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Summary

This thesis aims to gain insight into the different factors involved with deterioration of patients 
with infection or sepsis, in order to create a model for early detection of patient deterioration. 
Sepsis is the leading cause of death and critical illness worldwide with an annually increasing 
incidence. About half of all patients with sepsis enter the hospital via the emergency 
department (ED). Despite treatment, still one in five patients presenting with infection or 
sepsis to the ED deteriorates within 48 hours from admission (as introduced in Chapter 
1). Deterioration includes the development of (multiple) organ dysfunction, the need for ICU 
admission or death. How to effectively monitor patients for signs of deterioration remains 
largely unknown. Insight into the factors involved with patient deterioration can assist in 
identifying early signs of deterioration with the potential to recognize patients at risk, early 
intervention and ideally the prevention of deterioration. In this thesis, we explore infection 
and sepsis-related deterioration from different perspectives using a variety of instruments. 
These instruments range from clinical scoring systems and biomarkers to continuous variability 
analysis. In the first part of this thesis, we focus on single measurements in the ED of clinical 
scoring systems and biomarkers in relation to mortality, ICU admission and organ failure.

In Chapter 2, we investigated the ability of several clinical scoring systems to predict ICU 
admission and in-hospital, 28-day and 6-month mortality in 193 patients with sepsis, severe 
sepsis and septic shock. The bedside clinical impression of the nurse and attending physician 
were compared with the Predisposition, Infection, Response and Organ dysfunction (PIRO) 
score and the recent quick SOFA (qSOFA) score. The nurse and attending physician were asked 
for their clinical impression of the patients after briefly assessing the patient and the availability 
of the first vital signs. Their clinical impression was recorded using the clinical impression score, 
which is a singular integer ranging from 1, indicating not ill, to 10, indicating extreme illness. 
The PIRO score was calculated using results from routine blood analysis, socio-demographic 
information gathered during admission and the patient’s electronic medical records. The 
qSOFA score was calculated based on the first vital signs measured in the ED. We hypothesized 
that clinical judgment would be as accurate to predict ICU admission and mortality as the 
PIRO and qSOFA scores. Clinical judgment indeed predicted ICU admission equally well as 
the PIRO and qSOFA scores. However, the qSOFA score missed a third of patients requiring 
ICU treatment due to its low sensitivity. Clinical judgment did not predict any of the mortality 
endpoints whereas the PIRO and qSOFA scores were fair to good predictors of in-hospital 
and 28-day mortality. This study showed that clinical judgment is both fast and reliable in 
stratifying sepsis patients between the ICU and general ward admission. It demonstrated 
that clinical judgment is an equal to scoring systems in predicting short-term outcome (ICU 
admission) and that clinical judgment was not accurate for long-term outcomes (mortality). 
Therefore, we concluded that the principle ‘treat first what kills first’ can be supplemented with 
‘judge first and calculate later’.

In the ED, routine venous blood samples are taken from every patient with suspected infection 
or sepsis. Next to the routine biomarkers measured in these samples, a myriad of sepsis-related 
biomarkers is available and the list of presumed sepsis-related biomarkers is ever expanding. 
Until now, almost none of them showed the sensitivity and specificity required for clinical 
applications. In Chapter 3, we examined whether adding the relatively new biomarkers 
for sepsis and organ failure, tissue inhibitor of metalloproteinase-2, angiopoietin-2 (Ang-2), 
neutrophil gelatinase-associated lipocalin (NGAL), kidney injury molecule-1 (KIM-1), and 
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insulin-like growth factor-binding protein-7 (IGFBP-7) to the ED’s routine biomarkers could 
identify severity of infection, need for ICU admission, organ failure and mortality. Additional 
venous blood samples were collected for these novel biomarkers at ED admission in 94 
patients with sepsis. The biomarkers KIM-1 and IGFBP-7 distinguished between sepsis and 
severe sepsis. NGAL was the best predictor of multiple organ failure, whereas IGFBP-7 was 
the only biomarker to predict acute kidney injury. Ang-2 predicted both respiratory failure 
and ICU admission. We concluded that (combinations of ) these biomarkers might help 
us with treatment and disposition decisions in the future. However, for these purposes it is 
paramount that they become readily available in the ED. Until that time, routine biomarkers, 
clinical judgment and vital signs remain the most important in diagnosing sepsis and detecting 
deterioration.

Sepsis-related mortality decreased over the past decades, presumably because of the 
introduction of early aggressive treatment protocols and increased sepsis awareness. On the 
other hand, sepsis-related organ failure and patient deterioration remained largely unchanged. 
Therefore, in Chapter 4, we argue that the time has come to shift the focus of sepsis 
research from mortality to the early detection of organ failure. Furthermore, we believe that 
research should not only focus on patients that already have organ dysfunction (as suggested by 
the new Sepsis-3 criteria), since one in five patients that enter the ED without signs of organ 
dysfunction deteriorate within 48 hours from admission, despite treatment. In the second 
part of this thesis, we focused on the (early) detection of patient deterioration using repeated 
measurements in the ED and subsequently on the nursing wards. Thereby, we had a special 
interest in the aforementioned patients that enter the ED without organ failure and then 
deteriorate.

We hypothesized that repeated measurements would be better at detecting deterioration than 
single measurements at ED admission. Thus, in Chapter 5, our aim was to investigate 
whether vital signs and routine biomarker levels changed during the patient’s on average 4-hour 
stay in the ED. We hypothesized that trends (i.e. temporal changes) in vital signs and routine 
biomarkers might provide information about the response to treatment at this very early stage. 
We repeated the routine vital sign measurements and venous blood draw for biomarkers after 
3 hours in the ED. This pilot study with 99 patients with sepsis, severe sepsis and septic shock, 
showed that vital signs and biomarker levels changed significantly during resuscitation in the 
ED. Most parameters decreased, except for the parameters directly affected by the resuscitation: 
oxygen saturation, sodium, chloride and N-terminal prohormone of brain natruretic peptide. 
This study showed that trends in repeated measurements of vital signs and routine biomarkers 
had the potential to measure disease activity and to serve as a guide for treatment. 

Little is known about the changes in vital signs over time in patients with infection and sepsis, 
especially in relation to patient deterioration. In Chapter 6, our aim was to evaluate 
whether repeated vital sign measurements in the ED can differentiate between patients who 
will deteriorate within 72 hours and patients who will not deteriorate. Vital signs (heart rate, 
mean arterial pressure, respiratory rate and body temperature) were measured in 30-min 
intervals during the first 3 hours in the ED in 359 patients with infection or sepsis. Heart rate, 
mean arterial pressure and respiratory rate at admission, changes over time in mean arterial 
pressure and respiratory rate, and the variability of the mean arterial pressure were related 
to deterioration. This study showed that repeated vital sign measurements were superior to 
identify patients at risk for deterioration within 72 hours of admission compared to a single 
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measurement at ED admission. This study further showed that one in five patients presenting 
to the ED with infection and one third of the patients presenting with sepsis deteriorated 
within 72 hours from admission, despite treatment. This confirms results from previous studies 
and underlines the importance of finding an instrument for the early detection of deterioration, 
as deterioration may be treatable or even preventable.

The studies described in the previous chapters used measurements taken during the patient’s 
stay in the ED. To identify patterns in vital signs over time (i.e. trajectories) in relation to 
patient deterioration, we extended the measurements beyond the ED onto the nursing wards 
and intensive care unit in the SepsiVit study. Chapter 7 describes the protocol of the 
SepsiVit study. The aim of this study was to evaluate whether continuous heart rate variability 
(HRV) measurement in patients presenting to the ED with suspected infection or sepsis 
during their first 48 hours of hospitalization can provide an early warning signal for patient 
deterioration within 72 hours from admission. The preliminary results of the first 122 patients 
of the SepsiVit study are described in Chapter 8. High sample frequency ECG signals 
(500 Hz), respiratory rate, blood pressure and peripheral oxygen saturation were recorded 
continuously during the first 48 hours of hospitalization using a bedside patient monitor 
(Philips IntelliVue MP70). From the raw ECG signal, HRV features were calculated in the 
time, frequency and non-linear domain. The relation between the HRV features and patient 
deterioration was analyzed from two different perspectives: an outcome-oriented perspective 
and a data-driven perspective. On average 16 hours of the recorded data was suitable for HRV 
analysis; patient discomfort from the wires between patient and bedside monitor unfortunately 
caused early dropouts. In the outcome-oriented perspective, we plotted the mean trajectories 
for each HRV feature grouped by deteriorated versus non-deteriorated. In the data-driven 
perspective, we used group-based trajectory modeling (GBTM) to analyze the trajectories (i.e. 
temporal patterns) emerging from the 48-hour HRV features without taking patient outcome 
into account in the modeling process. GBTM infers trajectories in the data by grouping 
patients showing similar temporal patterns in their HRV features together. Depending on the 
number of distinct patterns in the data, this results in models with two or more groups. The 
groups identified by the models from the GBTM analysis were then compared to the observed 
outcome of patient deterioration. From an outcome-oriented perspective, deteriorating patients 
had less variability in the time and non-linear domains. In the frequency domain, deteriorating 
patients had higher normalized high frequency (HFnorm) components and lower normalized low 
frequency (LFnorm) components. The data-driven perspective confirmed that trajectories with 
less variability were associated with higher risk of patient deterioration. Overall, the HFnorm 
model was the best predictor of patient deterioration. The association between lower variability 
and increased risk of deterioration was consistent with previous studies in the pediatric 
and ICU population with sepsis. However, our preliminary results also showed that before 
continuous HRV analysis can be applied in clinical practice for the detection of deterioration, 
wearable monitors are required as well as a for the clinician comprehensible representation 
of the risk of deterioration for individual patients. Once these issues are solved, continuous 
HRV could be an easily applicable method for the continuous detection / early warning of 
deterioration in patients in the ED and on the nursing wards (including the intensive care 
unit).
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In summary, in the studies in this thesis we explored clinical impression, clinical scoring 
systems, biomarkers and vital signs to detect and predict (early) signs of patient deterioration in 
patients presenting with infection or sepsis to the ED. The following conclusions can be drawn, 
giving rise to several related future perspectives (described below). The clinical impression is 
most helpful in disposition decisions about ICU or general ward admissions. Clinical scoring 
systems are most helpful to predict long-term mortality outcomes. Biomarkers lack sensitivity 
and specificity for their clinical application and (novel) biomarkers are not readily available in 
the ED. Trajectories in repeated vital sign measurement contain valuable information about 
patient deterioration. However, the main challenge with these trajectories is to improve their 
modeling and condense the contained information into a usable and understandable format for 
the clinician.
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Future perspectives
In this thesis, we explored patient deterioration from different perspectives. In this section, the 
clinical applications and implications, remaining challenges, recommendations and vision are 
discussed.

CLINICAL SCORING SYSTEMS ARE NOT SUITABLE FOR APPLICATION ON 
INDIVIDUAL PATIENTS

Countless (sepsis-related) clinical scoring systems have been developed over the years, which 
make it hard for the clinician to keep up with which score to use1. Furthermore, many scores 
are developed for a specific environment, like the Mortality in Emergency Department Sepsis 
(MEDS) for the emergency department (ED), the Acute Physiology and Chronic Health 
Evaluation (APACHE II) score for the ICU2,3. This makes it difficult to compare scores across 
patient populations or even from the same patient when transferred through the acute care 
chain. Additionally, some items are not routinely available in an ED setting, like the PaO2/
FiO2 of the Sequential Organ Failure (SOFA) score or the urine output for acute kidney injury 
scores4,5. Other items are poorly defined, like the liver disease in the Predisposition, Infection, 
Response and Organ dysfunction (PIRO) score, or are highly subjective like rapidly terminal 
comorbid illness defined as metastatic cancer or a disease condition with a >50% likelihood 
of predicted fatality within 30 days in the MEDS score2,6. Poorly defined and subjective items 
make generalization and comparison of the scores challenging. For these reasons, uniform 
clinical scoring systems across all departments in the critical care chain are required7. On the 
other hand, the usefulness of scoring the risk of mortality should be questioned, as described 
below. Additionally, since clinical scoring systems are derived from epidemiological research, 
their scores may not be applicable to individual patients8. For short-term outcomes, the clinical 
impression of the nurse and attending physician are at least as important, as demonstrated in 
CHAPTER 2.

SEPSIS-SPECIFIC BIOMARKER LEVELS ARE UNLIKELY TO ACCURATELY PREDICT 
PATIENT DETERIORATION

Reductionists tried to unravel the enigma of sepsis-related patient deterioration and the host’s 
response to infection by measuring very specific biomarkers in pro- or anti-inflammatory 
pathways. Hundreds of sepsis-related biomarkers have been identified so far and the list keeps 
expanding9. However, the fast majority of them lack sensitivity and specificity to be of clinical 
value. This is not surprising, since the human body and the host’s response to infection, like 
many other biological systems, can be seen as a complex system8. It is very unlikely that by 
only looking at one specific cog in this very large interconnected web with a virtually infinite 
number of interactions will ever allow us to detect deterioration by the levels of only one or a 
small set of biomarkers. Furthermore, laboratory tests for biomarkers are expensive and mostly 
it takes at least a few hours before the results become available. In addition, the measurement 
of biomarker levels requires (repeated) invasive blood draws from the patient. Consequently, 
biomarker levels may increase our understanding of biological mechanisms, but are not ideal 
candidates to continuously monitor patients for deterioration.
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VITAL SIGNS ARE NEGLECTED AS EARLY SIGNS OF DETERIORATION

In contrast to biomarkers, vital signs can be easily measured non-invasively and continuously 
with equipment readily available in every ED, ICU and nursing ward. Furthermore, vital signs 
provide a holistic view of the ‘state’ of the whole human body, since vital signs can be seen as the 
output of a black-box that comprises all cogs in the extremely complex system described above, 
i.e. vital signs are the result of the settings of all interconnected control systems in the body. 
Surprisingly, very little is known about the course of vital signs over time in relation to patient 
deterioration, especially in ED patients with infection or sepsis. Previous studies in hospitalized 
patients have consistently shown that clinical deterioration was preceded by changes in vital 
signs up to 6-24 hours before an adverse event. These studies have also shown that these vital 
sign changes were underreported or disregarded7,10,11. Furthermore, these studies indicated that 
nurses may have limited or misconceived understanding of key indicators of deterioration10. 
Sicker patients are more likely to have their vital signs measured more often, but abnormal 
observations are often not followed by appropriate action by nurses or physicians12. The current 
practice of vital sign monitoring is perceived as time consuming and overwhelming, which 
is not inconceivable given the incomplete understanding of deterioration and the fact that 
vital sign measurements need to be fit in-between all other important clinical activities on the 
wards10,12. Even in the ED and ICU were vital signs are commonly measured continuously, 
decisions are often based on infrequent discrete values of the measured data. We have shown 
that repeated and continuous vital sign measurements provide valuable information about 
patient deterioration (CHAPTER 6 and CHAPTER 8). In CHAPTER 8, we took the first 
steps towards a work-flow for the fully automated analysis of raw ECG data, including artifact 
and noise correction, and the calculation of multiple HRV features with our algorithm. 
The output of this algorithm could be the input for (on-line) prediction models for patient 
deterioration. However, before its clinical application a number of open issues have to be 
resolved, as described below.

CONTINUOUSLY MEASURED VITAL SIGN ARE SIMPLY DISCARDED

Except for the addition of peripheral oxygen saturation, the way in which patients are 
monitored by measuring vital sign has not substantially changed since the beginning of the 
20th century. Even with modern equipment, in many hospitals vital signs are still recorded 
on paper or entered by hand into the electronic patient record13. Curiously enough, even 
continuously measured vital signs in the ED or ICU are often not directly connected to 
the electronic patient record or only infrequently stored. This means that valuable vital sign 
data is simply discarded8,14. Storing the raw data with a high sample frequency instead of 
simply discarding it, would provide a gold mine of information for the derivation of patient 
deterioration models based on vital signs. This raw data would require vast amounts of storage 
space. However, with the technology available nowadays and the low costs of storage space, 
this should not be a problem. In contrast, what will be a problem is getting access to the data 
measured by the medical devices, since their interoperability is generally proprietary for single 
manufacturers or achieved by the development of custom solutions13. For the SepsiVit study 
(CHAPTER 8), we had to develop custom software to retrieve the data from the bedside 
patient monitor and store it in a database. The fact that measured data is not easily accessible 
poses a major limitation to the development of models based on vital signs, since different 
solutions need to be developed for each specific device making the process cumbersome. What 
is required is a standardized way to access and store all data measured by medical equipment. 
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This would also enable the composition of data from various sources to develop a model for 
patient deterioration, to track the patient throughout their stay in the hospital or for automated 
warning systems. Furthermore, connected systems would free up valuable time of the nurses, 
since they no longer have to copy electronic data from one system to the other.

WEARABLE DEVICES MIGHT BE KEY TO CONTINUOUSLY MONITOR FOR PATIENT 
DETERIORATION

Next to the manual labor involved in measuring vital signs, the current gold standard of 
bedside patient monitors involves lots of wires (ECG leads, pulse-oximetry and blood pressure) 
between the monitor and the patient. These wires cause discomfort in patients, as they feel 
restricted when they want to walk around, go to the bathroom or try to sleep at night. In turn, 
this discomfort causes reduced patient compliance with continuous monitoring in patients 
admitted to the nursing wards and fairly high dropout in the SepsiVit study (CHAPTER 8). 
Consequently, equipment with less or no wires is required for continuous monitoring; this is 
where wearable devices come in. The development and use of wearable devices both inside and 
outside the hospital in both health and ill people is increasing rapidly13,15. At the start of the 
SepsiVit study, wearable devices were too immature to be used for continuous monitoring over 
48 hours because of limited battery life, too low sample rates and too small memory to store all 
the data. However, with the rapid evolution of wearable devices these limitations will soon be a 
thing of the past. Small wearable devices already come in a variety of forms, including adhesive 
patches, watch-like devices and can even be embedded into textile, like an ECG T-shirt15. The 
introduction of wearable devices into daily clinical practice would open up completely new 
possibilities for continuous patient monitoring. Since these devices are small and have no wires 
connecting the patient to a big machine, they will improve patient compliance and enable the 
patient to mobilize during the measurement. Whether early mobilization also improves patient 
outcome and quality-of-life is subject of active studies16. At the same time, wearable devices can 
monitor the patient’s vital signs uninterrupted no matter where the patient is and send the data 
in real-time to a central processing unit to store and analyze the data. Perhaps, it would even 
be possible to send patients with the lowest risk of deterioration home with treatment and a 
wearable device to monitor them from the hospital. A physician in the hospital could monitor 
multiple patients and call them in when early signs of deterioration occur, provided that there 
is a reliable model for patient deterioration. 

MODELING PATIENT DETERIORATION REQUIRES ADVANCED AND COMPLEX 
TECHNIQUES

Our results have shown that there is not a single Holy Grail parameter to continuously 
monitor patients for deterioration. This implies that models for patient deterioration need to 
be composed out of multiple parameters. The huge amount of multivariate time series data 
(i.e. data obtained at successive times at a specific interval), combined with a high degree of 
interdependence between the variables make modeling a complex task17,18. Time series data 
analysis is very challenging, since time series have unique properties, like: they are highly 
dimensional and there is an explicit dependency on time, meaning that an identical input could 
result in a different outcome at a later time18. What adds to the complexity is the fact that the 
link between the physiology and the variables is not understood completely. Furthermore, the 
data needs to be processed in an automated way in order to result in a clinically useful tool17. 
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Our data processing algorithm for the SepsiVit study (as described above) is a step in the right 
direction to realize automated processing. Furthermore, the group-based trajectory modeling 
(GBTM, a type of latent class analysis) applied to the preliminary results of the SepsiVit study 
(CHAPTER 8) revealed interesting patterns between heart rate variability (HRV) parameters 
and patient deterioration derived from the data. However, GBTM is limited by the fact that 
patients cannot change to a different trajectory once they are grouped into a specific trajectory, 
which makes it difficult to model the trajectory changes preceding the point of deterioration 
using this technique. Other types of latent class analysis are available, but with those modeling 
and especially the interpretation are more complex. 

Another analysis technique would be to apply machine learning to create a model for patient 
deterioration based on continuously measured vital signs, potentially supplemented with other 
patient specific characteristics. Machine learning can extract information from raw data by 
inferring whatever structure underlies it19. Machine learning models are able to analyze many 
variables, use complex analysis techniques, perform non-linear analyses and deal with missing 
data. Furthermore, machine learning models can learn by being fed more data and therefore 
improve over time. These models are capable of predicting risks for individual patients and can 
adapt to local circumstances. Machine learning models can also reveal surprising relationships 
that challenge conventional knowledge20,21. However, this flexibility comes at the cost of an 
increased risk of over-fitting the model, which may result in modeling artifacts instead of 
patient outcome. A comparison between conventional regression and machine learning has 
shown that machine learning methods were more accurate22. A downside of machine learning 
methods is that many of the available machine learning algorithms function as a black-box, 
which makes linking the results of the model back to the (patho-)physiology of the patient a 
challenge. Furthermore, the unique challenges of analyzing time series data (as described above) 
are not solved by applying machine learning, since many algorithms do not take the temporal 
information into account. However, there is increasing interest in developing machine learning 
algorithms can analyze time series18. 

We performed initial experiments using various machine learning algorithms on the 
preliminary data of the SepsiVit study (CHAPTER 8). Algorithms that do not take the 
temporal aspect into account (i.e. time-unaware algorithms) yielded accuracies of around 60% 
for the prediction of patient deterioration (Figure 1) when HRV features calculated over 5-min 
windows were used23. These algorithms analyze each window separately and try to predict 
whether the patient would deteriorate or not based solely on the data of the features contained 
in this single window. To capture temporal relations in the data, the model needs a memory 
of past inputs18. One of the machine learning algorithms that has memory is long short-term 
memory (LSTM)18,24. Applying LSTM on our preliminary data yielded accuracies around 
60% when 30-minute windows were used to calculate the HRV features. These accuracies are 
similar to the accuracies of the time-unaware algorithms (Figure 1). The accuracies increased 
to a maximum of 79% when LSTM was used with 5-min feature windows (Figure 1). Next 
to predicting a single yes/no answer for each patient, LSTM can also output a sequence of yes/
no answers per patient. In the latter case, LSTM makes a prediction for every single window. In 
our experiment, configuring LSTM to output sequences per patient instead of single answers 
did not result in improved accuracy (Figure 1). However, the sequential output would be 
much more meaningful in clinical practice, as illustrated by the example in Figure 2. We are 
not only interested in predicting whether the patient will deteriorate, but also when. Even 
though our initial experiments did not yield very good accuracies, further exploration of 
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machine learning algorithms that can capture temporal relations to model patient deterioration 
on the data from the SepsiVit study and other studies is recommended. There are a lot of 
machine learning algorithms that could be evaluated. Furthermore, each algorithm has multiple 
options to configure the algorithm, which can be tested to see whether it improves accuracy. 
Moreover, in CHAPTER 8 only a selection of HRV features was used, adding features might 
also improve the prediction accuracy as well as analyzing the data of the complete cohort.

Additional open issues with modeling patient deterioration are: (1) which vital signs should be 
measured, (2) at which interval and (3) in which resolution should they be measured?
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FIGUre 1. experimental results of machine learning algorithms on the preliminary data of the SepsiVit study 
to predict patient deterioration (Chapter 8). Results of the time-unaware algorithms from23. For the long short-
term memory (LSTM) the accuracies for a couple of scenarios were tested: (1) HRV features calculated over 30-minute 
windows and (2) HRV features calculated over 5-minute windows as input for the LSTM model. For both input sets, 
(1) the features were used in raw format (‘raw’) as input for the LSTM algorithm and (2) the features where normalized 
by subtracting the mean of the entire dataset and dividing by the standard deviation (‘normalized’), since LSTM is 
supposedly better at learning using normalized data. The model output using these two input sets yielded a single yes/
no answer for the entire feature set of the patient. Furthermore, (3) the normalized features were used as input of the 
LSTM algorithm and the algorithm was configured to output a sequence of predictions instead of a single value per 
patient (‘normalized sequence’).
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COMPREHENSIBLE VISUALIZATION OF PATIENT DETERIORATION IS ESSENTIAL 
FOR THE CLINICIAN
Being able to model patient deterioration is one thing; the major challenge remains to present 
the outcomes of the model for an individual patient in a way that is easily comprehensible 
for the clinician. This would require an advanced data reduction and fusion technique to 
condense the information into an easy-to-use clinical tool17. The plots of the GBTM in the 
SepsiVit study (CHAPTER 8) enabled us to show trajectories associated with a particular 
risk of deterioration. Although this is a step in the right direction, it still does not enable to 
determine and visualize the risk of deterioration of an individual patient. The partial effect 
plots (Figure 3) of Churpek et al clearly show the relative risk of their composite outcome in 
relation to the values of the vital signs22. For example, Figure 3A shows a U-shaped risk curve 
for respiratory rate, indicating that respiratory rates between 15-20 are associated with low 
risks, while lower respiratory rate are associated with an intermediate risk and that the risk is 
increasing exponentially with respiratory rates over 20/min. Conversely, Figure 3D shows an 
exponentially increasing risk at blood pressures below 100 mm Hg and a gradually increasing 
risk above 150 mm Hg. Such plots provide insight for the clinician into the relation between 
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FIGUre 2. Four examples of predicted outcomes compared to observed outcomes using sequences of 
features with a long short-term memory (LStM) machine learning model based on the preliminary data of the 
SepsiVit study (Chapter 8). Panel A, B, C and D each show the observed patient deterioration and the predicted 
deterioration by the LSTM for an individual patient during the first 48 hours of hospital admission. The top half of all 
panels shows whether the patient deteriorated based on observations for every 5-minute window. The bottom half of all 
panels shows whether LSTM predicted that the patient deteriorated.
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vital sign and risk. Henry et al retrospectively created another insightful plot (Figure 4) for 
their targeted real-time early warning score (TREWscore)25. Figure 4A shows the trajectory 
of each parameter over time and illustrates changes before the onset of septic shock. The 
associated predicted risk of septic shock for an individual patient is shown in Figure 4B. The 
latter provides an insightful view on the increasing risk being detected hours before the clinical 
onset of septic shock. However, what the plots of both authors lack is a visual representation 
on how the data from the individual parameters was integrated into the resulting risk for 
the individual patient. Such black-box behavior of the model may be challenging for the 
acceptance of the model by the clinician, since the clinical needs to know why the model 
concludes that the patient has increased risk for deterioration26. For example, did the model 
detect early signs of acute kidney injury or signs of respiratory failure? Visualizing these causes 
pose a major challenge, but are an essential part for the effective application of these models in 
order to reduce sepsis-related deterioration.

FIGUre 3. partial plot of the effect of respiratory rate (a), heart rate (B), age (C), and systolic blood pressure 
(D) on the risk (y-axis) of the composite outcome of ward cardiac arrest, ward to ICU transfer, or death on the 
wards without attempted resuscitation, across different values in a random forest machine learning model22. 
Figure reprinted with permission from22.
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FIGUre 4. example patient features and risk trajectory25. (a) Example features over time are shown for a patient 
developing septic shock (time of shock onset indicated by the red line). Point in time data used to calculate the targeted 
real-time early warning score (TREWscore) are displayed in the black box, along with the associated time to onset and 
the onset of sepsis-related organ dysfunction (indicated by the blue line). Feature measurements are indicated by circles 
that are filled for new observations or hollow otherwise. Features displayed are Glasgow Coma Scale (GCS), platelets, 
ratio of blood urea nitrogen to creatinine (BUN/creatinine), arterial pH, temperature, bicarbonate, respiratory rate 
(RR), white blood cell count (WBC), heart rate/systolic blood pressure (SBP) (shock index), SBP, and heart rate. (B) 
The TREWScore over time for the patient in (A) is shown in blue. Risk predictions are made as new measurements are 
added to the electronic patient record in real time. The horizontal dashed gray line indicates the detection threshold 
corresponding to a sensitivity of 0.85. The figure portrays two sets of potential detection criteria: (i) Identify the patient 
as at high risk of septic shock the first time the risk score crosses the detection threshold. (ii) Identify the patient only 
after the risk score remains above the detection threshold for at least 8 hours or some other desired length of time. 
Figure reprinted with permission from25.
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MODELS AND TECHNOLOGY SHOULD AUGMENT AND NOT REPLACE CLINICAL 
IMPRESSION
Real-time automated models for patient deterioration and the use of wearable devices can 
definitely improve patient care and outcome in infection and sepsis. Automated vital sign 
measurements could free up time of the nurses for valuable other patient contact. However, 
at the same time automated vital sign measurements and analysis models add to a heavy 
reliance on technology. When we rely too much on the technology, we will slowly but surely 
lose our clinical impression. This poses a big danger in case the technology is not working, for 
example due to power outages, empty batteries, Internet or wireless connection failures, etc. 
Furthermore, situations not picked up or even wrongly classified by the model could always 
occur given the complex nature of the human body and heterogeneity in disease presentation. 
Therefore, it is important that the technology augments the clinical impression by staying in 
close contact with the patient, instead of relying heavily on numbers alone.

DATA SHOULD BE SHARED WITHIN AND BEYOND THE WALLS OF THE HOSPITAL

Effective real-time detection models for patient deterioration need (near) real-time access to 
the measured vital sign data in order to monitor the patient. As described above, in critical 
care departments this data is continuously measured but often not recorded. In addition, 
every manufacturer has its own proprietary standard to store and exchange the data. For the 
development of real-time models, a standard for data exchange is required and data from 
various sources (bedside monitor, wearable device, electronic patient records, etc.) need to 
be integrated into the model. It will require a tremendous amount of effort to accomplish 
this within the walls of the hospital, since a myriad of different equipment from different 
manufacturers is generally used in the hospital. The models could achieve an even higher 
accuracy by feeding them with data from different hospitals from the same region. However, 
next to the technical concerns of data exchanges, adherence to privacy regulations will add even 
more complexity to this task20. Nonetheless, cooperation and data sharing could create large 
synergistic effects and the effort might pay off in improved care for patients with infection and 
sepsis.

MODELS SHOULD PREDICT MODIFIABLE ENDPOINTS INSTEAD OF MORTALITY

Traditionally, clinical scoring systems and prediction models often try to predict the risk of 
mortality. Mortality is a hard endpoint and therefore easy to define and measure, nevertheless 
its use is questionable. What should the clinician do when the score or prediction model 
predicts that a patient has a 95% chance of dying in the hospital? Should he/she think ‘this 
patient is going to die anyway no matter what I do?’ or apply every possible intervention to try 
to save the patient? And in the latter case: which interventions to apply? What causes the high 
mortality risk for this patient? 

In contrast to the hard mortality endpoints, other endpoints like signs of organ failure may be 
modifiable and treatable. In fact, multiple organ failure is the leading cause of sepsis-related 
mortality27,28. When detected at an early stage, or perhaps even accurately predicted, organ 
failure may be treatable or even preventable (CHAPTER 4). The treatment of prevention 
of organ failure may provide the opportunity to stop a cascade of events leading to death. 
Furthermore, mortality is not the only long-term consequence patients with infection or sepsis 
face. Survivors of sepsis appear to have persistently decreased quality of life and sustain some 
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degree of neuromuscular, functional, and/or neuropsychologic morbidity as a result of the 
critical illness. Treating organ failure in an early stage may well reduce the long-term morbidity 
these patients as well, this underlines the importance of predicting patient deterioration.

CONCLUSION

Between one in five and one third of the patients presenting to the ED with infection or 
sepsis deteriorate within 72 hours from admission, despite treatment. Early detection of 
patient deterioration is required to be able to perform interventions to treat the cause of the 
deterioration or even prevent deterioration. Although clinical impression predicted short-term 
events, clinical scoring systems in general are not suitable for continuous detection of patient 
deterioration. Sepsis-related biomarkers do not have the sensitivity and specificity to be of 
real clinical value. Furthermore, they need invasive procedures to obtain them and they are 
expensive and slow to test. Continuously measured vital signs show promising results with 
relation to the early detection of deterioration. However, there are a number of challenges to 
solve on the road to their clinical application, like application of wearable devices instead of 
the current gold standard, modeling patient deterioration based on various parameters, and 
composing and condensing the information from the model into a comprehensible format 
for the clinician. Once these issues are solved, these models in combination with continuously 
measured vital signs have to potential to reduce sepsis-related patient deterioration and are a 
step towards personalized medicine.
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