line (Figure 6.3). Lowest error per class indicated in bold. 

6.3.3 Specificity and sensitivity by accounting for probability estimates

In general, all models had similar sensitivity for baseline (class 0) (range 0.89-0.95) and 
specificity (0.90-0.96) (Table 6.5). Regarding class 1, the best combination of sensitivity and 
specificity was found for the model that contained the FV derived pulse height (model #7). 
The highest combination for class 2 was found for the model with the volumetric features 
(model #8). This model also had the highest combination for both class 1 and class 2 
together. An overview of all classification samples can be found in the confusion matrices 
[34] (Supplementary material 6.7.1) for both the actual models and after accounting for 
probability estimates. In general it can be seen that the models encounter most difficulty in 
the distinction between class 1 and class 2 while the distinction between class 0 and either 
class 1 or 2 is clearer.

6.4 Discussion

The new findings of the present study are, first, that distinguishing between normovolemia 
and considerable central hypovolemia in healthy young adults requires information from 
volumetric hemodynamic features beyond BP and HR, such as IBI, SV, CO, LVET, and TPR. 
Second, the cerebral blood flow velocity parameters reduced model error, possibly due to the 
creation of a more easily separable solution.

Features derived from the BP curve, ETCO2, TI, and from cerebral blood flow velocity and 
brain cortical oxygenation did not improve classification in terms of sensitivity to detect 
advanced class 2 hypovolemia. In contrast, cerebral blood flow velocity models (#5–7) 
outperformed the other models in terms of absolute error from the predefined (artificially 
created) classes. Models 2–4 (ETCO2, central blood volume (TI), and cerebral cortical 
oxygenation) contributed to such an extent that they were the best discriminative model for 
fewer subjects and therefore in general seem less sensitive to the detection of CBV depletion.
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Figure 6.3: Output of six models compared to BP curve dynamics model (#1, top) in a single subject. 
Each subsequent graph shows the modulation of the addition of the annotated feature(s). In this subject 
the model for MCAv pulse height (bottom left) had the lowest error. Note that all model outputs increase 
with increasing duration of lower body negative pressure.
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In machine learning or datamining approaches large datasets are investigated to determine 
whether these features together result in a better solution to the problem at hand. A mechanistic 
approach may not find such a solution in a multidimensional space. The underlying 
physiological mechanisms can ideally be described by such a mechanistic approach so that it 
can explain the wide variety of pathophysiology as is seen in different patients. Unfortunately, 
this is not easily achieved and assumptions would have to be made for many parameters, as 
they cannot be measured in real time (or at all) resulting in a model that is not very useful 
for individual cases. Due to the large natural variation between subjects, some individuals 
increase peripheral resistance to maintain adequate blood pressure, whereas others increase 
heart rate at onset of LBNP, yet another group responds in a mixed fashion. We do not think 
these subtleties can be grasped by a mechanistic approach, unless the responses of a patient 
would be assessed beforehand which is not feasible in clinical practice.

It is possible that a unique set of features exists from different devices that gives an even 
better solution. To assess this possibility would require a feature selection process which 
is cumbersome for this amount of models. We considered that these devices are either 
connected as monitors to patients or not. If so, they return a fixed array of features which was 
included in the models here. This study therefore aimed to describe which monitors deliver 
the most sensitive features and should therefore be connected as a monitor for detecting 
changing CBV.

6.4.1 Limitations

By design the subjects were healthy individuals exposed to simulated bleeding which restrains 
us from extrapolating the data to elderly subjects, considering that with healthy aging brain 
perfusion becomes increasingly dependent on cardiac output [35].

The current models require that its features are normalized to a reference baseline condition. 
This will be required as well for future use of the models. Future studies should therefore be 
directed at finding similar model accuracy without baseline normalization. We recognize that 
eliminating normalization will increase intersubject scatter, inevitably reducing classification 
performance.

We consider the possibility that adding a considerable number of features introduced the 
phenomenon known as overfitting. This would imply that the model is being too specifically 
trained on training data and may not function equally well on new data. Since the SVM method 
is a regularization model, the introduction of large amounts of features does not necessarily 
have to lead to worse performance due to overfitting. However, we selected optimal gamma 
and C on the held-out data, which could have led to a form of overfitting, but due to the newly 
random selection of 30 subjects in the testing step as well, this is expected to be marginal.

Classes were not distributed homogenously. Especially during training this could have had a 
significant effect on the outcome as the algorithm could have had relatively more examples of 
what is considered class 2 with respect to the other classes.
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Since the training was performed on a subset of subject data, the reported numbers for 
sensitivity and specificity are not absolute and will be different if the analysis is repeated. In 
healthy subjects, variation in cardiovascular responses to sympathetic stimulation evoked by 
submaximal LBNP is considerable [36]. Differences in resting HR between subjects suggest 
individually programmed reflex strategies of autonomic blood pressure control which may 
contribute to the hitherto unpredictable variance observed in cardiovascular reflex responses 
to central hypovolemia [36]. Due to this large natural variation in subject responses we 
considered that by using a random subset the models are not focused on a fixed set but will 
vary with each iteration. Also since not everyone experiences symptoms of pre-syncope in the 
exact same way there may be a bias toward the point that was defined as pre-syncope here. 
By using a random subset of individuals the models were never trained on the full set of this 
bias but included different subjects each training iteration.

6.4.2 Classification and tracking

The fact that feature sets from cerebral oxygenation, central blood volume, or cerebral blood 
flow velocity data do not qualify beats better than the volumetric features seems to suggest 
that their capability to predict pre-syncope may be low or at least not better than HR and BP 
combined with LVET, CO, TPR, and SV. However, the probability estimation of class 2 shows 
a notable increase indicating that in the large majority of subjects the developed models all 
recognized the process of moving from baseline, to CBV depleted, to pre-syncope.

One explanation for the limited difference in performance between models #1 and #8 may be 
that the Nexfin built-in algorithms in itself include a BP wave shape analysis (pulse contour).

Any attempt to produce a complete clinical classification of hemorrhagic shock for the 
individual patient can be only provisional due to the complex interrelations in physiological 
adaptive responses [5,14,37]. Similarly, between healthy subjects the variation in 
cardiovascular responses to sympathetic stimulation evoked by bleeding is considerable. 
Distinct cardiovascular response patterns of preferential autonomic blood pressure control 
appear consistent over time within one subject but with considerable inter-individual 
variance in tolerance to hypovolemia [36,38,39]. This explains the difference in time until 
pre-syncope and thus differences in the number of samples between subjects available to 
the models [40]. The models are nevertheless requested to assign one of the three classes 
to each individual subject through the whole trajectory from normo- to hypovolemia. Also, 
the large number of samples available for class 0 compared to class 1 and 2 creates an 
unequal distribution of samples between the three classes. This also explains the overall high 
specificity, since classification of a sample not belonging to the investigated class could mean 
either of two remaining classes.

The translation from model output to underlying physiological events is by no means 
straightforward. Defining the classes from normo- to hypovolemia served merely to create an 
artificial distinction between the ongoing circulatory adaptive responses to progressive central 
hypovolemia. As a consequence, the underlying physiological adaptive responses may not fit 
into the predefined classes and reported sensitivity does neither reflect direct classification 
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of physiology. However, the actual sensitivity/specificity is amenable for improvement by 
using the certitude of the model by introducing a cut-off analysis on the probability estimates 
as proposed in order to quantify model performance. This better approaches a classification 
on a physiological response as changing probabilities of the classes could hint at progression 
toward cardiovascular instability respectively a return to normovolemia that can be tracked 
over time.

Ideally, model performance is described by the individual (moving averaged) prediction line 
as they tend to increase during progressive hypovolemia (Figure 6.3), as a visual manifestation 
of the increasing probability of impending circulatory collapse since it immediately visualizes 
into what direction the patient’s hemodynamic condition is headed. We attempted to 
overcome the fact that this measure is difficult to express as a numeric error by implementing 
three different ways of model performance quantification. This probability estimate analysis 
increased model sensitivity and specificity by taking into account the complexity of the output 
of the model in the relative large variation of subject responses to hypovolemia.

6.5 Conclusion

Classification of heart beats belonging to either class 0 or class 1 and 2 is straightforward, and 
appeared linearly separable using only a few features. This may be due to the fact that this 
protocol was executed in a controlled setting and due to the fact that the data was normalized 
to a baseline value. Detecting whether a particular beat should be classified to either the 
class 1 or class 2 state of being hypovolemic is more challenging, hence the use of a non-
linear Gaussian kernel. Due to the large inter-individual variance and artificial nature of 
class creation, the data show a considerable overlap for the currently presented features, 
which hindered us into constructing models with a higher sensitivity. Rather, the moving 
average during the classification process in itself has the potential to function as a real-time 
visualization of progress toward hypovolemia induced cardiovascular instability. 
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6.7 Supplementary materials

Feature name Feature description and 
explanation of Figure 6.2

Equation

A Position of A relative to systole -

B Systole -

C Dicrotic notch; relative to systole -

D Position of D relative to systole -

E Position of E relative to systole (red dot in 
Figure 6.2)

-

a Time point of A relative to e -

b Time point of B relative to e -

c Time point of C relative to e -

d Time point of D relative to e -

tangAB Slope between points A and B (dashed line 
I in Figure 6.2)

tangBC Slope between points B and C (dashed line 
II in Figure 6.2)

tangCD Slope between points C and D (dashed line 
III in Figure 6.2)

tangDE Slope between points D and E (dashed line 
IV in Figure 6.2)

ratBC Ratio between points B and C

ratCD Ratio between points B and C

ratBD Ratio between points B and D

surAB Line integral of the BP curve for time 
segment a to b (light area in Figure 6.2)

surAE Line integral of the entire BP curve (dark 
& light area in Figure 6.2)

surCE Line integral of the BP curve for time 
segment c to e (dark area in Figure 6.2)

Table S6.1: Continued on next page. 
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Feature name Feature description and 
explanation of Figure 6.2

Equation

ratSurAB_AE ratio of surface A to B to A to E

ratSurCE_AE ratio of surface C to E to A to E

ratSurCE_AB ratio of surface C to E to A to B

DPDTMax Max slope of the BP curve over segment 
A to B

Height of dicrotic 
notch

Local minimum surrounding LVET 
normalized to systolic pressure.

-

Table S6.1: Continuation from previous page. Blood pressure wave shape is indicated with F(t). 
Detected points A through E and their corresponding times A through E are not included as features but 
only serve for explanation purposes.
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6.7.1 Confusion matrices

In this appendix the confusion matrix of both steps in error calculation are reported. On 
the left is the initial accuracy for each model and on the right each model accuracy after 
computing the optimal cut-off values for the probability estimates. These cut-offs were 
defined optimal once the distinction between class 1 and class 2 was the highest since this 
was deemed clinically the most important. 

Each cell has two numbers. For the first 3 rows, the absolute numbers indicated the number of 
samples classified like this. The percentage in that cell indicates the proportion of the sample 
of this cell compared to the complete data set size it was tested on. Column and row 4 have 
two percentage numbers: the top one indicating the amount of correct classifications, the 
bottom number indicating the number of mistakes. Horizontally these indicate the amount 
of times a prediction is correct. Vertically this indicates the amount of times a target class is 
classified correctly.

The diagonal cells show the number and percentage of correct classifications. 

Model 1. Blood pressure curve dynamics

Initial Optimal cut-off

Target Target

0 1 2 Total 0 1 2 Total

Pr
ed

ic
te

d

0 90394
56.5%

18707
11.7%

867
0.5%

82%
18%

Pr
ed

ic
te

d

0 108408
67.7%

1136
0.7%

424
0.3%

99%
1%

1 1919
1.2%

31922
19.9%

3620
2.3%

85%
15%

1 15981
10.0%

11601
7.3%

9879
6.2%

31%
69%

2 25
0.0%

7962
5.0%

4597
2.9%

37%
63%

2 1940
1.2%

3265
2.0%

7379
4.6%

59%
41%

Total 98%
2%

54%
46%

51%
49%

79%
21%

Total 86%
14%

72%
28%

42%
58%

80%
20%
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Model 2. ETCO2

Initial Optimal cut-off

Target Target

0 1 2 Total 0 1 2 Total

Pr
ed

ic
te

d

0 88848
55.5%

20011
12.5%

1109
0.7%

81%
19%

Pr
ed

ic
te

d

0 107537
67.2%

2104
1.3%

327
0.2%

98%
2%

1 1796
1.1%

29622
18.5%

6043
3.8%

79%
21%

1 12443
7.8%

15690
9.8%

9328
5.8%

42%
58%

2 28
0.0%

6737
4.2%

5819
3.6%

46%
54%

2 1199
0.7%

3871
2.4%

7514
4.7%

60%
40%

Total 98%
2%

53%
47%

45%
55%

78%
22%

Total 89%
11%

72%
28%

44%
56%

82%
18%

 
Model 3. Thoracic impedance 

Initial Optimal cut-off

Target Target

0 1 2 Total 0 1 2 Total

Pr
ed

ic
te

d

0 90137
56.3%

18634
11.6%

1197
0.7%

82%
18%

Pr
ed

ic
te

d

0 107690
67.3%

1967
1.2 %

311
0.2%

98%
2%

1 1868
1.2%

29777
18.6%

5816
3.6%

79%
21%

1 13246
8.3%

15329
9.6%

8886
5.6%

41%
59%

2 27
0.0%

7107
4.4%

5450
3.4%

43%
57%

2 1253
0.8%

4089
2.6%

7242
4.5%

58%
42%

Total 98%
2%

54%
46%

44%
56%

78%
22%

Total 88%
12%

72%
28%

44%
56%

81%
19%

Model 4. NIRS 

Initial Optimal cut-off

Target Target

0 1 2 Total 0 1 2 Total

Pr
ed

ic
te

d

0 90262
56.4%

18688
11.7%

1018
0.6%

82%
18%

Pr
ed

ic
te

d

0 108645
67.9%

1002
0.6%

321
0.2%

99%
1%

1 1889
1.2%

31544
19.7%

4028
2.5%

84%
16%

1 16705
10.4%

11812
7.4%

8944
5.6%

32%
68%

2 26
0.0%

7236
4.5%

5322
3.3%

42%
58%

2 1844
1.2%

3416
2.1%

7324
4.6%

58%
42%

Total 98%
2%

55%
45%

51%
49%

79%
21%

Total 85%
15%

73%
27%

44%
56%

80%
20%
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Model 5. TCD curve dynamics

Initial Optimal cut-off

Target Target

0 1 2 Total 0 1 2 Total

Pr
ed

ic
te

d

0 76658
47.9%

31988
20.0%

1322
0.8%

70%
30%

Pr
ed

ic
te

d

0 109143
68.2%

695
0.4%

130
0.1%

99%
1%

1 554
0.3%

30549
19.1%

6358
4.0%

82%
18%

1 15157
9.5%

13018
8.1%

9286
5.8%

35%
65%

2 20
0.0%

6245
3.9%

6319
3.9%

50%
50%

2 2044
1.3%

3373
2.1%

7167
4.5%

57%
43%

Total 99%
1%

44%
56%

45%
55%

71%
29%

Total 86%
14%

76%
24%

43%
57%

81%
19%

 
Model 6. Mean MCAv

Initial Optimal cut-off

Target Target

0 1 2 Total 0 1 2 Total

Pr
ed

ic
te

d

0 89663
56.0%

18869
11.8%

1436
0.9%

82%
18%

Pr
ed

ic
te

d

0 108050
67.5%

1410
0.9%

508
0.3%

98%
2%

1 1886
0.3%

29820
18.6%

5755
3.6%

80%
20%

1 17274
10.8%

11622
7.3%

8565
5.4%

31%
69%

2 28
0.0%

6646
4.2%

5910
3.7%

47%
53%

2 2108
1.3%

3028
1.9%

7448
4.7%

59%
41%

Total 98%
2%

54%
46%

45%
55%

78%
22%

Total 85%
15%

72%
28%

45%
55%

81%
19%

Model 7. MCAv pulse height

Initial Optimal cut-off

Target Target

0 1 2 Total 0 1 2 Total

Pr
ed

ic
te

d

0 89612
56.0%

19417
12.1%

939
0.6%

81%
19%

Pr
ed

ic
te

d

0 108581
67.5%

1227
0.8%

160
0.1%

99%
1%

1 1750
1.1%

31157
19.5%

4554
2.8%

83%
17%

1 15461
9.7%

12867
8.0%

9133
5.7%

34%
66%

2 26
0.0%

7344
4.6%

5214
3.3%

41%
59%

2 1429
0.9%

3628
2.3%

7527
4.7%

60%
40%

Total 98%
2%

54%
46%

49%
51%

79%
21%

Total 87%
13%

73%
27%

45%
55%

81%
19%
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Model 8. Volumetric

Initial Optimal cut-off

Target Target

0 1 2 Total 0 1 2 Total

Pr
ed

ic
te

d

0 103189
64.5%

6076
3.8%

703
0.4%

94%
6%

Pr
ed

ic
te

d

0 108765
68.0%

944
0.6%

259
0.2%

99%
1%

1 2090
1.3%

29189
18.2%

6182
3.9%

78%
22%

1 8880
5.5%

17139
10.7%

11442
7.2%

46%
54%

2 22
0.0%

7093
4.4%

5469
3.4%

43%
57%

2 361
0.2%

3697
2.3%

8526
5.3%

68%
32%

Total 98%
2%

69%
31%

44%
56%

86%
14%

Total 92%
8%

79%
21%

42%
58%

84%
16%

Model 9. Heart rate and blood pressure

Initial Optimal cut-off

Target Target

0 1 2 Total 0 1 2 Total

Pr
ed

ic
te

d

0 89397
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45%

Total 95%
5%

52%
48%

51%
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77%
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Total 85%
15%
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31%

43%
57%

79%
21%
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The approach for model creation in medicine is not “plug and play”. Numerous key 
aspects must be taken into consideration during model creation. In this thesis we showed 
the importance of data quality (Chapter 2) and parameter calculation (Chapter 3) and we 
provided three examples of the implementation of a machine learning model for a clinical 
problem (Chapter 4-6).

7.1 Data quality

Processing and cleaning of data to ensure good data quality is of utmost importance prior to all 
steps during model creation. In Chapter 2, we investigated the effect of a small synchronization 
error in the plethysmograph signal on the pulse transit time, i.e. the time difference between 
the R peak in the ECG and the upslope of the photoplethysmogram. The pulse transit 
time has been shown to be a possible indicator for changes in the cardiovascular system 
and corresponding diseases [1–3]. Due to the synchronization error, the plethysmograph 
waveform was each beat stretched with a very small time period, which was compensated 
by a compressed beat after a constant time interval. Although this error had no effect on the 
oxygenation level displayed, it did influence the time difference between the R peak in the 
ECG and the upslope of the photoplethysmogram. This resulted in a sawtooth artifact and an 
additional constant bias in the pulse transit time. These artifacts were large enough to render 
the thus-derived pulse transit time useless as a parameter for clinical evaluation.

Although studies regarding the pulse transit time do use artifact-free data they often don’t 
report their definition of artifact-free data neither do they check the synchronization between 
the plethysmogram and the ECG [4,5]. It is worrisome that some clinical models are based on 
parameters that are not checked for their accuracy, such as the use of the pulse transit time 
as a parameter to predict hypotensive events without checking for a sawtooth artifact or even 
mentioning the used plethysmogram sensor [6]. Using erroneous parameters as input in 
clinical models decreases the accuracy since the accuracy of a model depends on the quality 
of the data provided [7,8]. To prevent the construction of such errors, data quality should be 
controlled. 

Assessment of data quality depends on multiple important things. 1). The measured parameter 
has to be accurate in amplitude and timing, as shown in the example of the pulse transit time. 
Furthermore, data should contain as few as possible artifacts. To this end, data should be 
cleaned of basic measurement errors such as blood pressure artifacts. 2). A parameter should 
be similar across measurement devices to make a model generalizable to other hospitals with 
different measurement devices. For instance, automatic blood pressure measurements are 
known to be vendor-dependent and to differ from manual blood pressure measurements 
[9,10], indicating that a model based on data obtained with measurement device ‘A’ is not 
generalizable to data obtained with other devices. Therefore, data should be ideally measured 
with a similar device or it should be vendor-independent 3). Data should accurately reflect the 
underlying physiology and incorporate patients with different background and social status. 
An important issue regarding data quality is algorithmic bias, which tends to create biased 
results for different groups of patients [11]. Examples are known in which large well-trained 
models underperform on socioeconomically less fortunate patients or on data from low-
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income countries [12,13]. Because models like the CRASH study, which is used to predict the 
outcome after six months in patients with traumatic brain injury, are based on the standard 
of care in high-income countries, the accuracy will be less in data obtained from low-income 
countries as the standard of care is lower. Whilst this is not always avoidable, it has to be 
taken into account when applying a model to a new patient. 

7.2 Parameter extraction

Raw clinical patient data is in general first processed into a parameter before it is used in a 
machine learning model [14]. The extraction of such a parameter is usually based on domain 
knowledge. Parameter extraction based on domain knowledge ensures that the clinician can 
relate the changes in the human body to the outcome given by the model [15,16]. However, it 
occurs more and more that raw clinical data is immediately inserted in a complex model [17]. 
The use of raw data is less time-consuming and may result in a good model performance, 
though the connection to the underlying physiology is unknown. Furthermore, it is unknown 
whether the found relationship between input and output is correlated or causally related, 
which may lead to wrong predictions when generalizing to new data. An example in which 
the use of raw clinical data resulted in errors in diagnosis is found in the detection of 
melanoma [18]. Images of a possible melanoma were inserted into a model using the pixels 
as parameters. However, the images contained a surgical skin marking, which affected the 
prediction. The model based its decision of the presence of melanoma partly on the marking, 
which is artificial and undesirable for use in clinical situations. Parameters based on domain 
knowledge of the clinician, such as shape and color of the possible melanoma, would not use 
the surgical skin marking as a parameter. Therefore, it is important to extract parameters 
from the raw clinical data.

In Chapter 3, we developed a parameter that calculates the ratio for the in- and decrease 
in blood pressure surrounding the systolic peak in a continuous blood pressure waveform. 
The ratio is built upon physiological grounds, aiding interpretability of this parameter. 
This ratio could identify the presence of a patent ductus arteriosus in preterm infants with 
83.3% accuracy. Furthermore, this ratio is based on data measured during standard of care, 
implying the parameter can be calculated without need for additional data collection during 
admission.

The high accuracy obtained in Chapter 3 using a single parameter demonstrates the 
importance of taking the underlying physiology into account during parameter construction. 
The thus created parameter can already independently discriminate groups, like in our 
study patients with closed and patent ductus arteriosus. The combination of several of such 
interpretable parameters may result in a model with an even higher accuracy. Furthermore, 
parameter extraction leads to fewer parameters compared to using raw data, which results to 
less chance of overfitting and a lower number of samples needed [16,19]. Therefore, although 
it is tempting to directly use raw data in a machine learning model while obtaining good 
results, parameter extraction is an important step in clinical model creation.
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7.3 Model creation

7.3.1 Machine learning models

Machine learning models are statistical tools to describe a function between input and output 
[20]. A machine learning model can combine a large number of parameters (input) to obtain 
an accurate prediction or diagnosis (output) in clinical situations. A large number of machine 
learning models exist, some more commonly used than others. We discuss four often-used 
models: logistic regression, support vector machine, decision trees and neural networks. 
These models differ in complexity and transparency [21].

A logistic regression model assumes groups can be separated linearly. This kind of model fits a 
linear relationship in which a single weight is given to each parameter [20,22,23]. Evaluating 
these weights gives insight in the importance of each parameter in the model. Therefore, it is 
possible to understand how the model reaches a decision. However, due to the assumption 
of linearity, complex non-linear relationships between input and output can only be modeled 
by explicitly introducing them in the parameters [24].

Support vector machines use a so-called kernel to transform input data to a different 
parameter space [23,25]. A non-linear kernel transforms the data non-linearly. Though this 
enables the model to create complex non-linear input / output relationships, it becomes 
harder to follow why the model reaches a certain prediction [26]. A linear kernel enables the 
evaluation of the importance of each parameter similar to logistic regression but is not able 
to fit non-linear relationships. Therefore, depending on the kernel used in the support vector 
machine model, transparency may be high or low.

Decision trees are interpretable, tree-like based models [23,27]. Starting from a single point, 
the tree branches out in two branches. If a parameter is below a certain threshold, you follow 
one branch of the tree; otherwise, you follow the other branch of the three. After following the 
branch, the branch branches again, evaluating a different threshold for a possibly different 
parameter. An example is found during the assessment whether resuscitation is necessary 
during basic life support. The decision tree starts with “Does the patient respond? If yes, 
call for help. If not, does the patient breath? If not, call the emergency department and start 
reanimation” [28]. Although this example is only the start of a very simple decision tree, it is 
comparable to how a clinician may view a patient. Therefore, this model clearly indicates how 
a certain prediction is reached, while it is also able to fit non-linear relationships. However, a 
decision tree usually shows lower accuracy [23]. 

Neural networks are models able to fit complex non-linear relationships between input and 
output [29]. Between the input parameters and the output is at least one layer with a number 
of nodes in it, though in general the number of layers and the number of nodes is large. 
All input parameters are connected to each node, where a non-linear algorithm combines 
these parameters into one value that is connected to the output node or the following hidden 
layer [23]. Due to all these relationships, it is extremely difficult up to almost impossible 
to evaluate the importance of individual parameters in the model or to assess how a model 
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reached a certain prediction [17]. Therefore, thought the model can fit extremely complex 
non-linear relationships, this comes at the cost of a low transparency [24].

7.3.2 Studied clinical examples

In Chapter 4, we developed a logistic regression model to predict outcome after six months in 
traumatic brain injury patients admitted to the intensive care unit. For this problem, multiple 
parameters were used which were proven or suspected to be indicative of the outcome. 
To obtain high transparency, we used a logistic regression model. This model proved to 
accurately predict the six-month outcome while we were able to evaluate importance of 
individual parameters. Therefore, implementation of this model in the clinic is a viable option 
after external validation. In Chapter 5 and 6 on the other hand, we addressed the prediction 
of pending syncope in hypovolemic subjects using a support vector machine model and a 
neural network. Although the models in Chapter 5 and 6 give a fairly accurate prediction of 
a complex problem, the complexity of the models hampers interpretability and clinical use 
[14,30]. As the model cannot explain why a certain prediction is made (not transparent), it 
is hard for a clinician to trust the model [31]. The clinician cannot evaluate how the model 
comes to a certain prediction; this implicates that treatment based on the model prevents 
the use of knowledge or common sense. An example in which the prediction of a model 
contradicted common clinical knowledge is found in the prediction of mortality in patients 
with pneumonia. Data from patients admitted to the hospital with pneumonia was used to 
train multiple models predicting the probability that the patient would die [32]. A highly 
accurate neural network model significantly outperformed a rule-based model. Further 
evaluation of the developed models identified a rule in the rule-based model that patients 
with pneumonia and asthma were less likely to die [33]. It is known that asthma is not a 
protective factor, but a risk factor for patients with pneumonia. Hence, patients with asthma 
and pneumonia were directly admitted to the intensive care unit and therefore received more 
care, resulting in a lower mortality rate compared to other pneumonia patients. The neural 
network probably also trained this pattern but due to the black-box nature of the model, the 
authors were not able to identify this pattern. Relying solely on the prediction of the neural 
network for mortality in patients with pneumonia would result in severe undertreatment 
of patients with pneumonia and asthma. This stresses the importance of transparency of 
clinical models.

7.4 General considerations

7.4.1 What this thesis adds

We discussed three crucial steps in the process of clinical model creation. First, data quality 
in medicine is generally low and subject to noise, which may lead to bias and incorrect 
classifications. Therefore, emphasis has to be given to data preparation and cleaning, with 
an understanding of the underlying physiology generating the data. Second, we discussed 
the importance of adequate parameter extraction. Especially in medicine, an important step 
is the creation of parameters based on physiology. Although the field of machine learning 
moves towards automated feature engineering, we emphasize the need for interpretable 
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parameters if possible. Third, we discussed model creation. We explored the trade-off 
between accuracy of the model and interpretability of the model. We have shown that a 
simple logistic regression model may be sufficient for improved prediction, whilst still 
maintaining interpretability based on clinical parameters. Only if more complex models 
make a significant better prediction and interpretation is not mandatory, they are warranted 
to use. Although a model may perform 100% correctly, it is useless if not implemented due 
to lack of transparency. Therefore, the initial step should be the creation of transparent and 
interpretable models.

7.4.2 Application

Application of machine learning models in medicine progresses more and more towards 
complex models such as neural networks [17]. Complex neural networks have been shown 
to diagnose patients as well or even better than expert clinicians in several cases [34–37]. 
This opens up the question if machine learning models will eventually replace clinicians. 
The concern of replacement is voiced especially in the field of radiology, as models process 
images much faster and possibly more accurate. However, several hurdles prevent machine 
learning to replace clinicians, such as liability and patient comfort [38]. Furthermore, concern 
has been voiced that machine learning is not able to take context regarding the underlying 
physiology into account, as exemplified in the pneumonia combined with asthma case [39]. 
Therefore, it is probable and wishful that machine learning will be applied to aid the clinician 
instead of replace the clinician.

One promising area of machine learning models is the self-assessment of patients without 
visiting a physician. An example given is automatic detection of possible melanoma using a 
picture made at home by the patient [40]. However, population wide self-assessment requires 
high sensitivity often resulting in a high false positive rate and false referrals [41]. Hence, 
before implementation of machine learning algorithms, they have to be further developed to 
ensure a low false positive rate.

7.4.3 Limitations

In this thesis, we discussed several crucial steps to obtain an accurate model for diagnostic 
or predictive purposes. However, we did not discuss the impact of other aspects during 
model creation such as feature selection [15], sample size [42,43], ensemble methods [44], 
ethics [45] or regulation by law [46], to name a few. Each of these aspects is important on its 
own and requires attention during the process. Furthermore, we only discussed supervised 
classification models. Unsupervised learning, which aims to find patterns in data without 
supplying labels, is an example of a different branch of machine learning models that is also 
important in medicine [47]. In addition, regression instead of classification models have 
their applications in medicine too. The crucial steps addressed in this thesis also apply to 
these different areas of machine learning models in medicine.
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7.5 Conclusion

Machine learning models will have an enormous impact on the future of medicine. To ensure 
that such models are developed correctly and will be implemented, it is crucial to obtain data 
of high quality, to extract parameters based on underlying physiology and to use the correct 
model. Such models should be trained by a data scientist in collaboration with a clinician, or 
by someone who has an understanding of the clinical implementation as well as of machine 
learning models. Furthermore, we stress the importance to keep models transparent, as this 
is needed for a clinician to trust the model. Without trust, a model will have no application 
in clinic.
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A.1 Machine learning in medicine

Machine learning models can outperform clinicians both in accuracy and speed and do not 
suffer from emotion-based decision making or fatigue. Despite the high potential of machine 
learning models for clinical application, actual clinical implementation is much lower. This 
discrepancy may be due to several reasons, amongst others the trust and reliance of clinicians 
in the particular model. Several factors may affect model accuracy and clinicians’ trust. 

The aim of this thesis was to analyse the importance of three small but crucial steps inherent 
to model creation and implementation in medicine. First, we addressed the importance of 
raw data assessment. Second, we identified the need for adequate and physiology-based 
parameter extraction. Third, we evaluated the importance of model selection.

A.2 Raw data assessment

In Chapter 2 we exemplified the importance of raw data assessment in pulse transit time 
(PTT) measurements, i.e. in the estimations of the delay between the R peak in the ECG and 
the upslope in the plethysmogram. In patients and in simulations, a constant increase in PTT 
followed by a sudden decrease after a set time interval was observed. This behaviour of PTT 
was the result of minimal prolongation of each plethysmogram waveform followed by an 
abrupt shortened single wave. Since the ECG did not exhibit this pattern, the prolongation 
and sudden shortening of the plethysmogram waveform resulted in a sawtooth artifact. 
Although PTT is a commonly used clinical parameter, the sawtooth artifact is large enough 
to prevent clinical usefulness. Our finding emphasizes the need for continuous data quality 
monitoring because clinically accepted parameters may still contain severe artifacts.

A.3 Parameter extraction

Parameter quality is of the utmost importance for model accuracy. High quality parameters 
can be developed using knowledge of the underlying physiology. We exemplified the need 
for adequate and physiology-based parameters in Chapter 3 by developing a parameter that 
can discriminate between preterm infants with or without a patent ductus arteriosus. The 
ductus arteriosus is a connecting vessel between the aortic arch and the pulmonary artery 
that should close after birth. If the ductus arteriosus does not close after birth, which often 
occurs in preterm infants, it is called a patent ductus arteriosus. Due to the positive pressure 
difference between the aorta and the pulmonary artery, a patent ductus arteriosus shunts 
blood from the systemic to the pulmonary circulation and, hence, may influence systemic 
blood pressure. Based on this knowledge, we hypothesized that the ratio of the upward - and 
downward slope arterial blood pressure at the borders of a given window surrounding the 
systolic peak can discriminate between patients with and without a patent ductus arteriosus. 
Our proposed parameter predicted the presence of a patent ductus arteriosus in preterm 
infants with an accuracy of 83.3%. We conclude that development of high-quality physiology-
based parameters is important to improve clinical model accuracy.
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A.4 Model creation

The outcome in severe traumatic brain injury patients admitted to the intensive care unit 
ranges from full recovery to death. It is helpful for medical personnel to know in advance how 
well a patient may recover, as this may indicate how aggressive the patient should be treated. 
In Chapter 4 we created a logistic regression model to predict whether a severe traumatic 
brain injury patient admitted to the intensive care unit has a favourable or unfavourable 
outcome after six months. The prediction was based on physiology-based parameters 
measured during the first six hours after admission. These parameters were shown or 
suspected to be indicative of the outcome. The logistic regression model was able to obtain 
a prediction accuracy of 86.7%. The high accuracy obtained indicates that a simple linear 
model may be sufficient to accurately predict the outcome in heterogenous groups like severe 
traumatic brain injury patients. The transparency of the logistic regression model enables 
the clinician to assess the importance of individual parameters according to their clinical 
reasoning. Due to the high prediction accuracy, high interpretability and logical reasoning of 
the model, clinicians may trust and implement this model in their practice. We conclude that 
models can be accurate and simple at the same time, resulting in a clinically useful model that 
can be implemented and trusted by clinicians.

Although simple models such as logistic regression models can result in accurate predictions, 
some clinical problems do require a more sophisticated approach. One of such clinical 
problems is the detection of pending cerebral hypovolemia due to progressive central 
hypovolemia, for instance due to bleeding during surgery. In Chapter 5 and 6 we induced 
central hypovolemia in healthy volunteers up to the point of cerebral hypovolemia as shown 
by symptoms of syncope. A neural network and a support vector machine were used to 
predict on a beat-to-beat base how far a subject was from cerebral hypovolemia. It was found 
that impending syncope could be fairly accurately estimated using these two models that 
implemented a variety of continuously measured parameters. However, due to the nature 
of these models, interpretability was low. Therefore, the model and the prediction are 
interesting, but clinical implementation may lag behind due to the fact that the clinician 
cannot understand and evaluate the reasoning of the model. We conclude that not only 
model accuracy, but also model interpretability, transparency and possible implementation 
should be leading indicators for model selection. 

This thesis ends with a general discussion in Chapter 7 in which the various chapters are put 
into a broader perspective.

.
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In general, it is promising that a high number of machine learning models have been 
developed that potentially might be of relevance in medicine. However, only a few of these 
models are actually implemented. One of the most important reasons for this discrepancy 
is the lack of trust by the clinician in models, either because they are non-transparent with 
unclear algorithms and aims, or because some of these models actually act opposite to clinical 
reasoning. Because non-implemented models are irrelevant and a waste of energy and 
resources, machine-learning models for medical applications should be developed according 
to principles that allow implementation. This thesis addressed several of these principles and 
is therefore relevant for patient, clinicians and the society in general.

B.1 Relevance for patients

Patients directly benefit from a high quality of care. If a machine-learning model outperforms 
a clinician, implementation of this machine-learning model may lead to an increase in quality 
of medicine. Important gains are more accurate and earlier diagnosis, as well as treatment 
tailored to the individual. In Chapter 5 and 6, we developed a machine-learning model that 
may aid the patient by early recognition of central hypovolemia and, consequently, start of 
treatment in an early stage thereby potentially avoiding detrimental effects such as brain 
ischemia. Though the developed model can be of direct relevance to the patient, it is not 
transparent, limiting understanding how the model comes to a prediction with the associated 
risk of not being implemented in clinical practice. Therefore, it is important to test this model 
extensively and under various conditions, to ensure that clinicians can rely on the model, 
trust the model and therefore are at ease before implementing the model. In Chapter 4, we 
developed a machine-learning model that can predict the outcome of traumatic brain injury 
patients after six months within six hours after admission. Although not investigated in this 
study, it can be imagined that treatment may be altered based on the probable outcome, 
which may directly benefit the patient. Therefore, the next step is to study if such a prediction 
can be updated during hospitalization, after which clinicians can base treatment intensity on 
such a prediction to improve patient outcome. Both studies may improve care and benefit 
patient health, but this mandates further clinical evaluation.

B.2 Relevance for clinicians

A machine-learning model may assist clinicians in numerous ways. By automating standard 
tasks such as the evaluation of imaging data, a machine-learning model may severely decrease 
the workload of clinicians. For instance, the clinician may see only a selection of images that 
are classified by an algorithm as containing potential disease. Due to the lower workload, 
clinicians may distribute their time differently, e.g. by spending more time on contact with 
patients. Since machine-learning models can analyse more patient cases than a clinician will 
see in his/her whole life, classification can also be based on an even wider range of ‘expertise’. 
Machine-learning models may also give additional insight into underlying physiology. 
Especially unsupervised machine-learning models have this potential, for instance by finding 
clusters in patients with similar symptoms but different responses to treatment. Such grouping 
may lead to new insights for the clinician regarding related physiology. This thesis addressed 
several crucial steps such as data quality (Chapter 2) and parameter identification (Chapter 
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3). By focusing on these steps, model quality and implementation may improve, resulting in 
the discussed beneficial effects for clinicians. However, numerous other crucial steps are not 
yet addressed and should be evaluated further, starting with ethics and legislation as they 
may severely hamper implementation.

B.3 Relevance for society

The cost of healthcare keeps increasing, resulting in a burden on society. In Chapter 4-6, we 
developed machine-learning models that may lead to earlier and more effective treatment. 
Such models are based on physiology-based parameters and artefact-free data, addressed in 
Chapter 2 and 3. As a result, the cost of healthcare may decrease by for instance 1) less time 
spend in the hospital by the patient, 2) automatization of tasks and subsequent lowering of 
the number of clinicians, and 3) screening by patients themselves at home. Home-screening 
might benefit society because it may result not only in a lower number of unnecessary 
physician visits but also in less patients with a disease that do not go to a physician. Since 
these outcomes are hypothetical, research should first be focused on safety and efficacy of 
machine learning models for home screening and healthcare in general.
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