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General introduction
Many intensive care unit (ICU) patients are severely ill. This means they suffer from
acute and life-threatening illnesses, often resulting in multi-organ failure, requiring
immediate treatment. After initial resuscitation, a critically ill patient is not out
of the woods yet. He or she may still require continuous monitoring, ventilation,
cardiovascular support, renal replacement therapy, antibiotics and prolonged
sedation [1, 2]. The patient’s admission to the ICU could last for a couple of days, but
it could also take weeks or months before the patient can be safely discharged [3, 4].
After ICU care there are additional long-term consequences of critical illness and
ICU treatment [5]. One-year mortality of ICU survivors is 15-20%, compared to 5%
in age- and gender matched cohorts drawn from the general (Dutch) population [6, 7].
When excluding patients with an ICU stay less than 24 hours, who are typically only
admitted for intensive monitoring after major surgery, the one-year mortality of ICU
survivors has been reported to be as high as 25-30% [6]. Moreover, it might take up
to five years before the increased mortality risk of ICU survivors has returned to the
level of the general population [7].
Apart from an increased risk of mortality, many ICU survivors suffer from
physical, psychiatric and cognitive disorders such as ICU acquired weakness, posttraumatic stress disorder, depression, and impairments of memory, attention and
other cognitive functions [5, 8]. Around 30-50% of former ICU patients show one of
more of these impairments of their health-related quality of life (HRQoL) [6] and more
than half of the patients with an ICU stay above 24 hours report restrictions in basic
daily activities such as walking and social functioning one year after ICU care [9, 10].
Because death or surviving with a functional impairment can be considered an
unfavourable outcome of ICU care [11], physicians and patients can opt to withhold
or withdraw ICU treatment. As such decisions might lead to the start of palliative
end-of-life care, this is not a trivial choice [12, 13]. To complicate this process further,
the patient is often unconscious and unable to participate in this discussion, leaving
family members as surrogate decision makers. In order to make a responsible
decision the physician and the patient or surrogate decision makers need to share
their opinions about the course of disease, the patient’s preferences, societal norms
and values, and the expectations about survival and subsequent HRQoL [14].
In this decision-making process, the patient’s prognosis is the starting point
from which the other factors can be viewed. In this, a prognosis is defined as the risk
of an outcome [15], i.e., it is a numeric estimate of the probability of the occurrence of
a future outcome of interest.
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Physicians are able to provide reasonably accurate estimates of prognosis
, but their views can be inconsistent [12, 20] as they differ in experience, expertise
and personal norms and values when confronted with end-of-life decision making [12].
While it is not problematic to have different views on the limitation of life-sustaining
treatment [21], this does raise the issue whether it is acceptable to have the prognoses
the patient or surrogate decision makers receive be in large part dependant on which
physician discusses the care options with them?
Another, more consistent way to obtain an estimate of the patient’s prognosis
is through a statistical risk prediction model, also known as a prognostic model. Such
models are made to fit a specific situation and provide an estimate of the risk of a
pre-defined outcome. A prognostic model operates through a regression formula
or other scoring rule. These formulae take into account the weight of information
such as patient characteristics, vital parameters and other measurements in order
to provide the average risk of outcome for a person with equivalent data. Preferably,
such models are developed in a large database and validated in another [22].
In ICU research, prognostic models are used abundantly in order to compare
ICUs and select patients with specific ‘disease severity’ (i.e. specific risks of outcome)
[23]
. The most well-known models are the APACHE [24] and SAPS scoring systems [25].
Based on multiple predictors measured within the first 24 hours of ICU admission,
these models provide the risk of short-term mortality, and some have been validated
for long-term mortality as well [26].
However, the currently available prognostic models are not accepted for use
within individual patient decision support [27]. Two major problems can be discerned.
First, these models are made to predict (short-term) survival [24, 28], while the patient is
concerned with long-term survival in combination with an acceptable (health related)
quality of life [11]. Second, by focusing on the first hours of ICU care these models do
not have the right timing to be of clinical use: the decision to admit the patient has
just been made, and the decision to continue or to withhold or withdraw treatment is
often postponed until after a couple of days in ICU [12].
As of yet, no existing models are tailored to be used at a clinically relevant
moment during ICU care while providing the risk of a clinically relevant outcome,
combining survival and HRQoL.
[16-19]

Aims and outline of this thesis
The major aim of this thesis was to develop a prognostic model for ICU patients with
a prolonged length of ICU stay, predicting the probability of a favourable outcome
combining long-term survival with a high HRQoL.
The first part of this thesis describes the current situation with respect to
long-term outcomes and estimation of the ICU patient’s prognosis. First, the longterm outcomes of ICU patients in terms of survival and health related quality of life
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are described in Chapter 2. Chapter 3 investigates how well physicians are able to
estimate the long-term prognosis of ICU patients, whereas Chapter 4 comprises a
systematic review of the literature in search for existing models that could be used to
estimate long-term prognosis.
The second part of the thesis reports different aspects of developing a
prediction model specifically for predicting long-term outcomes in ICU patients with
a prolonged ICU stay. Chapter 5 focuses on the outcome measures of prognostic
studies and explores normative classifications of HRQoL. Chapter 6 focuses on a
predictor of outcome by studying the association between acute kidney injury early
during ICU admission and a composite outcome of one-year survival and HRQoL.
Chapter 7 is a more methodological undertaking, in which is investigated how to best
include daily measurements of organ failure into a prediction model. Finally, Chapter
8 is where all prior results come together. This chapter contains the development
and internal validation of a prognostic model which predicts a clinically relevant longterm outcome for ICU patients who have been admitted to the ICU for a week.
The general discussion in Chapter 9 evaluates the ensuing opportunities for
implementation in clinical practice and future research.
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Chapter 2
Single centre large cohort study into
quality of life in Dutch intensive care unit
subgroups, one year after admission,
using EuroQoL EQ-6D-3L

Abstract
Purpose:
The goal of this study was to describe long-term survival and health related quality
of life (HRQoL), measured by EQ-6D, in a general ICU population.
Materials and Methods:
We included 5934 consecutive adult patients admitted to a mixed population ICU.
There were no exclusion criteria. One-year survival status was determined using
the Dutch municipal population register. Subsequently, all survivors received the
EuroQoL EQ-6D-3LTM questionnaire. The primary outcome was overall HRQoL
and survival of the ICU survivors, compared to overall QoL of an age and gendermatched reference population.
Results:
A total of 5138 patients (86.6%) survived until hospital discharge, with 4647 (78.3%)
patients surviving the one-year of follow-up. The EuroQoL questionnaire was sent to
4465 survivors and returned by 3034/4465 (68.0%). The median HRQoL in surviving
patients was 0.83 (Interquartile Range [IQR] 0.64–1.00), versus 0.86 (IQR 0.85–
0.86) in the reference population (p<0.001). There was marked variation across
admission diagnosis groups: cardiac surgery patients had a HRQoL of 0.94 (IQR
0.74–1.00) whereas patients admitted with chronic renal failure had a HRQoL of 0.65
(IQR 0.47–0.83).
Conclusions:
One year after ICU admission, HRQoL was significantly lower than in reference
population. Notably, marked variations were found across subgroups.
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Introduction
Many studies involving critically ill patients use Intensive Care Unit (ICU) mortality,
in-hospital mortality, or 28-day mortality as primary outcome measures, whereas
long-term outcomes are commonly ignored. Although a major goal of ICUs is to
ensure patients’ survival, it is crucial for patients to survive with the highest possible
health related quality of life (HRQoL) [1, 2]. Insight in the factors that influence HRQoL
might help clinicians to identify patients who may benefit from ICU admission [3]. Vice
versa, the high resource consumption and cost of ICUs, on top of those of general
hospital care, may be considered excessive if the long-term survival and HRQoL are
poor [4].
Unfortunately, most of the recent studies that have evaluated HRQoL after
ICU discharge had relatively small sample sizes [5], suffered from low response
rates (typically less than 46.5%-59% [6, 7]), or were limited to specific subpopulations
(e.g., patients with burns [8], sepsis [9], traumatic brain injury [10], or after coronary
surgery [11]). The only study in a general ICU population that was of considerable size
(n=3,655 patients) was published in 1995. The follow-up in this study, however, was
limited to 6 months after discharge [12].
The goal of this study was to describe long-term follow-up of the ICU
population in terms of survival and HRQoL and also describe these outcomes for
important subgroups. To do this we analysed the self-reported HRQoL in all patients
admitted to a mixed population ICU and surviving the first year after discharge. We
hypothesized that, after one year, most patients have a lower HRQoL in comparison
to the general population and that some specific important ICU subgroups would
perform better than others.

Methods
Study design and setting
This prospective cohort study was performed in the adult ICU of the Utrecht University
Medical Centre in the Netherlands, a closed format, non-clustered ICU with 32 beds.
All patients admitted to the ICU from July 2009 through May 2012 were included.
There were no exclusion criteria, although readmitted patients were only included
once in the analysis based upon their first admission. The study has been performed
in accordance with the ethical standards laid down in the 1964 Declaration of Helsinki
and its later amendments. The ethics committee of the Utrecht University Medical

Single centre large cohort study into quality of life in Dutch intensive care unit
subgroups, one year after admission, using EuroQoL EQ-6D-3L
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Centre approved the study and gave a waiver of informed consent (protocol number
10/006).
Outcomes
The primary outcome was overall HRQoL one year after ICU admission in the
total patient sample. Secondary outcomes were index values and six dimensions
(mobility, self-care, usual activities, pain or discomfort, anxiety or depression,
cognitive functioning) as defined by EuroQoL EQ-6D-3LTM (EQ-6D) [13] and oneyear survival, in the total patient sample and in pre-specified subgroups.
The EQ-6D instrument is an extension of the more commonly known
EuroQoL EQ-5D-3LTM questionnaire (EQ-5D). The EQ-5D questionnaire consists
of five questions each representing a dimension of HRQoL (mobility, self-care, usual
activities, pain or discomfort, anxiety or depression) [14]. In the EQ-6D questionnaire
the dimension of cognitive functioning has been added [13].
Each dimension has 3 levels: no problems (1), some problems (2) and
extreme problems (3). The respondent is asked to indicate his/her health state by
marking the box against the most appropriate level in each of the 5 dimensions.
The five or six dimensions of EQ-5D or EQ-6D respectively, can be
combined to form a health state (for example ‘111111’). Each health state is equal
to a numerical EuroQoL index value between ‘0’ and ‘1’, used to represent HRQoL.
The index values for each health state are derived from the EuroQoL manual for
EQ-5D value sets and previous research by Hoeymans et al [13, 14]. A value of ‘0’ was
interpreted as a state of living equal to death, while a value of ‘1’ was interpreted as
a perfectly healthy state of living.
Subgroups
Definitions of all variables and comorbidities were derived from the Acute Physiology
and Chronic Health Evaluation (APACHE) IV model [15]. We grouped patients by
three types of admission (medical, urgent surgical and elective surgical) and
in five Apache IV diagnosis subgroups (cardiac surgery, sepsis, subarachnoid
haemorrhage, traumatic brain injury and others). The choice for these subgroups
was based on existing literature on long-term outcomes in various groups of critically
ill patients [16-18].
We studied the effect of the number of comorbid conditions, which were
already present at admission to the ICU, on the HRQoL. The comorbid conditions
were grouped per organ system and the number of affected organ systems was
counted. The precise definitions of ‘organ involvement’ are shown in the electronic
supplementary material (Box 1).
Additionally, we grouped patients according to the presence of four
specific comorbid conditions known at admission to the ICU: chronic renal failure,
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Data collection
Baseline characteristics and clinical data were prospectively collected during the
ICU admission and used for the present study. One-year survival was assessed by
checking the Dutch municipal population register. This register provides the date
of death of all deceased persons and the addresses of all surviving subjects. The
persons who were still alive after one year received a questionnaire by mail. If the
questionnaire had not been returned within several weeks, patients were reminded
by mail and/or telephone to send in their questionnaire. The questionnaire included
the EuroQoL EQ-6D-3LTM (EQ-6D). Based upon these answers a numeric value for
HRQoL was calculated as described previously [19].
Data analysis
HRQoL was assessed using the EQ-6D questionnaire and results were compared
to the quality of life (QoL) of the general Dutch population. This comparison was
made using data from a previously published study evaluating EuroQoL EQ-5D3LTM (EQ-5D), in which QoL was determined in the general Dutch population [19]. We
assigned each of our patients a virtual QoL, matching the mean QoL of the gender
and age group from the aforementioned study, corresponding with the patient’s age
and gender. This formed the reference population. HRQoL and QoL index values
are presented as medians with interquartile range (IQR) and were compared using
a paired Student’s T-test.
The one-year survival was compared to that of the general Dutch population.
This reference population was created by obtaining data from the Dutch Central
Statistics Agency (Dutch: Centraal Bureau voor de Statistiek, CBS) on average
mortality rates in 2010 [20]. Each patient was assigned a “predicted Dutch mortality
rate”. The mortality rate of the patients was then compared to the mortality in the
reference population using a Chi square test and graphically compared using Kaplan
Meier curves.
Next to the mean HRQoL in the total populations and its various subgroups,
we also assessed the scores for each EuroQoL dimension. A dimension was
considered most affected when it had the smallest proportion of subjects responding
they have no problems or difficulties in that dimension.
Single centre large cohort study into quality of life in Dutch intensive care unit
subgroups, one year after admission, using EuroQoL EQ-6D-3L
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metastasized malignancy, diabetes and chronic obstructive pulmonary disease
(COPD). Patients having a documented serum creatinine > 177umol/L (>2.0mg/
dL) diagnosed as chronic before ICU admission were considered having chronic
renal failure and patients having a metastasized neoplasm outside of regional lymph
nodes or any stage IV cancer were considered having a metastasized neoplasm.
Patients could have more than one comorbid condition at admission to the ICU.
These subgroups, therefore, did not result in mutually exclusive groups.

All statistical analyses were performed using IBM PASW statistics 19 (IBM,
United States of America, 2010). For all analyses a p-value < 0.05 was considered
statistically significant.

Results
Characteristics of the study population
In the two-year-period, 5934 unique patients were admitted to the ICU. After
a follow-up period of one year 4647/5934 (78.3%) survivors could be included
in our HRQoL analysis. The flow of patients is shown in figure 1. Of note, a
questionnaire was sent to 4465/4647 (96.1%) of surviving patients. For these
missing 182 patients the address was not available in the municipal register.
The questionnaire was completed and returned by 3034/4465 patients (68.0%).
Patient characteristics are presented in table 1. The patient characteristics of the
separate subgroups are shown in the electronic supplementary material (table 4).
Health Related Quality of Life
Table 2 shows the median HRQoL assessed with the EQ-6D questionnaire. The
median HRQoL in the total ICU population was 0.83 (IQR 0.64 – 1.00) while the
median QoL of the general Dutch population, matched for age and gender, was
0.86 (IQR 0.85 – 0.86) (p<0.001). The total ICU population and all the admission
type subgroups, admission diagnosis subgroups and comorbidity subgroups had
a significantly lower HRQoL in comparison to the general Dutch population except
for cardiac surgery patients. Their median HRQoL was higher than the general ICU
population. On the other hand, patients admitted with sepsis or chronic renal failure
had the lowest overall HRQoL of all subgroups.
The scores on the different dimensions of the EQ-6D are available in
electronic supplementary material table 3a-c. In the total ICU population, most
difficulties were experienced within the domain ‘usual activities’ (41.0% of patients
experienced some problems or the inability to perform usual activities), followed
by ‘pain or discomfort’ (40.5% of patients experienced some or extreme pain or
discomfort).
In the subgroups based on admission type the lowest median HRQoL was
scored by medical patients. Most difficulties, and the greatest contributors to HRQoL
loss, were to be found in the ‘usual activities’ and ‘pain or discomfort’ dimensions. In
the subgroups based upon admission diagnoses, the lowest HRQoL was perceived
in patients admitted with sepsis. Again, ‘usual activities’ were affected most, also
followed by ’pain or discomfort’. In the subgroups based on comorbid conditions the
patients with chronic renal failure scored the lowest median HRQoL index. Here,
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Discussion
In this study, we evaluated HRQoL in a sample of 3034 out of 4647 ICU survivors.
We found that the HRQoL after ICU treatment was highly variable. Moreover, most
subgroups appeared to have a significantly lower HRQoL indices compared to
the QoL in age and gender matched general reference groups. As the reference
groups were only matched for age and gender, the differences between ICU and the
reference population cannot be used to imply ICU admission was the cause of this
difference. Instead, these comparisons should be interpreted as an impression of
the effect size of the HRQoL index value when compared to healthy Dutch people.
Likewise, survival was not equally distributed among subgroups. To make things
worse, the HRQoL was low in subgroups with high one-year mortality, such as septic
patients or those with chronic renal failure. Also, patients with multiple comorbidities
at ICU admission had a low HRQoL and one-year survival rate.
In the present study, patients after cardiac surgery had an excellent survival
and a median HRQoL-index of 0.94 (IQR 0.74 – 1.00), which was even higher than
the matched general Dutch population (median 0.85, IQR 0.85 – 0.89). It is not
surprising that these cardiac surgery patients, who have undergone planned surgery
to improve their physical condition, will improve in HRQoL after surgery. At the other
end of the spectrum, we identified patients groups with a very low HRQoL at one year
Single centre large cohort study into quality of life in Dutch intensive care unit
subgroups, one year after admission, using EuroQoL EQ-6D-3L
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the dimensions most affected were ‘usual activities’ and followed by ’mobility’. The
subgroup with the highest HRQoL was the cardiac surgery group. The worst scoring
dimensions in this subgroup were ’pain and discomfort’ followed by ’usual activities’.
Survival
In-hospital mortality for this cohort was 796/5934 (13.4%), resulting in 5138
(86.6%) patients being discharged alive from the hospital. One year after discharge
from the ICU, 491 additional patients (8.3%) had died, resulting in 4647/5934
patients (78.3%) surviving the first year after discharge from the ICU. The expected
survival in the reference population, would have been 5832/5934 patients (98.3%).
The highest one-year survival was found in cardiac surgical patients (2043/2162;
94.5%). The lowest one-year survival was found in patients with admission diagnosis
sepsis (328/556; 59.0%) and the comorbidity diagnosis chronic renal failure
(159/287; 55.4%). Finally, with an increasing amount of comorbid conditions at ICU
admission a lower survival was seen (down to 95/279; 54.0% for patients with 3 or
more conditions at ICU admission). Kaplan Meier survival curves of the period after
ICU discharge were provided as electronic supplementary material (Figures 2a-2d).
For one-year survival rates for each patient group see electronic supplementary
material table 4.

after admission, such as patients with sepsis or chronic renal failure. Although we did
not have information on HRQoL before ICU admission, it is however unlikely that all
these critically ill patients had a completely ‘normal’ health and QoL that equals the
general population just prior to their critical illness. Comorbid conditions indicating
‘abnormal’ health have a clear correlation with poor outcome, as reported recently
by Orwelius et al [21]. Patients might be deteriorating (in general health and HRQoL)
in the period leading up to their critical illness. Indeed, in a surgical cohort of patients
a lower HRQoL before ICU admission was associated with higher severity of illness
and decreased ICU-survival, suggesting that HRQoL is not stable but intertwined
with critical illness [22].
We used the EuroQoL EQ-6D-3LTM questionnaire to assess subjective
HRQoL. The EQ-5D questionnaire, which consists of first five questions of the EQ6D questionnaire, is known to be better validated in the ICU population than the EQ6D questionnaire [13]. Therefore, we have performed sensitivity analyses, where we
calculated HRQoL based solely on the EQ-5D questions. The HRQoL in the whole
patient sample and in the subgroups was comparable to the EQ-6D analysis (data
not presented).
In comparison, there are some publications of HRQoL one year after ICU
admission in a general ICU population. Most publications focus on subgroups, e.g.
medical patients (N=112) [5], burn patients (N=19) [8], or mechanically ventilated
patients with acute respiratory failure (N=288) [6]. Few of these publications report
HRQoL-index scores and those who did use EuroQoL EQ-5D-3LTM found the mean
HRQoL index scores ranged from 0.58 to 0.81 [7, 23-26]. The median HRQoL-index score
found in this study (0.83; IQR 0.64 – 1.00) fitted in the upper margins of this range.
The largest study that used EQ-5D-3LTM in a mixed ICU-population with a follow up
of at least one year was performed in Sweden (N=739) [7]. After twelve months the
median EQ-5D-3LTM score of this population was 0.73. A possible explanation for
the difference between their results and ours could be found in their inclusion criteria.
Although this Swedish study also focussed on a mixed ICU population they excluded
patients with an ICU length of stay shorter than 24 hours and those older than 75
years of age. Especially their first criterion (length of stay < 24hours) may have led
to exclusion of healthier (post-operative) patients, who have shorter lengths of stay.
Exclusion of such patients might have resulted in lower median HRQoL indices for the
included patients. For example, in our study population 3610/5934 (60.8%) patients
would have been excluded if we had applied this criterion. Looking at the remaining
2326 patients, 1700 (73.1%) survived. The median HRQoL index for these survivors
was 0.80 (IQR 0.60 – 1.00), still fitting the upper margin of the range found in current
literature. Excluding elective surgical patients, a known healthy ICU subpopulation,
would leave 2767/5934 (46.6%) patients of whom 1768 (63.9%) survived with a
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median HRQoL index of 0.78 (IQR 0.54 – 1.00). In short, excluding these patient
groups did not result in major changes in HRQoL in our study population.
As with the median HRQoL index, current literature seems to lack uniformity
on the most and least affected HRQoL dimensions in ICU populations. While we
found ‘usual activities’ to be the most affected dimension, two other studies (N=343
and N=334 subjects) describe ‘pain or discomfort’ and ‘anxiety or depression’ as
most affected EuroQoL dimension [27, 28].
At present, our study is one of the larger studies to report one-year survival
and HRQoL in a mixed cohort of ICU patients. It is the largest one using EQ-6D3LTM. One of the strengths of this study is that the one-year survival status could
be determined in all patients. However, some limitations need to be addressed. Of
the surviving patients, 68.0% returned the questionnaire. Although this response
rate is good compared to other studies, this still might have created bias due to
differences between responders and non-responders. Of note, medical patients
were found to have a lower HRQoL when compared to the total ICU population,
while cardiac surgery patients have a higher HRQoL than the mean HRQoL in the
total ICU population. In the non-responding group there were more medical patients
and less cardiac surgery patients. Moreover, the non-responders also contained
more patients with diabetes. Diabetes is known to negatively affect HRQoL [29]. We,
therefore, concluded that if any bias would have resulted from the non-responders
it is most likely that the true HRQoL in this subpopulation was lower than in those
who did respond (see electronic supplementary material, table 5). Second, we only
assessed HRQoL after ICU discharge at a single time point. The HRQoL before
ICU admission and the change of HRQoL post-ICU were not measured and
remained unknown. Future research should focus on changes in HRQoL. It should
include baseline HRQoL whenever possible. However, approximating the HRQoL
before admission to the ICU by interviewing relatives or proxies is hampered by an
overestimation of physical health and an underestimation of mental health [30-33].
If we combine one-year survival and HRQoL we can identify several subgroups
with a good outcome (elective surgery and especially cardiac surgery patients) and
various groups with a poor outcome (patients with sepsis and chronic renal failure)
in terms of mortality and HRQoL. To put the perceived HRQoL into perspective, the
worst faring subgroup in the ICU population presented here, patients with chronic
renal failure had a perceived QoL that is quite similar to patients with lung cancer
with recurrence of this disease [34].

Conclusions
HRQoL one year after ICU admission was significantly lower than quality of life in
an age and gender matched reference population. However, there were marked
variations in the one-year HRQoL across subgroups of ICU survivors. We recommend
putting more effort into early identification of patients on the ICU who may benefit most
from ICU stay in order to maximize the utility of ICU care and provide scientifically
based prognostic information to care-givers, patients and their families.
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Figure 1: flowchart of patient inclusion

1 = these 182 patients were not sent a survey due to a missing address in the municipal register.
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Patient characteristics of total population (N=5934)

N (%)

Male gender

3710 (62.5%)

Age, years, Median [IQR]

64 [52 – 73]

ICU length of stay, days, Median [IQR]

1.0 [0.8 – 3.0]

Hospital length of stay, days, Median [IQR]

9.8 [6.1 – 19.6]

chapter 2

Table 1: Patient characteristics

Admission types
Medical

1782 (30.0%)

Urgent surgical

985 (16.6%)

Elective surgical

3167 (53.4%)

Admission diagnosis subgroups
Cardiac surgery

2162 (36.4%)

Sepsis

556 (9.4%)

Subarachnoid haemorrhage

359 (6.0%)

Traumatic brain injury

327 (5.5%)

Others

2530 (42.6%)

Comorbid conditions at admission to the ICU based on APACHE IV definitions
Cardiac

886 (14.9%)

Pulmonary

819 (13.8%)

Renal

287 (4.8%)

Neurological

805 (13.6%)

Malignancy / immunology

601 (10.1%)

Gastro-intestinal

129 (2.2%)

Diabetes

942 (15.9%)

Severity of illness at admission to the ICU
Cardiopulmonary resuscitation

298 (5.0%)

Dysrhythmia

356 (6.0%)

Thrombolytic therapy after AMI

30 (0.5%)

Acute renal failure

265 (4.5%)

Confirmed infection

833 (14.0%)

Vasoactive medication

2795 (47.1%)

APACHE IV score, Median [IQR]

49 [35 – 68]

IQR = Interquartile range; AMI = acute myocardial infection;
APACHE IV = Acute Physiology And Chronic Health Evaluation IV
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Table 2: Health related quality of life
Patient group

Quality of Life

(N=survey returners in subgroup /
one-year survivors; %1)

Age and gender
matched Dutch
Population

Median [IQR]

Median [IQR]

Total population (N=3034/4465, 68.0%)

0.83 [0.64 – 1.00]

0.86 [0.85 – 0.86]

Medical (N=572/1074, 53.3%)

0.75 [0.48 – 1.00]

0.87 [0.85 – 0.89]

Urgent Surgical (N=430/694, 62.0%)

0.78 [0.59 – 1.00]

0.86 [0.85 – 0.89]

Elective Surgical (N=2032/2879, 70.6%)

0.83 [0.74 – 1.00]

0.85 [0.85 – 0.89]

Cardiac surgery (N=1517/2043, 74.3%)

0.94 [0.74 – 1.00]

0.85 [0.85 – 0.89]

Sepsis (N=174/328, 53.0%)

0.74 [0.48 – 1.00]

0.86 [0.84 – 0.89]

Subarachnoid haemorrhage (N=167/237, 70.5%)

0.78 [0.48 – 0.94]

0.86 [0.83 – 0.88]

Traumatic brain injury (N=116/232, 50.0%)

0.78 [0.59 – 0.94]

0.87 [0.86 – 0.92]

Others (N=1060/1807, 58.7%)

0.78 [0.61 – 1.00]

0.87 [0.85 – 0.89]

None (N=1585/2347, 67.5%)

0.94 [0.73 – 1.00]

0.86 [0.85 – 0.89]

One (N=1137/1750, 65.0%)

0.78 [0.62 – 1.00]

0.86 [0.85 – 0.89]

Two (N=265/455, 58.2%)

0.74 [0.48 – 0.94]

0.85 [0.84 – 0.89]

Three or more (N=47/95, 49.5%)

0.62 [0.44 – 0.78]

0.85 [0.85 – 0.89]

Chronic renal failure (N=94/159, 59.1%)

0.65 [0.47 – 0.83]

0.86 [0.85 – 0.89]

Metastasised malignancy (N=49/83, 59.0%)

0.74 [0.62 – 1.00]

0.86 [0.83 – 0.89]

Diabetes (N=436/722, 60.4%)

0.78 [0.61 – 1.00]

0.85 [0.84 – 0.89]

COPD (N=293/465, 63.0%)

0.75 [0.59 – 0.94]

0.85 [0.85 – 0.88]

Admission type group

Admission diagnoses groups

Amount of co-morbid conditions at ICU admission

Comorbidity groups

1 = Percentage of patients who survived the first year of follow-up and returned the quality of life survey
IQR = Interquartile range
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Supplementary material
Table 3a: Quality of Life scores per EuroQoL dimension for the total population and the
admission types
EuroQoL dimension scores in
total population

Total
Population
N = 3034

Medical
N = 572

Urgent
surgical
N = 430

Elective
surgical
N = 2032

No problems

2089 (68.9%)

339 (59.3%)

270 (62.8%)

1480 (72.8%)

Some problems

904 (29.8%)

207 (36.2%)

152 (35.3%)

545 (26.8%)

Confined to bed

41 (1.4%)

26 (4.5%)

8 (1.9%)

7 (0.3%)

No problems

2658 (87.6%)

435 (76.0%)

348 (80.9%)

1875 (92.3%)

Some problems

275 (9.1%)

88 (15.4%)

58 (13.5%)

129 (6.3%)

Unable to wash or dress

101 (3.3%)

49 (8.6%)

24 (5.6%)

28 (1.4%)

No problems

1790 (59.0%)

254 (44.4%)

207 (48.1%)

1329 (65.4%)

Some problems

1028 (33.9%)

229 (40.0%)

178 (41.4%)

621 (30.6%)

Unable to perform usual activities

216 (7.1%)

89 (15.6%)

45 (10.5%)

82 (4.0%)

No pain or discomfort

1806 (59.5%)

290 (50.7%)

235 (54.7%)

1281 (63.0%)

Moderate pain or discomfort

1116 (36.8%)

243 (42.5%)

179 (41.6%)

694 (34.2%)

Extreme pain or discomfort

112 (3.7%)

39 (6.8%)

16 (3.7%)

57 (2.8%)

Not anxious or depressed

2342 (77.2%)

387 (67.7%)

316 (73.5%)

1639 (80.7%)

Moderate problems

619 (20.4%)

156 (27.3%)

102 (23.7%)

361 (17.8%)

Extreme problems

73 (2.4%)

29 (5.1%)

12 (2.8%)

32 (1.6%)

No problems

1938 (63.9%)

312 (54.5%)

239 (55.6%)

1387 (68.3%)

Moderate problems

1002 (33.0%)

226 (39.5%)

170 (39.5%)

606 (29.8%)

Extreme problems

94 (3.1%)

34 (5.9%)

21 (4.9%)

39 (1.9%)

Mobility

Self-care

Usual activities

Pain or discomfort

Anxiety or depression

Cognitive functioning
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Table 3b: Quality of Life scores per EuroQoL dimension for the admission
diagnosis subgroups
EuroQoL dimension scores per
admission diagnosis group

Cardiac
surgery
N = 1517

Sepsis

Subarachnoid haemorrhage
N = 167

Traumatic
brain injury
N = 116

Others

N =174

No problems

1101 (72.6%)

95 (54.6%)

111 (66.5%)

79 (68.1%)

706 (66.3%)

Some problems

413 (27.2%)

71 (40.8%)

51 (30.5%)

35 (30.2%)

334 (31.5%)

Confined to bed

3 (0.2%)

8 (4.6%)

5 (3.0%)

2 (1.7%)

23 (2.2%)

No problems

1416 (93.3%)

130 (74.7%)

136 (81.4%)

97 (83.6%)

879 (82.9%)

Some problems

87 (5.7%)

34 (19.5%)

19 (11.4%)

13 (11.2%)

122 (11.5%)

Unable to wash or dress

14 (0.9%)

10 (5.7%)

12 (7.2%)

6 (5.2%)

59 (5.6%)

No problems

1058 (69.7%)

75 (43.1%)

77 (46.1%)

48 (41.4%)

532 (50.2%)

Some problems

410 (27.0%)

74 (42.5%)

67 (40.1%)

57 (49.1%)

420 (39.6%)

Unable to perform usual activities

49 (3.2%)

25 (14.4%)

23 (13.8%)

11 (9.5%)

108 (10.2%)

No pain or discomfort

1004 (66.2%)

84 (48.3%)

96 (57.5%)

60 (51.7%)

562 (53.0%)

Moderate pain or discomfort

481 (31.7%)

74 (42.5%)

62 (37.1%)

51 (44.0%)

448 (42.3%)

Extreme pain or discomfort

32 (2.1%)

16 (9.2%)

9 (5.4%)

5 (4.3%)

50 (4.7%)

Not anxious or depressed

1248 (82.3%)

124 (71.3%)

107 (64.1%)

81 (69.8%)

782 (73.8%)

Moderate problems

249 (16.4%)

42 (24.1%)

54 (32.3%)

32 (27.6%)

242 (22.8%)

Extreme problems

20 (1.3%)

8 (4.6%)

6 (3.6%)

3 (2.6%)

36 (3.4%)

No problems

1060 (69.9%)

103 (59.2%)

73 (43.7%)

47 (40.5%)

655 (61.8%)

Moderate problems

431 (28.4%)

65 (37.4%)

76 (45.5%)

60 (51.7%)

370 (34.9%)

Extreme problems

26 (1.7%)

6 (3.4%)

18 (10.8%)

9 (7.8%)

35 (3.3%)

N = 1060

Mobility

Self-care

Usual activities

Pain or discomfort

Anxiety or depression

Cognitive functioning
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Table 3c: Quality of Life scores per EuroQoL dimension per amount of comorbid conditions at
ICU admission
EuroQoL Dimension scores per
amount of comorbid conditions
at ICU admission

0

1

2

3 or more

N=1585

N=1137

N=265

N=47

No problems

1204 (76.0%)

745 (65.5%)

127 (47.9%)

13 (27.7%)

Some problems

368 (23.2%)

375 (33.0%)

128 (48.3%)

33 (70.2%)

Confined to bed

13 (0.8%)

17 (1.5%)

10 (3.8%)

1 (2.1%)

No problems

1444 (91.1%)

985 (86.6%)

203 (76.6%)

26 (55.3%)

Some problems

106 (6.7%)

114 (10.0%)

41 (15.5%)

14 (29.8%)

Unable to wash or dress

35 (2.2%)

38 (3.3%)

21 (7.9%)

7 (14.9%)

No problems

1045 (65.9%)

615 (54.1%)

116 (43.8%)

14 (29.8%)

Some problems

470 (29.7%)

432 (38.0%)

107 (40.4%)

19 (40.4%)

Unable to perform usual activities

70 (4.4%)

90 (7.9%)

42 (15.8%)

14 (29.8%)

No pain or discomfort

998 (63.0%)

658 (57.9%)

132 (49.8%)

18 (38.3%)

Moderate pain or discomfort

547 (34.5%)

438 (38.5%)

108 (40.8%)

23 (48.9%)

Extreme pain or discomfort

40 (2.5%)

41 (3.6%)

25 (9.4%)

6 (12.8%)

Not anxious or depressed

1260 (79.5%)

862 (75.8%)

191 (72.1%)

29 (61.7%)

Moderate problems

297 (18.7%)

245 (21.5%)

64 (24.2%)

13 (27.7%)

Extreme problems

28 (1.8%)

30 (2.6%)

10 (3.8%)

5 (10.6%)

No problems

1086 (68.5%)

672 (59.1%)

150 (56.6%)

30 (63.8%)

Moderate problems

463 (29.2%)

421 (37.0%)

103 (38.9%)

15 (31.9%)

Extreme problems

36 (2.3%)

44 (3.9%)

12 (4.5%)

2 (4.3%)

Mobility

Self-care

Usual activities

Pain or discomfort

Anxiety or depression

Cognitive functioning
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Table 3d: Quality of Life scores per EuroQoL dimension for the comorbidity subgroups
EuroQoL Dimension scores per
comorbidity group

Chronic renal
failure
N = 94

Metastasised
malignancy
N = 49

Diabetes

COPD

N = 436

N = 293

No problems

38 (40.4%)

27 (55.1%)

231 (53.0%)

157 (53.6%)

Some problems

50 (53.2%)

20 (40.8%)

200 (45.9%)

132 (45.1%)

Confined to bed

6 (6.4%)

2 (4.1%)

5 (1.1%)

4 (1.4%)

No problems

66 (70.2%)

43 (87.8%)

354 (81.2%)

241 (82.3%)

Some problems

16 (17.0%)

6 (12.2%)

60 (13.8%)

41 (14.0%)

Unable to wash or dress

12 (12.8%)

0 (0%)

22 (5.0%)

11 (3.8%)

No problems

34 (36.2%)

24 (49.0%)

223 (51.1%)

138 (47.1%)

Some problems

45 (47.9%)

21 (42.9%)

164 (37.6%)

123 (42.0%)

Unable to perform usual activities

15 (16.0%)

4 (8.2%)

49 (11.2%)

32 (10.9%)

No pain or discomfort

44 (46.8%)

20 (40.8%)

243 (55.7%)

146 (49.8%)

Moderate pain or discomfort

37 (39.4%)

26 (53.1%)

169 (38.8%)

125 (42.7%)

Extreme pain or discomfort

13 (13.8%)

3 (6.1%)

24 (5.5%)

22 (7.5%)

Not anxious or depressed

67 (71.3%)

40 (81.6%)

323 (74.1%)

212 (72.4%)

Moderate problems

20 (21.3%)

8 (16.3%)

98 (22.5%)

71 (24.2%)

Extreme problems

7 (7.4%)

1 (2.0%)

15 (3.4%)

10 (3.4%)

No problems

52 (55.3%)

35 (71.4%)

274 (62.8%)

171 (58.4%)

Moderate problems

35 (37.2%)

14 (28.6%)

145 (33.3%)

119 (40.6%)

Extreme problems

7 (7.4%)

0 (0%)

17 (3.9%)

3 (1.0%)

Mobility

Self-care

Usual activities

Pain or discomfort

Anxiety or depression

Cognitive functioning
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Patient characteristics in
admission type groups

Medical

Urgent
surgical

Elective
surgical

Number of Admissions (N)

1782

985

3167

Gender (Male)

1050 (58.9%)

564 (60.3%)

2066 (65.2%)

Age (years), Median [IQR]

59 [46 – 71]

60 [47 – 71]

66 [57 – 74]

ICU length of stay, days, Median [IQR]

2.6 [0.9 – 6.8]

2.2 [0.9 – 5.9]

0.9 [0.8 – 1.0

Hospital length of stay, days, Median [IQR]

11.5 [3.8 – 25.8]

16.9 [8.3 – 30.8

8.3 [6.3 – 13.9]

Medical

1782 (100%)

0 (0.0%)

0 (0.0%)

Urgent surgical

0 (0.0%)

985 (100%)

0 (0.0%)

Elective surgical

0 (0.0%)

0 (0.0%)

3167 (100%)
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Table 4: Patient characteristics in subgroups

Admission type

Comorbid conditions at admission to the ICU
Cardiac

350 (19.6%)

133 (13.5%)

403 (12.7%)

Pulmonary

301 (16.9%)

148 (15.0%)

370 (11.7%)

Renal

126 (7.1%)

43 (4.4%)

118 (3.7%)

Neurological

311 (17.5%)

328 (33.3%)

166 (5.2%)

Malignancy / immunology

296 (16.6%)

107 (10.9%)

198 (6.3%)

Gastro-intestinal

72 (4.0%)

39 (4.0%)

18 (0.6%)

Diabetes

258 (14.5%)

130 (13.2%)

554 (17.5%)

Confirmed infection

576 (32.3%)

171 (17.4%)

86 (2.7%)

Vasoactive medication

823 (46.2%)

538 (54.6%)

1434 (45.3%)

APACHE IV score, median [IQR]

69 [46 – 93]

56 [40 – 79]

41 [32 – 52]

ICU mortality

386 (21.7%)

139 (14.1%)

40 (1.3%)

in-hospital mortality

496 (27.8%)

208 (21.1%)

91 (2.9%)

One-year mortality

708 (39.7%)

291 (29.5%)

288 (9.1%)

One-year survival

1074 (60.3%)

694 (70.5%)

2879 (90.9%)

Severity of illness at admission to the ICU

IQR = Interquartile range; APACHE IV = Acute Physiology And Chronic Health Evaluation IV
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Table 4: Patient characteristics in subgroups (cont’d)
Patient characteristics in
admission diagnosis groups

Cardiac
surgery

Sepsis

Subarachnoid haemorrhage

Traumatic
brain injury

Others

Number of Admissions (N)

2162

556

359

327

2530

Gender (Male)

1491 (69.0%)

341 (61.3%)

133 (37.0%)

228 (69.7%)

1517 (60.0%)

Age (years), Median [IQR]

69
[61 – 76]

62
[49 – 71]

58
[49 – 66]

54
[33 – 69]

60
[47 – 70]

ICU length of stay, days,
Median [IQR]

0.9
[0.8 – 1.0]

3.6
[1.1 – 8.9]

1.2
[0.8 – 3.0]

2.2
[0.9 – 6.0]

1.7
[0.8 – 4.7]

Hospital length of stay, days,
Median [IQR]

7.9 [6.0 –
10.0]

18.3 [7.9 –
35.2]

16.0 [6.5 –
24.4]

11.7
[4.7 – 27.0]

12.9
[6.9 – 24.2]

Medical

0 (0%)

470 (84.5%)

137 (38.2%)

174 (53.2%)

1001 (39.6%)

Urgent surgical

70 (3.2%)

49 (8.8%)

135 (37.6%)

136 (41.6%)

595 (23.5%)

Elective surgical

2092 (96.8%)

37 (6.7%)

87 (24.2%)

17 (5.2%)

934 (36.9%)

Admission type

Comorbid conditions at admission to the ICU
Cardiac

376 (17.4%)

45 (8.1%)

22 (6.1%)

14 (4.3%)

429 (17.0%)

Pulmonary

230 (10.6%)

117 (21.0%)

18 (5.0%)

15 (4.6%)

439 (17.4%)

Renal

86 (4.0%)

60 (10.8%)

0 (0.0%)

8 (2.4%)

133 (5.3%)

Neurological

4 (0.2%)

28 (5.0%)

318 (88.6%)

185 (56.6%)

270 (10.7%)

Malignancy / immunology

41 (1.9%)

154 (27.7%)

10 (2.8%)

5 (1.5%)

391 (15.5%)

Gastro-intestinal

7 (0.3%)

15 (2.7%)

1 (0.3%)

3 (0.9%)

103 (4.1%)

Diabetes

455 (21.0%)

91 (16.4%)

22 (6.1%)

29 (8.9%)

345 (13.6%)

Severity of illness at admission to the ICU
Confirmed infection

47 (2.2%)

436 (78.4%)

13 (3.6%)

14 (4.3%)

323 (12.8%)

Vasoactive medication

1035 (47.9%)

298 (53.6%)

156 (43.5%)

124 (37.9%)

1182 (46.7%)

APACHE IV score, median [IQR]

42 [33 – 53]

70 [50 – 91]

50 [34 – 81]

60 [37 – 81]

52 [35 – 75]

ICU mortality

25 (1.2%)

96 (17.3%)

86 (24.0%)

55 (16.8%)

303 (12.0%)

in-hospital mortality

46 (2.1%)

133 (23.9%)

105 (29.2%)

75 (22.9%)

436 (17.2%)

One-year mortality

119 (5.5%)

228 (41.0%)

122 (34.0%)

95 (29.1%)

723 (28.6%)

One-year survival

2043 (94.5%)

328 (59.0%)

237 (66.0%)

232 (70.9%)

1807 (71.4%)

IQR = Interquartile range; APACHE IV = Acute Physiology And Chronic Health Evaluation IV
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Patient characteristics per amount of
co-morbid conditions at ICU admission

0

1

2

3 or more

Number of Admissions (N)

2606

2387

765

176

Gender (Male)

1680 (64.5)

1460 (61.2)

450 (58.8)

120 (68.2)

Age (years), Median [IQR]

63 [49 - 73]

63 [52 - 72]

66 [56 - 74]

67 [61 - 75]

ICU length of stay, days, Median [IQR]

0.9
[0.8 – 1.8]

1.2
[0.9 – 3.9]

1.7
[0.9 – 4.7]

1.7
[0.9 – 4.8]

Hospital length of stay, days, Median [IQR]

8.9
[6.1 – 15.9]

11.0
[6.2 – 22.0]

10.9
[5.9 – 23.2]

15.1
[6.0 – 31.7]

Medical

577 (22.1)

786 (32.9)

339 (44.3)

80 (45.5)

Urgent surgical

301 (11.6)

486 (20.4)

158 (20.7)

40 (22.7)

Elective surgical

1728 (66.3)

1115 (46.7)

268 (35.0)

56 (31.8)

Cardiac

0

521 (21.8)

269 (35.2)

96 (54.5)

Pulmonary

0

411 (17.2)

311 (40.7)

97 (55.1)

Neurological

0

595 (24.9)

170 (22.2)

40 (20.7)

Renal

0

76 (3.2)

134 (17.5)

77 (43.8)

Malignancy / immunology

0

288 (12.1)

225 (29.4)

88 (50.0)

Gastro-intestinal

0

55 (2.3)

53 (6.9)

21 (11.9)

Diabetes

0

441 (18.5)

368 (48.1)

133 (75.6)

Confirmed infection

305 (11.7)

340 (14.2)

141 (18.4)

47 (26.7)

Vasoactive medication

1098 (42.1)

1180 (49.4)

416 (54.4)

101 (57.4)

APACHE IV score, Median [IQR]

41 [31 – 55]

52 [37 – 74]

65 [45 – 92]

73 [55 – 101]

ICU mortality

73 (2.8)

306 (12.8)

149 (19.5)

37 (21.0)

In-hospital mortality

111 (4.3)

421 (17.6)

203 (26.5)

60 (34.1)

One-year mortality

259 (9.9)

637 (26.7)

310 (40.5)

81 (46.0)

One-year survival

2347 (90.1)

1750 (73.3)

455 (59.5)

95 (54.0)

Admission type

Comorbid conditions at admission to the ICU

Severity of illness at admission to the ICU

IQR = Interquartile range; APACHE IV = Acute Physiology And Chronic Health Evaluation IV
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Table 4: Patient characteristics in subgroups (cont’d)

Table 4: Patient characteristics in subgroups (cont’d)
Patient characteristics in
comorbidity groups

Chronic
renal failure

Metastasised
malignancy

Diabetes

COPD

Number of Admissions (N)

287

162

942

636

Gender (Male)

187 (65.2)

97 (59.9%)

593 (63.0%)

413 (64.9%)

Age (years), Median [IQR]

69 [59 – 76]

63 [57 – 71]

69 [61 – 76]

68 [62 – 76]

ICU length of stay, days, Median [IQR]

1.8
[0.9 – 4.8]

1.0
[0.8 – 2.7]

1.0
[0.8 – 3.0]

1.1
[0.8 – 3.8]

Hospital length of stay, days, Median [IQR]

15.2
[7.1 – 30.2]

12.7
[7.4 – 23.2]

9.1
[6.1 – 18.1]

11.0
[6.9 – 21.2]

Medical

126 (43.9%)

50 (30.9%)

258 (27.4%)

199 (31.3%)

Urgent surgical

43 (15.0%)

30 (18.5%)

130 (13.8%)

105 (16.5%)

Elective surgical

229 (41.1%)

82 (50.6%)

554 (58.8%)

332 (52.2%)

Cardiac

59 (20.6%)

9 (5.6%)

189 (20.1%)

91 (14.3%)

Pulmonary

54 (18.8%)

16 (9.9%)

180 (19.1%)

636 (100%)

Neurological

10 (3.5%)

19 (11.7%)

78 (8.3%)

39 (6.1%)

Renal

287 (100%)

7 (4.3%)

95 (10.1%)

45 (7.1%)

Malignancy / immunology

73 (25.4%)

162 (100%)

88 (9.3%)

81 (12.7%)

Gastro-intestinal

15 (5.2%)

10 (6.2%)

26 (2.8%)

18 (2.8%)

Diabetes

95 (33.1%)

21 (13.0%)

942 (100%)

144 (22.6%)

Confirmed infection

96 (33.4%)

36 (22.2%)

121 (12.8%)

122 (19.2%)

Vasoactive medication

166 (57.8%)

74 (45.7%)

475 (50.4%)

332 (52.2%)

APACHE IV score, Median [IQR]

74 [59 – 95]

55 [42 – 74]

52 [40 – 73]

55 [41 – 73]

ICU mortality

54 (18.8%)

18 (11.1%)

76 (8.1%)

62 (9.7%)

In-hospital mortality

91 (31.7%)

37 (22.8%)

126 (13.4%)

92 (14.5%)

One-year mortality

128 (44.6%)

79 (48.8%)

220 (23.4%)

171 (26.9%)

One-year survival

159 (55.4%)

83 (51.2%)

722 (76.6%)

465 (73.1%)

Admission type

Comorbid conditions at admission to the ICU

Severity of illness at admission to the ICU

IQR = Interquartile range; APACHE IV = Acute Physiology And Chronic Health Evaluation IV
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Figure 2a: One-year survival in the general Dutch population (matched for age and gender), the
total ICU population and per admission type

Figure 2b: One-year survival in admission diagnosis groups
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Figure 2c: One-year survival per amount of comorbid conditions at ICU admission

Figure 2d: One-year survival in comorbidity groups
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Responders

Non-responders

P-value

Number of admissions (N)

3034

1613

.000

Gender (Male) *

1982 (65.3%)

940 (58.3%)

.000

Age (years), Median [IQR] *

65 [54 – 73)

59 [44 – 71]

.000

Medical

572 (18.9%)

502 (31.1%)

.000

Urgent surgical

430 (14.2%)

264 (16.4%)

.000

Elective surgical

2032 (67.0%)

847 (52.5%)

.000

Cardiac surgery

1517 (50.0%)

526 (32.6%)

.000

Sepsis

174 (5.7%)

154 (9.5%)

.000

Subarachnoid haemorrhage

167 (5.5%)

70 (4.3%)

.000

Traumatic brain injury

116 (3.8%)

116 (7.2%)

.000

Others

1060 (34.9%)

747 (46.3%)

.000
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Table 5: Differences between questionnaire responders and non-responders

Admission types *

Admission diagnosis groups *

Comorbid conditions at admission to the ICU
Cardiac

412 (13.6%)

208 (12.9%)

.514

Pulmonary *

343 (11.3%)

248 (15.4%)

.000

Renal

94 (3.1%)

65 (4.0%)

.096

Neurological *

285 (9.4%)

185 (11.5%)

.025

Malignancy / immunology

203 (6.7%)

123 (7.6%)

.235

Gastro-intestinal

40 (1.3%)

28 (1.7%)

.259

Diabetes *

436 (14.4%)

286 (17.7%)

.003

Cardiac or pulmonary resuscitation

92 (3.0%)

48 (3.0%)

.915

Dysrhythmia

140 (4.6%)

80 (5.0%)

.598

Thrombolytic therapy after AMI

11 (0.4%)

7 (0.4%)

.709

Acute renal failure

58 (1.9%)

40 (2.5%)

.199

Confirmed infection *

276 (9.1%)

211 (13.1%)

.000

Vasoactive medication *

1368 (45.1%)

635 (39.4%)

.000

APACHE IV score, Median [IQR]

44 [33 – 57)

44 [31 – 60]

.762

Severity of illness at admission to the ICU

* = p<0.05; IQR = Interquartile range
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Table 5: Differences between questionnaire responders and non-responders
Admission diagnosis groups
Cardiac surgery
•
OP - CABG alone, coronary artery bypass grafting
•
OP - CABG alone, redo
•
OP - CABG redo with other operation
•
OP - CABG with other operation
•
OP - CABG, Minimally invasive; Mid-CABG
•
OP - Aortic and Mitral valve replacement
•
OP - Aortic valve replacement (isolated)
•
OP - CABG redo with valve repair/replacement
•
OP - CABG with aortic valve replacement
•
OP - CABG with double valve repair/replacement
•
OP - CABG with mitral valve repair
•
OP - CABG with mitral valve replacement
•
OP - CABG with pulmonic or tricuspid valve repair or replacement ONLY.
•
OP - Mitral valve repair
•
OP - Mitral valve replacement
•
OP - Pulmonary valve surgery
•
OP - Tricuspid valve surgery
Sepsis
•
NO - Cellulitis and localized soft tissue infections
•
NO – Cholangitis
•
NO – Encephalitis
•
NO – Endocarditis
•
NO – Meningitis
•
NO - Pneumonia, bacterial
•
NO - Pneumonia, fungal
•
NO - Pneumonia, other
•
NO - Pneumonia, parasitic (i.e. Pneumocystis pneumonia)
•
NO - Pneumonia, viral
•
NO - Sepsis, cutaneous/soft tissue
•
NO - Sepsis, GI
•
NO - Sepsis, other
•
NO - Sepsis, pulmonary
•
NO - Sepsis, renal/UTI (including bladder)
•
NO - Sepsis, unknown
•
OP - Abscess/infection-cranial, surgery for
•
OP - Cellulitis and localized soft tissue infections, surgery for
•
OP - Cholecystectomy/cholangitis, surgery for (gallbladder removal)
•
OP - Fistula/abscess, surgery for (not inflammatory bowel disease)
•
OP - Infection/abscess, other surgery for
•
OP - Peritonitis, surgery for
•
OP - Sepsis, cutaneous/soft tissue
•
OP - Sepsis, GI
•
OP - Sepsis, other
•
OP - Sepsis, pulmonary
•
OP - Thoracotomy for thoracic/respiratory infection
Subarachnoid haemorrhage
•
NO - Subarachnoid haemorrhage/arteriovenous malformation
•
NO - Subarachnoid haemorrhage/intracranial aneurysm
•
OP - Subarachnoid haemorrhage/intracranial aneurysm, surgery for
Traumatic brain injury
•
OP - Hematoma, subdural, surgery for
•
OP - Haemorrhage/hematoma-intracranial, surgery for
•
NO - Head (CNS) only trauma
Co-morbid condition per organ system
Cardiac comorbidity
•
Cardio-/pulmonary resuscitation prior to ICU admission
•
Dysrhythmia
•
Chronic cardiovascular insufficiency
•
Use of thrombolytic therapy after acute myocardial infarction
Pulmonary comorbidity
•
COPD
•
Respiratory insufficiency
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Neurological comorbidity
•
Past history of stroke
•
Intracranial mass effect prior to ICU admission
Renal comorbidity
•
Chronic renal insufficiency
•
Chronic dialysis of any kind
Malignant or immunocompromising comorbidity
•
Past history of haematological malignancy
•
Metastasized neoplasm
•
AIDS
•
Any kind of immunological insufficiency
Gastro-intestinal comorbidity
•
Cirrhosis
•
Gastrointestinal bleeding.
Diabetes
•
Past history of diabetes
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subgroups, one year after admission, using EuroQoL EQ-6D-3L
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Chapter 3
The ability of intensive care unit
physicians to estimate long-term prognosis
in survivors of critical illness

Abstract
Purpose:
To assess the reliability of physicians’ prognoses for intensive care unit (ICU)
survivors with respect to long-term survival and health related quality of life (HRQoL).
Methods:
We performed an observational cohort-study in a single mixed tertiary ICU in The
Netherlands. ICU survivors with a length of stay >48hours were included. At ICU
discharge, one-year prognosis was estimated by physicians using the four-option
Sabadell score to record their expectations. The outcome of interest was poor
outcome, which was defined as dying within one-year follow-up or surviving with an
EuroQoL5D-3L index <0.4.
Results:
Among 1399 ICU survivors, 1068 (76%) subjects were expected to have a good
outcome; 243 (18%) a poor long-term prognosis; 43 (3%) a poor short-term prognosis,
and 45 (3%) to die in hospital (i.e. Sabadell score levels). Poor outcome was
observed in 38%, 55%, 86%, and 100% of these groups respectively (concomitant
c-index: 0.61). The expected prognosis did not match observed outcome in 365
(36%) patients. This was almost exclusively (99%) due to over optimism. Physician
experience did not affect results.
Conclusions:
Prognoses estimated by physicians incorrectly predicted long-term survival and
HRQoL in one-third of ICU survivors. Moreover, inaccurate prognoses were generally
the result of over optimistic expectations of outcome.
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T

he ICU physician is increasingly involved in decision making concerning follow
up and post-ICU treatment of patients who have survived ICU care [1]. To do so,
it is important to identify patients with an increased risk of poor outcome at the time
of ICU discharge [2, 3]. Currently prognoses at ICU discharge are largely based on
the intuitive insight of the treating physicians. Based on their clinical expertise, they
incorporate a patient’s condition before ICU admission (medical history, functional
status, quality of life and social environment) and the events during hospital and
ICU stay into a holistic prognosis for the patient. This contrasts with the ‘objective’
multivariable prediction models typically used in ICU research, which incorporate a
patient’s vital status, age and pre-existing comorbidities at ICU admission. However,
these models typically do not incorporate prior functional status or quality of life [4, 5],
and are mostly focused on prediction of short-term mortality rather than long-term
functional outcomes.
Because of these omissions, researchers have tried to validate the ICU
physicians’ estimations of the risk of poor ICU outcomes [6, 7]. And they directly
compared the prognostic performance of physicians’ prognoses to those of statistical
models [8-10]. A systematic review of such studies showed that at ICU admission,
physicians were more accurate in discriminating patients who would die in comparison
to contemporary statistical models [10]. However, thus far, only in the domain of the
neurologically critically ill were the studies focussed on predicting functional status
as outcome of interest [11]. Studies in the general ICU population focussed on survival
alone [8, 12]. As a result, it is unknown whether ICU physicians are also accurate at
predicting survival in conjunction with quality of life, at the moment a general ICU
patient is discharged from the ICU.
So, with the increasing attention for the long-term functional consequences
of ICU care in all critically ill patients [13, 14], prognostic estimations made at ICU
discharge should accurately reflect both the probability of long-term survival and that
of an adequate health related quality of life (HRQoL) [12, 13]. Therefore, the aim of this
study was to assess the ability of physicians to accurately prognosticate survivors
of critical illness upon ICU discharge with respect to their long-term survival and
HRQoL.
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Introduction

Methods
Study design, setting and participants
This study was designed as a cohort study using data prospectively collected for
the purpose of benchmarking and follow-up data for quality of care evaluation. The
study was performed at the ICU of the University Medical Center Utrecht. This ICU’s
population is a mix of medical-surgical critically ill patients, including those after major
cardiac, neurological (trauma, vascular and oncology related), gastro-intestinal and
transplant surgery, and most types of medical patients. We included ICU survivors
admitted to the ICU between March 2012 and December 2014, with an ICU length
of stay of over 48 hours. If patients were readmitted to the ICU during this period,
they were only included once (the first ICU admission). Patients under the age of 18
and those who declined to participate in any medical research (through a hospitalwide opt-out procedure) were excluded. The Institutional Review Board (IRB) of
the University Medical Center Utrecht waived the need for informed consent when
working with anonymised patient and follow-up data after approval of the follow-up
protocol (UMC Utrecht IRB protocol number 10/006).
Data collection and follow-up
The data extracted for this study included patients’ demographics, chronic
comorbidities, admission diagnosis, severity of disease at admission (acute
physiology and chronic health evaluation (APACHE) IV predicted mortality [4]),
disease progression during admission (sequential organ failure assessment (SOFA)
scores [15]), length of stay, and active treatment restrictions at ICU discharge. All
these variables were recorded during ICU admission for every patient as part of
regular care. Consequently, the data were validated by trained research personnel
as part of the National Intensive Care Evaluation collection of ICU benchmarking
data.
One year after ICU discharge the municipal registry was checked for the
survival status of all patients. If a patient had died, the date of death was extracted.
If a patient had survived, the address was extracted from the registry and the patient
was sent a questionnaire concerning HRQoL; non-responders were resent the
questionnaire and received a reminder per telephone call [16].
Physician prognosis at intensive care unit discharge
The ICU physician’s prognosis at ICU discharge was measured using the Sabadell
score [17, 18]. The Sabadell score consists of four prognostic categories. The treating
ICU physician is supposed to select the one most applicable to the patient’s
expected outcome: ”0 - good prognosis”, “1 - long-term poor prognosis (> 6 months)
with unlimited ICU readmission”, “2 - short-term poor prognosis (< 6 months);
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Study outcomes
The main study outcomes of interest were survival up to one year and long-term
poor outcome. We defined poor outcome on the composite of survival and HRQoL.
This was operationalised as dying within a year after ICU discharge or surviving
follow-up with a low HRQoL [16]. For this study the EuroQoL 5D-3LTM (EQ5D) was
used to assess HRQoL [19] [see additional file 1]. A low HRQoL was defined as an
EQ5D index below 0.4. Any patients with a low HRQoL according to this threshold,
reported at least one severe EQ5D disability [16, 19], and would fall below the average
HRQoL of patients with moderate to severe physical [20], cognitive [21], or psychiatric
disabilities [22].
Missing data
Missing data were likely to occur in one-year survivors not responding to the HRQoL
questionnaire. As ignoring possible selective missingness typically leads to biased
results [23, 24], multiple imputation techniques were used to replace the missing
EQ5D responses per dimension of the questionnaire for non-responding one-year
survivors [23-27]. See additional file 1 for more details on missing rates and imputation
techniques.
Statistical analyses
Before analysing outcomes, the association between patient characteristics and
the prognosis assigned at ICU discharge was studied by comparing characteristics
across Sabadell score groups. This was done using a Chi-square test for comparisons
of categorical variables and the Kruskal-Wallis test for comparisons of continuous
variables. One-year survival was studied using Kaplan-Meier survival curves for the
different ICU physician prognosis groups. The survival curves were compared using
the log-rank test. Further, the physician’s prognosis’ predictive performance for oneThe ability of intensive care unit physicians to estimate long-term prognosis in
survivors of critical illness
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ICU readmission debatable”, or “3 - Death expected during hospitalisation, ICU
readmission not recommended” [17]. The Sabadell score was translated into Dutch
while maintaining similar wording. Assigning a Sabadell score was mandatory for the
ICU physician when discharging a patient from the ICU. The score was saved into
the electronic patient file but was not made available during post-ICU treatment. The
physicians were not informed about the use of this score for the current study during
data collection. Next to Sabadell score, we assigned the physician completing the
Sabadell score into one of three levels of experience and recorded the level. At level
1 were first year registrars (around 3 years of experience; US: residents), at level 2
were sixth year registrars (around 5 years of experience; US: fellows) and at level
3 were consulting intensivists (at least 8 years of experience; US: board certified/
attending).

year survival and for poor outcome were studied by the discrimination, as measured
by the concordance index (c-index) (obtained by rank correlation for censored data
when studying survival outcomes separately).
Second, patient characteristics were assessed for having an association with
a prognosis at ICU discharge which did not match the observed long-term outcome.
To this end, patients were grouped into over pessimistic and over optimistic prognosis
groups. The over pessimistic group contained patients where death was expected
during hospital stay but which did not occur, and patients who were assigned a shortterm poor prognosis while those patients survived follow-up with a high HRQoL. The
over optimistic group contained patients where a good prognosis was expected at
ICU discharge but the patient either died within a year or survived with a low HRQoL,
and patients assigned a long-term poor prognosis while the patient died within a year
of follow-up. The remaining patients made up the correct prognosis group. Patient
characteristics were compared between the over optimistic and correct prognosis
group, and between the over pessimistic and correct prognosis group separately.
Finally, to study the effects of physician experience we stratified our data
along three levels of experience in a post-hoc analysis. Within these three subgroups
agreement between estimated prognosis and observed outcome was tabulated, and
the c-index for discrimination was calculated.
For all statistical analyses pooling across imputation datasets was performed
using Rubin’s rules for the appropriate test statistic. A p-value of .05 was considered
statistically significant. Analyses were performed using R version 3.2.2 (R Foundation
for Statistical Computing, 2015).

Results
Study population
Among 1676 unique patients enrolled during the inclusion period having a length of
stay over 48 hours, 1419 (84.7%) survived their ICU stay. Of these eligible patients,
three were excluded because of a missing Sabadell score. Seventeen patients were
considered lost to follow-up because they were not registered in the Dutch municipal
registry, or because there was no available address. This left 1399 patients to be
included in this study (figure 1).
In the total study population, the median ICU length of stay was 5 days
(interquartile range (IQR): 3.1-10.1 days). Twenty-three percent of patients were
admitted after elective surgery. Admissions after coronary artery bypass graft or
cardiac valve surgery surmised 14% of the total population. The APACHE IV predicted
probability of mortality, showing disease severity at admission, had a median of 0.14
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Predictive performance of physicians at ICU discharge
Overall, 322 (23%) of included ICU survivors died during the subsequent year. The
four prognostic groups showed significantly distinct survival curves (log-rank p<.001;
figure 2). The mortality rates at hospital discharge and at one year are shown in
additional file 2 table 6. Based on the prognosis groups the c-index for discrimination
of one-year survival was 0.69 (95%CI: 0.66-0.72).
Low HRQoL was observed in 287 (27%) of the 1077 patients who survived
beyond the first year. Consequently, poor outcome (as defined by the composite of
death or low HRQoL), occurred in 609 (44%) of all patients included in this study.
When grouped according to estimated physician prognosis, poor outcome occurred
in 393 (38%), 134 (55%), 37 (86%), and 45 (100%) patients with Sabadell scores
of 0, 1, 2 and 3, respectively (see additional file 2 table 6). The resulting c-index for
discrimination of poor outcome based on physician prognosis was 0.61 (95%CI:
0.60-0.66).
Over pessimistic and over optimistic prognosis groups
An over pessimistic prognosis, i.e. assigning a worse prognosis at ICU discharge
than was observed at the end of one-year follow-up, occurred in 0.4% (n=6) of
patients. The over optimistic group consisted of 36% (n=498) of all patients. This left
64% (n=895) of patients in the correct prognosis group (see figure 3).
Table 2 presents descriptive statistics on these three patient groups.
Because of the small size of the over pessimistic group, no statistical tests were
performed on this group. When comparing the over optimistic group with the correct
prognosis group, a patient with an over optimistic prognosis was less likely to have
been admitted after elective surgery, and more likely to have been admitted with
sepsis. Additionally, over optimism was associated with patients with more frequent
chronic kidney insufficiency or diabetes as comorbidities at ICU admission, and
with more patients requiring cardiopulmonary resuscitation on the first day of ICU
admission.
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(IQR: 0.05-0.38). Further patient details at and during admission are presented in
table 1.
Sabadell scores of 0, 1, 2 and 3 were found in 1068 (76%), 243 (18%),
43 (3%), 45 (3%) patients, respectively. Higher Sabadell scores (corresponding to
poorer physician estimates of prognosis) were associated with increased ICU length
of stay, a decreased proportion of elective surgery patients, an increased proportion
of patients admitted with a metastasized neoplasm, confirmed infection or stroke,
and an increased APACHE IV predicted mortality at ICU admission (table 1).

Post-hoc analysis: physician experience level
First year registrars, sixth year registrars and consulting intensivists respectively
provided the prognosis for 578 (41.3%), 414 (29.6%) and 407 (29.1%) of all patients.
The proportions of correct prognoses for these three groups were 62%, 64% and
67% (see supplementary material 2 table 8). The concomitant c-indices for the
discrimination of poor outcome were 0.58 (95%CI: 0.57-0.65), 0.62 (95%CI: 0.610.66) and 0.65 (95%CI: 0.63-0.67) respectively. Neither the proportions of correct
prognoses, nor the c-indices differed significantly from each other.

Discussion
We investigated to what extent the physician’s estimation of a patient’s prognosis at
ICU discharge was in accordance with observed long-term outcomes and found that
ICU physicians performed only moderately. Moreover, when studying the predictive
performance for survival and HRQoL combined, the discriminatory performance was
poor. One third of all ICU survivors experienced an outcome which was particularly
worse than what was expected by the ICU physician.
Interestingly, in patients whom the physicians over optimistically estimated
the prognosis, certain pre-existing comorbidities (like chronic kidney insufficiency,
chronic obstructive pulmonary disease or diabetes), admission types (medical),
admission diagnoses (sepsis) were seen and acute events early during ICU stay
occurred more often. Yet, this over optimism was not associated with disease severity
at admission or organ failure (as measured by the maximum SOFA-score) during ICU
admission. These findings make it seem that patient characteristics available at ICU
admission can be used to identify patients in which estimating the prognosis may be
difficult. Especially when the physician initially feels optimistic about such a patient’s
outlook, over optimistic estimations are a potential risk. In clinical practice this should
urge the ICU physician to be extra cautious when estimating the individual prognosis
for patients with these characteristics. However, we do need to acknowledge these
are secondary findings in an explorative part of this study. As such, these findings do
not necessarily imply causal links between factors known early after ICU admission
and the eventual correctness of a physicians’ estimate of long-term outcome.
With regard to previous research on this topic, it was already confirmed that
patients with a pessimistic ICU physician prognosis at ICU discharge would have
poorer long-term survival than patients where the physician was optimistic would have
[17, 18, 28]
. However, there were differences between our study and similar prior ones.
For example, in external validations of the Spanish prognostic estimation score (the
so-called Sabadell score used in this study), the survival rates differed considerably
from ours. The in-hospital mortality of the entire cohorts in these studies was lower
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than in our cohort (5.3-6.7% versus 9.1%). This mortality difference remained across
all four Sabadell score groups: in patients with a good prognosis (1.3-1.5% versus
4.8%), in patients with long-term poor prognosis (3.2-9% versus 9.5%), in patients
with short-term poor prognosis (16-23% versus 39.5%), and in patients with expected
death in hospital (49-64% versus 82.2%) [18, 28]. Further, in an external validation
study in the United Kingdom, long-term mortality was also lower than in our study
[28] (exact data not available), while the physicians more often seemed to expect
poor prognoses than in our study. These differences are likely to be caused by the
studies’ case-mixes and settings. In particular the exclusion of patients with a length
of stay less than 48 hours in our study sets it aside from these prior studies [17, 18].
Adding the patients with a short ICU stay to our cohort would indeed result in a lower
hospital and one-year mortality in all prognosis groups, more alike that of previous
studies (see additional file 2 table 7). However, adding these short stay patients to
the study population would not affect the predictive performance as measured by
the discrimination for survival (c-index 0.68; 95%CI 0.67-0.70) or for poor outcome
including survival and HRQoL (c-index 0.63; 0.62-0.66).
Other studies into the prognostic ability of ICU physicians have focussed
on the different levels of physician experience [6, 29]. In these studies, attending
intensivists consistently outperformed ICU fellows with regard to the predictive value
of their outcome predictions. In our post-hoc analysis, even the most experienced
ICU physicians were incorrect(ly over optimistic) in over 30% of prognoses,
discriminating those with a poor outcome only slightly better than physicians with
the least experience. We believe this result may be explained by the timing of
estimating the prognosis in our study. Both aforementioned papers studied (daily)
prognostication on the first day(s) of ICU admission. When studying prognostication
at ICU discharge however, it is more likely that the entire team of physicians has
discussed the patient’s course of disease and the patient’s probable prognosis. This
could have positively influenced the prognostic accuracy of the less experienced
physicians, bringing the results of the three subgroups closer together.
This study has several strengths. First, patients and clinicians alike will find
prognostic performance which includes long-term HRQoL next to long-term survival
more relevant for practical use, than prognostic performance for (short-term) survival
alone [13, 30]. Second, when studying HRQoL as an outcome in an observational
study, patients lost to follow-up due to death or non-response need to be taken into
account. In this study the composite outcome of survival and HRQoL minimizes
any bias which could exist when studying HRQoL in survivors only, while the use
of multiple imputation techniques takes into account the possible selective loss to
follow-up due to non-response within survivors.
Next to these strengths, this study has limitations which need to be addressed.
First, this was a single-centre study. Therefore, the results presented here may not

generalize to ICUs worldwide, or even other ICUs in the Netherlands, even though
similar results were seen in the few prior studies on the Sabadell score. Second,
due to its limited options the Sabadell score might not be a tool sensitive enough
to capture the prognosis made by the ICU physicians. Third, this study was not
set up to verify interrater differences or whether specific ICU physicians influenced
concordance between intuitive prognosis and observed outcome. Consequently, we
did not have multiple physicians score each individual patient. However, the interrater
agreement of two physicians scoring the relatively simple Sabadell score for the
same patient has been reported as moderate at best (interrater Kappa: 0.68) [31].
One might argue that consistently over optimistic or over pessimistic ICU physicians
might have biased our results. Future studies using physician estimates of prognosis
could opt to have the patient’s prognosis performed by at least two physicians,
independently. This would enable the study of specific physicians completing
the score (and the association between experience or ‘prognostics’ training, and
prognostication). Lastly, no correction for multiple testing was performed, making
the statistical inferences in this study prone to high false positive rates. Corrections
were not performed because the aim of our study was to compare the subgroups on
a general level, without drawing causal conclusions about specific differences.
To our knowledge, studies which used other tools to record the physicians’
prognosis at ICU discharge, such as assigning the probability of outcome directly,
are non-existent. Moreover, risk prediction models which could provide statistically
modelled prognoses specifically at ICU discharge have been not reported or are
not yet completely developed [32]. Consequently, this is the first study specifically
describing the predictive performance of (physician’s) prognoses made at ICU
discharge for long-term clinically relevant outcomes.

Conclusions
The subjective prognosis estimated by ICU physicians incorrectly predicted longterm survival and HRQoL in one out of three ICU patients, regardless of physician
experience. This suggests that ICU physicians are currently unable to perform
sufficiently reliable risk stratifications in survivors of critical illness with respect to
long-term patient-centred outcomes.
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Table 1: Patient characteristics
Sabadell score groups a
Total population (N=1399)

0
(n=1068)

1
(n=243)

2
(n=43)

3
(n=45)

Sex (female)

497 (35.5%)

380 (35.6%)

84 (34.6%)

16 (37.2%)

17 (37.8%)

.969

Age, years

62 [50-71]

61 [49-70]

63 [50-74]

65 [56-75]

66 [58-73]

<.001

Hospital LoS, days

21.5 [12.7-38.7]

20.6 [12.3-36]

29.7 [15.9-47.8]

28.9 [14.7-50.4]

11.5 [7.5-14.6]

<.001

ICU LoS, days

5.4 [3.1-10.1]

4.9 [3-9]

7.6 [3.9-14.6]

9.6 [4.4-17]

6.4 [3.8-10.8]

<.001

pre-ICU hospital
LoS, days

0.4 [0-1.6]

0.4 [0-1.4]

0.4 [0-2.3]

0.2 [0-0.8]

0.1 [0-1]

.019

post-ICU hospital
LoS, days

12.2 [5.9-22.8]

12.1 [6-21.9]

17 [7.1-27]

18 [4.4-25.6]

1.4 [0.6-4.3]

<.001

Elective Surgical

324 (23.2%)

286 (26.8%)

37 (15.2%)

1 (2.3%)

0 (0%)

Urgent Surgical

411 (29.4%)

327 (30.6%)

56 (23%)

10 (23.3%)

18 (40%)

Medical

664 (47.5%)

455 (42.6%)

150 (61.7%)

32 (74.4%)

27 (60%)

Admission type

p-value b

<.001

Admission diagnosis

<.001

Cardiac surgery
(CABG or valve)

199 (14.2%)

184 (17.2%)

15 (6.2%)

0 (0%)

0 (0%)

Sepsis

218 (15.6%)

149 (14%)

55 (22.6%)

11 (25.6%)

3 (6.7%)

53 (3.8%)

33 (3.1%)

10 (4.1%)

6 (14%)

4 (8.9%)

Traumatic brain
injury

124 (8.9%)

94 (8.8%)

16 (6.6%)

7 (16.3%)

7 (15.6%)

Cardiac,
non-surgical

122 (8.7%)

88 (8.2%)

23 (9.5%)

2 (4.7%)

9 (20%)

683 (48.8%)

520 (48.7%)

124 (51%)

17 (39.5%)

22 (48.9%)

12 (0.9%)

9 (0.8%)

3 (1.2%)

0 (0%)

0 (0%)

.760

167 (11.9%)

134 (12.5%)

31 (12.8%)

2 (4.7%)

0 (0%)

.032

Chronic dialysis

24 (1.7%)

16 (1.5%)

8 (3.3%)

0 (0%)

0 (0%)

.144

Chronic kidney
insufficiency

102 (7.3%)

78 (7.3%)

19 (7.8%)

4 (9.3%)

1 (2.2%)

.558

Chronic respiratory

135 (9.6%)

93 (8.7%)

33 (13.6%)

7 (16.3%)

2 (4.4%)

.030

17 (1.2%)

12 (1.1%)

3 (1.2%)

1 (2.3%)

1 (2.2%)

.826

COPD

149 (10.7%)

114 (10.7%)

27 (11.1%)

4 (9.3%)

4 (8.9%)

.963

Diabetes

205 (14.7%)

163 (15.3%)

33 (13.6%)

7 (16.3%)

2 (4.4%)

.223

Immunological
insufficiency

159 (11.4%)

113 (10.6%)

34 (14%)

6 (14%)

6 (13.3%)

.427

30 (2.1%)

14 (1.3%)

8 (3.3%)

4 (9.3%)

4 (8.9%)

<.001

Subarachnoid
haemorrhage

Other

Comorbidities
AIDS/HIV
Chronic
cardiovascular
(NYHA IV)

Cirrhosis

Metastasized neoplasm
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Patient
characteristics

Acute complications on the first day of ICU admission
Acute kidney injury

117 (8.4%)

81 (7.6%)

27 (11.1%)

6 (14%)

3 (6.7%)

.160

Cerebrovascular
incident (stroke)

195 (13.9%)

121 (11.3%)

39 (16%)

17 (39.5%)

18 (40%)

<.001

CPR

298 (21.3%)

216 (20.2%)

61 (25.1%)

14 (32.6%)

7 (15.6%)

.073

119 (8.5%)

83 (7.8%)

20 (8.2%)

4 (9.3%)

12 (26.7%)

<.001

142 (10.2%)

102 (9.6%)

28 (11.5%)

5 (11.6%)

7 (15.6%)

.481

Cranial mass effect

20 (1.4%)

15 (1.4%)

4 (1.6%)

0 (0%)

1 (2.2%)

.823

Confirmed infection

193 (13.8%)

117 (11%)

43 (17.7%)

14 (32.6%)

19 (42.2%)

<.001

Mechanical ventilation
at ICU admission

1237 (88.4%)

963 (90.2%)

202 (83.1%)

35 (81.4%)

37 (82.2%)

.004

Mechanical ventilation
within 24 hours

1313 (93.9%)

1009 (94.5%)

224 (92.2%)

41 (95.3%)

39 (86.7%)

.107

APACHE IV
predicted mortality

0.14 [0.05-0.38]

0.12 [0.05-31]

0.22 [0.08-0.48]

0.43 [0.22-62]

0.52 [0.33-0.72]

<.001

Sum of SOFA
scores during ICU
stay

33 [20-65]

31 [19-57]

45 [24-96]

57 [30-102]

43 [24-80]

<.001

Totalmax SOFA
score

10 [7-13]

10 [7-13]

10 [7-13]

10 [9-12]

10 [8-12]

.450

Treatment
restrictions at ICU
discharge

100 (7.1%)

38 (3.6%)

30 (12.3%)

10 (23.3%)

22 (48.9%)

<.001

Dysrhythmia
Gastro-intestinal bleed

Values are expressed as number (percentage) for categorical variables and as median [interquartile range] for
continuous variables. LoS, length of stay; ICU, intensive care unit; CABG, coronary artery bypass grafting;
AIDS, acquired immune deficiency syndrome; HIV, human immunodeficiency virus; NYHA IV, New York
Heart Association classification four; COPD, chronic obstructive pulmonary disease; CPR, cardiopulmonary
resuscitation; APACHE IV, acute physiology and chronic health evaluation version four; SOFA, sequential
organ failure assessment; a, Sabadell score groups: 0, good prognosis; 1, long-term poor prognosis (>
6 months) with unlimited ICU readmission; 2, short-term poor prognosis (< 6 months); ICU readmission
debatable; 3, death expected during hospitalisation, ICU readmission not recommended; b, p-value for
difference across Sabadell score groups.
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Figure 2: Kaplan Meier survival curve per prognosis group

ICU, intensive care unit. Dotted lines are 95% confidence intervals. Log rank test for difference in survival
distributions p-value <.001

Figure 3: Agreement between physician prognosis and observed outcome
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Supplementary material 1: Extended methods
EuroQoL 5D-3LTM questionnaire
HRQoL was measured using the EuroQoL 5D-3LTM questionnaire (EQ5D). This
questionnaire consists of five questions each representing a dimension of HRQoL.
The dimensions are mobility, self-care, usual activities, pain or discomfort and anxiety
or depression. Patients assigned a score of no (1), little (2) or many problems (3) to
each of these dimensions. Based on these five dimensions with 3 possible answers
each, 35 (243) health states can be discerned. For many different countries the
EuroQoL group has studied how the differing populations value certain health states.
Out of these studies the EuroQoL group developed so-called national tariffs which
put these health states on a scale from “1” (full health) to “0” (dead). Negative values,
or health states valued worse than death, were also possible. This scale is the EQ5D
index scale. For this study, the subjects’ answers to the EQ5D’s 5 dimensions were
indexed according to the weighting scheme for the Dutch population [1, 2].
For further reference please visit the EuroQoL organisation’s website at
http://www.euroqol.org/
We defined a low HRQoL as an EQ5D index of 0.4 or below. This cut-off
for the dichotomization of the EQ5D was chosen based on previously discussed
grounds [2]. Patients who qualified their health state as such are on par with those
with moderate to severe amyotrophic lateral sclerosis (mean EQ5D of 0.56 to 0.27)
[3]
, patients suffering from dementia with a depression (mean EQ5D of 0.37) [4], or
patients with a severe to extreme depressive episode (median EQ5D indices of 0.57
to 0.29) [5]. Still, after classifying patients as such, patients with a low HRQoL might
not have considered themselves to be (severely) disabled. However, based on the
Dutch EQ5D index formula it can be shown that patients with an EQ5D index below
0.4 all experienced extreme problems on at least one of the EQ5D dimensions [1].
Altogether we assumed this threshold therefore corresponded to a clinically relevant
major disability or impairment of HRQoL one year after ICU admission.

Multiple imputation of missing data
Description of missing data
For data on Sabadell score and additional patient characteristics, great care was
taken to have complete data for all 1419 eligible ICU survivors. This was done by
retrieving all required data from electronic patient files and referring back to these
files by manual search where missing data occurred. As not all of these additional
variables could be retrieved, some missing data remained. The three excluded
patients with missing data for the Sabadell score were admitted at the start of the
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Details concerning the imputation technique
Patients who died within one year after ICU admission were considered different
from survivors with regards to their disease characteristics and possibly with regards
to the association with outcome. Missing data in survivors was imputed separately
from the missing data in the deceased, using similar imputation techniques. The two
resulting sets of imputation datasets were then merged in order to create imputation
datasets including the entire study population (survivors and non-survivors).
The following variables were used as predictors for variables with
missingness within the imputation models:
• Age;
• Gender;
• Pre-ICU hospital length of stay (days);
The ability of intensive care unit physicians to estimate long-term prognosis in
survivors of critical illness
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inclusion period, when the system for registering the score was not yet fully in place.
The seventeen patients with missing survival data or address were excluded from
the study.
Still, in the 1,399 included patients some baseline and follow-up data were
missing. Only the data on the survival of these patients was fully complete. In order
to describe and handle the missing data concerning HRQoL outcomes, the data
was split into a set of one-year survivors, who should have HRQoL data, and those
patients dying during follow-up, who (obviously) have no HRQoL follow-up and data.
For details on the amount of missing per variable in the one-year survivors, see
table 2. For details on missing data in those dying during follow-up see table 3.
In this study 32.0% of survivors (n=345/1,077) did not respond to the EQ5D
questionnaire or returned only a partially completed one. As no EQ5D index score
could be calculated for these subjects, they had a missing HRQoL outcome status.
The baseline characteristics of the deceased, the survivors responding
to the HRQoL questionnaire and those not responding were shown in table 4.
Responders and non-responders differed significantly for age, admission type,
admission diagnosis, certain chronic and acute comorbidities and disease severity
during admission.
As stated in the main text, a complete case analysis may lead to biased
results. So multiple imputation techniques have been used to replace missing values
[6-10]. Missingness of HRQoL was considered associated with the differences
between responders and non-responders, under the assumption of data being
missing at random.
Data handling, analysis, multiple imputation and pooling of results were
performed using R, version 3.3.2 (R Foundation for Statistical Computing, 2015),
using the ‘mice’ package, version 2.25 (2015). For all analyses the pooled results
were considered the primary results of this study.

•
•
•
•
•
•
•
•
•
•

•

ICU length of stay (days);
Post-ICU hospital length of stay (days);
Total hospital length of stay (days);
Admission type (elective surgical; urgent surgical; medical);
Admission diagnosis group (cardiac surgery; sepsis; subarachnoid 			
haemorrhage; traumatic brain injury; cardiac, non-surgical; other);
Body mass index;
Acute and chronic comorbidities from the chronic health evaluation in 			
APACHE methodology;
First day events from the APACHE methodology (such as need for 			
mechanical ventilation and confirmed infection);
APACHE-IV score;
SOFA scores:
• During entire admission, for the full SOFA score: maximum;
• minimum; mean; sum; sum of maximum component scores 			
(totalmax);
• First and last day full SOFA and component scores;
• Maximum score per SOFA component during entire ICU admission;
HRQoL outcomes (only in survivors): the EQ-5D dimension scores,
the EQ-5D index scale, the patients living situation (independent, home-care,
nursing home) and working status (employed, retired, not employed) were also
used as predictors for unknown patient characteristics or during admission and
for missing HRQoL in partial responders.

In general, missing data in dichotomous variables was replaced using a logistic
regression model, while missing data in continuous variables was replaced using a
linear regression model. There were two exceptions. The EQ5D dimensions, the first
exception, were coded as ordinal variables with three possible values (none/mild/
extreme problems, respectively coded as ‘1’/’2’/’3’). During imputation missing data
on these dimensions was replaced using multivariable ordinal logistic regression.
Missing SOFA component scores, the second exception, were replaced using
predictive mean matching, because we deemed the SOFA component scores, all
integers ranging between 0 and 4, to be non-normally distributed variables with too
narrow a range to be considered continuous.
During an imputation procedure feedback loops may occur. These loops
hinder convergence and result in spurious replacement values. These loops can
occur when missing values of variable ‘A’ are replaced based on certain predictor(s)
‘B’, while variable ‘A’ is also used as predictor for missing values in variable(s) ‘B’. In
setting up the predictors for specific missing variables, care was taken to avoid such
feedback loops. For example, weight and length were imputed based on all patient
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Post processing and imputation diagnostics
Convergence was reached within the 30 iterations for all variables. The within
imputation set mean and variance for the replaced values stabilised at around 20-25
iterations or sooner.
Table 5 shows the observed distribution of EQ5D dimensions in complete
cases and the pooled results after imputation. In order to obtain a single distribution
per EQ5D dimension after imputation, the mean frequencies of the specific answers
across the 35 imputation datasets were rounded to the nearest integer. Compared to
complete case analysis, after imputation a larger proportion of patients suffered from
moderate or extreme disabilities for all five EQ5D dimensions.
In order to assign patients to the most likely outcome category, the patients
were classified based on the most prevalent HRQoL classification (high versus low
HRQoL) across the 35 imputation datasets. Based on this classification patients
were also assigned to correct, over optimistic or over pessimistic prognosis groups.
Any statistical tests were performed according to Rubin’s rules, using the
observed and imputed HRQoL classifications within each imputation dataset to
calculate within imputation set estimates, in order to pool these subsequently [6].
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characteristics, except for the outcomes (HRQoL dimensions) and body mass index.
Body mass index was then calculated and used as predictor for missing HRQoL
outcomes, which in turn was not used in order to predict missing weight or length.
Rounding and boundaries were used to assure replaced missing values of
continuous variables were clinically possible values. Values outside of the boundaries
were set at the boundary of the variable (which was done using the MICE ‘squeeze’
post processing technique).
As the percentage of missing data on the outcome was more than 32%
(non-response on the one-year HRQoL questionnaire in survivors), 35 imputation
datasets were created. Each imputation dataset was given 30 iterations in order to
reach convergence.
During the imputation in survivors, the EQ5D index score was calculated (not
estimated by modelling) using the Dutch weighting scheme, and the observed and/
or imputed data on EQ5D dimensions. Finally, EQ5D index score was dichotomized
to create the high/low HRQoL classification. Similarly, full SOFA score on the first
and last days was set as the sum of the components of that day. Total maximum full
SOFA score was set as the sum of the maximum component scores during the entire
ICU admission.
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Table 2: Description of missing data in one-year survivors
Missing, n (%)

Patient characteristics
during admission

Sex

0/1,077 (0%)

Age

0/1,077 (0%)

Length

3/1,077 (0.7%)

Weight

3/1,077 (0.6%)

Body Mass Index

3/1,077 (0.7%)

Pre-ICU hospital length of stay

0/1,077 (0%)

Admission type

0/1,077 (0%)

Admission diagnosis group

0/1,077 (0%)

APACHE comorbidities1

0/1,077 (0%)

APACHE acute events during first 24 hours2

0/1,077 (0%)

APACHE II score

22/1,077 (4.5%)

APACHE IV predicted mortality

104/1,077 (5.0%)

SOFA summary measures3

17/1,077 (1.6%)

First day SOFA scores (full score or component)

278/1,077 (25.8%)

Maximum SOFA scores (totalmax or component)

18/1,077 (1.7%)

Last day SOFA scores (full score or component)

27/1,077 (2.5%)

SOFA score difference between last day and day before

25/1,077 (2.3%)

Treatment restrictions (any)

0/1,077 (0%)

Specific treatment restrictions

Outcomes

EQ-5D dimensions

4
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Patient characteristics
at admission

0/1,077 (0%)

No ICU readmission

0/1,077 (0%)

Sabadell

0/1,077 (0%)

Death at one-year follow-up

0/1,077 (0%)

Survival time since ICU discharge

0/1,077 (0%)

EQ-5D index value

345/1,077 (24.8%)

Poor HRQoL

345/1,077 (24.8%)

EQ-6D cognition

334/1,077 (23.7%)

Living situation

327/1,077 (23.3%)

Working status

332/1,077 (24.2%)

Mobility

332/1,077 (23.7%)

Self-care (e.g. like washing or dressing yourself)

331/1,077 (23.6%)

Usual Activities (e.g. occupation, study, housekeeping,
family- or leisure activities)

330/1,077 (23.5%)

Pain/Discomfort

333/1,077 (24.0%)

Anxiety/Depression

331/1,077 (24.8%)

Values are expressed as number (percentage). ICU, intensive care unit; APACHE, Acute Physiology And
Chronic Health Evaluation; SOFA, Sequential Organ Failure Assessment; EQ-5D, EuroQoL TM 5-dimension
3 level questionnaire. EQ-6D, EuroQoL TM 6 dimension 3 level questionnaire; 1, APACHE comorbidities consisted of aids, chronic cardiovascular insufficiency, chronic dialysis, chronic kidney insufficiency, chronic
respiratory insufficiency, cirrhosis, chronic obstructive pulmonary disease, diabetes, immunological insufficiency, metastasized neoplasm; 2, APACHE acute events during first 24 hours consisted of burns, cardiopulmonary resuscitation, dysrhythmia, gastrointestinal bleed, intracranial mass, acute kidney injury, confirmed
infection, mechanical ventilation in the first 24 hours, mechanical ventilation at admission; 3, SOFA summary
measures consist of maximum, minimum and mean SOFA scores; 4, Specific treatment restrictions consisted of no antibiotics, no mechanical ventilation, no blood transfusions, no CPR, no intubation, no anti-arrhythmic treatment, no dialysis, no operations, no tracheostomy, no therapeutic oxygen, no inotropes.
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Table 3: Description of missing data in those dying during follow-up
Missing, n (%)
Patient characteristics
at admission

Patient characteristics
during admission

Sex

0/322 (0%)

Age

0/322 (0%)

Length

1/322 (0.3%)

Weight

1/322 (0.3%)

Body Mass Index

1/322 (0.3%)

Pre-ICU hospital length of stay

0/322 (0%)

Admission type

0/322 (0%)

Admission diagnosis group

0/322 (0%)

APACHE comorbidities 1

0/322 (0%)

APACHE acute events during first 24 hours 2

0/322 (0%)

APACHE II score

4/322 (1.2%)

APACHE IV predicted mortality

10/322 (3.1%)

SOFA summary measures 3

8/322 (2.5%)

First day SOFA scores (full score or component)

52/322 (16.1%)

Maximum SOFA scores (totalmax or component)

8/322 (2.5%)

Last day SOFA scores (full score or component)

14/322 (4.3%)

SOFA score difference between last day and day before

13/322 (4.0%)

Treatment restrictions (any)

0/322 (0%)

Specific treatment restrictions

Outcomes

4

0/322 (0%)

No ICU readmission

0/322 (0%)

Sabadell

0/322 (0%)

Death at one-year follow-up

0/322 (0%)

Survival time since ICU discharge

0/322 (0%)

Values are expressed as number (percentage). ICU, intensive care unit; APACHE, Acute Physiology And
Chronic Health Evaluation; SOFA, Sequential Organ Failure Assessment; 1, APACHE comorbidities consisted
of aids, chronic cardiovascular insufficiency, chronic dialysis, chronic kidney insufficiency, chronic respiratory insufficiency, cirrhosis, chronic obstructive pulmonary disease, diabetes, immunological insufficiency,
metastasized neoplasm; 2, APACHE acute events during first 24 hours consisted of burns, cardiopulmonary
resuscitation, dysrhythmia, gastrointestinal bleed, intracranial mass, acute kidney injury, confirmed infection, mechanical ventilation in the first 24 hours, mechanical ventilation at admission; 3, SOFA summary measures consist of maximum, minimum and mean SOFA scores; 4, Specific treatment restrictions consisted of
no antibiotics, no mechanical ventilation, no blood transfusions, no CPR, no intubation, no anti-arrhythmic
treatment, no dialysis, no operations, no tracheostomy, no therapeutic oxygen, no inotropes.
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Table 4: Baseline characteristics
Responders
(n=732)

Non-responders (n=345)

p-value a

Sex (female)

109 (33.9%)

256 (35%)

132 (38.3%)

.327

Age, years

67 [59.2-76]

62 [50-7.2]

54 [39-66]

<.001

Hospital LoS, days

6.1 [3.4-12.3]

4.9 [3-9.7]

5.2 [3.2-9.7]

.613

ICU LoS, days

22.9 [12.1-47.2]

2.9 [13.2-35.9]

21.5 [11.4-38.6]

.597

pre-ICU hospital LoS, days

.5 [0-2.7]

.4 [.1-1.3]

.3 [0-1.3]

.068

post-ICU hospital LoS, days

12 [4-25.7]

12.6 [6-21.8]

13 [5.9-23]

.99

Admission type

chapter 3

Deceased
(n=322)

.005
Elective Surgical

51 (15.8%)

207 (28.3%)

66 (19.1%)

Urgent Surgical

97 (3.1%)

207 (28.3%)

107 (31%)

Medical

174 (54%)

318 (43.4%)

172 (49.9%)

Admission diagnosis

.009

Cardiac surgery (CABG or valve)

27 (8.4%)

136 (18.6%)

36 (1.4%)

72 (22.4%)

99 (13.5%)

47 (13.6%)

Subarachnoid haemorrhage

15 (4.7%)

24 (3.3%)

14 (4.1%)

Traumatic brain injury

27 (8.4%)

57 (7.8%)

40 (11.6%)

Cardiac, non-surgical

26 (8.1%)

68 (9.3%)

28 (8.1%)

155 (48.1%)

348 (47.5%)

180 (52.2%)

1 (.3%)

7 (1%)

4 (1.2%)

1

31 (9.6%)

95 (13%)

41 (11.9%)

.685

7 (2.2%)

10 (1.4%)

7 (2%)

.581

37 (11.5%)

45 (6.1%)

20 (5.8%)

.93

21 (6.5%)

77 (1.5%)

37 (1.7%)

1

6 (1.9%)

6 (.8%)

5 (1.4%)

.526

COPD

39 (12.1%)

77 (1.5%)

33 (9.6%)

.708

Diabetes

Sepsis

Other

Comorbidities
AIDS/HIV
Chronic cardiovascular (NYHA IV)
Chronic dialysis
Chronic kidney insufficiency
Chronic respiratory
Cirrhosis

57 (17.7%)

98 (13.4%)

50 (14.5%)

.692

Immunological insufficiency

58 (18%)

74 (1.1%)

27 (7.8%)

.277

Metastasized neoplasm

18 (5.6%)

8 (1.1%)

4 (1.2%)

1

35 (1.9%)

58 (7.9%)

24 (7%)

.663

Cerebrovascular incident (stroke)

72 (22.4%)

79 (1.8%)

44 (12.8%)

.4

CPR

95 (29.5%)

136 (18.6%)

67 (19.4%)

.806

Acute complications on the first day of ICU admission
Acute kidney injury
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Dysrhythmia

28 (8.7%)

61 (8.3%)

30 (8.7%)

.935

Gastro-intestinal bleed

31 (9.6%)

70 (9.6%)

41 (11.9%)

.288

Cranial mass effect

6 (1.9%)

10 (1.4%)

4 (1.2%)

1

Confirmed infection

69 (21.4%)

77 (1.5%)

47 (13.6%)

.165

Mechanical ventilation at ICU admission

264 (82%)

665 (9.8%)

308 (89.3%)

.481

Mechanical ventilation within 24 hours

292 (9.7%)

697 (95.2%)

324 (93.9%)

.451

APACHE IV predicted mortality, %

30.7 [11.9-56.1]

12.3 [4.5-32.6]

10.4 [4.6-27.7]

.527

Sum of SOFA scores during ICU stay

40 [24-80]

32 [19-61]

30 [18-59]

.559

Totalmax SOFA score

11 [8-13]

10 [7-13]

10 [7-12]

.092

Treatment restrictions at ICU discharge

52 (16.1%)

33 (4.5%)

15 (4.3%)

1

Values are expressed as number (percentage) for categorical variables and as median [interquartile range] for
continuous variables. LoS, length of stay; ICU, intensive care unit; CABG, coronary artery bypass grafting;
AIDS, acquired immune deficiency syndrome; HIV, human immunodeficiency virus; NYHA IV, New York
Heart Association classification four; COPD, chronic obstructive pulmonary disease; CPR, cardiopulmonary
resuscitation; APACHE IV, acute physiology and chronic health evaluation version four; SOFA, sequential
organ failure assessment; a, p-value for the comparison between responders and non-responders only.

Table 5: EuroQoL 5D-3LTM dimension answers before and after imputation

Mobility

Self-care (e.g. like
washing or dressing
yourself)

Usual Activities (e.g.
occupation, study,
housekeeping,
family- or leisure
activities)
Pain/Discomfort

Anxiety/Depression

Before imputation
(n=732)

After imputation,
pooled (n=1077)

I have no problems walking about

444 (60.7%)

556 (51.6%)

I have some problems walking about

264 (36.1%)

380 (35.3%)

I am confined to bed

24 (3.3%)

141 (13.1%)

I have no problems with self-care

563 (76.9%)

693 (64.3%)

I have some problems washing or
dressing myself

114 (15.6%)

164 (15.2%)

I am unable to wash or dress myself

55 (7.5%)

220 (20.4%)

I have no problems with performing my
usual activities

357 (48.8%)

441 (40.9%)

I have some problems in with performing
my usual activities

294 (40.2%)

407 (37.8%)

I am unable to perform my usual activities

81 (11.1%)

229 (21.3%)

I have no pain or discomfort

404 (55.2%)

527 (48.9%)

I have moderate pain or discomfort

290 (39.6%)

447 (41.5%)

I have extreme pain or discomfort

38 (5.2%)

103 (9.6%)

I am not anxious or depressed

543 (74.2%)

704 (65.4%)

I am moderately anxious or depressed

176 (24%)

271 (25.2%)

I am extremely anxious or depressed

13 (1.8%)

102 (9.5%)

Values are expressed as number (percentage).
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Supplementary material 2: Extended results
Table 6: Mortality rates & health related quality of life
Hospital
mortality

One-year
mortality b

EuroQoL 5D-3LTM
index
In survivors (n)

Low HRQoL c

128 (9.1%)

322 (23.0%)

0.78 [0.37 - 0.90]
(n=1077)

287 (26.6%)
(n=1077)

609 (43.5%)

0 – Good
prognosis (n=1068)

51 (4.8%)

155 (14.5%)

0.79 [0.39 - 0.98]
(n=913)

238 (26.1%)
(n=913)

393 (36.8%)

1 – Poor long-term
prognosis (n=243)

23 (9.5%)

89 (36.6%)

0.69 [0.32 - 0.83]
(n=154)

45 (29.2%)
(n=154)

134 (55.1%)

2 – Poor short-term
prognosis (n=43)

17 (39.5%)

35 (81.4%)

0.68 [0.39 - 0.84]
(n=8)

2 (25%)
(n=8)

37 (86.0%)

3 – Expected death
in hospital (n=45)

37 (82.2%)

43 (95.6%)

0.18 [0.08 - 0.28]
(n=2)

2 (100%)
(n=2)

45 (100.0%)

Of survivors (n)
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Total population
(=1399)

Poor outcome d

Sabadell score a

Mortality rates are presented as n (proportion of subgroup). EuroQoL 5D-3L index is presented as median,
[interquartile range] and (number of survivors); a, Sabadell score groups: 0, good prognosis; 1, poor longterm prognosis (> 6 months) with unlimited ICU readmission; 2, poor short-term prognosis (< 6 months); ICU
readmission debatable; 3, death expected during hospitalisation, ICU readmission not recommended; b, oneyear mortality includes those dying in hospital; c, the distribution of EuroQoL 5D-3L index may not coincide
with the proportion of low HRQoL. This is caused by the classification based on the most frequent HRQoL
classification per patient across all imputation sets, while the distribution of the continuous EuroQoL 5D-3L
index was averaged over the imputation sets; d, poor outcome was defined as dying within the one year of
follow-up or surviving with a low HRQoL.

Table 7: Mortality rates & health related quality of life, also including short stay
patients
Hospital
mortality

One-year
mortality b

EuroQoL 5D-3LTM
index
In survivors (n)

Low HRQoL c

219 (4.5%)

687 (14.2%)

0.84 [0.71 - 1.00]
(n=4155)

333 (8.0%)
(n=4155)

1020 (21.1%)

0 – Good
prognosis (n=4250)

101 (2.4%)

385 (9.1%)

0.84 [0.72 -1.00]
(n=3865)

280 (7.2%)
(n=3865)

665 (15.6%)

1 – Poor long-term
prognosis (n=444)

33 (7.4%)

172 (38.7%)

0.76 [0.46 - 0.87]
(n=272)

48 (17.6%)
(n=272)

220 (49.5%)

2 – Poor short-term
prognosis (n=70)

24 (34.3%)

56 (80.0%)

0.80 [0.54 - 0.99]
(n=14)

2 (14.3%)
(n=14)

58 (82.9%)

3 – Expected death
in hospital (n=78)

61 (78.2%)

74 (94.9%)

0.42 [0.20 - 0.68]
(n=4)

3 (75%)
(n=4)

77 (98.7%)

Total population
(N=4842)

Poor outcome d

Of survivors (n)

Sabadell score a

Mortality rates are presented as n (proportion of subgroup). EuroQoL 5D-3L index is presented as median,
[interquartile range] and (number of survivors); a, Sabadell score groups: 0, good prognosis; 1, poor longterm prognosis (> 6 months) with unlimited ICU readmission; 2, poor short-term prognosis (< 6 months); ICU
readmission debatable; 3, death expected during hospitalisation, ICU readmission not recommended; b, oneyear mortality includes those dying in hospital; c, the distribution of EuroQoL 5D-3L index may not coincide
with the proportion of low HRQoL. This is caused by the classification based on the most frequent HRQoL
classification per patient across all imputation sets, while the distribution of the continuous EuroQoL 5D-3L
index was averaged over the imputation sets; d, poor outcome was defined as dying within the one year of
follow-up or surviving with a low HRQoL.

The ability of intensive care unit physicians to estimate long-term prognosis in
survivors of critical illness

75

Table 8: Agreement between physician prognosis and observed outcome per
experience level
Physician
experience
level

First year
specialty
registrars

Sixth year
specialty
registrars

Intensivists

Observed outcome

Survived with
high HRQoL

Survived with
low HRQoL

Died during
one year
of post ICU
follow-up

Total

0 - Good prognosis

262 (45.3%)

115 (19.9%)

68 (11.8%)

445

1 - Long-term poor prognosis
(>6 months); with unlimited
ICU readmission

51 (8.8%)

11 (1.9%)

35 (6.0%)

97

2 - Short-term poor prognosis
(<6 months); ICU readmission
debatable

4 (0.7%)

0 (0%)

12 (2.1%)

16

3 - Death expected during
hospitalisation, ICU readmission not recommended

0 (0%)

1 (0.2%)

19 (3.3%)

20

Total

317

127

134

578

0 - Good prognosis

203 (49.0%)

77 (18.6%)

47 (11.4%)

327

1 - Long-term poor prognosis
(>6 months); with unlimited
ICU readmission

27 (6.5%)

14 (3.4%)

24 (5.8%)

65

2 - Short-term poor prognosis
(<6 months); ICU readmission
debatable

0 (0%)

0 (0%)

8 (1.9%)

8

3 - Death expected during
hospitalisation, ICU readmission not recommended

0 (0%)

1 (0.3%)

13 (3.1%)

14

Total

230

92

92

414

0 - Good prognosis

194 (47.7%)

62 (15.2%)

40 (9.8%)

296

1 - Long-term poor prognosis
(>6 months); with unlimited
ICU readmission

32 (7.8%)

19 (4.7%)

30 (7.4%)

81

2 - Short-term poor prognosis
(<6 months); ICU readmission
debatable

2 (0.5%)

2 (0.5%)

15 (3.7%)

19

3 - Death expected during
hospitalisation, ICU readmission not recommended

0 (0%)

0 (0%)

11 (2.7%)

11

Total

228

83

96

407

Physician prognosis at ICU
discharge

Values are expressed as number (proportion of subgroup). ICU, intensive care unit. HRQoL, health related
quality of life. Green cells indicate the correct prognosis group, orange cells indicate the over pessimistic
group and blue cells indicate the over optimistic group.
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Chapter 4
Intensive care unit prediction models for
survival and health related quality of life:
a systematic review

Abstract
Purpose
Intensive care unit (ICU) physicians formulate individual patient prognoses on a daily
basis. Prognostic risk prediction models could support physicians in these efforts.
This systematic review aimed to provide an overview of prognostic models which are
applicable to the mixed ICU population.
Methods
We searched the MEDLINE, EMBASE, CINAHL and PsycINFO databases using
keywords and synonyms for ICU patients, survival or health related quality of life
(HRQoL), and prognostic models. Papers were included if the development of a
prognostic model for survival or HRQoL in an ICU cohort was reported. Screening
and selection of articles was performed by at least two authors.
Results
Out of 11,509 papers, 81 studies were included. The study population consisted of
mixed ICU patients in 57 studies. Mortality was the outcome of interest in 72 papers.
Nine models looked at HRQoL as outcome of interest, but these were developed in
neurological or elderly ICU subpopulations. No prognostic model for the prediction of
HRQoL (aspects) was available for a mixed ICU population. In 50 papers, outcome
was predicted up to hospital discharge and 15 papers studied outcomes up to six
months. The remaining 16 papers studied outcomes at six to twelve months after
ICU admission. Fifty-two studies focused on predictors of ICU admission day only.
Conclusions
Most prognostic models for mixed ICU populations predict short-term mortality.
Moreover, these models use predictors from the first day of ICU admission only.
There are no models for the general ICU population that predict long-term HRQoL
outcomes.
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General introduction

Methods
The reporting of this systematic review was set up in accordance with the PRISMA
guidelines (see supplementary material ‘PRISMA checklist’) [10] and CHARMS
guidelines [11]. The scope was to find models which could inform patients and
physicians during their decision-making process for the start and/or continuation of
ICU care. The resulting models should be applicable to the general ICU patient and
predict survival, HRQoL, functional outcomes, or a combination of these. Preferably,
these prognostic models would be used to predict outcomes beyond ICU discharge.
Further, the prognostic models needed to be usable at a time point during the ICU
care process.
Intensive care unit prediction models for survival and health related quality of life:
a systematic review
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I

CU physicians express prognoses on the future course of disease and ultimate
disease outcomes for individual patients on a daily basis [1, 2]. In estimating these
prognoses, they (sub)consciously combine clinical evidence with their expert insight
on the current state of the patient’s illness, the disease history, a patient’s frailty, and
the patient’s social context [3, 4]. The process of decision making further depends on
the moment in the course of disease (e.g. directly after ICU admission, or after a
week of ICU treatment), the available clinical information, and what is considered a
relevant outcome for that particular patient [5-7].
In this decision-making process a risk prediction model could provide useful
information: the predicted probabilities generated by the model may serve as a
starting point for the physician’s estimation regarding the future course and outcome
of disease [4]. In order to incorporate risk prediction models in their clinical decision
making, physicians need to know which models are available for their patient,
whether the outcome relevant for that patient is predicted by these models, and
whether the models is applicable at that particular timing in the ICU care process [8].
However, for the general unselected ICU patient an overview of potentially useful
ICU risk prediction models is lacking.
In this manuscript we present a systematic review in which we provide an
overview after critical appraisal of the available risk prediction models. We aimed to
include clinical relevant risk prediction models for a set of core post-ICU outcomes
related to survival and health-related quality of Life (HRQoL), as recently defined in a
world-wide Delphi study amongst clinical researchers, patients, caregivers, clinicians
and research funders [9].

Search strategy
We searched the PubMed, EMBASE, Psych INFO and CINAHL online libraries.
The search strategy consisted of the terms ‘intensive care’ or ‘critical care’ to find
studies concerning our target population. For the outcomes of interest, terms for
‘survival’ (or mortality), ‘HRQoL’ and ‘functional outcome’ were added. These terms
were combined with an efficient and highly sensitive set of search terms related to
prognostic models in general [12, 13]. For all keywords we added relevant synonyms.
Keywords were searched for in the title or abstract texts, adding the appropriate
MeSH term or equivalent where available. Supplementary material ‘Search syntax’
provides the final search syntax we used in PubMed. We did not use any date
limitations during our search. The final search was performed on the 12th of April
2017.
Screening
Screening was performed in a title, abstract and full text screening phase. The study
protocol provided in- and exclusion criteria for each phase. The full screening protocol
is provided in supplementary material ‘Screening protocol’. In general, studies
were included which described the development, or validation and adjustment, of a
prognostic model for ICU patients. The focus was on finding prognostic models for
the general ICU population. However, models developed in ICU subdomains were
also included, as they might be applicable to the general ICU patient as well.
We excluded reviews, conference abstracts, studies in paediatric populations,
studies which solely reported on the additional value of a specific predictor, studies
which validated a prediction model without updating or re-development, and studies
which developed a prediction model in order to predict intermediates to death or poor
HRQoL (e.g. studies which used future kidney disease or chronic dialysis dependency
as outcome). Models which included predictor information only available after ICU
discharge were not eligible. Studies that evaluated an association between a single
variable and an outcome were excluded. When in doubt, a study was passed on to
the next phase of screening. Papers not available in English, Dutch or German were
excluded.
All screening and inclusion of studies was performed independently by
at least 2 authors (IWS, LMP, DdL). Upon disagreement between authors, a third
author provided the final verdict.
Data extraction and analysis
After selection of eligible studies, data extraction was performed using a standardized
extraction form (see supplementary material ‘Data extraction form’). Data extraction
was performed by 2 authors in duplicate (IWS, LMP). Data was extracted from
published papers and corresponding supplementary files. Furthermore, to address
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Critical appraisal
Finally, a critical appraisal of the selected prognostic models was performed. This
was done according to the PROBAST risk of bias tool [14]. This tool is specifically
developed for systematic reviews of prognostic studies and is comparable to
the AMSTAR guidelines for critical appraisal [15]. At the time of the writing of this
manuscript, the PROBAST tool was not yet published, but was kindly provided to us
by the developers [14]. The PROBAST tool is structured into four domains: participant
selection, predictors, outcome, and analysis. The PROBAST tool provides a guide
to assess these domains with respect to the risk of bias, and with regard to the
applicability for the target population. In this study we focused on the overall
assessment of risk of bias and applicability to the general ICU patient.
Protocol registration
The inclusion and data extraction protocols were agreed upon in advance, but this
systematic review has not been registered prior to its execution.

Intensive care unit prediction models for survival and health related quality of life:
a systematic review
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the question whether the model had been externally validated, the amount of
subsequent validation studies was obtained through a manual search of related
citations. This manual search was performed by checking the titles and abstracts of
citing papers through the Scopus citation library.
The extracted data was summarized on the study level. The population
under study, the moment of prediction, the outcome, the prediction horizon, and the
statistical method of model development were summarized using simple descriptive
statistics. Additionally, we counted the number of times a predictor was included in
(any of) the final model(s) of a study, in order to assess which predictors were most
commonly used.

Results
The search strategy resulted in 11,509 unique titles. After title, abstract and full text
screening 81 studies were included (see supplementary material ‘Reference list of
included papers’). Figure 1 provides the flow chart of inclusion. The included papers
described the development of 97 different prediction models.
Study design and population
Figure 2 shows an overview of the distribution of data sources, study population,
predicted outcome, prediction horizon and moment of prediction. Almost half of the
included model development studies (n=38; 47%) were based upon retrospective
cohorts drawn from routinely collected electronic patient files. This was followed
by 28 prospective cohorts, 12 studies using benchmarking registries and 3 studies
using RCT data. The MIMIC database cohort [16], or parts thereof, was used for model
development in four papers [17-20]. The study population in all studies size ranged from
50 to 216,626 patients, with a median of 653 and interquartile range of 271 to 6,895.
A cohort of mixed general ICU patients made up the study population in 57
of the studies. These studies were similar with regards to distribution of age, gender
and disease severity. Differences between these studies’ mixed ICU populations
were found in exclusion of cardiac surgery patients [21-31], and/or the exclusion of
those patients with a short length of stay on the ICU (less than 24 hours) [18, 19, 22, 29,
32-35]
. The other 34 studies focused on ICU subpopulations such as surgical, medical,
neurological or elderly patients. See supplementary material ‘Study details’ for the
details of each included study.
Outcomes and prediction horizon
The outcome of interest was mortality in 72 out of the 81 papers (89%). In the
remaining nine papers the studied outcomes were neurologic outcome (n=5,
measured through Glasgow Outcome Scale, Cerebral Performance Category or
modified Rankin Scale), level of functioning (n=2, defined as one of three levels:
discharged to home, discharged to skilled nursing facility or death), or persistent
vegetative state (n=2). In studies which used one of the latter three outcomes,
patients who died during follow-up were classified as having a poor outcome. Except
for the level of functioning, all outcomes were analysed as good outcome versus
poor outcome or death.
The prediction horizon (i.e. the length of follow-up) was set at hospital
discharge for 50 out of 81 papers (62%). Of these, 49 focused on mortality and one
on the level of functioning. Of the fifteen papers (19%) determining their outcome
after one to six months of follow-up, twelve focused on mortality and three on
favourable neurologic outcome. Within the sixteen papers (19%) which determined
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their outcome after six months or more, mortality was studied in eleven papers,
neurologic outcome in four and level of functioning in one. Ten studies had a followup of one year [22, 29, 32, 34, 36-41]. All nine studies which had a long-term HRQoL or
functional outcome of interest were performed in cohorts of neurologic or elderly
(>80 years old) critically ill patients.

The most frequently used moment of prediction (n=46; 57%) was the first day of ICU
admission. The second most frequently studied moment of prediction included one
of the days of the first week of ICU admission. Within the 57 studies focusing on the
general ICU population, 35 prognostic models were to be used at ICU admission or
on the first day of ICU admission; ten models within the second to seventh day of ICU
admission; seven models after the first week of ICU admission or at ICU discharge;
and five models were to be used at the moment of specific events or complications
(e.g. when acute respiratory distress syndrome is diagnosed, when patients develop
hypotension, or when dialysis is initiated).
Predictive performance
Of the included studies, 69 reported on the predictive performance of their models
in terms of discrimination. Within these studies the median c-index for discrimination
was 0.82 (range 0.59 – 0.98). Calibration plots were reported in 23 papers, with
a Hosmer-Lemeshow goodness-of-fit test statistic or p-value being reported in 43
papers. None of these calibration tests showed significant miscalibration (Hosmer
Lemeshow p<0.05) for the presented prediction models when testing the prognostic
models in the development dataset.
Predictors included in final model
The 97 final models of all papers included 211 different predictors. The median
number of predictors in the final version of the developed models was 7 (range
2 – 49). In the various models, 99 of the 211 predictors were used only once, and
another 52 predictors were used five times or less.
The predictors which were most frequently retained in the final models
were age (n=59 out of 81 studies), Glasgow coma scale (n=45), heart rate (n=43),
leucocytes (n=40) and creatinine (n=39). Figure 3 shows the frequency with which
predictors were selected in the final model of a paper (for predictors which were
selected at least ten times), grouped by category. The laboratory values category
contained 16 of the 38 predictors selected at least ten times. For a list of final model
predictors which occurred in more than five different papers see supplementary
material ‘Predictor frequency’.
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Moment of prediction

Critical appraisal
Critical appraisal according to the PROBAST tool was performed on each of the 97
prediction models. For the critical appraisal per PROBAST domain for each included
prediction model, see supplementary material ‘Critical appraisal’.
All prediction models were scored as having either an unclear (n=4, all
from one study [21]) or a high risk of bias (n=93) on the overall level. The PROBAST
domain “analysis” most often resulted in a high risk of bias. In 91 of the 97 models
this was due to dichotomisation of continuous predictors, a lack of correction for over
optimism, and/or due to the methods for the handling of missing data (e.g. complete
case analysis, or assuming all missing values as ‘normal’) [42]. The PROBAST domain
“predictors” was most often scored as a low risk of bias (in 85 of the 97 prognostic
models). These predictors were considered to be defined in a similar way for each
participant (e.g. standardized laboratory values), to be assessed without knowledge
of the outcome, and to be available at the time the model was meant to be used.
Secondly, the PROBAST tool was used to assess the applicability of the
included models. The aim of the current study was to identify prognostic models
which could provide insight into the long-term prognosis of individual general
ICU patients. From this perspective, ten models (developed in five studies) could
relatively straightforwardly be implemented (low concern of applicability) [21, 22, 29, 32, 39].
These all focused on predicting long-term mortality for the general ICU patient and
required predictor information which we considered readily available in most ICUs.
The prognostic models focusing on predicting HRQoL or functional outcomes were
all developed in specific ICU subpopulations (e.g. in neurologically ill or elderly ICU
patients). These models required specific measurements or imaging techniques.
Hence their applicability for the general ICU patient is questionable.
External validation
Forty-seven models were validated in a cohort other than the development cohort.
For 24 models this was done in separate validation studies, while the other 23 were
validated in the development paper alone (see figure 3). For the models that were
validated, the median number of validation papers was 3, ranging from 1 validation
study up to 91 for the SAPS II model [28].

Discussion
In this systematic review we provided an overview and a critical appraisal of currently
available ICU risk prediction models. When a risk estimate from a statistical model is
required, an ICU physician may use the results from this study to find risk prediction
models potentially relevant to the patient. This could depend on the moment during
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Risk of bias
This study also showed that up to the current standards of developing prognostic
models, almost all studies were considered to be at a high risk of bias. In this, it must
however be acknowledged, that the PROBAST tool is relatively strict and based on
the latest methodologies for prediction research [14]. Some of these methodologies
were not available at the time of model development, and hence could not have
been used by the authors. Moreover, some models have been shown to have good
or excellent external validity. For example, the ubiquitously used APACHE and
SAPS risk prediction models were developed for short-term mortality only, without
corrections for over optimism, while using a potentially biased imputation of ‘normal
values’ for missing predictor data [42]. According to the PROBAST tool manual this
would result in a high concern of bias regarding the analysis. Nonetheless these
models have been well validated for long-term survival outcomes in subsequent
validation studies [43, 44]. As a result, the models included in this study might be at a
much lower risk of bias than could be concluded based on the development papers.
Study limitations
The strictness of the PROBAST tool mentioned aside, there is one other limitation
that needs to be acknowledged. Not all prognostic models which are applied to
ICU patients in clinical practice were included. For instance, the Corticosteroid
Randomization after Significant Head Injury prognostic calculator, or CRASH
model [45], was excluded. This model was developed within a cohort of traumatic
brain injury patients selected from the emergency room, where not all patients are
eventually admitted to the ICU. Applying this model to unselected ICU patients
without traumatic brain injury was therefore considered outside the scope of this
Intensive care unit prediction models for survival and health related quality of life:
a systematic review
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the ICU care process the risk estimate is required, and the outcome which is
considered relevant for that particular patient.
Although almost a hundred risk prediction models were found in papers
published from the 1980’s until 2017, the prognostic models available for the general
ICU patient were predominantly developed for the short-term outcome of in-hospital
mortality. Only 23 models were developed for predicting mortality beyond hospital
discharge. The nine models which were developed to predict HRQoL or functional
status required predictor data applicable to specific ICU subpopulations only.
The predictor variables which were included in the oldest versions of major
benchmarking scores (i.e. APACHE) were used in many other prediction models.
This is not surprising, as most of the included studies (only) gathered data on these
predictor variables. Therefore, it remains to be seen whether the frequent inclusion
of certain predictor variables is a testament to their predictive value, or due to a selffulfilling prophecy of repeatedly looking at the ‘usual suspects’.

risk prediction model. Additionally, missing specific risk prediction models due to
a selective search cannot be ruled out. But, by including search terms which led
to inclusion of all major ICU benchmarking models (APACHE, SAPS and MPM),
and checking the papers citing their development papers, a very sensitive approach
was already chosen. Moreover, a total number of over eleven-thousand titles was
screened. Consequently, we deem it unlikely that major prognostic development
model papers applicable to the unselected ICU patient, published prior to April 2017,
were missed.
In the months after April 2017, though, two prognostic models have been
published which are a relevant addition to our overview of prediction models [46, 47].
First, Paul et al developed a prognostic model for the general ICU patient,
which predicted hospital survival based on predictors available at ICU admission [46].
This model is based on analysis of over one million patients. To our knowledge, this
would make it the largest ICU prognostic model development study to date.
Second, Oeyen et al reported the development of a prognostic model which
can provide an estimate of the expected HRQoL one year after ICU discharge, based
on predictors of the first day of ICU admission [47]. The authors included patients
dying during follow-up by assigning them a EuroQoL-5D value of health state (the
EuroQoL-5D utility index) of 0 [48]. Their model was found to accurately predict
HRQoL, expressed on the scale of the EuroQoL-5D health index. The interpretation
of the EuroQoL-5D utility index for individual patients is difficult however [49] and
would require additional research.
Future research goals
Although the overview of prognostic models presented here can be clinically relevant
as a starting point for prognostication in practice, there are some noticeable gaps.
Most studies have used predictor data of the first hour or day of ICU admission only.
However, it has now become clear that predictions on admission lose much of their
relevancy in patients with a prolonged ICU length of stay [6]. Although this might not
be surprising, it does imply that most of these prediction models lose their relevance
soon for patients who stay in ICU after the first days of admission. Future studies into
ICU prognostication and decision support should therefore be focused on developing,
or validating, prognostic models at later moments during ICU admission. Methods to
incorporate readily available repeatedly measured predictors such as the sequential
organ failure assessment (SOFA) scores might be able to remedy this [31, 50]. If so,
this could lead to dynamic prognostic models, which would be applicable after ICU
admission, at relevant moments later during the ICU care process.
Further, although most of the included risk prediction models were at high
risk of bias, these should not be disregarded yet. It should be noted that these models
could very well be valid for the prediction of survival outcomes. Only the APACHE
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Conclusions
This systematic review provides an overview of 97 ICU risk prediction models which
can be used at various moments during ICU care and for various short and long-term
outcomes. However, most of the prognostic models for the mixed ICU population
were developed to predict short-term mortality only, making use of predictors from
the first day of ICU admission only. There are no models for mixed ICU populations
that predict long-term HRQoL outcomes.
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and SAPS models have been validated through wide-spread validation studies, but
validation studies for HRQoL or functional outcomes are lacking. Moreover, direct
or indirect comparative meta-analyses have not been described. Consequently, we
do not know which model has the best predictive performance for certain outcomes.
And finally, it is unclear whether these included models are capable of predicting
outcomes other than those they were developed for [42].
So, in order to compare, develop and validate prognostic models for clinical
use, future research should be aimed at combining large and high-quality datasets
with individual patient follow-up of HRQoL or functional outcomes. Within various
national databases [51-53] the predictor data for most prognostic models is already
readily available. Long-term survival, HRQoL and functional outcomes, on the other
hand, are not commonly registered. Adding the aforementioned set of core-outcomes
(EuroQoL-5D, Hospital Anxiety and Depression Scale and the Impact of Events
Scale) [9] to long-term follow-up of survival would result in a holistic perspective of
the long-term patient related outcome measures of ICU patients [54]. When large
scale data-registries would be expanded with follow-up of these clinically relevant
outcomes, this would open up the possibility of building prognostic models applicable
to the general ICU patient and validating old models for these clinically relevant
outcomes.
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13063 search results
Removal of 1554 duplicates

11509 titles screened for relevance
10144 titles excluded

1365 abstracts screened
1168 studies excluded
• 164 Paediatric or non-ICU population
• 374 Reviews, conference abstract, etc.
• 179 Independent prognostic value studies
• 23 Descriptive studies without prediction model
• 346 Validation studies (without redevelopment)
• 23 Model predicts intermediate outcomes
• 59 Other reasons

197 full texts screened
116 studies excluded
• 14 Pediatric or non-ICU population
• 14 Reviews, conference abstract, etc.
• 17 Independent prognostic value studies
• 4 Descriptive studies without prediction model
• 10 Validation studies (without redevelopment)
• 1 Model predicts intermediate outcomes
• 44 Other reasons (incl. 28 studies with ICU
mortality as prediction horizon)
• 12 Not available in English, Dutch or German

81 full texts included
ICU, intensive care unit
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Figure 2: Design characteristics of the included studies - overview
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Figure 3: Predictors included in the developed models
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MAP, mean arterial pressure; SBP, systolic blood pressure; FiO2, forced inspiratory oxygen; AIDS, acquired
immune deficiency syndrome

Intensive care unit prediction models for survival and health related quality of life:
a systematic review

97

Supplementary material
PRISMA checklist
Section/topic

#

Checklist item

Reported
on page#

1

Identify the report as a systematic review, meta-analysis, or both.

Title

2

Provide a structured summary including, as applicable: background;
objectives; data sources; study eligibility criteria, participants, and
interventions; study appraisal and synthesis methods; results; limitations;
conclusions and implications of key findings; systematic review registration
number.

1

Rationale

3

Describe the rationale for the review in the context of what is already known.

2

Objectives

4

Provide an explicit statement of questions being addressed with reference
to participants, interventions, comparisons, outcomes, and study design
(PICOS).

2

Protocol and
registration

5

Indicate if a review protocol exists, if and where it can be accessed (e.g.,
Web address), and, if available, provide registration information including
registration number.

5

Eligibility
criteria

6

Specify study characteristics (e.g., PICOS, length of follow-up) and report
characteristics (e.g., years considered, language, publication status) used
as criteria for eligibility, giving rationale.

3

Information
sources

7

Describe all information sources (e.g., databases with dates of coverage,
contact with study authors to identify additional studies) in the search and
date last searched.

3

Search

8

Present full electronic search strategy for at least one database, including
any limits used, such that it could be repeated.

App1

Study selection

9

State the process for selecting studies (i.e., screening, eligibility, included in
systematic review, and, if applicable, included in the meta-analysis).

4+App2

Data collection
process

10

Describe method of data extraction from reports (e.g., piloted forms,
independently, in duplicate) and any processes for obtaining and confirming
data from investigators.

4

Data items

11

List and define all variables for which data were sought (e.g., PICOS,
funding sources) and any assumptions and simplifications made.

4+App3

Risk of bias
in individual
studies

12

Describe methods used for assessing risk of bias of individual studies
(including specification of whether this was done at the study or outcome
level), and how this information is to be used in any data synthesis.

4

Summary
measures

13

State the principal summary measures (e.g., risk ratio, difference in means).

4

Synthesis of
results

14

Describe the methods of handling data and combining results of studies, if
done, including measures of consistency (e.g., I2) for each meta-analysis.

n/a

Risk of bias
across studies

15

Specify any assessment of risk of bias that may affect the cumulative
evidence (e.g., publication bias, selective reporting within studies).

5

Additional
analyses

16

Describe methods of additional analyses (e.g., sensitivity or subgroup
analyses, meta-regression), if done, indicating which were pre-specified.

n/a

17

Give numbers of studies screened, assessed for eligibility, and included in
the review, with reasons for exclusions at each stage, ideally with a flow
diagram.

6

TITLE
Title
ABSTRACT
Structured
summary

INTRODUCTION

METHODS

RESULTS
Study selection
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18

For each study, present characteristics for which data were extracted
(e.g., study size, PICOS, follow-up period) and provide the citations.

6-8
Appendix 6

Risk of bias
within studies

19

Present data on risk of bias of each study and, if available, any outcome
level assessment (see item 12).

Appendix 8

Results of
individual
studies

20

For all outcomes considered (benefits or harms), present, for each study:
(a) simple summary data for each intervention group (b) effect estimates
and confidence intervals, ideally with a forest plot.

n/a

Synthesis of
results

21

Present results of each meta-analysis done, including confidence intervals
and measures of consistency.

n/a

Risk of bias
across studies

22

Present results of any assessment of risk of bias across studies
(see Item 15).

9

Additional
analysis

23

Give results of additional analyses, if done (e.g., sensitivity or subgroup
analyses, meta-regression [see Item 16]).

9

Summary of
evidence

24

Summarize the main findings including the strength of evidence for each
main outcome; consider their relevance to key groups (e.g., healthcare
providers, users, and policy makers).

10

Limitations

25

Discuss limitations at study and outcome level (e.g., risk of bias), and at
review-level (e.g., incomplete retrieval of identified research, reporting bias).

10-12

Conclusions

26

Provide a general interpretation of the results in the context of other evidence, and implications for future research.

12

27

Describe sources of funding for the systematic review and other support
(e.g., supply of data); role of funders for the systematic review.

Title

chapter 4

Study
characteristics

DISCUSSION

FUNDING
Funding

From: Moher D, Liberati A, Tetzlaff J, Altman DG, The PRISMA Group (2009). Preferred Reporting Items for
Systematic Reviews and Meta-Analyses: The PRISMA Statement. BMJ 6(7): e1000097. doi:10.1371/journal.
pmed1000097
For more information, visit: www.prisma-statement.org.
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Search strategy
PubMed search terms
1.
2.
3.
4.
5.
6.
7.
8.
9.
10.
11.
12.
13.
14.
15.
16.
17.
18.
19.
20.
21.
22.
23.
24.
25.
26.

“Intensive Care”[Mesh]
“Intensive Care Units”[Mesh]
“Critical Care”[MeSH Terms]
critical[tiab]
intensive[tiab]
#4 OR #5
care[tiab]
#6 AND #7
#1 OR #2 OR #4 OR #8
“risk score”[tiab]
“prediction model”[tiab]
“predictive model”[tiab]
“predicting”[tiab]
“prediction rule”[tiab]
“risk assessment”[tiab]
“algorithm”[tiab]
prediction*[tiab]
“validation study”[tiab]
“validation studies”[tiab]
“scoring”[tiab]
“index”[tiab]
“system”[tiab]
#21 OR #22
24. #20 AND #23
25. “risk stratification”[tiab]
26. “Decision Support
Techniques”[tiab]

27. “Decision Support Techniques”[Mesh]
28. #10 OR #11 OR #12 OR #13 OR #14
OR #15 OR #16 OR #17 OR #18 OR
#19 OR #24 OR #25 OR #26 OR #27
29. “Quality of Life”[Mesh]
30. “quality of life”[tiab]
31. functional[tiab]
32. state*[tiab] OR status*[tiab] OR
outcome*[tiab]
33. status*[tiab]
34. outcome*[tiab]
35. #32 OR #33 OR #34
36. #31 AND #35
37. “subjective health state”[tiab]
38. “Mortality”[Mesh]
39. “Survival”[Mesh]
40. mortality[tiab]
41. survival[tiab]
42. euroqol*[tiab]
43. “EQ-5D”[tiab]
44. “short-form 36”[tiab]
45. SF-36[tiab]
46. “Prognosis”[MeSH Terms]
47. #29 OR #30 OR #36 OR #37 OR #38
OR #39 OR #40 OR #41 OR #42 OR
#43 OR #44 OR #45 OR #46
48. #9 AND #28 AND #47

Screening Protocol
Title screening inclusion criteria:
• A title stating the study was aimed towards the primary goal.
		 • Also passing title screening are titles which mention a prognostic model in specific ICU
			 subpopulations;
		 • Also passing title screening are titles which do not mention a specific prognostic model/decision
			 support technique, but are aimed at reporting survival and/or HRQoL in general ICU patients;
		 • Also passing title screening are titles which do not mention a specific prognostic model/decision 		
			 support technique and were performed in specific ICU subpopulations but are aimed at predicting
			 survival and/or HRQoL. (Combination of the two criteria above).
		 • Also passing title screening are titles which use multivariable analysis to determine the value of
			 multiple predictors in order to obtain a prediction of survival and/or HRQoL for ICU patients.
• NOTE: The specific measure of HRQoL does not need to be mentioned in the title. If it is, any method of
measuring HRQoL is accepted (so either validated questionnaires, physical functioning tests or a plain and
personal subjective rating of quality of life, etc. is deemed a study predicting HRQoL).
• NOTE: Predicted survival / mortality or HRQoL does not have to be in the long-term, any study describing a
model for prediction ICU survival to ∞ survival after ICU stay should pass the title screening.
Title screening exclusion criteria:
• A title clearly describing a study which does not comply to the primary goal.
• A title describing a non-human study
• A title describing a study in a paediatric population
• A title describing a study in which a prediction model is developed in order to predict intermediates to death or
poor HRQoL (i.e. a study which predicted AKI or long-term chronic kidney dialysis in general ICU patients should
be excluded).
• NOTE: when in doubt about fulfilling inclusion or exclusion criteria, a study will be included for abstract
screening.
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Abstract screening exclusion criteria:
A. An abstract describing a non-human study
B. An abstract describing a study in a paediatric or non-ICU population
C. An abstract of the following article types: reviews, letters, editorials, case reports, case series, guidelines,
abstract only papers (e.g. congress abstracts).
		• NOTE: systematic reviews might be used for ‘snowballing’ but were excluded for further
			 screening/analysis.
D. An abstract describing a study in which solely the ‘(independent) prognostic value’ of a single/multiple
predictor(s) is analysed but does not report a multivariable prediction model.
E. An abstract which does not mention a specific prognostic model/decision support technique, but is clearly aimed
at reporting survival and/or HRQoL in general ICU patients only;
F. An abstract describing a study in which a previously developed prediction model is validated (with/without
re-calibration) without specifically re-developing the model (i.e. refitting the model’s coefficients and/or adding or
dropping predictors).
		• NOTE: in an abstract in which re-development is described, the results of said re-development do not
			 have to be mentioned to be included for full text screening.
G. An abstract describing a study in which a prediction model is developed in order to predict intermediates to
death or poor HRQoL (i.e. a study which predicted AKI or long-term chronic kidney dialysis in general ICU
patients should be excluded).
H. An abstract clearly describing a study which does not comply to the primary goal.
• NOTE: when in doubt about fulfilling inclusion or exclusion criteria, a study will be included for full text screening.
• NOTE: during abstract-screening, the reason for exclusion should be recorded.
Full text screening inclusion criteria:
• Studies aimed towards the primary goal and the presented results are in line with this aim.
		 • Also passing full text screening are studies which develop a prognostic model in specific ICU
			 subpopulations;
• NOTE: If used as an outcome, the specific measure of HRQoL needs to be mentioned in the full text. However,
any method of measuring HRQoL is accepted (so either validated questionnaires, physical functioning tests or a
plain and personal subjective rating of quality of life, etc. is deemed a study predicting HRQoL).
• NOTE: Predicted survival / mortality or HRQoL does not have to be in the long-term, any study describing a
model for prediction of hospital survival to ∞ survival /HRQoL after ICU stay should pass the full text screening.
Full text screening exclusion criteria:
A. A non-human study
B. A study in a paediatric or non-ICU population
C. A study of the following article types: reviews, letters, editorials, case reports, case series, guidelines, study only
papers (e.g. congress studies).
		• NOTE: systematic reviews might be used for ‘snowballing’ but were excluded for further
			 screening/analysis.
D. A study in which solely the ‘(independent) prognostic value’ of a single/multiple predictor(s) is analysed but does
not report a multivariable prediction model.
E. A study which does not mention a specific prognostic model/decision support technique, but is clearly aimed at
reporting survival and/or HRQoL in general ICU patients only;
F. A study in which a previously developed prediction model is validated (with/without re-calibration) without
specifically re-developing the model (i.e. refitting the model’s coefficients and/or adding or dropping predictors).
G. A study in which a prediction model is developed in order to predict intermediates to death or poor HRQoL
(i.e. a study which predicted AKI or long-term chronic kidney dialysis in general ICU patients should be
excluded).
H. A study which does not comply to the primary goal.
I. A full text which is only available in a language other than English, Dutch, German or French.
• NOTE: during full text-screening, the reason for exclusion should be recorded.
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Abstract screening inclusion criteria:
• An abstract stating the study was aimed towards the primary goal and the presented results are in line with this
aim.
		 • Also passing abstract screening are abstracts which mention a prognostic model in specific ICU
			 subpopulations;
		 • Also passing abstract screening are abstracts which do not mention a specific prognostic model/decision
			 support technique and performed in specific ICU subpopulations but are aimed at predicting survival
			 and/or HRQoL.
		 • Also passing abstract screening are abstracts which use multivariable analysis to determine the value of
			 multiple predictors in order to obtain a prediction of survival and/or HRQoL for ICU patients (but do not
			 necessarily state building a model out of those variables).
• NOTE: If used as an outcome, the specific measure of HRQoL needs to be mentioned in the abstract. However,
any method of measuring HRQoL is accepted (so either validated questionnaires, physical functioning tests or a
plain and personal subjective rating of quality of life, etc. is deemed a study predicting HRQoL).
• NOTE: Predicted survival / mortality or HRQoL does not have to be in the long-term, any study describing a
model for prediction of ICU survival to ∞ survival /HRQoL after ICU stay should pass the abstract screening.

Data extraction form
Item list:
General
•
•
•
•

Study number
First Author <Last name INITIALS>
Model name
Year of publication <yyyy>

Data source
•
•

Source type
Population type

Sample details
• Total sample size (development set) <N>
• Start of inclusion <(mm.)yyyy>
• End of inclusion <(mm.)yyyy>
• Inclusion criteria
• Exclusion criteria
Predictors
•
•
•
•
•
•

Amount of candidate predictors <n>
Amount of predictors in FINAL model<n>
Amount of candidate predictors exactly mentioned in paper <Y/N>
Blinding of predictor measurement
Predictors included in FINAL model
Handling of continuous predictors in FINAL model

Outcome
•
•
•
•
•

Outcome
Prediction horizon
Prediction moment
Amount of events (outcome) <n>
Blinding of outcome measurement
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Missing data

•
•
•

Number of participants with missing data in development set (if estimated,
max, if complete case analysis, additionally excluded patients) <n>
Assumption on kind of missing data <MCAR, MAR, MNAR>
Explanation of assumption on kind of missing data and notes on missing data
handling
FINAL handling of missing data

Model building
•
•
•
•
•
•
•
•

Amount of models developed
Model type
Predictor selection for inclusion in multivariable modelling
Use of nonlinear transformations for continuous variables
Predictor selection during multivariable modelling
Shrinkage / overfitting correction / techniques to reduce over optimism
<Y/N>
Shrinkage details
Model formula <Linear predictor=B0 + B1X1 + B2X2 + … + BkXk>

Model measures
•
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Chapter 5
Hidden normativity in categorizations
of functional outcomes in
intensive care unit studies

Abstract
Objective
In research into functional outcomes of intensive care unit survivors, the data is
often categorized along thresholds decided upon by the researchers. To use these
kinds of classification at the bedside, it is important to understand how they were
constructed. Currently it is unclear how functional outcome is generally categorized
by such thresholds and on what grounds these are used.
Data Sources
PubMed, EMBASE, Psych INFO and CINAHL online libraries
Study Selection:
The online databases were searched for studies in former ICU patients, which
reported on a functional status measurement where the authors categorized the
resulting functional outcome scale.
Data Extraction
We aimed to evaluate the chosen threshold(s), the reported reason(s) for these
categorizations, and what kind of treatment consequences the authors suggested.
Data Synthesis
The search led to 11,509 papers. Out of 84 studies passing title and abstract
screening, 19 studies categorized a functional outcome scale and were included.
There was considerable variation in the thresholds that were used, even within
similar study populations, when using similar functional outcome measurement tools.
Thirteen studies (68%) reported a reason for their categorization. Eight of these
based their chosen categorization on ideas about minimally acceptable functional
states, or about maximally acceptable costs. One study reported patient involvement
in the choosing of a functional outcome threshold. Twelve of the studies reported
on treatment consequences or explicitly recommend no treatment consequences
based on their results (63%).
Conclusions
With the reasons for the chosen thresholds often unmentioned or opaque, there is
a hidden normativity in the categorization of functional outcomes. Moreover, this
categorization currently seems exclusively determined by the medical researchers.
Transparency and patient participation are required to find fitting outcome categories
and determine the clinical relevance of research findings on functional outcomes of
patients surviving intensive care unit stay and its long-term effects.
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General introduction

Methods
This is a systematic review of ICU studies which explicitly incorporated (normative)
categorizations of functional scores.
Search strategy
We searched the PubMed, EMBASE, Psych INFO and CINAHL online libraries
using a search query consisting of the domain of intensive care unit patients
Hidden normativity in categorizations of functional outcomes in
intensive care unit studies
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N

ext to survival of acute disease, critically ill patients are concerned with returning
to an acceptable state of quality of life [1]. Regrettably, severe illness and intensive
care unit (ICU) treatment are associated with impaired functional status after longterm follow-up [2-5]. This means that sometimes an acceptable outcome is not within
reach [6, 7]. Consequently, decisions to (partially) withhold or withdraw ICU treatment
are an essential part of responsible ICU care [1-3].
This kind of decision making requires prognostic information based on the
combination of clinical experience of ICU physicians, scientific evidence, and its
normative evaluation by all stakeholders [8]. But, the applicable evidence differs per
individual patient and the clinical context. As such, the physician and the patient or
his/her representative need to critically appraise the prognosis in order to responsibly
engage in a process of shared decision making [8].
The required evidence for such decisions is often obtained through prognostic
studies. Defining a relevant outcome measure is an important methodological step
[9]
. Functional outcomes are often studied using validated questionnaire, which result
in continuous outcome scores [10]. In order to facilitate interpretation and subsequent
decision making, categorization of these scores can be applied [11]. The principal
strategy is to define the resulting outcome groups as ‘favourable’ and ‘unfavourable’
outcomes [9, 12]. These categories imply a normative evaluation of that functional
state [8, 11]. Moreover, in case of an ‘unfavourable’ outcome, consequences for
(discontinuing) treatment may be suggested [5]. In order to translate such evidence
to clinical practice, it is vital to know why a certain threshold of functional outcome
status was chosen by the researcher [8, 13].
This study aimed at assessing prognostic ICU studies for the chosen
categorizations of patient reported functional outcome measures, the (transparency
in reporting of) motives for doing so, and the accompanying treatment consequences.

with a functional outcome (including terms for some specific functional outcome
questionnaires), along with a highly sensitive filter for prognostic research [14, 15]. For
the search syntax, see the supplementary material. The final search was performed
on the 12th of April 2017 without any limiters. At the moment of submission, no new
relevant studies were found on PubMed.
Screening
Studies in which a categorization of a functional outcome scale was applied were
included. Screening was divided into title, abstract and full text screening phases.
Only studies within the intensive care unit domain were eligible, including mixed
and ICU subpopulation studies. An explicit reporting of a categorization of functional
status was required. The accepted study designs were trials, observational cohort
studies and prognostic model development studies. As the exact epidemiological
findings or inferences of the included studies were not the focus of this study, studies
were included regardless of the quality of their design, the concomitant risk of bias,
or (the significance of) the results.
All screening and inclusion of studies was performed by two authors (IWS
and JJMD). Upon doubt about final inclusion, discussion between these two authors
provided the final verdict.
Data extraction and analysis
See the supplementary material for the list of data-items extracted from each paper.
In order to determine whether the reason for and treatment consequences of a
thresholds were provided, we focused on the manuscript’s text, supplementary
materials and the references explicitly mentioned within the included paper when
describing the thresholds or its consequences. All data extraction was performed by
two authors (IWS and JJMD).
Data were summarized on the study level. First, variation in the chosen
threshold(s) for similar functional outcome or HRQoL assessment tools was assessed.
Second, whether a reason for using a certain threshold of a functional outcome scale
was stated in the manuscript, and what this reason was, were reported. This was also
reported with regards to the recommended treatment consequences. The reasons
for and consequences of functional outcome thresholds were grouped along broad
terms, defined after data extraction.
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Results
The various online libraries contained 11,509 unique papers within our search, of
which 11,425 papers were excluded during title screening. Abstracts alone seldom
provided full clarity about possible normative categorizations of functional outcomes.
As such, all 84 papers with an eligible title passed abstract screening for full text
screening. Finally, 19 papers were included (see figure 1) [11, 16-33].

The nineteen included studies were published between 1995 and 2016. The
included papers were designed to study the (independent) prognostic value of a
specific factor (15 papers), or to develop a prognostic model (4 papers). The studies
consisted of neurological (8 papers), medical (4 papers), mixed (4 papers), elderly (1
paper), surgical (1 paper) and trauma (1 paper) ICU populations. The characteristics
of each included study are presented in table 1. Of all studies, eighteen used a
dichotomization of a validated functional outcome measurement score. These
eighteen studies described the resulting two outcome groups as ‘unfavourable
versus favourable’ or ‘poor versus good’. The one remaining paper used a custom
three-level categorical outcome based on functional status at hospital discharge
[25]
, distinguishing the levels discharge to home, discharge to a skilled nursing or
rehabilitation facility, or death.
Assessment tools and classifications of results
The included studies made use of 14 different functional outcome assessment tools
(3 papers reported the use and categorization of two tools). The most frequently
used tool (6 papers) was the modified Rankin scale [17, 19, 22, 23, 30, 32]. This tool consists
of six grades for neurologic disability (ranging from 0 for ‘no symptoms at all’ to 5
‘severe disability’, with death as an optional grade) [34]. Unfavourable outcome was
defined as grade 2 (slight disability) or worse once [17], twice as grade 3 (moderate
disability) or worse [22, 23], twice as grade 4 (moderately severe disability) or worse
[19, 30], and once as grade five (severe disability) or worse [32]. The reasons for
these definitions were not reported [19, 22, 30, 32], stated as normative ideas about an
acceptable minimally functional state [23], or as based on statistical reasons [17].
The second most used functional outcome assessment tool was the Glasgow
outcome Scale and its modifications (4 papers, with one study using two types of
Glasgow outcome scale) [16, 17, 24, 28]. The original version of this assessment consists
of a five-level scale ranging from 1 ‘good recovery’ to 5 ‘death’ [35]. For the Glasgow
outcome scale, the thresholds to define unfavourable outcome were set at scores
of 2 or higher (any disability or worse) [24], 3 or higher (severe disability or worse) [16,
17]
, or of 4 or higher (vegetative state or death) [28]. The reasons for these definitions
Hidden normativity in categorizations of functional outcomes in
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Study design and population

were stated as normative ideas about an acceptable minimally functional state [16, 24]
or as based on statistical reasons [17, 28].
Reasons for specific thresholds and the recommended treatment consequences
A reason for the classification of a functional outcome score was reported in thirteen
of the nineteen (68%) papers. We grouped the reported reasons for categorization
into four groups: normative ideas about acceptable minimally functional state (7
papers) [11, 16, 18, 19, 23-25], normative ideas about acceptable maximal costs (1 paper)
[21]
, unexplained statistical reasons (3 papers) [17, 27, 28], and compliance with similar
thresholds in literature without clear references (2 papers) [26, 32]. See table 2 for
quotes which showcase these four groups.
One paper reported a previous study into the evaluation of functional
outcome amongst patient as the basis for the chosen threshold between favourable
and unfavourable outcome [25].
The treatment consequences of an expected unfavourable outcome were
stated in twelve studies (63%). These reported consequences were also grouped:
role in decision support based on functional outcome (6 papers) [11, 17, 23, 25, 27, 32], role in
decision support based on cost considerations (2 papers) [29, 33], and explicitly stating
that the study results should have no role in decision support (4 papers) [18, 20, 21, 31].
See table 3 for quotes which showcase these three groups.
Reporting a reason for dichotomizing an outcome, and reporting on the
intended clinical consequence of an unfavourable outcome did not overlap. Eight
studies reported on the reason for, and on the consequence of, their categorization
of the outcome scale. In five papers a reason for the dichotomization was reported
without a treatment consequence for an expected unfavourable outcome. In another
four papers the reason for the chosen threshold was not reported, but a clinical
consequence of an expected poor outcome was. In the remaining two papers neither
a reason for the categorization, nor a consequence of an expected unfavourable
outcome were reported.

Discussion
Within a comprehensive systematic review on prognostic studies for ICU patients,
we found nineteen studies which used categorizations of functional outcome scores.
Different categorizations of functional outcome were used even when using the same
measurement tool. Thirteen of the nineteen studies reported a reason for the chosen
categorization of functional outcome. We considered eight of the reported reasons
to be based on clear normative assumptions (about minimally acceptable functional
states or maximally acceptable costs), while the other eleven were unreported or
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unclear. Treatment consequences were reported in twelve of all included studies.
In eight of these twelve papers, the study’s results were suggested to have a role
in decision support, while the other four explicitly argued against this. In summary,
we found varying categorizations of outcome, some with stringent treatment
consequences – withholding or withdrawing all ICU treatment were amongst those
stated – while normative values about the acceptability of certain (bleak) outlooks
were not consistently reported.

In prognostic research, the researcher is often a physician looking for insights into
the varying perspectives on future (functional) health status. Such researchers are
required to measure the functional status of multiple individuals and make a single
comprehensive evaluation. In the ideal setting, the findings from patient and public
involvement studies would provide a general evaluation of functional outcome,
supported by the relevant patient population [5, 36]. When available, the researcher
integrates these patient preferences into his or her research by applying this group
level evaluation of functional status and is able to generalize the results.
In the clinical practice of the ICU, on the other hand, an individualized
treatment is strived for. Regrettably, functional outcome scale measurements such
as those summarized in this study may lack a straightforward interpretation for
the individual patient [11, 37]. Moreover, incapacitated patients are unable to share
their treatment preferences and current goals in life, which ultimately leaves the
individualisation to the next of kin and possibly the ICU physicians [38]. In those cases,
the physician could be asked to help interpret the future impact of an expected
(functional) outcome. The physician constructs a group-level generalization from
clinical experience and literature assumed to be applicable to the patient [8] and
present this view to the surrogates. Although this is a generalization drawn from
the preferences of a broader population, it is only through the repeated process of
shared decision making with the surrogates, that all involved parties can agree on
applicable treatment goals in absence of a competent patient [8, 38]. While this strategy
has to be implemented in clinical practice on a daily basis, the variation in thresholds
presented here shows that studying and generating prognostic information for this
decision-making process is far from straightforward.
Pitfalls when using functional outcome studies for shared decision making
To adequately incorporate these varying study results into the decision-making
process of an individual critically ill patient, inspiration can be drawn from end-oflife decisions [39]. For such vital dilemmas, a five-step approach is recommended [8].
In short, these include (a) the collection of evidence (i.e. a prognostic estimate), (b)
sharing this information with patients or surrogate decision makers (taking into account
Hidden normativity in categorizations of functional outcomes in
intensive care unit studies
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Generating research results as basis for shared clinical decision making

a patient’s preferences), (c) critically assessing the uncertainty and the relevancy of
this information, (d) making a shared decision and (e) assure adequate follow-up
and relay the effects of the decision back to the physician. Following these steps
empowers physicians to act as experts on prognosis and treatment implications,
whereas families can act as experts on the patient’s values and preferences [8, 40, 41].
		
With regards to current literature about the recognition of the post
intensive care syndrome as a serious complication of critically illness [42] and outcomes
considered relevant by physicians and patients alike [5], there could be a valid reason
for categorizing certain levels of functional status as favourable and unfavourable.
However, looking at the functional outcome scores seen in this review, the supposed
definition for ‘unfavourable outcome’ ranged from any disability or worse, to only
considering a patient ending up in a vegetative state or dead as unfavourable.
Furthermore, a non-reported reason for the categorization of functional
outcome complicates interpretation of evidence for physician and patient alike. Based
on studies which lack this explanation, the stakeholders cannot determine whether
the proposed categorization and treatment consequences of expected favourable
and unfavourable outcomes are applicable [8]. Additionally, different categorizations
of study data lead to different prognostic estimates [9]. Amongst others, it was for this
reason that multiple author groups explicitly stated that their study results should not
have a direct treatment consequence(s) for individual patients [18, 20, 21, 31]. Instead the
authors of these papers referred to deeper considerations with the patients or the
surrogate decision makers before making far-reaching treatment decisions such as
the withholding or withdrawing of treatment.
Implications for future research
This review showed considerable variation in the reporting of reasons for defining
and in the actual definition of unfavourable outcome. Moreover, only one paper
mentioned a previous study into patient values as reason for their classification of
favourable and unfavourable outcome [25]. Although a different evaluation of functional
outcomes could have a good reason, not reporting the underlying line of thought
hampers the comparability and interpretation of the study’s result in clinical practice.
Without advocating conformity to general thresholds and treatment consequences,
the transparent reporting of the normative reasons for defining a study’s outcome
should be demanded.
Finally, more in-depth patient and public participation when defining
and valuing outcomes could improve understanding of the varying nature of (un)
acceptable outcomes. In some situations, it might provide a sound reason for a
specifically defined outcome to study [2, 3, 41]. For survivors of ICU admission due to
acute respiratory failure for example such a set of core outcomes was defined. This
set of core-outcomes originated from a world-wide Delphi study amongst clinical
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researchers, patients, caregivers, physicians and research funders [5]. It consists
of general functional status, anxiety, depression and post-traumatic stress disorder
related questionnaires. These aspects of quality of life represent the different
domains of the post-intensive care syndrome all critically ill patients are at risk for
[42]
. Consequently, we feel this set of outcome measures is relevant to any general
ICU patient and comprehensive enough to be easily collected. But, to facilitate
interpretation and informative use in clinical practice, further research should be
focused on finding normative interpretations of these outcome scores supported by
the patients themselves.

This systematic review has its limitations. Foremost, this review does not provide a
complete overview of all functional outcome studies in ICU literature. This is partly
due to the search strategy, in which we did not specify terms for all possible functional
outcome measurement tools. However, based on our broad search in over 11,000
papers we feel we have not systematically missed specific studies or study types. As
such, with regard to the categorization of functional outcome measurement scores,
we consider the studies we have included as a representative sample of the relevant
studies within the entire domain of critically ill patients.

Conclusions
There is a hidden normativity in the categorization of functional outcome scores
in ICU survivor research. The categorization of these outcomes currently seems
exclusively designed by medical professionals, while the reasons for a certain
threshold are often unmentioned or opaque. Transparency in reporting, together with
patient participation could improve our understanding of the varying nature of (un)
acceptable outcomes and facilitate in providing relevant and applicable prognostic
information.

Hidden normativity in categorizations of functional outcomes in
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Tables and Figures
Figure 1: flowchart of study inclusion

intensive care
PubMed: 5950

AND

prediction model

EMBASE: 6339

AND

survival OR FO

CINAHL: 696

PsycINFO: 78

13063 search results
Removal of 1554 duplicates

11509 titles screened for relevance
11425 titles excluded

84 abstracts screened
0 studies excluded

84 full texts screened
65 studies excluded
• 31 conference abstracts/reviews
• 7 No ICU population
• 7 No FO studied
• 14 No normative interpretation of FO
• 2 Other
• 4 Not available in English, Dutch or German

19 full texts included
HRQoL, health related quality of life; ICU, intensive care unit
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Author
(publication
year)

Intensive care
unit study
population

Study
size

Outcome
measurement tool
and definition of
poor outcome A

Death
included
in
outcome

Reason for
classification
of outcome
scale

Treatment
consequence

Arbour C
(2016)

Trauma

181

GOS-E: 1-4

Yes

minimally
acceptable
functional
state

NR

Broessner G
(2007)

Neurological

1155

GOS: 4-5
mRs: 2-6

Yes

statistical

role in decision
support based
on functional
outcome

Cho DY
(1997)

Neurological

200

IADL: 1 dependent
ADL or more

No

minimally
acceptable
functional
state

explicitly no
role in decision
support

Finley Caulfield A
(2010)

Neurological

142

mRs: 4-6

Yes

minimally
acceptable
functional
state

NR

Frick S
(2003)

General mixed

521

Custom: Dependent
for 1 or more ADL

No

NR

explicitly no
role in decision
support

Graf J
(2005)

Medical

303

SF-36: >50000$ per
QALY

No

maximally
acceptable
costs

explicitly no
role in decision
support

Kim Y
(2012)

Neurological

555

mRs: 3-6

Yes

NR

NR

Kiphuth IC
(2010)

Neurological

666

mRs: 3-6

Yes

minimally
acceptable
functional
state

role in decision
support based
on functional
outcome

NavarreteNavarro P
(2003)

Neurological

132

BI: 0-90
GOS: 2-5

No

minimally
acceptable
functional
state

NR

Nierman DM
(2001)

Elderly

455

Custom: discharge to
skilled nursing facility
or death

Yes

minimally
acceptable
functional
state

role in decision
support based
on functional
outcome

Oddo M
(2014)

General mixed

134

CPC: 3-5

Yes

unreferenced
literature

NR

Prohl J
(2007)

Medical

80

CPC: 4-5

Yes

statistical

role in decision
support based
on functional
outcome

Rana OR
(2012)

Medical

97

GOS: 4-5
mGOS: 4-5

Yes

statistical

NR

Rodriguez
RM
(1997)

General mixed

236

Custom: dependent
for 2 of the following
feeding oneself, walking with minimal assistance, maintaining
urinary continence

No

NR

role in decision
support based on
cost considerations

Schuiling
WJ
(2005)

Neurological

136

mRs: 4-6

Yes

NR

NR

Soliman IW
(2016)

General mixed

2420

EuroQoL 5D index:
<0.4

Yes

minimally
acceptable
functional
state

role in decision
support based
on functional
outcome
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Table 1: Patient characteristics

Stricker KH
(2011)

Medical

521

SIP: >15

Yes

NR

explicitly no
role in decision
support

Szklener S
(2015)

Neurological

101

mRs: 5-6

Yes

unreferenced
literature

role in decision
support based
on functional
outcome

Treasure T
(1995)

Surgical

162

Custom: below the
5th centile of index of
health-related quality
of life or EuroQoL 5D
index within study
population

No

NR

role in decision
support based on
cost considerations

A, the (range of) value(s) provided with each functional outcome scale depicts the value(s) the authors used to denote
unfavourable outcome on the scale of that functional outcome tool; NR, not reported; GOS, Glasgow outcome scale;
GOS-E, Glasgow outcome scale-extended; mGOS, modified Glasgow outcome scale, mRs, modified Rankin scale;
IADL, index of independence of activities of daily life; BI, Barthel index; CPC, cognitive performance categories; SIP,
sickness impact profile.

Table 2: Reasons for classification of outcome scale and example quotes
Reason for classification of
outcome scale

Example quote

Normative ideas about minimally
acceptable functional state

[16]
“Good functional recovery was defined as a Glasgow Outcome Scale
Extended score greater than 5, showing return to preinjury functioning with
no or little residual impairments”

Normative ideas about maximally
acceptable costs

[21]
“Although no true cut-off exists, outside the intensive care unit, costs of
approximately 50,000 US$ per quality adjusted life year are a generally
accepted upper limit for cost-effectiveness”

Statistical reasons

Similar cut-offs in literature,
without references

[17]
“To receive binary outcome measures, Glasgow Outcome Scale or modified
Rankin Scale, respectively, were categorized into two groups (Glasgow
Outcome Scale 1-3 and 4-5, modified Rankin Scale 0-1 and 2-6)”
[26]
“In accordance with the vast majority of studies on the topic, good
neurological recovery was defined as Cerebral Performance Categories 1
or 2”

Table 3: Recommended consequences to cut-offs of functional outcomes
Recommended consequence of
poor functional outcome

Example quote

Role in decision support based
on functional outcome

[25]
“In our experience, it is common for elderly patients to have clearly stated to
their families before their critical illness that they would refuse advanced life
support if the outcome meant they could not return home. ICU care for such
person, in fact, could be considered futile if the best an ICU stay would accomplish would be an outcome that the patient would later find unacceptable
or a fate worse than death”

Role in decision support based
on cost considerations

[33]
“Even if treatment were terminated on the day that Chang’s algorithm predicts non-recovery, then there would be only a modest saving in resources”

Explicitly stating that their results
should have no role in decision
support

[20]
“Caution has to be applied when future quality of life as presumed by nurses
and doctors is used as an argument for withholding or withdrawing further
treatment. We must not use presumed future QOL as an argument for treatment withholding or withdrawal. Admitting that we cannot reliably predict our
patients’ future QOL, we should not include this aspect in terminal decision
making, except in situations where the patients themselves describe their
QOL as miserable or intolerable”
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PubMed search terms
1.
2.
3.
4.
5.
6.
7.
8.
9.
10.
11.
12.
13.
14.
15.
16.
17.
18.
19.
20.
21.
22.
23.
24.
25.
26.
27.

“Intensive Care”[Mesh]
“Intensive Care Units”[Mesh]
“Critical Care”[MeSH Terms]
critical[tiab]
intensive[tiab]
#4 OR #5
care[tiab]
#6 AND #7
#1 OR #2 OR #4 OR #8
“risk score”[tiab]
“prediction model”[tiab]
“predictive model”[tiab]
“predicting”[tiab]
“prediction rule”[tiab]
“risk assessment”[tiab]
“algorithm”[tiab]
prediction*[tiab]
“validation study”[tiab]
“validation studies”[tiab]
“scoring”[tiab]
“index”[tiab]
“system”[tiab]
#21 OR #22
#20 AND #23
“risk stratification”[tiab]
“Decision Support Techniques”[tiab]
“Decision Support
Techniques”[Mesh]

28. #10 OR #11 OR #12 OR #13 OR
#14 OR #15 OR #16 OR #17 OR
#18 OR #19 OR #24 OR #25 OR
#26 OR #27
29. “Quality of Life”[Mesh]
30. “quality of life”[tiab]
31. functional[tiab]
32. state*[tiab] OR status*[tiab] OR
outcome*[tiab]
33. status*[tiab]
34. outcome*[tiab]
35. #32 OR #33 OR #34
36. #31 AND #35
37. “subjective health state”[tiab]
38. “Mortality”[Mesh]
39. Survival”[Mesh]
40. mortality[tiab]
41. survival[tiab]
42. euroqol*[tiab]
43. “EQ-5D”[tiab]
44. “short-form 36”[tiab]
45. SF-36[tiab]
46. “Prognosis”[MeSH Terms]
47. #29 OR #30 OR #36 OR #37 OR
#38 OR #39 OR #40 OR #41 OR
#42 OR #43 OR #44 OR #45 OR
#46
48. #9 AND #28 AND #47
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Supplementary material

Data extraction form
•
•
•
•
•
•
•
•
•
•

Study type;
Year of publication;
Data source;
ICU population domain;
Sample size;
The country in which the study was
performed;
Inclusion period;
In- and exclusion criteria;
Moment of HRQoL measurement
relative to ICU admission;
Functional status measurement
tool;
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•
•
•
•
•

•

Whether the tool included death into
the final score;
Which categorization was used;
Whether a reason for the
categorization was described;
The reason for the categorization;
Whether a consequence of being
above or below the cut-off was
described;
The recommended treatment
consequence(s).
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Chapter 6
The predictive value of early acute
kidney injury for long-term survival and
quality of life of critically ill patients

Abstract
Background:
Prognostic factors for the combination of long-term survival and health related quality
of life (HRQoL) after intensive care unit (ICU) stay have not yet been studied. Our
aim was to assess whether early acute kidney injury (eAKI), AKI occurring on the
first day of ICU admission, is an independent predictor of this combined one-year
outcome.
Methods:
We included all patients admitted to the mixed ICU of the University Medical Center
Utrecht between July 2009 and April 2013, excluding patients with chronic dialysis,
cardiac surgery, and length of stay less than 24 hours. eAKI was defined using
RIFLE classification, using a newly developed algorithm to classify AKI based on
routinely collected patient data. In one-year survivors, HRQoL was measured using
the EuroQoL 5D-3LTM (EQ-5D) questionnaire. The primary outcome measure was
“poor outcome”, defined as an EQ-5D index score <0.4 or death after one-year
follow-up. A multivariable Poisson regression model was performed to adjust for age,
comorbidities, admission type and severity of disease factors.
Results:
We enrolled 2,420 patients, of whom 871 (36.0%) died within one year. An additional
286 of 1549 one-year survivors (11.8%) experienced a low HRQoL. The respective
incidences of RIFLE classes “Risk”, “Injury” and “Failure” were 456 (18.8%), 253
(10.5%), 123 (5.1%). After adjustment for other covariates, RIFLE classes “Injury” and
“Failure” were independently associated with poor outcome (adjusted relative risk of
1.14, 95%CI 1.01-1.29; p=.03 and 1.25, 95%CI 1.01-1.55; p=.04). The constituents
of this composite outcome were also analysed separately. In a Cox regression model
“Injury” and “Failure” were significantly associated with mortality (adjusted hazard
ratio of 1.35, 95%CI 1.11-1.65; p=<.01 and 1.78, 95%CI 1.38-2.30; p=<.01). In oneyear survivors specifically, none of the RIFLE classes were significantly associated
with low HRQoL.
Conclusions:
patients with moderate or severe AKI during the first 24 hours have a higher probability
of mortality or a low HRQoL (poor outcome), one year after ICU admission. Together
with other early available prognostic factors, information on early acute kidney
injury could improve informed decision-making on the continuation or withdrawal of
treatment in ICU patients.
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E

arly during ICU admission clinicians often find it difficult to predict the long-term
outcome of critically ill patients [1]. Even during the course of an intensive care
unit (ICU) admission the prognosis may remain unclear. In order to support decision
making concerning the continuation or withdrawal of ICU treatment, identifying valid
clinical predictors, determined early during ICU admission is particularly relevant [2].
The first day of ICU admission is critical for prognosis. Its clinical relevance is made
clear by the high prognostic value of disease severity scores based on the first day
of ICU admission. A multitude of physiologic variables are included in models such
as Acute Physiology and Chronic Health Evaluation (APACHE) and Simplified Acute
Physiology Score (SAPS) [3, 4]. But, only the presence of specific ICU complications
such as acute kidney injury (AKI) is taken into account. World-wide established
and detailed classification systems for complications identifying different levels of
severity, were not used. A considerable number of critically ill patients develop AKI
during ICU stay [5]. Over twenty percent of all general ICU patients do so within 24
hours of ICU admission [6]. Moreover, when AKI does accompany critical illness, it
is a risk factor for increased mortality, up until one year after ICU admission [5-14].
Early AKI (eAKI) could be an especially prevalent warning sign for poor long-term
outcomes. If so, it could be used as a building block for personalized prognoses.
Multiple studies have investigated predictors and models for the short-term
prognosis of the critically ill. As a consequence, scoring systems such as APACHE IV
and SAPS 3 have been developed for risk stratification [3, 4]. These studies focussed
on associating predictors and models with hospital mortality. To facilitate decision
making on continuing or withdrawing treatment in the ICU however, patients and
their relatives usually want to be informed about the chances of survival beyond
hospital discharge. Often, they want to take the expected quality of life into account.
Health related quality of life (HRQoL) has only been studied scarcely as the outcome
for prognostic factor studies [15-17]. Especially in the general ICU populations studies
investigating predictors of HRQoL are a rarity. Furthermore, prognostic factors for a
combination of survival and HRQoL have not yet been studied.
Therefore, the aim of this study was to investigate whether the occurrence
and severity of eAKI, AKI occurring during the first 24 hours of admission, in a mixed
ICU population shows an independent association with one-year mortality and
HRQoL.

Methods
Study design, setting and participants
All patients admitted consecutively to the mixed ICU of the University Medical
Center Utrecht from July 2009 to April 2013, without chronic dialysis prior to ICU. For
patients with multiple ICU admissions within this period, only the first ICU admission
was used in the analyses. Patients under 16 years of age and those with a length of
stay of less than 24 hours were excluded. Patients admitted to the ICU after cardiac
surgery were excluded because of the low incidence of AKI [18], and low risk of poor
outcome for these patients in general [16]. The institutional review board (IRB) of
the University Medical Center Utrecht approved the study protocol and waived the
need for informed consent when working with anonymised patient and follow-up
data (UMC Utrecht IRB protocol number 10/006).
Data collection and follow-up
The following data were collected: serum creatinine levels, urine output per hour
within the first 24 hours, age, sex, pre-ICU hospital length of stay, admission type,
Charlson comorbidity index [19-20], the need for mechanical ventilation, a confirmed
infection and the acute physiology score (APS, as part of the APACHE II score)
within the first 24 hours of admission. These variables were prospectively collected
according to strict definitions, as part of a national registry used for benchmarking [7].
Data on Charlson Comorbidity Index were obtained from the electronic patient files,
as was described previously [21].
After hospital discharge, patient survival was tracked using the municipal
registry. All patients surviving one year after ICU admission were sent the EuroQoL
5D-3LTM (EQ-5D) HRQoL questionnaire [22]. If this questionnaire had not been
returned within six weeks, the questionnaire was resent and patients were reminded
by telephone to return the questionnaire. More details on the definitions of the
Charlson comorbidity index and the EQ-5D can be found in additional file 1 “Extended
methods section”.
Early AKI
The presence of eAKI was determined according to the RIFLE classification [5]. This
classification is based on measurements of serum creatinine, urine output per hour
and the use of renal replacement therapy. A “RIF” classification (“Risk”; “Injury”;
“Failure”) of renal impairment (in analogy to the RIFLE system) was used. An algorithm
was developed to determine the presence of these acute RIFLE classes within the
first 24 hours of ICU stay, based on routinely collected data. RIFLE based on serum
creatinine was scored by calculating the factor of change in serum creatinine from
baseline. The baseline was defined as the lowest serum creatinine value in the six
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months prior to ICU admission, known in the hospital laboratory registry. If this was
unavailable, the lowest serum creatinine during the first day of admission was used
as baseline. RIFLE based on urine output was scored per hour, where six, twelve or
24 hour stretches of oliguria or anuria were scored according to RIFLE classification.
Hours with missing urine output were replaced by dividing the first known urine output
over the stretch of missing hours. This was done for missing periods up to six hours,
including the hour with the known urine output measurement. Renal replacement
therapy was scored based on parameters indicating a running dialysis and invasive
therapy registration. The highest (i.e. worst) acute RIFLE class based on serum
creatinine or urine output attained during the first 24 hours of admission was used
to classify eAKI in included subjects. Subjects with renal replacement therapy were
scored as “Failure” regardless of urine or serum creatinine. More details on this
algorithm can be found in additional file 2 “Automated RIFLE classification”.

The primary outcome measure was one-year “poor outcome”. This outcome was
defined as a composite of death or low HRQoL at one-year follow-up. To study the
contribution to the composite endpoint, one-year survival, and HRQoL in the oneyear survivors were analysed as separate secondary outcomes.
HRQoL was measured using the EQ-5D. This questionnaire consists of
five questions each representing a dimension of HRQoL (mobility, self-care, usual
activities, pain or discomfort, anxiety or depression). Patients assigned a score of
no, little or many problems to each of these dimensions. The results were indexed on
a scale between “1” (full health) and “0” (dead) according to the weighting scheme
for the Dutch population [22].
We defined a low HRQoL as an EQ-5D index of 0.4 or below. Patients who
qualified their health state as such are on par with those with moderate to severe
amyotrophic lateral sclerosis (mean EQ-5D of 0.56 to 0.27) [23], patients suffering
from dementia with a depression (mean EQ-5D of 0.37) [24], or patients with a severe
to extreme depressive episode (median EQ-5D indices of 0.57 to 0.29) [25].
Additional predictors of outcome
Based on the constituents of most benchmark prediction models (e.g. APACHE and
SAPS) additional predictors were selected. These were age, gender, pre-ICU hospital
length of stay, admission type (medical/elective surgical/urgent surgical), Charlson
comorbidity index, the need for mechanical ventilation, a confirmed infection and the
APACHE II acute physiology score in the first 24 hours of admission [26] (excluding the
points for creatinine). The association between eAKI and outcomes was adjusted for
overlapping information of the predictive value of these eight additional predictors.
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Missing data
Missing EQ-5D data was expected to occur in non-responding one-year survivors.
Multiple imputation was used to replace the missing EQ-5D dimension scores of nonresponding survivors [27-30]. A total of 35 imputation datasets were created. Further
details can be found in additional file 1.
Data analysis
Baseline-characteristics and outcomes were compared across RIFLE classes using
Chi2 tests for categorical variables and non-parametrically using Kruskal-Wallis
tests for continuous variables.
The association between RIFLE and poor outcome was analysed using
multivariable Poisson regression analysis, modified for binomial outcomes, adjusting
for the aforementioned additional risk factors [31]. To adjust for any non-linearity
in the association of continuous variables with outcome, fractional polynomial
transformations were added to the model [32]. To assess the association between
eAKI and 1-year survival, a Cox proportional hazard regression analysis was
conducted. Any violation of the proportional hazard assumption was verified and
where necessary adjusted for by including an interaction term with time in the
regression model. In one-year survivors we investigated the association between
eAKI and low HRQoL by using a similar multivariable modified Poisson regression
analysis as for the primary outcome. Rubin’s rule for pooling multiple imputation
datasets was used to arrive at correct effect estimates and standard errors [27].
All statistical analyses were 2-sided using a level of significance of 0.05.
Statistical analyses were performed using IBM SPSS statistics software package
version 21 (IBM, United States of America, 2012). Fractional polynomial analyses
were performed in R, version 3.2.0 (R Foundation for Statistical Computing, 2015)
using the “mfp” package, version 1.5.1 (2015).

Results
Study population
During the inclusion period, 2,420 out of 2601 eligible ICU patients were included
in this study. One-year survival in the entire population was 1,549/2,420 patients
(64.0%). Of surviving patients, 1,020/1,549 (65.8%) responded to the EQ-5D
questionnaire. Hence for a total of 1,891/2,420 (78.0%) patients their status one year
after ICU admission was known (either being alive with a known HRQoL (n=1020) or
dead (n=871)) (see Figure 1).
In the total study population, median age was 59 years (interquartile range
(IQR) 47-69) and 1,000/2,420 (41.3%) patients were female. The majority of patients,
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1,418/2,420 (58.6%), were admitted for medical reasons and 1,231/2,420 (50.9%)
patients had a Charlson comorbidity index of one or higher. The median APACHE II
score was 19 (IQR 14-25) (see table 1).
Within the first 24 hours of admission n=832/2,420 patients fulfilled the
RIFLE criteria for “Risk” (456/2,420; 18.8%), “Injury” (253/2,420; 10.4%) or “Failure”
(123/2,420; 5.1%). Out of the 123 patients classified as eAKI “Failure”, 62 had renal
replacement therapy initiated on the first day of admission. Median time from ICU
admission to renal replacement therapy was 7 hours (IQR 4.4-14.5). Except for
gender and mechanical ventilation within the first 24 hours of admission, distribution
across RIFLE classes differed significantly for all baseline characteristics; with high
age, frequent comorbidities and high disease severity in the RIFLE “Injury” and
“Failure” groups (see table 1).

Table 2 shows the one-year poor outcome, mortality, and in one-year survivors,
HRQoL. Poor outcome was seen in 1,157/2,420 (47.8%) subjects in the total
population. In the eAKI subgroups of no eAKI, “Risk”, “Injury” and “Failure”, the
incidences of one-year poor outcome were 43.7% (694/1,588), 49.1% (224/456),
59.7% (151/253), 72.4% (89/123) respectively. Survival rates differed significantly
between no AKI and increasing eAKI severities.
When compared to the patients who did not experience eAKI, the unadjusted
relative risks (RR) for poor outcome were 1.12 (95% confidence interval (95%CI)
0.99-1.26; p=.05) for “Risk”, 1.36 (95%CI 1.20-1.55; p<.001) for “Injury”, and 1.64
(95%CI 1.34-2.02; p<.001) for “Failure”. After adjustment for the aforementioned
additional set of predictors, the association with poor outcome of RIFLE classes
“Injury” (RR 1.14; 95%CI 1.01-1.29; p=.03) and “Failure” (RR 1.25; 95%CI 1.011.55; p=.04) remained statistically significant (see table 3). Additional file 3 contains
separate analyses of the association between eAKI and poor outcome in previously
defined ICU subgroups [16]. The association of eAKI with outcome did not differ
across subgroups based on admission diagnoses or number of comorbidities.
Only in patients admitted with traumatic brain injury no clear association was seen
between eAKI and poor outcome. eAKI was most frequent in septic ICU patients: out
of 449 patients 21.6% (n=97) experienced eAKI “Risk”, 14.3% (n=64) experienced
eAKI “Injury” and 12.0% experienced eAKI “Failure” (n=54).
In the Cox regression analysis, crude estimates of the hazard ratios for
mortality in the eAKI RIFLE classes were 1.23 (95%CI 1.03-1.46; p=.02), 1.67
(95%CI 1.37-2.04; p<.001) and 2.45 (95%CI 1.92-3.13; p<.001) for “Risk”, “Injury”
and “Failure”. After adjustment for the additional predictors, the hazard ratios for
RIFLE classes “Injury” and “Failure” remained statistically significant: 1.35 (95%CI
1.10-1.65; p=.004) and 1.77 (95%CI 1.37-2.28; p<.001) (see table 3).
The predictive value of early acute kidney injury for long-term survival and
quality of life of critically ill patients
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In one-year survivors none of the RIFLE classes were independently
associated with low HRQoL (see table 3).

Discussion
This cohort study showed that occurrence of AKI early during ICU stay was associated
with an increased probability of being dead or having a low HRQoL one year after
ICU admission. When compared to patients without eAKI, increasing eAKI severity
classes were associated with increasing risks of poor outcome one year after ICU
stay. Patients with a RIFLE class “Failure” on the first day of admission even showed
a 25% significantly increased risk of poor outcome, independent of other predictors.
To illustrate the effect eAKI in the setting of the high overall outcome incidence, we
used our full statistical model to calculate the absolute predicted probability of poor
outcome for two typical ICU patients. Patient A is a low risk male patient of 40 years
old, without comorbidities, admitted to the ICU after elective surgery and a day of
prior hospital stay, without an infection or mechanical ventilation within 24 hours of
ICU admission and an APS of 10. Patient B is a high risk 60-year-old female patient,
with a Charlson comorbidity index of 3, admitted to the ICU for medical reasons after
a week of prior hospital stay, with a confirmed infection and mechanical ventilation
within 24 hours of ICU admission and an APS of 20. If these patients developed
severe eAKI (RIFLE “Failure”) Patient A’s risk of poor outcome would increase from
21% to 26%, while Patient B’s risk would rise from 58% to 72% (see table 4 for the
full statistical model).
Patients, family members and clinicians desire more prognostic information
about an ICU patient’s survival in conjunction with the expected HRQoL than is
currently available [2, 33, 34]. Furthermore, long-term quality of life is conditional on
long-term survival. When patients base the decisions made during ICU stay on
predicted HRQoL, they need information which also takes into account the condition
of long-term survival. We decided to tackle this form of conditionality by creating a
composite outcome which is clinically relevant at the time of major ICU treatment
decisions. To our knowledge, this the first study to specifically address this clinically
relevant composite endpoint of poor outcome.
So, in respect to the results of previous studies, only the result on the
separate constituents of this composite outcome can be compared. The association
between (e)AKI and mortality described here is supported by current literature. A
recent systematic review described studies which studied survival until six months
after ICU discharge. The included studies all reported a large and significant decrease
in survival probability in the AKI “Failure” group when compared to all other AKI or no
AKI groups [35]. Three studies have reported on the association between (e)AKI and
HRQoL in long-term ICU survivors and support the findings presented here. When
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comparing those who suffered from (e)AKI and survived to survivors without (e)AKI,
no significant association with any HRQoL classification was seen [12, 36, 37]. Based
on another recent systematic review, the presented study population is by far the
largest one to date [38]. Additionally, none of the prior AKI and HRQoL studies took
into account the conditionality of HRQoL on survival [12, 36-38]. Finally, with respect
to the contribution of survival and HRQoL to the composite endpoint, the increased
risk of eAKI for poor outcome seemed to be mainly caused by an increased risk of
death within one year after ICU admission.
Different from these previous studies, HRQoL was analysed dichotomously
in this study. Aside from this being necessary in order to determine whether a patient
suffered from a poor composite outcome, a qualitative interpretation of HRQoL (“low”
versus “high” or “severely impaired HRQoL” versus “not or mildly impaired HRQoL”)
was constructed. Choosing a threshold was, and still is, not straightforward. The
EQ-5D index itself contained minimal qualitative interpretation: its guidelines merely
indicated that a score of “1” corresponds to “full health” and scores below zero equal
states of living valued worse than death [22]. We therefore decided to set a threshold
value based on the average EQ-5D index value measured in patients with severe
physical, cognitive and/or psychiatric disabilities [23-25]. Still, after classifying patients
as such, patients with a low HRQoL might not have considered themselves to be
(severely) disabled. However, based on the EQ-5D index formula it can be shown
that patients with an EQ-5D index below 0.4 all experienced extreme problems on
at least one of the EQ-5D dimensions [22]. Altogether we assumed this threshold
therefore corresponded to a clinically relevant major disability or impairment of
HRQoL one year after ICU admission.
A strong feature of this study is that we measured and defined RIFLE
classification in high detail using an algorithm for routinely collected data. In this
study, as originally proposed by Bellomo et al, the RIFLE-classification was based
on both serum creatinine changes and urine output per hour [5]. As a result, this study
distinguished itself from those studies using only serum creatinine changes and/or
24-hour urine output when classifying AKI [35, 39].
Another strength of this study is the way attrition was handled. In cohort
studies with lengthy follow-up non-response occurs frequently, but seldom completely
at random. Consequently, not properly dealing with non-response may lead to bias in
any direction by selective loss to follow-up [27-30]. In order to minimize the risk of this
bias, multiple imputation techniques were used. Additionally, the internal structure of
the EQ-5D index was maintained by using these techniques to replace the missing
EQ-5D dimensions in survivors who did not respond to the EQ-5D questionnaire,
instead of the EQ-5D index value.
However, potential limitations also have to be acknowledged. One limitation
of this study is potential unmeasured relevant predictors of poor outcome, and effect

modification. In particular, frailty before ICU admission [40] and cardiac or respiratory
complications during early ICU admission [41] have recently been suggested as being
closely related to, and possibly reducing or altering, the association of AKI with longterm outcomes. As we did not collect data on these variables, it was not possible to
account for these factors in our analyses. We did study the predictive values of eAKI
in different subgroups (see additional file 3). These analyses suggested no or slight
effect modification. Future prognostic studies could study this phenomenon in more
detail by accounting for effect modification and frailty in their models.
Another limitation, is that these results apply to the first day of admission
only. This might have resulted in an attenuated estimate. The effect of eAKI could
have be reduced due to patients without early AKI, experiencing AKI later during
admission. Data to verify or reject these shortcomings was not available at this time
and was not the goal of this study. Future research will be aimed at predictors of
outcome during later days of ICU admission.
In clinical practice, some patients and doctors will base their decision
for treatment continuation on survival predictions alone, while others decide to
incorporate the expected quality of life as the main argument for their treatment
wishes. In the process of shared decision making and accurately informing patients
and families, clinicians will then want to provide relevant information [1, 2], without
relying on a single predictor for a single outcome. So, given its strong independent
association with survival and the composite “poor outcome”, which incorporates
HRQoL, the severity of eAKI should be considered as a candidate predictor in the
future development of multivariable and personalized decision support models, to be
used during ICU admission.

Conclusions
The severity of AKI early during ICU admission was independently associated with
increasing risk of one-year “poor outcome”. Especially patients with severe eAKI
(RIFLE class “Failure”) had a substantially increased risk of “poor outcome” one
year after ICU admission. Together with other early available prognostic factors,
information on early acute kidney injury could improve risk-stratification and hence
informed decision-making on the continuation or withdrawal of treatment in ICU
patients.

154

Chapter 6

1. Evans LR, Boyd EA, Malvar G, Apatira L, Luce JM, Lo B, White DB, (2009)
Surrogate decision-makers’ perspectives on discussing prognosis in the face of
uncertainty. Am J Respir Crit Care Med 179: 48-53
2. Searl MF, (2015) A case for the use of validated physiological mortality metrics
to guide early family intervention in intensive care unit patients. AACN Adv Crit
Care 26: 13-22; quiz 23-14
3. Zimmerman JE, Kramer AA, McNair DS, Malila FM, (2006) Acute Physiology
and Chronic Health Evaluation (APACHE) IV: hospital mortality assessment for
today’s critically ill patients. Crit Care Med 34: 1297-1310
4. Moreno RP, Metnitz PG, Almeida E, Jordan B, Bauer P, Campos RA, Iapichino
G, Edbrooke D, Capuzzo M, Le Gall JR, Investigators S, (2005) SAPS 3-From evaluation of the patient to evaluation of the intensive care unit. Part 2:
Development of a prognostic model for hospital mortality at ICU admission.
Intensive Care Med 31: 1345-1355
5. Bellomo R, Ronco C, Kellum JA, Mehta RL, Palevsky P, Acute Dialysis Quality
Initiative w, (2004) Acute renal failure - definition, outcome measures, animal
models, fluid therapy and information technology needs: the Second International
Consensus Conference of the Acute Dialysis Quality Initiative (ADQI) Group.
Crit Care 8: R204-212
6. Hoste EA, Clermont G, Kersten A, Venkataraman R, Angus DC, De Bacquer
D, Kellum JA, (2006) RIFLE criteria for acute kidney injury are associated with
hospital mortality in critically ill patients: a cohort analysis. Crit Care 10: R73
7. Brinkman S, de Jonge E, Abu-Hanna A, Arbous MS, de Lange DW, de Keizer
NF, (2013) Mortality after hospital discharge in ICU patients. Crit Care Med 41:
1229-1236
8. Rimes-Stigare C, Frumento P, Bottai M, Martensson J, Martling CR, Walther SM,
Karlstrom G, Bell M, (2015) Evolution of chronic renal impairment and long-term
mortality after de novo acute kidney injury in the critically ill; a Swedish multicentre cohort study. Crit Care 19: 221
9. Gammelager H, Christiansen CF, Johansen MB, Tonnesen E, Jespersen B,
Sorensen HT, (2012) One-year mortality among Danish intensive care patients
with acute kidney injury: a cohort study. Crit Care 16: R124
10. Wen Y, Jiang L, Xu Y, Qian CY, Li SS, Qin TH, Chen EZ, Lin JD, Ai YH, Wu DW,
Wang YS, Sun RH, Hu ZJ, Cao XY, Zhou FC, He ZY, Zhou LH, An YZ, Kang Y,
Ma XC, Yu XY, Zhao MY, Xi XM, Du B, China Critical Care Clinical Trial G, (2013)
Prevalence, risk factors, clinical course, and outcome of acute kidney injury in
Chinese intensive care units: a prospective cohort study. Chin Med J (Engl) 126:
4409-4416
The predictive value of early acute kidney injury for long-term survival and
quality of life of critically ill patients

155

chapter 6

References

11. White LE, Hassoun HT, Bihorac A, Moore LJ, Sailors RM, McKinley BA, Valdivia
A, Moore FA, (2013) Acute kidney injury is surprisingly common and a powerful
predictor of mortality in surgical sepsis. J Trauma Acute Care Surg 75: 432-438
12. Ahlstrom A, Tallgren M, Peltonen S, Rasanen P, Pettila V, (2005) Survival and
quality of life of patients requiring acute renal replacement therapy. Intensive
Care Med 31: 1222-1228
13. Nisula S, Vaara ST, Kaukonen KM, Reinikainen M, Koivisto SP, Inkinen O,
Poukkanen M, Tiainen P, Pettila V, Korhonen AM, Group F-QS, (2013) Sixmonth survival and quality of life of intensive care patients with acute kidney
injury. Crit Care 17: R250
14. Hofhuis JG, van Stel HF, Schrijvers AJ, Rommes JH, Spronk PE, (2013)
The effect of acute kidney injury on long-term health-related quality of life: a
prospective follow-up study. Crit Care 17: R17
15. Angus DC, Carlet J, Brussels Roundtable P, (2003) Surviving intensive care: a
report from the 2002 Brussels Roundtable. Intensive Care Med 29: 368-377
16. Soliman IW, de Lange DW, Peelen LM, Cremer OL, Slooter AJ, Pasma W,
Kesecioglu J, van Dijk D, (2015) Single-center large-cohort study into quality
of life in Dutch intensive care unit subgroups, 1 year after admission, using
EuroQoL EQ-6D-3L. J Crit Care 30: 181-186
17. Needham DM, Davidson J, Cohen H, Hopkins RO, Weinert C, Wunsch H,
Zawistowski C, Bemis-Dougherty A, Berney SC, Bienvenu OJ, Brady SL, Brodsky
MB, Denehy L, Elliott D, Flatley C, Harabin AL, Jones C, Louis D, Meltzer W,
Muldoon SR, Palmer JB, Perme C, Robinson M, Schmidt DM, Scruth E, Spill
GR, Storey CP, Render M, Votto J, Harvey MA, (2012) Improving long-term
outcomes after discharge from intensive care unit: report from a stakeholders’
conference. Crit Care Med 40: 502-509
18. Lopez-Delgado JC, Esteve F, Torrado H, Rodriguez-Castro D, Carrio ML,
Farrero E, Javierre C, Ventura JL, Manez R, (2013) Influence of acute kidney
injury on short- and long-term outcomes in patients undergoing cardiac surgery:
risk factors and prognostic value of a modified RIFLE classification. Crit Care
17: R293
19. Charlson ME, Pompei P, Ales KL, MacKenzie CR, (1987) A new method of
classifying prognostic comorbidity in longitudinal studies: development and
validation. J Chronic Dis 40: 373-383
20. Quan H, Li B, Couris CM, Fushimi K, Graham P, Hider P, Januel JM, Sundararajan
V, (2011) Updating and validating the Charlson comorbidity index and score for
risk adjustment in hospital discharge abstracts using data from 6 countries. Am
J Epidemiol 173: 676-682

156

Chapter 6

The predictive value of early acute kidney injury for long-term survival and
quality of life of critically ill patients

157

chapter 6

21. Klouwenberg PMCK, Ong DSY, Bonten MJM, Cremer OL, (2012) Classification
of sepsis, severe sepsis and septic shock: the impact of minor variations in data
capture and definition of SIRS criteria. Intens Care Med 38: 811-819
22. Szende A, Oppe M, De Charro F (2007) Comparative review of Time-Trade-Off
value sets. In: Szende A, Oppe M, Devlin N (eds) EQ-5D Value Sets: Inventory,
Comparative Review and User Guide. Springer Netherlands, Dordrecht, pp.
21–27
23. Green C, Kiebert G, Murphy C, Mitchell JD, O’Brien M, Burrell A, Leigh PN,
(2003) Patients’ health-related quality-of-life and health state values for motor
neurone disease/amyotrophic lateral sclerosis. Qual Life Res 12: 565-574
24. Winter Y, Korchounov A, Zhukova TV, Bertschi NE, (2011) Depression in elderly
patients with Alzheimer dementia or vascular dementia and its influence on their
quality of life. J Neurosci Rural Pract 2: 27-32
25. Hayhurst H, Palmer S, Abbott R, Johnson T, Scott J, (2006) Measuring healthrelated quality of life in bipolar disorder: relationship of the EuroQol (EQ-5D) to
condition-specific measures. Qual Life Res 15: 1271-1280
26. Knaus WA, Draper EA, Wagner DP, Zimmerman JE, (1985) APACHE II: a
severity of disease classification system. Crit Care Med 13: 818-829
27. Rubin DB (1987) Multiple imputation for non response in surveys. Wiley, New
York
28. Donders AR, van der Heijden GJ, Stijnen T, Moons KG, (2006) Review: a gentle
introduction to imputation of missing values. J Clin Epidemiol 59: 1087-1091
29. Li P, Stuart EA, Allison DB, (2015) Multiple Imputation: A Flexible Tool for
Handling Missing Data. JAMA 314: 1966-1967
30. Groenwold RH, Donders AR, Roes KC, Harrell FE, Jr., Moons KG, (2012) Dealing
with missing outcome data in randomized trials and observational studies. Am J
Epidemiol 175: 210-217
31. Zou G, (2004) A modified poisson regression approach to prospective studies
with binary data. Am J Epidemiol 159: 702-706
32. Sauerbrei W, Meier-Hirmer C, Benner A, Royston P, (2006) Multivariable
regression model building by using fractional polynomials: Description of SAS,
STATA and R programs. Comput Stat Data Anal 50: 3464-3485
33. 33. Azoulay E, Chevret S, Leleu G, Pochard F, Barboteu M, Adrie C, Canoui P,
Le Gall JR, Schlemmer B, (2000) Half the families of intensive care unit patients
experience inadequate communication with physicians. Crit Care Med 28: 30443049
34. Celi LA, Csete M, Stone D, (2014) Optimal data systems: the future of clinical
predictions and decision support. Curr Opin Crit Care 20: 573-580

35. Ricci Z, Cruz D, Ronco C, (2008) The RIFLE criteria and mortality in acute kidney
injury: A systematic review. Kidney Int 73: 538-546
36. Morgera S, Schneider M, Neumayer HH, (2008) Long-term outcomes after acute
kidney injury. Crit Care Med 36: S193-197
37. Oeyen S, De Corte W, Benoit D, Annemans L, Dhondt A, Vanholder R,
Decruyenaere J, Hoste E, (2015) Long-term quality of life in critically ill patients
with acute kidney injury treated with renal replacement therapy: a matched
cohort study. Crit Care 19: 289
38. Villeneuve PM, Clark EG, Sikora L, Sood MM, Bagshaw SM, (2016) Healthrelated quality-of-life among survivors of acute kidney injury in the intensive care
unit: a systematic review. Intensive Care Med 42: 137-146
39. Cruz DN, Ricci Z, Ronco C, (2009) Clinical review: RIFLE and AKIN--time for
reappraisal. Crit Care 13: 211
40. Poukkanen M, Vaara ST, Reinikainen M, Selander T, Nisula S, Karlsson S,
Parviainen I, Koskenkari J, Pettila V, Group FS, (2015) Predicting one-year
mortality of critically ill patients with early acute kidney injury: data from the
prospective multicenter FINNAKI study. Crit Care 19: 125
41. Sileanu FE, Murugan R, Lucko N, Clermont G, Kane-Gill SL, Handler SM, Kellum
JA, (2015) AKI in low-risk versus high-risk patients in intensive care. Clin J Am
Soc Nephrol 10: 187-196

158

Chapter 6

Tables and figures
Figure 1: Flowchart

N = 4,077
unique non cardiac
surgery patients without
chronic dialysis admitted to
the ICU from July 2009 to
April 2013
Excluded: N = 1,476/4,077
(36.2%) patients with an ICU
length of stay <24 hours
N = 2,601/4,077
unique ICU
patients eligible
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Lost to follow up:
N = 181/4,077 (4.4%)
patients had a missing
address in the municipal
registry (n=109), did not want
to participate (n=52) or
survival status was unknown
Included: N = 2,420/4,077
(n=20)
unique ICU patients
N = 411/2,420 (17.0%)
patients died on ICU
N = 181/2,420 (7.5%)
patients died in hospital
N = 279/2,420 (11.5%)
patients died after discharge
within first year of follow-up
In total N = 871/2,420
(36.0%)
patients died within
first year of follow-up

N = 1,549/2,420 (64.0%)
survivors, which were sent a
survey
N = 529/1,549 (34.2%)
survivors did not return a
(completed) survey
N = 1,020/1,549 (65.8%)
survivors sent a survey
returned a completed survey

ICU, intensive care unit
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Table 1: patient characteristics in the total population and by rifle class
Total
population

RIFLE class
No AKI

Risk

Injury

Failure

2,420

1,588
(65.6%)

456
(18.8%)

253
(10.5%)

123
(5.1%)

Gender (female)

1,000
(41.3%)

662
(41.7%)

196 (43%)

97
(38.3%)

45
(36.6%)

.446

Age (years)

59
(47-69)

3.4
(2-7)

60.5
(50-71)

63
(53-74)

61
(50-72)

<.001

ICU length of stay (days)

3.8
(2-8)

58
(45-67)

4.8
(2-9)

4.7
(2-10)

5.3
(2-12)

<.001

Hospital length of stay (days)

17
(8-31)

16.2 (829)

18.2
(10-32)

19.9 (838)

23.5 (940)

.004

Pre ICU length of stay (days)

0.2 (0-1)

0.2 (0-1)

0.2 (0-1)

0.4 (0-3)

0.4 (0-6)

<.001

Admission type
Elective surgical

330
(13.6%)

244
(15.4%)

47
(10.3%)

33
(13%)

6
(4.9%)

<.001

Urgent surgical

672
(27.8%)

460 (29%)

134
(29.4%)

59
(23.3%)

19
(15.4%)

Medical

1,418
(58.6%)

884
(55.7%)

275
(60.3%)

161
(63.6%)

98
(79.7%)

1 (0 - 2)

0 (0 - 2)

1 (0 - 2)

2 (0 - 4)

2 (0 - 6)

<.001

217
(9%)

118 (7.4%)

50
(11%)

32
(12.6%)

17
(13.8%)

.003

394
(16.3%)

229
(14.4%)

95
(20.8%)

55
(21.7%)

15
(12.2%)

<.001

Chronic renal insufficiency

96
(4%)

34 (2.1%)

12 (2.6%)

16 (6.3%)

34
(27.6%)

<.001

Mild or severe liver disease

45 (1.9%)

19 (1.2%)

7
(1.5%)

10
(4%)

9
(7.3%)

<.001

N

Pre ICU health state
Charlson Comorbidity Index
Chronic cardiac insufficiency
Chronic respiratory insufficiency or COPD

Metastatic malignancy

p-value

96 (4%)

53 (3.3%)

18 (3.9%)

14 (5.5%)

11 (8.9%)

.016

112 (4.6%)

54 (3.4%)

21 (4.6%)

19 (7.5%)

18
(14.6%)

<.001

HIV positivity, AIDS or other immunodeficiency

284
(11.7%)

151
(9.5%)

56
(12.3%)

45
(17.8%)

32
(26%)

<.001

Diabetes

341
(14.1%)

168
(10.6%)

95
(20.8%)

54
(21.3%)

24
(19.5%)

<.001

Body Mass Index

24.7
(22-28)

24.2
(22-27)

25.7
(23-29)

26.1
(23-30)

26
(22-29)

<.001

Severity of disease markers
Mechanical ventilation within first 24 hours of ICU
stay

2,188
(90.4%)

1,426
(89.8%)

424 (93%)

230
(90.9%)

108
(87.8%)

Confirmed infection in the first 24 hours of ICU
admission

651
(26.9%)

337
(21.2%)

136
(29.8%)

102
(40.3%)

76
(61.8%)

<.001

APACHE II Acute Physiology Score (without
creatinine)

17
(13 - 23)

17
(13 - 22)

17
(14 - 23)

17
(14 - 24)

20
(15 - 26)

<.001

APACHE II score (unmodified)

19
(14 - 25)

18
(14 - 24)

20
(15 - 26)

22
(17 - 28)

29
(23 - 34)

<.001

Total maximum SOFA score (sum of highest SOFA
component scores)

9
(6 - 12)

8
(5 - 11)

10
(7 - 13)

12
(8 - 16)

16
(12 - 18)

<.001

Total maximum SOFA score on day of discharge

5 (3 - 7)

4 (3 - 6)

5 (3 - 7)

6 (3 - 9)

7 (5 - 13)

<.001

Haematological malignancy

.157

Values are expressed as number (percentage) for categorical variables and as median (interquartile range) for
continuous variables. AKI, acute kidney injury; ICU, intensive care unit; COPD, chronic obstructive pulmonary disease;
HIV, human immunodeficiency virus; AIDS, acquired immune deficiency syndrome; APACHE IV, acute physiology and
chronic health evaluation version IV; SOFA, sequential organ failure assessment.
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Table 2: Crude outcomes
RIFLE class

Total
population

No AKI

Risk

Injury

Failure

2,420

1,588

456

253

123

1,157/2,420
(47.8%)

694/1,588
(43.7%)

224/456
(49.1%)

151/253
(59.7%)

89/123
(72.4%)

<.001

411
(17%)

215
(13.5%)

90
(19.7%)

65
(25.7%)

41
(33.3%)

<.001

Hospital mortality

592
(24.5%)

334 (21%)

117
(25.7%)

86
(34%)

55
(44.7%)

<.001

One-year mortality

871
(36%)

503
(31.7%)

172
(37.7%)

122
(48.2%)

74
(60.2%)

<.001

1,020/1,549
(65.8%)

735/1,085
(67.7%)

181/284
(63.7%)

76/131
(58%)

28/49
(57.1%)

.057

0.806
(0.59-0.94)

0.81
(0.64-1.00)

0.778
(0.57-0.89)

0.772
(0.47-0.87)

0.666
(0.37-0.85)

286/1,549
(18.5%)

191/1,085
(17.6%)

52/284
(18.3%)

29/131
(22.1%)

15/49
(30.6%)

N at study inclusion

p-value

Composite outcome
Poor outcome
Mortality a
ICU mortality

Health related quality of life in one-year survivors

EQ-5D index score
Low HRQoL b

.076
.927

Values are expressed as number (percentage) for categorical variables and as median (interquartile range) for
continuous variables. Results were pooled from 35 imputation datasets, using Rubin’s rule to pool statistical test
results. eAKI, early acute kidney injury; a, numbers on ICU, hospital and one-year mortality are cumulative; b, Low
HRQoL was defined as a EuroQoL 5D-3LTM index below 0.4; EQ-5D, EuroQoL 5D-3LTM questionnaire; eAKI, early
acute kidney injury; ICU, intensive care unit; HRQoL, health related quality of life.
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EQ-5D response

Table 3: Association eAKI and long-term outcomes
Unadjusted /
Adjusted a

RIFLE class

Relative risk

Relative risk for “poor outcome” (n=2,420)
Unadjusted

Adjusted

No eAKI

Reference

Risk

1.12
(0.99 - 1.26; .052)

Injury

1.36
(1.20 - 1.55; <.001)

Failure

1.64
(1.34 - 2.02; <.001)

No eAKI

Reference

Risk

1.02
(0.91 - 1.15; .691)

Injury

1.14
(1.01 - 1.29; .034)

Failure

1.25
(1.01 - 1.55; .042)

Hazard ratio for mortality since ICU admission
(n=2,420)
Unadjusted

Adjusted

No eAKI

Reference

Risk

1.23
(1.03-1.46; .021)

Injury

1.67
(1.37-2.04; <.001)

Failure

2.45
(1.92-3.13; <.001)

No eAKI

Reference

Risk

1.06
(0.89-1.26; .508)

Injury

1.35
(1.11-1.65; .003)

Failure

1.78
(1.38-2.30; <.001)

Relative risk for low HRQoL in one-year survivors
(n=1,549) b
Unadjusted

Adjusted

No eAKI

Reference

Risk

1.03
(0.74 - 1.45; .849)

Injury

1.24
(0.81 - 1.90; .318)

Failure

1.52
(0.49 - 4.72; .465)

No eAKI

Reference

Risk

0.96
(0.68 - 1.35; .82)

Injury

1.14
(0.74 - 1.74; .549)

Failure

1.34
(0.42 - 4.26; .612)

Results were pooled from 35 imputation datasets, using Rubin’s rule. a, adjusted for age, gender, Charlson comorbidity
index, pre-intensive care unit admission hospital length of stay, admission type, acute physiology score (without creatinine), mechanical ventilation in the first 24 hours of admission and confirmed infection in the first 24 hours of admission. b, Low HRQoL was defined as a EuroQoL 5D-3LTM index below 0.4; Age was transformed into ((age-16)/100)^2,
APS was transformed into ((APS-1)/10)^-1+((APS-1)/10); 95%CI, 95% confidence interval; eAKI, early acute kidney
injury; ICU, intensive care unit; HRQoL, health related quality of life;
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Table 4: Poisson regression model for poor outcome
Beta

Intercept

RR 95%CI

-2.401

eAKI

no eAKI

p-value
<.001

Reference

"Risk"

.023

1.02

0.91-1.15

.691

"Injury"

.133

1.14

1.01-1.29

.034

"Failure"

.223

1.25

1.01-1.55

.042

1.10

1.01-1.2

.030

Sex

Male
Female

Admission type

Relative risk

Elective surgical

Reference
.096
Reference

Urgent surgical

.185

1.20

0.99-1.45

.057

Medical

.270

1.31

1.09-1.57

.004

1.09

0.93-1.28

.300

.116

1.12

1.02-1.24

.017

Age (transformed)

1.615

5.03

3.63-6.96

<.001

Charlson comorbidity index

.050

1.05

1.03-1.07

<.001

Pre-ICU hospital length of stay

.005

1.01

1.00-1.01

.050

Acute Physiology Score (transformed)

.324

1.38

1.26-1.52

<.001

Mechanical
ventilation within
24 hours of ICU
admission

Yes

Confirmed
infection within
24 hours of ICU
admission

Yes

No

No

Reference
.086
Reference
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Model

Results were pooled from 35 imputation datasets, using Rubin’s rule. Age was transformed into ((age-16)/100)^2, APS
was transformed into ((APS-1)/10)^-1+((APS-1)/10); RR 95%CI, 95% confidence interval of the relative risk; eAKI,
early acute kidney injury; ICU, intensive care unit;
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Supplementary material 1: extended methods
Charlson comorbidity index

Definitions

The Charlson Comorbidity Index is a weighted score based on the presence of 17
comorbidities (chronic diseases in a patient’s past medical history). This index was
developed by Charlson and colleagues in 1987 [1]. The weights used for this study
were based on a recent update of the Charlson comorbidity index score by Quan
and colleagues, performed in 2011 [2].
EuroQoL 5D-3LTM questionnaire
HRQoL was measured using the EuroQoL 5D-3LTM questionnaire (EQ-5D). This
questionnaire consists of five questions each representing a dimension of HRQoL.
The dimensions are mobility, self-care, usual activities, pain or discomfort, anxiety
or depression. Patients assigned a score of no (1), little (2) or many problems (3) to
each of these dimensions. Based on these five dimensions with 3 possible answers
each, 35 (243) health states can be discerned. For many different countries the
EuroQoL group has studied how the differing populations value certain health states.
Out of these studies the EuroQoL group developed so-called national tariffs which
put these health states on a scale from “1” (full health) to “0” (dead). Negative values,
or health states valued worse than death, were also possible. This scale is the EQ5D index scale. For this study, the subjects’ answers to the EQ-5D’s 5 dimensions
were indexed according to the weighting scheme for the Dutch population [3].
For further reference please visit the EuroQoL organisation’s website at
http://www.euroqol.org/

Multiple Imputation of missing EQ-5D dimensions in
non- or partial responders
Description of missing data
For data on RIFLE and the additional predictors, great care was taken to have
complete data. This was done by retrieving all required data from electronic patient
files, referring back to these files by hand search where missings occurred. Data on
additional variables were also retrieved (see ‘Rationale and methods for the multiple
imputation technique’ below). Not all of these additional variables could be retrieved.
For 120/1,549 (7.7%) patients data on SOFA scores during admission were missing,
while APACHE IV score at admission was missing in 98/1,549 (6.3%) patients.
Outcome data on survival was complete for all 2,420 included patients. In
this study, 532/1,549 (34.3%) patients did not respond to the EuroQoL 5D-3LTM
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questionnaire (EQ-5D) questionnaire or returned only a partially completed one. As
no EQ-5D index score could be calculated, these subjects had a missing outcome
status for the composite outcome. See Appendix table 5 for more details on
missingness of data per patient characteristic. Differences in baseline characteristics
between responders and non-responders are shown in Appendix table 6.
Responders and non-responders differed significantly for age, mild or severe
liver disease and diabetes. As this may lead to biased effect estimates, multiple
imputation techniques have been used to impute missing values [4-8]. This was done
under the assumption of data being missing at random.

The following variables were used as predictors within the imputation model: RIFLE
classification, age, gender, pre-ICU hospital length of stay, admission type, Charlson
comorbidity index and severity of disease markers such as need for mechanical
ventilation, confirmed infection and acute physiology score (without creatinine) in
the first 24 hours of admission, body mass index, specific chronic comorbidities
(congestive heart failure; HIV, AIDS or immunodeficiency; chronic pulmonary disease;
chronic renal disease; chronic liver disease; and diabetes), APACHE-IV score, SOFA
score sum of maximum component scores during ICU admission, SOFA score at day
of discharge, ICU and hospital length of stay, and the survival outcome were also
entered into the imputation model.
Rounding and boundaries were used to assure replaced missing values of
continuous variables yielded clinically possible values. As the maximum percentage
of missing data was 34% (non-response on the 1year QoL questionnaire), 35
imputation datasets were created.
As patients who died within one year after ICU admission were different
from survivors with regards to their disease characteristics and the association with
HRQoL, only the data of the responders to the questionnaire was used to impute
missing data in non-responding survivors.
Within the multiple imputation procedure, EQ-5D dimensions were set
as ordinal variables with three possible values (none/mild/extreme problems,
respectively coded as ‘1’/’2’/’3’). The imputation model used multivariable logistic
multinomial regression to replace these missing data.
After the imputation datasets were created, the EQ-5D index score was
calculated for each patient in each dataset using the Dutch weighting scheme.
Finally, EQ-5D index score was dichotomized and used in accordance with survival
to create the composite outcome measure. Results of analyses in the different
imputation datasets were pooled using Rubin’s rule to arrive at correct effect
estimates and standard errors [4, 8]. Data handling, analysis, multiple imputation and
pooling of results were performed using IBM SPSS statistics software package
The predictive value of early acute kidney injury for long-term survival and
quality of life of critically ill patients
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Details concerning the imputation technique

version 21 (IBM, United States of America, 2012) and R, version 3.2.0 (R Foundation
for Statistical Computing, 2015) using the ‘miceadds’ package, version 1.4.0 (2015).
For all analyses the pooled results were considered the primary results of this study [8].
Table 7 shows the distribution of EQ-5D dimensions before imputation in
complete cases and after imputation. The results of the 35 datasets are pooled and
rounded to the nearest integer. Compared to complete case analysis, after imputation
a larger proportion of patients suffered from moderate or extreme disabilities on all
five EQ-5D dimensions.
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Table 5: Patient characteristics
Missing, n (%)

Additional determinants
for multiple imputation

Outcomes

EQ-5D dimensions

Gender

0/1,549 (0%)

Age

0/1,549 (0%)

Pre-ICU hospital length of stay

0/1,549 (0%)

Admission type

0/1,549 (0%)

CCI

0/1,549 (0%)

Acute Physiology Score (without creatinine)

0/1,549 (0%)

Mechanical ventilation within first 24 hours of ICU stay

0/1,549 (0%)

Confirmed infection in the first 24 hours of ICU admission

0/1,549 (0%)

RIFLE classification

0/1,549 (0%)

Cardiac insufficiency or congestive heart failure

0/1,549 (0%)

Chronic respiratory insufficiency or COPD

0/1,549 (0%)

Chronic renal insufficiency

0/1,549 (0%)

Mild or severe liver disease

0/1,549 (0%)

Metastatic malignancy

0/1,549 (0%)

Haematological malignancy

0/1,549 (0%)

HIV positivity, AIDS or other immunodeficiency

0/1,549 (0%)

Diabetes

0/1,549 (0%)

Body Mass Index

1/1,549 (0.1%)

Total maximum SOFA score

120/1,549 (7.7%)

SOFA score on day of discharge

120/1,549 (7.7%)

ICU length of stay

0/1,549 (0%)

Hospital length of stay

0/1,549 (0%)

APACHE IV score

97/1,549 (6.3%)

Death at one-year follow-up

0/1,549 (0%)

EQ-5D index value

529/1,549 (34.2%)

Poor HRQoL

529/1,549 (34.2%)

Composite outcome

529/1,549 (34.2%)

Mobility

508/1,549 (32.8%)

Self-care (e.g. like washing or dressing yourself)

509/1,549 (32.9%)

Usual Activities (e.g. occupation, study, housekeeping, family- or
leisure activities)

508/1,549 (32.8%)

Pain/Discomfort

511/1,549 (33%)

Anxiety/Depression

505/1,549 (32.6%)
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Determinants
included in analysis

ICU, intensive care unit; CCI, Charlson comorbidity index; COPD, chronic obstructive pulmonary disease; HIV, human
immunodeficiency virus; AIDS, acquired immune deficiency syndrome; SOFA, sequential organ failure assessment;
APACHE IV, acute physiology and chronic health evaluation version IV; EQ-5D, EuroQoL 5D-3LTM questionnaire.
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Table 6: baseline characteristics in responding and non-responding survivors
Responders
N

Non-responders

p-value

Deceased

1,020

529

Gender (female)

417 (40.9%)

227 (42.9%)

.447

356 (40.9%)

Age (years) *

58 (46 - 66)

52 (38 - 64)

.000

64 (53 - 74)

3.6 (2 - 7)

3.7 (2 - 7)

.904

4.4 (2 - 9)

Hospital length of stay (days)

19.6 (12 - 32)

18.2 (10 - 34)

.114

12.1 (5 - 27)

Pre-ICU length of stay (days)

0.2 (0 - 1)

0.2 (0 - 1)

.682

0.2 (0 - 3)

ICU length of stay (days)

Admission type

871

.271

elective surgical

167 (16.4%)

84 (15.9%)

79 (9.1%)

urgent surgical

312 (30.6%)

143 (27%)

217 (24.9%)

541 (53%)

302 (57.1%)

575 (66%)

medical
Comorbidities
CCI

0 (0 - 2)

0 (0 - 2)

.278

2 (0 - 3)

Cardiac insufficiency or congestive heart failure

86 (8.4%)

42 (7.9%)

.771

89 (10.2%)

Chronic respiratory insufficiency or COPD

161 (15.8%)

94 (17.8%)

.348

139 (16%)

Chronic renal insufficiency

28 (2.7%)

13 (2.5%)

.744

55 (6.3%)

Mild or severe liver disease

11 (1.1%)

12 (2.3%)

.077

22 (2.5%)

Metastatic malignancy

34 (3.3%)

10 (1.9%)

.110

52 (6%)

Haematological malignancy

24 (2.4%)

7 (1.3%)

.186

81 (9.3%)
140 (16.1%)

HIV positivity. AIDS or other immunodeficiency

95 (9.3%)

49 (9.3%)

.999

Diabetes *

106 (10.4%)

89 (16.8%)

.000

146 (16.8%)

24.8 (22 - 28)

24.8 (22 - 28)

.924

24.6 (22 - 28)

Body Mass Index
RIFLE

.057
No AKI

735 (72.1%)

350 (66.2%)

503 (57.7%)

Risk

181 (17.7%)

103 (19.5%)

172 (19.7%)

Injury

76 (7.5%)

55 (10.4%)

122 (14%)

Failure

28 (2.7%)

21 (4%)

74 (8.5%)

Mechanical ventilation within first
24 hours of ICU stay

905 (88.7%)

483 (91.3%)

.135

800 (91.8%)

Confirmed infection in the first 24 hours of
ICU admission

232 (22.7%)

122 (23.1%)

.899

297 (34.1%)

Acute Physiology Score (without creatinine)

16 (12 - 20)

16 (12 - 21)

.830

21 (15 - 27)

APACHE IV score

55 (40 - 74)

53 (37 - 73)

.135

83 (63 - 109)

Total maximum SOFA score (sum of
highest SOFA component scores)

8 (5 - 11)

8 (5 - 11)

.618

11 (8 - 14)

SOFA score on day of discharge

4 (2 - 5)

4 (3 - 5)

.777

7 (4 - 11)

Severity of disease markers

Values are expressed as number (percentage) for categorical variables and as median (interquartile range) for continuous variables. *, significant difference of distribution (p<.05) tested between responders and non-responders; AKI,
acute kidney injury; ICU, intensive care unit; CCI, Charlson comorbidity index; COPD, chronic obstructive pulmonary
disease; HIV, human immunodeficiency virus; AIDS, acquired immune deficiency syndrome; APACHE IV, acute
physiology and chronic health evaluation version IV; SOFA, sequential organ failure assessment.
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Table 7: distribution of EuroQoL 5D-3LTM dimensions before and after imputation

Mobility

Self-care (e.g. like
washing or dressing
yourself)

Usual Activities (e.g.
occupation, study,
housekeeping, familyor leisure activities)

Pain/Discomfort

Anxiety/Depression

After imputation,
pooled (n=1,549)

I have no problems walking about

614/1,020 (60.2%)

907/1,549 (58.6%)

I have some problems walking about

367/1,020 (36%)

577/1,549 (37.2%)

I am confined to bed

39/1,020 (3.8%)

65/1,549 (4.2%)

I have no problems with self-care

773/1,020 (75.8%)

1151/1,549 (74.3%)

I have some problems washing or
dressing myself

162/1,020 (15.9%)

249/1,549 (16.1%)

I am unable to wash or dress myself

85/1,020 (8.3%)

149/1,549 (9.6%)

I have no problems with performing my
usual activities

438/1,020 (42.9%)

643/1,549 (41.5%)

I have some problems in with performing my usual activities

442/1,020 (43.3%)

678/1,549 (43.8%)

I am unable to perform my usual
activities

140/1,020 (13.7%)

228/1,549 (14.7%)

I have no pain or discomfort

514/1,020 (50.4%)

767/1,549 (49.5%)

I have moderate pain or discomfort

455/1,020 (44.6%)

687/1,549 (44.4%)

I have extreme pain or discomfort

51/1,020 (5%)

95/1,549 (6.1%)

I am not anxious or depressed

721/1,020 (70.7%)

1075/1,549 (69.4%)

I am moderately anxious or depressed

261/1,020 (25.6%)

392/1,549 (25.3%)

38/1,020 (3.7%)

82/1,549 (5.3%)
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Before imputation
(n=1,020)

Supplementary material 2: Automated RIFLE classification
Data handling
Data handling for RIFLE classification was split up into three different parts upon
which RIFLE was classified: serum creatinine, start of renal replacement therapy
and, the most elaborate part, urine output.
Serum creatinine
Serum creatinine-based RIFLE classification is based on changes over time. So,
to score AKI based on creatinine (RIFLEcreat) at least two measurements were
necessary. As estimation of serum creatinine using MDRD-formula is unreliable
in critically ill patients, we used an actually measured serum creatinine level as
baseline. The baseline was defined as the lowest serum creatinine levels in the six
months prior to ICU admission. These were obtained from our hospital laboratory
data systems. If no prior-ICU baseline serum creatinine level was available, the
lowest serum creatinine during the first 24 hours of ICU admission was used as
baseline creatinine. The highest serum creatinine level measured during the first
24 hours was used to calculate the factor of creatinine change. Factors of change
higher than 1.5, 2.0 or 3.0 were respectively scored as RIFLE ‘Risk’, ‘Injury’ or
‘Failure’. Additionally, patients in which the highest serum creatinine level was higher
than 350μmol/l and an absolute increase of equal to or more than 44μmol/l occurred
(acute-on-chronic kidney failure) were also scored as ‘Failure’.
For patients with no known baseline measurement and only one ICU serum
creatinine measurement, no serum creatinine change was calculable and these
patients were considered not to have AKI based on creatinine values. In patients
with no available creatinine levels, RIFLEcreat could not be scored (i.e. RIFLEcreat
was considered missing).
When data were handled this way, a pre-ICU creatinine was available in
1,217/2,420 (50.3%) as baseline. In-ICU serum creatinine levels were available
in 2,364/2,420 (97.7%) patients. Including the pre-ICU baseline creatinine level
as a measurement, 2,143/2,420 (88.6%) patients had two or more creatinine
measurements in the first 24 hours of admission. Finally, RIFLEcreat was classifiable
in 2361/2420 (97.6%) patients.
Start of renal replacement therapy
Renal replacement therapy (RRT) was scored during each nurse’s shift (once every
8 hours, as part of registration of invasive clinical treatments). Furthermore, the
dialysis devices used on our unit fed the electronic patient file with information on
its use.
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For a patient to be scored as ‘on RRT’ on the first day of ICU admission, the dialysis
device needed to return a ‘Running’ status with a flow of blood going through the
apparatus of more than 0ml/min. For any other device state, or a flow of blood of 0ml/
min patients were scored as ‘not on RRT’. If data from a dialysis device was missing
and patients were not scored as ‘on RRT’ by the nurses, patients were considered
‘not on RRT’. In the case data from a dialysis device was missing and patients were
scored as on dialysis by the nurses, a case study was performed to check for the
actual use of dialysis. This was necessary in 7/2,420 (0.3%) patients. Any patient
on RRT was scored as RIFLE ‘Failure’ based on RRT use (RIFLERRT), while any
patient not on RRT was scored as ‘no AKI’ based on RRT use.

For UO, data was extracted from the ICU electronic patient file. Nurses manually
registered UO on an hourly basis for clinical monitoring. RIFLE based on UO
(RIFLEurine) was scored according to the following periods of oliguria, adjusted
for patient weight at admission: patients with an UO less than 0.5ml/kg/hour for
six hours; twelve hours; or less than 0.3ml/kg/hour for 24 hours were respectively
scored as RIFLE ‘Risk’, ‘Injury’ and ‘Failure’. Additionally, patients with anuria (urine
production of 0ml/kg/hour) for twelve hours were also scored as RIFLE ‘Failure’ (see
table 8, 9 and 10 for examples). The first measurement was disregarded for RIFLE
classification to exclude influence from unmeasured factors prior to ICU admission.
Table 8
Hour of
admission

0

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

Urine
production
(ml)

60

55

50

45

40

35

30

30

25

20

30

45

50

50

50

50

70

50

50

50

60

50

50

50

50

Patient weight = 80kg with RIFLE ‘Risk’ in the fifth up to the tenth hour of admission (urine output below 0.5ml/kg/hour
= <40ml/hour, for at least six and less than twelve consecutive hours). The first measurement has been greyed out to
show it is not used for RIFLE classification.

Table 9
Hour of
admission

0

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

Urine
production
(ml)

60

55

50

45

40

45

45

50

40

20

30

50

25

20

15

10

10

10

10

15

20

15

10

10

5

Patient weight = 80kg with RIFLE ‘Risk’ in the fifth up to the tenth hour of admission (urine output below 0.5ml/kg/hour
= <40ml/hour, for at least six and less than twelve consecutive hours). The first measurement has been greyed out to
show it is not used for RIFLE classification.
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Urine output

Table 10
Hour of
admission

0

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

Urine
production
(ml)

25

20

20

20

10

15

20

15

20

15

20

5

0

0

0

0

0

0

0

0

0

0

0

0

0

Patient weight = 80kg with RIFLE ‘Failure’ (urine output below 0.3ml/kg/hour = <24ml/hour during 24 consecutive
hours). Again, the first measurement at admission was deleted because of unknown collection time for this
measurement, possibly occurring before ICU admission. Because the following and actual first 24 hours of admission
measurements were known, excluding this measurement did not result in a RIFLE misclassification. Secondly, this
patient also experienced at least twelve hours of anuria, also resulting in RIFLE ‘Failure’ classification.

Regrettably, data on UO was not complete in all cases. Only in 462/2,420
(19.1%) cases all 24 measurements of the first day of admission were recorded.
However, including those with complete data, only six measurements or less were
missing in 2,083/2,420 (86.1%) subjects. Moreover, only 147/2,420 (6.1%) patients
had stretches of consecutive missing UO measurements of more than six hours,
while only 41/2,420 (1.7%) patients had stretches of consecutive missing UO
measurements of more than twelve hours.
We believe these numbers of missing represent common clinical practice,
where, despite lacking some measurements, clinicians are still able to make
judgments about the presence of AKI based on urine output. A clinician trying to
estimate kidney functioning based on UO could divide the amount of UO registered
by the amount of time in between the measurements to estimate hourly UO and
kidney functioning. Estimating the hourly UO for all 24 hours of the first day in case
of missing values can be performed by calculating the time, in hours, of the missing
stretch plus one for the first known measurement and dividing the amount of UO in
the first known measurement by this calculated time-gap (see tables 11A and B for
an example). For further reference, we have named this process of distributing UO
over a missing period of time ‘backlogging’.
Table 11A
Hour of
admission

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

Urine
production
(ml)

55

50

45

M

M

105

30

25

20

30

M

96

50

50

50

50

55

50

50

50

M

M

M

M

250

Patient weight = 80kg with missing urine output values (M), before backlogging. Without backlogging, this patient would
not be scored as suffering from AKI as no consecutive stretch of six or more hours was below 0.5ml/kg/hour = <40ml/
hour. The first measurement has been left out of this table)
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Table 11B
Hour of
admission

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

Urine
production
(ml)

55

50

45

35

35

35
105/3

30

25

20

30

48

48
96/2

50

50

50

50

55

50

50

50

50

50

50

50

50
250/5

Patient weight = 80kg, after backlogging. This patient is now scored RIFLE ‘Risk’ from the fourth up to the tenth hour
of admission (urine output below 0.5ml/kg/hour = <40ml/hour, for at least six and less than twelve hours), while the
other values backlogged this way were not indicative of AKI. Also, the twenty-fifth hour of admission was also used to
backlog the last hours of the first day of admission.

It is possible to create a dataset, where no missing UO measurements
occur, while using backlogging. However, we were afraid this might lead to overand misclassification of RIFLEurine. See for example tables 12a and 12b where
backlogging led to an AKI classification.

Hour of
admission

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

Urine
production
(ml)

M

M

M

M

M

M

M

M

M

M

M

M

M

M

300

60

70

55

60

70

55

60

55

50

60

Patient weight = 80kg with missing urine output values (M), before backlogging, where based on the known hours no
RIFLE AKI can be scored.

Table 12B
Hour of
admission

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

Urine
production
(ml)

20

20

20

20

20

20

20

20

20

20

20

20

20

20

20
300/15

60

70

55

60

70

55

60

55

50

60

Patient weight = 80kg, after backlogging. Note that this patient is now scored RIFLE ‘Injury’ from the first up and
including to the fifteenth hour of admission (urine output below 0.5ml/kg/hour = <40ml/hour, for more than twelve
hours).

Aside from a lack of monitoring, the possible reasons for similar consecutive
stretches of missing values could range from being simple to extremely difficult to
explain based on data available in electronic patient files.
Restricting the backlogging process was our solution to this problem. We
incorporated this by backlogging only up to a maximum of six hours. This maximum
‘latency’ of six hours was chosen for multiple reasons. The most important one being
that using the six hours maximum latency period ensures one UO measurement is
not stretched beyond the confines of one period of time needed to score AKI when
using RIFLE.
The predictive value of early acute kidney injury for long-term survival and
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Table 12A

Revisiting the case from table 12, using restricted backlogging now shows no AKI in
the known or backlogged UP measurements in table 12C:
Table 12C
Hour of
admission

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

Urine
production
(ml)

M

M

M

M

M

M

M

M

M

50

50

50

50

50

50
300/6

60

70

55

60

70

55

60

55

50

60

Patient weight = 80kg, after backlogging. This patient is now scored no AKI (not one hour where urine production
was below 0.5ml/kg/hour = <40ml/hour). There are still missing measurements remaining, but based on known and
backlogged UP measurements, this patient did not suffer from AKI.

We formulated that for patients with twelve or more missing UP measurements,
after backlogging, RIFLEurine could not be scored (i.e. RIFLEurine was considered
missing). RIFLE classification would then depend on creatinine changes or the use
of renal replacement therapy.
When data on UP were handled this way, RIFLEurine was available in
2,386/2,420 (98.6%) patients in our study cohort.
RIFLE scoring
Combining all three aspects (RIFLEcreat, RIFLE RRT and RIFLEurine) into a final
RIFLE classification was done by taking the highest/most severe RIFLE class from
either one of these parts as the final RIFLE classification.
Handling data this way resulted in RIFLE classification in 2,412/2,420
(99.7%) patients. For the remaining eight patients, charts were checked to reveal a
no AKI state on the first day of ICU admission for all eight of them.
Association between separate RIFLE classifications and poor outcome
To assess the validity of our RIFLE scoring system, the association between the
RIFLE component classifications and the composite outcome of survival and were
examined and provided in this additional file. The same methods were used as used
for the analyses described in the main text.
Table 13 shows the uni- and multivariable association between the separate
RIFLE classifications and a poor outcome. The univariable analyses showed
both RIFLEcreat and RIFLEurine are associated with unfavourable outcome with
increasing severity. However, in the multivariable analysis for RIFLEcreat only the
presence of small creatinine increases on the first day of admission were significantly
associated with unfavourable outcome. In the multivariable analysis for RIFLEurine,
increasing severity of eAKI remained associated with higher risks of poor outcome.
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Table 13: relative risk for unfavourable outcome using Poisson regression
Unadjusted /
Adjusted a
Unadjusted

RIFLE class
No eAKI

RIFLE based on serum creatinine changes
(n= 2,361/2,420; 97.6%)

Unadjusted /
Adjusted a
Unadjusted

Adjusted

RIFLE based on serum creatinine changes
(n= 2,361/2,420; 97.6%)

Unadjusted /
Adjusted a
Unadjusted

1.37
(1.19-1.58; <.001)

Injury

1.41
(1.18-1.68; <.001)

No eAKI

1.56
(1.24-1.96; <.001
Reference

Risk

1.17
(1.01-1.34; .031)

Injury

1.08
(0.90-1.31; .397)

Failure

1.17
(0.91-1.50; .228)

RIFLE class
No eAKI

Relative risk
Reference

Risk

1.08
(0.96-1.22; .223)

Injury

1.40
(1.24-1.58; <.001)

Failure

1.77
(1.47-2.13; <.001)

No eAKI

Reference

Risk

1.00
(0.89-1.12; .959)

Injury

1.13
(1.00-1.27; .051)

Failure

1.29
(1.06-1.56; .011)

RIFLE class
No eAKI
RRT initiated
within 24 hours
(Failure)

Adjusted

Reference

Risk

Failure
Adjusted

Relative risk

No eAKI
RRT initiated
within 24 hours
(Failure)

Relative risk
Reference
1.43
(1.09-1.88; .009

Reference
1.17
(0.89-1.53; .262)

Results were pooled from 35 imputation datasets, using Rubin’s rule. a, adjusted for age, gender, Charlson comorbidity
index, pre-intensive care unit admission hospital length of stay, admission type, acute physiology score (without
creatinine), mechanical ventilation in the first 24 hours of admission and confirmed infection in the first 24 hours of
admission. Age was transformed into ((age-16)/100)^2, APS was transformed into ((APS-1)/10)^-1+((APS-1)/10);
95%CI, 95% confidence interval; eAKI, early acute kidney injury;
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RIFLE based on serum creatinine changes
(n= 2,361/2,420; 97.6%)

Supplementary material 3: Subgroup analysis for poor outcome
Subgroup analysis
Table 14: Admission diagnosis subgroup analysis of eAKI for poor outcome
Admission diagnosis
subgroup
Sepsis

Subarachnoid
haemorrhage

N
no eAKI

234 (52.1%)

Reference

Reference

97 (21.6%)

1.2 (0.95-1.52; .119)

1.11 (0.88-1.39; .386)

Injury

64 (14.3%)

1.35 (1.06-1.72; .017)

1.13 (0.89-1.44; .304)

Failure

54 (12.0%)

1.52 (1.18-1.94; .001)

1.27 (0.99-1.63; .059)

no eAKI

165 (88.7%)

Reference

Reference

Risk

18 (9.7%)

1.37 (0.96-1.98; .085)

1.22 (0.87-1.70; .246)

Injury

3 (1.6%)

1.37 (0.61-3.11; .444)

1.44 (0.67-3.09; .348)

0 (0%)

--

--

no eAKI

202 (8.2%)

Reference

Reference

Risk

40 (15.9%)

1.19 (0.63-2.25; .598)

.95 (0.48-1.90; .892)

Injury

10 (4.0%)

1.13 (0.78-1.62; .514)

.87 (0.60-1.24; .437)

0 (0%)

--

--

Failure
Cardiac,
-surgical

no eAKI

154 (57.9%)

Reference

Reference

Risk

65 (24.4%)

1.18 (0.88-1.58; .264)

1.15 (0.86-1.53; .347)

Injury

35 (13.2%)

1.44 (1.07-1.94; .015)

1.25 (0.95-1.66; .112)

12 (4.5%)

1.46 (0.74-2.86; .268)

1.35 (0.69-2.64; .372)

Failure
Other

Adjusted Relative Risk a

Risk

Failure

Traumatic brain
injury

Crude Relative Risk

no eAKI

833 (65.7%)

Reference

Reference

Risk

236 (18.6%)

1.02 (0.85-1.22; .820)

.96 (0.80-1.15; .649)

Injury

141 (11.1%)

1.34 (1.11-1.62; .002)

1.16 (0.96-1.39; .127)

57 (4.5%)

1.73 (1.36-2.21; <.001)

1.29 (1.01-1.66; .049)

Failure

Results were pooled from 35 imputation datasets, using Rubin’s rule. a, adjusted for age, gender, Charlson comorbidity
index, pre-intensive care unit admission hospital length of stay, admission type, acute physiology score (without
creatinine), mechanical ventilation in the first 24 hours of admission and confirmed infection in the first 24 hours of
admission. Age was transformed into ((age-16)/100)^2, APS was transformed into ((APS-1)/10)^-1+((APS-1)/10); 95%CI,
95% confidence interval; eAKI, early acute kidney injury; ICU, intensive care unit; HRQoL, health related quality of life;

Box 1 Subgroup definitions
See Chapter 2 - Supplementary material box 1 Subgroup definitions for APACHE IV
admission diagnosis groups and organ involvement
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Table 15: amount of comorbidity subgroup analysis of eAKI for poor outcome

0

1

N
551 (72.9%)

Reference

Reference

Risk

130 (17.2%)

1.21 (0.93-1.57; .149)

0.99 (0.77-1.27; .916)

Injury

48 (6.3%)

1.5 (1.07-2.09; .018)

1.14 (0.81-1.61; .446)

Failure

27 (3.6%)

1.68 (1.07-2.63; .024)

1.18 (0.71-1.96; .515)

no eAKI

511 (69.4%)

Reference

Reference

Risk

139 (18.9%)

1.17 (0.96-1.41; .113)

1.11 (0.91-1.34; .301)

64 (8.7%)

1.39 (1.11-1.74; .004)

1.18 (0.94-1.48; .152)

22 (3%)

1.74 (1.37-2.2; <.001)

1.35 (1.05-1.74; .020)

Failure

no eAKI

298 (60.9%)

Reference

Reference

Risk

90 (18.4%)

0.94 (0.72-1.23; .649)

0.87 (0.68-1.12; .282)

Injury

67 (13.7%)

1.22 (0.96-1.55; .098)

1.1 (0.87-1.4; .417)

34 (7%)

1.44 (1.06-1.94; .019)

1.22 (0.89-1.67; .206)

228 (51.9%)

Reference

Reference

Failure
3 or more

Adjusted Relative Risk

no eAKI

Injury

2

Crude Relative Risk

no eAKI
Risk

97 (22.1%)

1.01 (0.8-1.29; .908)

0.94 (0.74-1.19; .609)

Injury

74 (16.9%)

1.09 (0.86-1.39; .471)

1.06 (0.85-1.33; .592)

40 (9.1%)

1.41 (1.07-1.87; .017)

1.17 (0.87-1.57; .290)

Failure

The predictive value of early acute kidney injury for long-term survival and
quality of life of critically ill patients
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Chapter 7
Incorporating repeatedly measured
predictor data in prediction models
for intensive care unit outcome

Abstract
Introduction:
In prognostic models used for clinical decision making for patients with a prolonged
intensive care unit (ICU) admission, the extent, duration and temporal evolution of
acute organ dysfunction is generally taken into consideration in various ways. We
aimed to compare the different ways of modelling daily Sequential Organ Failure
Assessment (SOFA) score data with regard to the predictive performance in models
for short and long-term ICU outcomes.
Methods:
Patients staying at least seven days in a Dutch tertiary mixed ICU were included.
Disease severity score components, daily SOFA scores, and outcome data were
extracted from a national benchmarking database. One-year follow-up for survival
and quality of life was obtained from a routinely collected database including all
admitted ICU patients. SOFA scores collected in the first week were parameterized
in 35 different ways with varying levels of complexity. The outcomes of interest were
poor outcome at 1 year and survival at 30, 90, 180, and 365 days. Poor outcome was
defined as death at one-year follow-up or surviving with a EuroQoL-5D-3L index<0.4.
Logistic regression models with various additional predictors were constructed for
each SOFA score parameterization, and for each outcome. Models were compared
in terms of model fit (Akaike’s information Criterion (AIC)), discrimination (c-statistic)
and calibration (le Cessie-van Houwelingen global goodness of fit (CH) statistic).
Results:
The study population consisted of 1170 consecutive ICU patients, of which 274
(24%) had died after 30 days and 502 (43%) at 1 year. One-year poor outcome
occurred in 57% (n=662) of all patients. Three consistently high performing SOFA
score parameterizations were: (A) including all individual SOFA scores of the first
seven days; (B) the SOFA score on day 1, plus the change in SOFA score from day
1 to 4 and the change from day 4 to 7; and (C) the SOFA scores of days 1 and 7.
These three parameterizations also made up the top three when looking at 30 day
and one-year mortality.
Conclusions:
The way first week SOFA scores were incorporated into prediction models for
ICU outcomes up until 1 year after ICU admission greatly influenced predictive
performance. Simple parameterizations of organ failure scores consistently
outperformed more complex ones, regardless of additional predictors.
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Introduction

Methods
Patients and setting
This retrospective cohort study was performed in the Intensive Care Unit (ICU)
of the University Medical Center Utrecht (UMCU), a tertiary care hospital in the
Netherlands. The ICU admits a mixed population of medical patients, and urgent and
Incorporating repeatedly measured predictor data in prediction models
for intensive care unit outcome
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T

he decisions to start or continue or withdraw aggressive treatment for critically ill
patients depends on patient values, doctors’ perspectives, and the expected short
and long-term course of disease and recovery [1, 2]. In order to make these treatment
decisions, patients, family members and clinicians need prognostic information [1, 3].
This information should at least include the critically ill patient’s expected survival but
is preferably aimed at the expected survival in conjunction with the estimated health
related quality of life (HRQoL) [1-5].
Predicting long-term outcomes at specific points in time during intensive
care unit (ICU) treatment remains difficult [2, 3]. Especially because after
seven to ten days of ICU treatment the severity of illness at ICU admission becomes
significantly less well correlated with (short-term) mortality [6]. In clinical practice,
expert insight and multidisciplinary approach are used to remedy this. In research on
the other hand, the resulting broad array of expert insights has led to varying ways to
study predictors available during the first week of ICU admission [4, 5, 7, 8].
It remains unclear however, how to incorporate data on first week disease
progression into prognostic models. In some studies disease progression
is modelled by adding daily organ failure assessments during ICU admission as
separate predictors [7, 8]. Often these measurements are summarized into a single
score in order to facilitate use and/or data collection [9]. To illustrate this, see
figure 1. Here the first week of organ failure scores for two fictional patients are shown
together with a few summary statistics. In prior studies, only a few of these summary
measures of organ failure have been studied next to each other (see supplementary
material ‘Examples of SOFA score use in current literature’).
It is unclear to what extent summarizing or other kinds of parameterization
of repeatedly measured predictor data influences the predictive performance of the
prediction models. This study was therefore aimed at exploring whether different
parameterizations of organ failure during the first week of ICU admission would
affect prognostic performance when studying ICU survival or HRQoL as outcomes.

elective transplant, abdominal, cardiac and neurosurgery patients. As per national
policy, only patients with major burn injuries or those requiring ICU care after a livertransplant are not admitted to this particular ICU and are transferred to specialised
hospitals.
All adult patients (≥18 years old) admitted to the ICU within the period of
November 1st 2009 to December 31st 2014 with a length of stay of at least seven
days were included for this study. For patients with multiple ICU admissions during
this period, only the first ICU admission was eligible for inclusion. Patients with an
unknown survival status or an unknown address in the Dutch municipal registry one
year after ICU admission were considered lost to follow-up and excluded from further
analysis.
Data collection and follow-up
Patient data used for this study were prospectively collected for the purpose of
national benchmarking and routine clinical care. The clinical data were gathered
by trained research personnel. For every included patient, age, sex, chronic
comorbidities, episode specific data such as admission type, admission diagnosis,
severity of disease at admission (acute physiology and chronic health evaluation
(APACHE) IV components [10]), daily organ failure scores [11], and ICU and hospital
length of stay were extracted.
Follow-up of ICU patients was performed as described previously [12, 13].
To summarize, one year after ICU discharge the municipal registry was
checked for survival status of the patient. If the patient had died, the date of death
was extracted. If the patient survived the year after ICU stay, the address was
extracted and used to send the patient a HRQoL questionnaire. Reminders to return
the questionnaire were performed by mail and by phone call.
Patient identifying data was removed before analysis. After approval of
the protocol, the Institutional Review Board (IRB) of the University Medical Center
Utrecht waived the need for informed consent when analysing anonymised patient
and follow-up data (UMC Utrecht IRB protocol number 10/006).
Sequential organ failure assessment (SOFA)
Organ failure during the first week of ICU admission was measured daily using the
sequential organ failure assessment (SOFA) scoring system. The SOFA score has
been developed in 1996 as an easy-to-calculate consensus-based scoring rule,
which expresses the degree of dysfunction of each of six vital organ systems [11]. For
each organ system a score ranging between 0 and 4 is assigned, where a score of
0 denoted normal function, 1-2 is interpreted as organ dysfunction and 3-4 as organ
failure [14, 15]. The full SOFA score was defined as the sum of its component scores (see
supplementary material ‘The SOFA score’). The SOFA score has been validated for
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multiple clinically relevant outcomes (in-hospital and long-term mortality) in various
ICU study populations [8, 9, 15-17].
The main goal of this study was to compare the (added) prognostic value of
repeatedly measured organ failure when entered into a prediction model in different
parameterizations. Box 1 shows the different ways of modelling first week SOFA
scores which were taken into consideration. These parameterizations were selected
based on being frequently used methodologies for handling SOFA scores in current
literature. The list of SOFA parameterizations is ordered by the required amount of
data (the amount of measurement days), and the expected ease of use when used
in a prediction model (in terms of model parsimony, i.e. degrees of freedom; and the
extent of any required processing before being able to enter the predictor into the
model). The exact definition of each parameterization is described in supplementary
material ‘SOFA parameterizations’.

Outcome measures of interest in this study were survival at 30, 90, 180 days
and 365 days (1 year), and HRQoL at 1 year after ICU admission. HRQoL was
assessed using the EuroQoL 5D-3LTM (EQ5D) questionnaire [18]. For more details
on this questionnaire see supplementary material ‘EuroQoL 5DTM questionnaire’.
A low HRQoL was defined as an EQ5D index below 0.4 [12]. Using this cut-off, any
patient with a low HRQoL reported at least one severe EQ5D disability [12, 18], and
would fall below the average HRQoL of patients with moderate to severe physical
[19], cognitive [20] or psychiatric disabilities [21]. For our analyses, poor outcome was
defined as dying within a year after the first week of ICU admission or having a low
HRQoL at one-year follow-up.
Model development
To compare the predictive performance of each of the SOFA parameterizations,
each of them was added to a baseline model consisting of patient level predictors
available after the first day of ICU stay. In fact, three different baseline models were
used. The first baseline model contained no baseline information. The second
baseline model (the simple baseline model) used the predicted probability of death
as obtained from the APACHE IV prediction model [10]. The third model (the extended
baseline) used the individual components of the APACHE IV prediction model (age,
sex, chronic comorbidities at ICU admission, acute events on ICU day 1, the time
between hospital and ICU admission and the acute physiology score based on the
worst values within the first 24 hours [10]) while (re)fitted to our data.
To account for non-linear associations with the outcomes we used fractional
polynomials [22]. This was done for each outcome and baseline model separately.

Incorporating repeatedly measured predictor data in prediction models
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Outcomes

As the composite outcome of survival and HRQoL (poor outcome) lacked time-toevent data, this could only be studied as a binary outcome variable. In order to keep
the performance measures comparable, all primary analyses were performed by
fitting logistic regression models. However, as a sensitivity analysis, Cox proportional
hazard models were fitted for the survival outcomes (30-day, 90-day, 180-day and
one-year mortality). The proportional hazards assumption was tested using the
correlation test between the Schoenfeld residuals and survival times in those who
died and was examined graphically using Schoenfeld’s residuals. This was done in
a randomly picked imputation set for all 35 SOFA parameterizations. Additionally, the
proportional hazards assumption was checked in 25 different imputation sets for two
randomly picked SOFA parameterizations. For each of these checks we used the
simple baseline model and 180-day survival as the outcome of interest.
Model comparison
The different parameterizations of the SOFA scores were compared using three
measures which assess different aspects of predictive performance. The Akaike’s
information criterion (AIC) (1) describes the model’s overall fit to the data, taking
into account the number of parameters used in the model. The concordance index
(c-index) (2) was used to study the discriminative ability of each model (for the
Cox regression the rank correlation for censored data was used). Lastly, the le
Cessie-van Houwelingen-Copas-Hosmer global goodness of fit (CH) test statistic
(3) was calculated as a measure of overall calibration [23]. This CH statistic can be
interpreted as a regular goodness-of-fit test where a significant result equals poor
global goodness-of-fit. As this statistic is asymptotically normally distributed, the
test produces a significant calibration error (at an alpha of 0.05) at a test statistic
higher than 1.96. This calibration statistic was preferred over the more commonly
used Hosmer-Lemeshow goodness of fit test as it does not depend on binning,
and because the CH statistic had a higher power to find miscalibration in various
simulation studies [24, 25].
In order to graphically show the consistency across performance
measures on the same scale, the performance measures were standardized. This
standardization was performed using the mean and standard deviation of values
for a performance measure found for the 35 different SOFA parameterizations.
Further, the standardized values were inverted for the performance measures
where a smaller value indicated a better performance (AIC and CH). This way, a
positive standardized value indicated an above average (good) performance, while
a negative standardized value indicated a below average (poor) performance.
Consistency across settings was studied by ranking the SOFA
parameterizations according to their performance on the different aspects and
comparing those rankings. A SOFA parameterization’s mean rank was used to
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determine which way of representing organ failure in the first week of ICU admission
performed above average most consistently (i.e. a low mean rank indicating a
consistently high performing model). This mean rank was calculated based on all
three measures of predictive performance resulting from the 15 different combinations
of baseline models and outcomes studied.

Missing data were expected to occur for both predictors and outcomes. Observational
study data are rarely missing completely at random. For example, when using the
SOFA score the central nervous system component is often missing as it is difficult to
determine in sedated patients, while the depth of sedation might contain information
associated with its missingness [26]. Similarly, in one-year survivors, non-response to
the HRQoL questionnaire would lead to missing data regarding poor outcome, while
all available data on these patients might be informative with regards to the missing
information. Ignoring such missingness of data through a complete case analysis
typically leads to biased estimates and potentially to a regrettable loss of statistical
power. To account for this, multiple imputation techniques were used to replace the
missing data [27-31]. Supplementary material ‘Missing Data & Imputation Techniques’
provides more details.
All statistical analyses were performed using R, version 3.3.2 (R Foundation
for Statistical Computing, 2016). The statistical model building which allowed for
fractional polynomials was performed using the “mfp” R package, version 1.5.2
(2016).

Results
Study population
Out of 10962 ICU admissions during the inclusion period, 1192 (11%) patients
stayed in the ICU for at least one week. Due to an unknown survival status (n=18),
or unknown address (n=4), 22 patients were excluded and 1170 patients were
included in the study (see figure 2). Patients were most often male, admitted for a
non-surgical reason and had a high disease severity at admission (median APACHE
IV predicted hospital mortality: 27%, interquartile range (IQR): 10 – 53%) (see table
2). The distribution of SOFA scores throughout the first week of admission is shown
in table 3. On a group level, median SOFA score decreased during the first week of
ICU admission, and circulatory failure (a SOFA component score ≥3) was the most
frequently occurring organ system’s failure (see table 3).
Within this cohort of ICU patients staying in the ICU at least seven days,
19% of patients (n=226) died in ICU. Another 10% (n=120) died in-hospital after ICU
Incorporating repeatedly measured predictor data in prediction models
for intensive care unit outcome

185

chapter 7

Missing data

discharge, and another 13% (n=156) died within one year after hospital discharge.
Out of the 668 one-year survivors, 68% (n=451) completed the HRQoL questionnaire
(see figure 2).
Outcome incidence
Death within thirty days occurred in 24% (n=278). Including all earlier deaths, death
within 90 days occurred in 34% (n=402); death within 180 days occurred in 38%
(n=447); and one-year mortality occurred in 43% (n=502). After using multiple
imputation, the incidence of poor HRQoL based on majority vote amongst imputation
sets was 24% of one-year survivors (n=160/668). Altogether, poor outcome (death or
a low HRQoL) occurred in 57% (n=662) of the total population.
Effect of SOFA score parameterization on predictive performance
Table 4 shows the distribution of predictive performances across the 35 SOFA
parameterizations for models with the simple baseline model as additional predictor
next to the SOFA scores. All three performance measures showed relevant differences
between the best and worst performing SOFA parameterizations. Moreover, this was
seen for all five outcome measures.
Within the top 5 best performing parameterizations, the differences between
fifth best and best performing model were small. The best performing SOFA
parameterizations slightly increased model fit (AIC) and calibration (CH statistic)
compared to the one ranked fifth. Discrimination (c-index) was almost equal within
the top five. Similar results were found in the setting of no baseline model, and in
the setting of an extended baseline model (see supplementary material ‘Predictive
performance’).
Consistency across performance measures, baseline models and
outcome measures
Based on lowest mean rank over all combinations of baseline model, outcome
measure, and performance measures, the top five consistently high performing SOFA
parameterizations consisted of #1 “entering all seven daily SOFA scores separately”;
#2 “Day 1 SOFA score & difference between day 1 and 4 & difference between day
4 and 7”; #3 “Day 1 and day 7 SOFA score”; #4 “Day 1 SOFA score & difference
between day 1 and 4 & difference between day 4 and 7 & interaction terms”; and
#5 “day 7 SOFA score”. The worst performing SOFA score representations were
summary measures based only on the first three days of ICU admission, or the one
using only ICU admission day SOFA score (see table 5).
For each of the outcomes separately, the SOFA parameterizations showed
similar rankings (as can be seen from the colour coding in table 5). The top five
rankings for the outcomes separately differed in order, but the overall top four
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performing SOFA parameterizations were consistently part of the best five performing
models within each setting.
For the outcomes of 30-day mortality, one-year mortality and poor outcome,
figures 3 to 5 show the AIC, c-index and CH statistic on the standardized scale. For
the AIC and c-index, all SOFA parameterizations consistently performed below or
above average across different baseline models. Only the CH statistic for calibration
showed varying top-performers when different baseline models were used. These
results were seen for all outcomes and are presented for the outcomes of 30-day
mortality (see figure 3), one-year mortality (see figure 4), and poor outcome (see
figure 5).

The sensitivity analysis included repeating all previous procedures for the survival
outcomes using cox proportional hazard regression. During this analysis, 20 out of
the 35 SOFA parameterizations showed signs of non-proportional hazards. This was
seen both per proportional hazards tests, as graphically on Schoenfeld residual plots.
Across imputation sets, the proportionality (or lack thereof) of the hazards varied little.
The Schoenfeld residual plots showed that most SOFA parameterizations exhibited
a similar pattern of non-proportionality. In this pattern, an initially increased hazard
of dying diminished during the year of follow-up. Oftentimes, at around one-hundred
days of follow-up no additional hazard remained. To add a time-varying effect to
these Cox models was considered beyond the scope of this sensitivity analysis.
Consequently, for the purpose of studying the effect of model type on the SOFA
parameterization ranking, all hazards were modelled as if proportional over time.
When looking at the rankings which resulted from these proportional
hazard Cox regression models, the top five consistently high performing SOFA
parameterizations were similar to those when using logistic regression. This top five
consisted of #1 “Day 1 SOFA score & difference between day 1 and 4 & difference
between day 4 and 7 & interaction terms”; #2 “Day 1 SOFA score & difference
between day 1 and 4 & difference between day 4 and 7”; #3 “entering all seven daily
SOFA scores separately”; #4 “Day 1 and day 7 SOFA score”; and #5 “minimum of
day 1-3 and of day 4-7”. When comparing these findings to the results of the main
analysis, this meant that four out of the Cox proportional hazard regression top five
SOFA parameterizations were consistent with the logistic regression top 5.
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Sensitivity analysis: analysis of survival outcomes with
Cox regression models

Discussion
Using the data of the first week of ICU stay of nearly 1200 unique ICU patients,
this study was aimed at exploring whether different parameterizations of repeatedly
measured organ failure data would affect prognostic performance. The results
presented here show that the 35 tested SOFA parameterizations showed diverse
predictive performance statistics. Furthermore, these differences in performance
remained, regardless of the outcome studied, the performance measure under
investigation and also when multiple additional predictors were entered into the
model.
The overall most consistently high performance was obtained by including
all seven daily SOFA scores as separate variables, a method which basically avoids
further summarizing but requires the maximum available amount of measurements.
But when also considering the burden of data collection, one could pick another one
of the top 5 parameterizations (such as those based on day 1, 4 and 7 SOFA scores)
without a relevant loss in model fit, discrimination or calibration.
Comparison to current literature
Current literature shows two prior systematic reviews related to this subject. Minne
et al and de Grooth et al included studies evaluating the prognostic performance
of SOFA-based models for predicting mortality in adult ICU patients [7, 8]. Amongst
eighteen included studies, covering a myriad of SOFA score parameterizations,
Minne et al described a wide range of c-index discrimination statistics. With values
between 0.51 and 0.92 [7], this range of c-indices supports the effect of varying the
SOFA score parameterization on predictive performance. In the review de Grooth
et al, 87 studies were included [8]. These studies showed a poorer association with
mortality for fixed-day SOFA scores when compared to the difference between SOFA
scores [8]. Again, this supports the findings presented here. Both of these systematic
reviews however, showed a large heterogeneity in the included studies [7, 8]. These
differences in case-mix, data collection, (loss to) follow-up and other methodological
strategies could cause the differences in predictive performance across SOFA
parameterizations. As such, these two systematic reviews provide only indirect
comparisons between SOFA score parameterizations.
Strengths and limitations
The major strength of the current study is that we conducted a direct comparison
of the predictive performance of different SOFA score parameterizations within one
large study population of general ICU patients. To our knowledge this the first of
its kind and nicely complements these previous results. Other strengths are the
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standardized prospective data collection which served as the basis for our study,
and the use of multiple imputation to minimize bias.
Nonetheless, several methodological issues of our approach need
to be addressed. First, this study analysed the predictive performance of 35
SOFA parameterizations, but we realize that the original seven days of SOFA
measurements may be parameterized in many more ways. Although we tried to
cover the parameterizations used most often in current literature, we for example
did not include SOFA scores related to specific in-ICU events (the score at initiation
of mechanical ventilation [32], or on the day a complication occurred [33]). Therefore,
we cannot exclude that we may have missed a parameterization with high predictive
performance.
Second, the framework of ‘simple’ logistic regression was used to assess the
predictive performance of the repeatedly measured SOFA data. Statistical frameworks
such as joint modelling may be able to better accommodate autocorrelation within
repeatedly measured predictor data by using mixed models [34, 35]. These benefits can
also be found for other model building techniques (such as neural network analysis
[36
], and dimension reduction techniques such as latent factor analysis [37]). However,
in practice, most clinical prediction models are built using regular logistic or Cox
regression analyses and as such our findings represent results that are likely to
occur in current ICU prediction practice.
Third, the total amount of parameterizations, baseline models, outcomes,
and performance measures examined during this study was high. Therefore, we
refrained from performing hypothesis tests when comparing predictive performance
and used ranking statistics instead. We need to explicitly acknowledge that (small)
differences in performance could have occurred due to chance. Consequently, the
results of this study cannot be used to elect a single always statistically significantly
superior SOFA score parameterization. Instead, our results should be seen as a
guideline where predictive performance can be weighed against ease of use and
model parsimony.
Fourth, it is not certain whether outliers or other study sample specific
idiosyncrasies could have biased the presented results. As the study population
is drawn from an academic, high level ICU, rare or special cases do occur more
frequently than elsewhere. It is uncertain whether SOFA score parameterizations
have been equally affected by such outlying data. Resampling methods such as
bootstrapping could have been used to obtain performance estimates less sensitive
to the effects of these outliers [38]. Due to the complexities of combining resampling
methods, multiple imputation and the large number of models fitted in this study,
applying these corrections was considered beyond the scope of this paper.
Finally, this study was conducted as a single centre study. As a result, the
effects of centre specific protocols, regional case-mixes and a centre’s overall level

of care could not be taken into account. Moreover, the specific medical personnel
and ICU culture could have influenced if and how major treatment decisions were
based on certain degrees of organ failure [39].
Clinical application and recommendations for further study
Knowledge about the predictive value of specific patient characteristics or events
could support decision making [3, 5]. As can be seen in this study, utilizing the evolution
of disease during the initial days of ICU care improves predictive performance. By
adding other daily indicators of the evolution of disease we hypothesize the high level
of prognostic accuracy needed for individual decision support might be attainable.
Development of these models would need to be based on predictors available at
critical moments during ICU admission. When validated such a model would provide
all concerned parties with access to an insightful and consistent prognosis. Together
with the clinical expertise of the medical team, the patient’s preferences, and the
intended goal of medical treatment (e.g. returning home independent of major
medical care, or surviving a complicated postoperative period), these stakeholders
would then be able to make informed decisions on the desirability of continuing or
the withdrawal of care [40].
In this era of increasing data-availability, a transparent system providing
prognostics seems close at hand. However, there remains a divide between ease of
use and precise statistical modelling. Even though we strive to have both, easy-to-use
models are hampered by arbitrary design choices, while high-level precise statistical
modelling becomes opaque when taken to its extremes. The results presented
here show that great care should be taken when making arbitrary choices such as
summarizing repeatedly measured predictor data. A true predictor of outcome could
(partly) lose its value when parameterized the wrong way. Then again, a seemingly
useless predictor might just be parameterized wrong. Avoiding parameterization
altogether might therefore be best, but often comes with the requirement of difficult
to reproduce ‘black-box’ statistical modelling, hampering acceptance and proper use
of the final prediction model [41]. Future prognosticators should then ask themselves:
is a performance benefit coming at the cost of more extensive data collection, truly
beneficial? And are more intricate modelling requirements really worth the hassle?
Conclusions
This study showed that different parameterizations of repeatedly measured
organ failure data affected the prognostic performance of the concomitant statistical
prediction models. Furthermore, specific easy to use SOFA score parameterizations
consistently outperformed those which were more difficult to use, regardless of
additional information or the outcome studied.

190

Chapter 7

1. Angus DC, Carlet J, Brussels Roundtable P, (2003) Surviving intensive care: a
report from the 2002 Brussels Roundtable. Intensive Care Med 29: 368-377
2. Litton E, Ho KM, Webb SA, (2012) Comparison of physician prediction with 2
prognostic scoring systems in predicting 2-year mortality after intensive care
admission: a linked-data cohort study. J Crit Care 27: 423 e429-415
3. Searl MF, (2015) A case for the use of validated physiological mortality metrics
to guide early family intervention in intensive care unit patients. AACN Adv Crit
Care 26: 13-22; quiz 23-14
4. van Erp WS, Lavrijsen JC, van de Laar FA, Vos PE, Laureys S, Koopmans RT,
(2014) The vegetative state/unresponsive wakefulness syndrome: a systematic
review of prevalence studies. Eur J Neurol 21: 1361-1368
5. Celi LA, Csete M, Stone D, (2014) Optimal data systems: the future of clinical
predictions and decision support. Curr Opin Crit Care 20: 573-580
6. Iwashyna TJ, Hodgson CL, Pilcher D, Bailey M, van Lint A, Chavan S, Bellomo
R, (2016) Timing of onset and burden of persistent critical illness in Australia and
New Zealand: a retrospective, population-based, observational study. Lancet
Respir Med 4: 566-573
7. Minne L, Abu-Hanna A, de Jonge E, (2008) Evaluation of SOFA-based models
for predicting mortality in the ICU: A systematic review. Crit Care 12: R161
8. de Grooth HJ, Geenen IL, Girbes AR, Vincent JL, Parienti JJ, Oudemans-van
Straaten HM, (2017) SOFA and mortality endpoints in randomized controlled
trials: a systematic review and meta-regression analysis. Crit Care 21: 38
9. Moreno R, Vincent JL, Matos R, Mendonca A, Cantraine F, Thijs L, Takala J,
Sprung C, Antonelli M, Bruining H, Willatts S, (1999) The use of maximum
SOFA score to quantify organ dysfunction/failure in intensive care. Results of
a prospective, multicentre study. Working Group on Sepsis related Problems of
the ESICM. Intensive Care Med 25: 686-696
10. Zimmerman JE, Kramer AA, McNair DS, Malila FM, (2006) Acute Physiology
and Chronic Health Evaluation (APACHE) IV: hospital mortality assessment for
today’s critically ill patients. Crit Care Med 34: 1297-1310
11. Vincent JL, Moreno R, Takala J, Willatts S, De Mendonca A, Bruining H,
Reinhart CK, Suter PM, Thijs LG, (1996) The SOFA (Sepsis-related Organ
Failure Assessment) score to describe organ dysfunction/failure. On behalf of
the Working Group on Sepsis-Related Problems of the European Society of
Intensive Care Medicine. Intensive Care Med 22: 707-710
12. Soliman IW, Frencken JF, Peelen LM, Slooter AJ, Cremer OL, van Delden JJ,
van Dijk D, de Lange DW, (2016) The predictive value of early acute kidney

Incorporating repeatedly measured predictor data in prediction models
for intensive care unit outcome

191

chapter 7

References

13.

14.

15.

16.

17.

18.

19.

20.

21.

injury for long-term survival and quality of life of critically ill patients. Crit Care
20: 242
Soliman IW, de Lange DW, Peelen LM, Cremer OL, Slooter AJ, Pasma W,
Kesecioglu J, van Dijk D, (2015) Single-center large-cohort study into quality
of life in Dutch intensive care unit subgroups, 1 year after admission, using
EuroQoL EQ-6D-3L. J Crit Care 30: 181-186
14. Kim YH, Yeo JH, Kang MJ, Lee JH, Cho KW, Hwang S, Hong CK, Lee
YH, Kim YW, (2013) Performance assessment of the SOFA, APACHE II scoring
system, and SAPS II in intensive care unit organophosphate poisoned patients.
J Korean Med Sci 28: 1822-1826
Vincent JL, de Mendonca A, Cantraine F, Moreno R, Takala J, Suter PM,
Sprung CL, Colardyn F, Blecher S, (1998) Use of the SOFA score to assess
the incidence of organ dysfunction/failure in intensive care units: results of a
multicenter, prospective study. Working group on “sepsis-related problems” of
the European Society of Intensive Care Medicine. Crit Care Med 26: 1793-1800
Seymour CW, Liu VX, Iwashyna TJ, Brunkhorst FM, Rea TD, Scherag A,
Rubenfeld G, Kahn JM, Shankar-Hari M, Singer M, Deutschman CS, Escobar
GJ, Angus DC, (2016) Assessment of Clinical Criteria for Sepsis: For the Third
International Consensus Definitions for Sepsis and Septic Shock (Sepsis-3).
JAMA 315: 762-774
Granholm A, Moller MH, Krag M, Perner A, Hjortrup PB, (2016) Predictive
Performance of the Simplified Acute Physiology Score (SAPS) II and the Initial
Sequential Organ Failure Assessment (SOFA) Score in Acutely Ill Intensive Care
Patients: Post-Hoc Analyses of the SUP-ICU Inception Cohort Study. PLoS One
11: e0168948
Szende A, Oppe M, De Charro F (2007) Comparative review of Time-Trade-Off
value sets. In: Szende A, Oppe M, Devlin N (eds) EQ-5D Value Sets: Inventory,
Comparative Review and User Guide. Springer Netherlands, Dordrecht, pp.
21–27
Green C, Kiebert G, Murphy C, Mitchell JD, O’Brien M, Burrell A, Leigh PN,
(2003) Patients’ health-related quality-of-life and health state values for motor
neurone disease/amyotrophic lateral sclerosis. Qual Life Res 12: 565-574
Winter Y, Korchounov A, Zhukova TV, Bertschi NE, (2011) Depression in elderly
patients with Alzheimer dementia or vascular dementia and its influence on their
quality of life. J Neurosci Rural Pract 2: 27-32
Hayhurst H, Palmer S, Abbott R, Johnson T, Scott J, (2006) Measuring healthrelated quality of life in bipolar disorder: relationship of the EuroQol (EQ-5D) to
condition-specific measures. Qual Life Res 15: 1271-1280

192

Chapter 7

Incorporating repeatedly measured predictor data in prediction models
for intensive care unit outcome

193

chapter 7

22. Royston P, Altman DG, (1994) Regression Using Fractional Polynomials of
Continuous Covariates - Parsimonious Parametric Modeling. Appl Stat-J Roy St
C 43: 429-467
23. Lecessie S, Vanhouwelingen JC, (1991) A Goodness-of-Fit Test for Binary
Regression-Models, Based on Smoothing Methods. Biometrics 47: 1267-1282
24. Hosmer DW, Hosmer T, Le Cessie S, Lemeshow S, (1997) A comparison of
goodness-of-fit tests for the logistic regression model. Stat Med 16: 965-980
25. Stallard N, (2009) Simple tests for the external validation of mortality prediction
scores. Stat Med 28: 377-388
26. Vasilevskis EE, Pandharipande PP, Graves AJ, Shintani A, Tsuruta R, Ely EW,
Girard TD, (2016) Validity of a Modified Sequential Organ Failure Assessment
Score Using the Richmond Agitation-Sedation Scale. Crit Care Med 44: 138-146
27. Rubin DB (1987) Multiple imputation for non response in surveys. Wiley, New
York
28. Donders AR, van der Heijden GJ, Stijnen T, Moons KG, (2006) Review: a gentle
introduction to imputation of missing values. J Clin Epidemiol 59: 1087-1091
29. Li P, Stuart EA, Allison DB, (2015) Multiple Imputation: A Flexible Tool for
Handling Missing Data. JAMA 314: 1966-1967
30. Groenwold RH, Donders AR, Roes KC, Harrell FE, Jr., Moons KG, (2012) Dealing
with missing outcome data in randomized trials and observational studies. Am J
Epidemiol 175: 210-217
31. van Buuren S, Groothuis-Oudshoorn K, (2011) mice: Multivariate Imputation by
Chained Equations in R. J Stat Softw 45: 1-67
32. Bhattacharya B, Prashant A, Vishwanath P, Suma MN, Nataraj B, (2011)
Prediction of outcome and prognosis of patients on mechanical ventilation using
body mass index, SOFA score, C-Reactive protein, and serum albumin. Indian
J Crit Care Med 15: 82-87
33. Hernandez-Tejedor A, Cabre-Pericas L, Martin-Delgado MC, Leal-Micharet AM,
Algora-Weber A, group Es, (2015) Evolution and prognosis of long intensive
care unit stay patients suffering a deterioration: A multicenter study. J Crit Care
30: 654 e651-657
34. Li E, Wang N, Wang NY, (2007) Joint models for a primary endpoint and multiple
longitudinal covariate processes. Biometrics 63: 1068-1078
35. Li E, Zhang D, Davidian M, (2007) Likelihood and Pseudo-likelihood Methods
for Semiparametric Joint Models for a Primary Endpoint and Longitudinal Data.
Comput Stat Data Anal 51: 5776-5790
36. Lancashire LJ, Lemetre C, Ball GR, (2009) An introduction to artificial neural
networks in bioinformatics--application to complex microarray and mass
spectrometry datasets in cancer studies. Brief Bioinform 10: 315-329

37. Berkout OV, Gross AM, Young J, (2014) Why so many arrows? Introduction to
structural equation modeling for the novitiate user. Clin Child Fam Psychol Rev
17: 217-229
38. Efron B, (1979) 1977 Rietz Lecture - Bootstrap Methods - Another Look at the
Jackknife. Ann Stat 7: 1-26
39. Sprung CL, Woodcock T, Sjokvist P, Ricou B, Bulow HH, Lippert A, Maia P, Cohen
S, Baras M, Hovilehto S, Ledoux D, Phelan D, Wennberg E, Schobersberger
W, (2008) Reasons, considerations, difficulties and documentation of end-of-life
decisions in European intensive care units: the ETHICUS Study. Intensive Care
Med 34: 271-277
40. Geurts M, Macleod MR, van Thiel GJ, van Gijn J, Kappelle LJ, van der Worp HB,
(2014) End-of-life decisions in patients with severe acute brain injury. Lancet
Neurol 13: 515-524
41. Kappen TH, van Loon K, Kappen MA, van Wolfswinkel L, Vergouwe Y, van
Klei WA, Moons KG, Kalkman CJ, (2016) Barriers and facilitators perceived by
physicians when using prediction models in practice. J Clin Epidemiol 70: 136145

Tables and figures
Figure 1: Organ failure during the first week of ICU admission
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SOFA, Sequential Organ Failure Assessment.
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Box 1 Thirty-five SOFA score parameterizations analysed in this study,
ranked according to simplicity
SOFA parameterizations based on a single day
1. A single SOFA score, based on day 1
2. A single SOFA score, based on day 7
SOFA parameterizations based on two days
3. Two SOFA scores, based on day 1 and day 7
4. The difference in SOFA score between day 1 and day 4
5. The difference in SOFA score between day 4 and day 7
SOFA parameterizations based on three days
6. Both #4 and #5 entered as separate variables
7. #1, #4 and #5 entered all as separate variables
8. #1, #4 and #5 entered all as separate variables with interaction terms between #1 and #4, and #1,#4 and #5
SOFA parameterizations based on half a week (first half=day 1 to 3, second half=day 4 to 7)
9. Maximum SOFA score during days 1 to 3
10. Minimum SOFA score during days 1 to 3
11. Mean SOFA score during days 1 to 3
12. Weighted mean SOFA score (day number is weight) during days 1 to 3
13. Sum of highest SOFA component scores during days 1 to 3 (SOFA totalmax)
14. 1Maximum SOFA score during days 4 to 7
15. Minimum SOFA score during days 4 to 7
16. Mean SOFA score during days 4 to 7
17. Weighted SOFA score mean (day number is weight) during days 4 to 7
18. Sum of highest SOFA component scores during days 4 to 7 (SOFA totalmax)

chapter 7

SOFA parameterizations based on all 7 days
19. Entering all seven SOFA scores as separate variables
20. Maximum SOFA score during days 1 to 7
21. Minimum SOFA score during days 1 to 7
22. Mean SOFA score during days 1 to 7
23. Weighted mean SOFA score (day number is weight) during days 1 to 7
24. Sum of highest SOFA component scores during days 1 to 7 (SOFA totalmax)
25. Delta SOFA score (difference between #24 and #1)
26. Entering both #25 and #1 as separate variables
27. Entering both #25 and #1 as separate variables, with an interaction term between #25 and #1
28. Entering both #9 and #14 as separate variables
29. Entering both #10 and #15 as separate variables
30. Entering both #11 and #16 as separate variables
31. Entering both #12 and #17 as separate variables
32. Entering both #13 and #18 as separate variables
33. Days with organ failure (SOFA component score >3) per SOFA component
SOFA score trend or repeated measures parameterizations based on all 7 days
34. Aligned trend analysis: predictors are multiple variables containing the presence/absence of a specific mutually
exclusive prevalent trend (occurring in more than 5% of patients, without encompassing a shorter trend aligned
to day 7)
35. Untrained cluster analysis group membership

SOFA, sequential organ failure assessment. The SOFA parameterizations in this box are ranked according to the
simplicity of data collection and their use in a prediction model. Simplicity of data collection was based on the amount of
days one needs to score the SOFA parameterizations. Simplicity of use was based on the need of additional calculations
(such as for mean values) or the use of more intricate analyses (trend or cluster analysis) in order to obtain the SOFA
parameterizations. All mentions of specific days concern days in the first week of intensive care unit stay.
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Figure 2: Flowchart

10962 ICU admissions between
Nov 2009 and Dec 2014
1229 readmissions
9733 unique ICU patients
8541 patients staying in the ICU
less than one week
1192 long-stay ICU patients
22 patients lost to follow-up:
• 18 unknown survival status
• 4 unknown address
1170 patients included
502 (42.9%) died during one year
follow-up:
• 226 (19.2%) died in ICU
• 120 (10.3%) died in hospital
• 156 (13.3%) died after discharge
668/1170 (57.1%) survivors
217 (32.5%) non responders:
• 19 (2.8%) partial responders
• 198 (29.6%) non responders
451/668 (67.5%) responders

502 patients dying during follow-up

953/1170 (81.5%) complete cases
ICU, intensive care unit
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Table 2: Baseline characteristics
Total population
N

1170

Sex (female)

410 (35.0%)

Age

60 (49 – 70)

ICU LoS (days)

12.6 (9.1–20.2)

pre-ICU hospital LoS (days)

0.3 (0 – 2.3)

Admission type
Elective Surgical

163 (13.9%)

Urgent Surgical

352 (30.1%)

Medical

655 (56.0%)

Admission diagnosis
Cardiac surgery (CABG and/or valve)
Sepsis
Subarachnoid haemorrhage

73 (6.2%)
269 (23.0%)
56 (4.8%)

Traumatic brain injury

106 (9.1%)

Cardiac, non-surgical

110 (9.4%)

Other

556 (47.5%)

Comorbidities
Chronic cardiovascular (NYHA IV)
Chronic dialysis

13 (1.1%)
137 (11.7%)
17 (1.5%)

Chronic kidney insufficiency

106 (9.1%)

Chronic respiratory

100 (8.5%)

Cirrhosis

10 (0.9%)

Chronic obstructive pulmonary disease

118 (10.1%)

Diabetes

168 (14.4%)

Immunological insufficiency

184 (15.7%)

Metastasized neoplasm
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AIDS/HIV

23 (2.0%)

Complications on the first day of ICU admission
Acute kidney injury

147 (12.6%)

Cerebrovascular incident (stroke)

172 (14.7%)

Confirmed infection

396 (33.8%)

Cardiopulmonary resuscitation

100 (8.5%)

Cranial mass

179 (15.3%)

Dysrhythmia

130 (11.1%)

Gastro-intestinal bleed

15 (1.3%)

Mechanical ventilation at ICU admission

1009 (86.2%)

Mechanical ventilation within 24 hours

1116 (95.4%)

APACHE III acute physiology score

60 (47 – 78)

APACHE IV predicted mortality (%)

27 (10 – 53)

ICU, intensive care unit; LoS, length of stay; CABG, coronary artery bypass graft; AIDS, acquired immune deficiency
syndrome; HIV, human immunodeficiency virus; NYHA IV, New York Heart Association classification four; APACHE IV,
acute physiology and chronic health evaluation version four;
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Table 3: Organ failure during first week of ICU admission (SOFA scores)
SOFA summary measure

Median
[interquartile range]

SOFA scores

SOFA summary measure

N (percentage)

SOFA aligned trends *
Day 1

10 [7 – 12]

H

580 (49.6%)

Day 2

10 [7 – 13]

L

377 (32.2%)

Day 3

9 [6 – 12]

M

212 (18.2%)

Day 4

9 [6 – 12]

HH

507 (43.3%)

Day 5

8 [5 – 11]

HM

77 (6.6%)

Day 6

7 [5 – 11]

LL

277 (23.6%)

Day 7

7 [4 – 10]

MH

56 (4.8%)

Maximum

MM

89 (7.6%)
426 (36.4%)

Day 1 to 3

11 [8 – 14]

HHH

Day 4 to 7

10 [7 – 12]

HHM

61 (5.2%)

Day 1 to 7

12 [9 – 14]

LLL

205 (17.5%)

MHH

56 (4.8%)

Day 1 to 3

8 [5 – 10]

HHHH

370 (31.6%)

Day 4 to 7

6 [4 – 9]

LLLL

160 (13.7%)

Day 1 to 7

5 [4 – 8]

HHHHH

327 (28.0%)

LLLLL

126 (10.8%)
292 (24.9%)

Minimum

Mean
Day 1 to 3

9.7 [7 – 12]

HHHHHH

Day 4 to 7

7.5 [5.5 – 10.5]

LLLLLL

116 (9.9%)

Day 1 to 7

8.6 [6.3 – 10.9]

HHHHHHH

255 (21.8%)

LLLLLLL

111 (9.5%)

Day 1 to 3

9.5 [7 – 12.1]

Day 4 to 7

7.4 [5.3 – 10.5]

1

703 (60.0%)

Day 1 to 7

7.9 [5.7 – 10.7]

2

158 (13.5%)

3

309 (26.4%)

Weighted mean

Totalmax
Day 1 to 3

Cluster

12 [9 – 15]

Day 4 to 7

10 [7 – 13]

Day 1 to 7

13 [10 – 16]

Difference
Day 4 minus day 1

0 [-3 – 2]

Day 7 minus day 4

-2 [-5 – 0]

Day 7 minus day 1

-2 [-4 – 0]

Delta

3 [1 – 5]

SOFA components (days with score >3)
Renal

0 [0 – 1]

Central Nervous System

3 [1 – 5]

Respiratory

3 [1 – 5]

Coagulation

0 [0 – 0]

Liver

0 [0 – 0]

Circulation

4 [2 – 6]

* H, SOFA score >8; M, SOFA score 7 or 8; L, SOFA score <7. Combinations of H, M and L denote trends aligned to
day 7. E.g., ‘MHH’ means a patient had SOFA score 7 or 8 on day 5, and >8 on days 6 and 7.
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Table 4: Predictive performance of models with SOFA parameterizations and simple
baseline predictors
Performance measure

AIC
(model fit)

c-index (discrimination)

CH statistic (calibration) *

Outcome

mean ± sd

worst - best

5th best - best

30d mortality

1212 ± 37.0

1261 - 1144

1158 - 1144

90d mortality

1337 ± 28.9

1379 - 1286

1293 - 1286

180d mortality

1407 ± 22.1

1440 - 1371

1375 - 1371

1yr mortality

1452 ± 20.8

1484 - 1416

1424 - 1416

1yr poor outcome

1522 ± 13.9

1538 - 1498

1500 - 1498

30d mortality

0.72 ± 0.03

0.68 - 0.76

0.75 - 0.76

90d mortality

0.73 ± 0.02

0.71 - 0.76

0.76 - 0.76

180d mortality

0.72 ± 0.01

0.70 - 0.74

0.74 - 0.74

1yr mortality

0.71 ± 0.01

0.69 - 0.73

0.72 - 0.73

1yr poor outcome

0.66 ± 0.01

0.65 - 0.68

0.67 - 0.68

30d mortality

13.57 ± 15.23

49.64 - 0.04

0.27 - 0.04

90d mortality

40.75 ± 38.67

121.20 - 2.09

7.71 - 2.09

180d mortality

45.77 ± 57.18

171.52 - 1.39

4.11 - 1.39

1yr mortality

33.75 ± 57.31

163.34 – 0.00

0.01 – 0.00

1yr poor outcome

4.11 ± 3.79

11.68 – 0.00

0.18 – 0.00

chapter 7

AIC, Akaike’s information criterion; c-index, concordance index (area under the receiver operator curve); CH, le Cessievan Houwelingen-Copas-Hosmer global goodness-of-fit statistic; *, the CH statistic can be interpreted as a regular
goodness-of-fit test where a significant result equals poor global goodness-of-fit. As this statistic is asymptotically
normally distributed, the test indicates a significant calibration error (at an alpha level of 0.05) at a test statistic higher
than 1.96; sd, standard deviation.
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Table 5: SOFA score parameterization performance ranking
Performance ranking *
Simplicity
ranking

SOFA score parameterization

Overall

30d

90d

Survival
180d

1yr

Poor
outcome

1

Day 1

35

35

35

33

35

30

2

Day 7

5

9

6

4

5

8

3

Day 1 & 7

3

3

2

1

2

4

4

Day 4 - day 1

28

23

25

28

32

27

5

Day 7 - day 4

21

21

27

22

23

9

6

Day 4 - day 1 & day 7 - day 4

9

8

10

10

17

6

7

Day 1 & day 4 - day 1 & day 7 - day 4

2

1

3

2

3

3

8

Day 1 & day 4 - day 1 & day 7 - day 4 & int.

4

4

4

3

4

1

9

Max day 1 to 3

34

31

33

35

33

34

10

Min day 1 to 3

31

33

32

30

30

31

11

Mean day 1 to 3

32

34

33

33

31

33

12

Weighted mean day 1 to 3

30

30

30

29

29

32

13

Totalmax day 1 to 3

33

32

31

32

34

35

14

Max day 4 to 7

20

20

16

19

18

25

15

Min day 4 to 7

12

14

17

12

11

11

16

Mean day 4 to 7

15

15

14

11

9

22

17

Weighted mean day 4 to 7

10

13

13

7

7

19

18

Totalmax day 4 to 7

18

18

14

17

15

23

19

Day 1 to 7 separately

1

2

1

5

1

2

20

Maximum day 1 to 7

29

28

28

31

27

29

21

Minimum day 1 to 7

17

10

21

18

18

21

22

Mean day 1 to 7

23

22

23

21

21

28

23

Weighted mean day 1 to 7

16

16

18

14

9

18

24

Totalmax day 1 to 7

27

29

25

27

28

19

25

Delta

26

26

24

23

26

24

26

Day 1 & delta

25

24

20

24

25

26

27

Day 1 & delta & int.

22

24

22

25

20

16

28

Max day 1 to 3 & day 4 to 7

14

12

7

15

16

17

29

Min day 1 to 3 & day 4 to 7

7

6

8

9

12

4

30

Mean day 1 to 3 & day 4 to 7

8

7

9

8

8

10

31

Weighted mean day 1 to 3 & day 4 to 7

6

5

5

6

6

6

32

Totalmax day 1 to 3 & day 4 to 7

11

11

12

12

14

15

33

Amount of days failure per SOFA component

13

17

10

16

13

11

34

Aligned trends

24

27

28

26

24

14

35

Untrained clusters

19

19

19

20

22

11

* Table shows rankings based on the mean rank across models with specific baseline variables (none, apache IV
predicted mortality, or APACHE IV components) and one of the 35 SOFA parameterizations, for each of the three
performance measures. These rankings are also shown for the five outcomes of interest separately. Models were
ranked 1 (best performing) to 35 (worst performing). The SOFA parameterization’s rank is colour coded from green (best
performing measure) to red (worst performing measure). The top 5 best performing parameterizations are shown in bold;
int., interaction terms.
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The top 5 best performing SOFA score parameterizations for this outcome are shown in bold; int, interaction terms; SOFA, sequential organ failure assessment; AIC, Akaike’s
information criterion; c-index, concordance index (area under receiver operator curve); CH, le Cessie-van Houwelingen-Copas-Hosmer global goodness-of-fit test statistic. In order to
consistently have positive Z-scores indicate a good performance, the Z-score for AIC and Hosmer-Lemeshow statistics have been inversed. Simple baseline model uses APACHE IV
predicted mortality; extended baseline model uses separate APACHE IV components refitted to study data.

Figure 3: Standardized performance measures for 30-day mortality
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The top 5 best performing SOFA score parameterizations for this outcome are shown in bold; int, interaction terms; SOFA, sequential organ failure assessment; AIC, Akaike’s
information criterion; c-index, concordance index (area under receiver operator curve); CH, le Cessie-van Houwelingen-Copas-Hosmer global goodness-of-fit test statistic. In order to
consistently have positive Z-scores indicate a good performance, the Z-score for AIC and Hosmer-Lemeshow statistics have been inversed. Simple baseline model uses APACHE IV
predicted mortality; extended baseline model uses separate APACHE IV components refitted to study data.

Figure 4: Standardized performance measures for one-year mortality
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The top 5 best performing SOFA score parameterizations for this outcome are shown in bold; int, interaction terms; SOFA, sequential organ failure assessment; AIC, Akaike’s
information criterion; c-index, concordance index (area under receiver operator curve); CH, le Cessie-van Houwelingen-Copas-Hosmer global goodness-of-fit test statistic. In order to
consistently have positive Z-scores indicate a good performance, the Z-score for AIC and Hosmer-Lemeshow statistics have been inversed. Simple baseline model uses APACHE IV
predicted mortality; extended baseline model uses separate APACHE IV components refitted to study data.

Figure 5: Standardized performance measures for poor outcome

Supplementary material
Examples of SOFA score use in current literature
Organ failure scores on specific days
•
At ICU admission [1-21]
•
Day 1 and 2 [1, 7, 15, 17, 18]
•
Days 1 to 3 [1, 17, 18]
•
Days 1 to 10 [18]
Organ failure scores measured on all days of ICU admission, analysed as separate predictors [22]
•
Organ failure scores on the day of an event
•
On the day mechanical ventilation is initiated [23]
•
On the day of ICU discharge [24]
•
On the day of an event defined as the day a complication and any increase in SOFA score occurs and
varying days later [25]
Most severe organ failure score during admission/period of interest [10-13, 20, 26]
•
Period of interest: between the day of an event, defined as the day a complication and any increase in
SOFA score occurs and a varying amount of days later [25]
•
Sum of most severe component scores during period of interest (Totalmax SOFA score) [16]
Least severe organ failure score during admission/period of interest
•
Period of interest: between the day of an event, defined as the day a complication and any increase in
SOFA score occurs, and varying days later [25]
•
Summary measures for organ failure scores on multiple days
•
Mean organ failure score during admission/period of interest [10-13, 27]
•
Weighted mean organ failure score during admission/period of interest, where weights are based on most
recent measurement (last day in period of interest has highest weight) [28]
Differences between SOFA scores
•
Difference between admission and Totalmax SOFA score (delta SOFA score) [16, 17]
•
Difference between subsequent measurements, with one measurement per 2 days [10]
•
Difference between the day of an event, defined as the day a complication and any increase in SOFA
score occurs, and a varying amount of days later [25]
SOFA trends
•
“aligned” trends (multiple indicator variables containing whether certain trends occurred. These aligned trends
are based on a trichotomisation of daily SOFA score into low, medium and high, aligned to a specific day of ICU
admission, scored when above a set minimum frequency, without overlapping with shorter trends) [28, 29]
SOFA component scores separately
•
At ICU admission [30]
•
Categorized change in SOFA component scores: Improvement/unchanged/deteriorated for two adjacent
days [31]
•
Categorized SOFA component scores on specific days: 0, normal function; 1-2, insufficiency, 3-4,
organ failure [32, 33]
SOFA, sequential organ failure assessment. The SOFA parameterizations in this box are ranked according to the
simplicity of data collection and their use in a prediction model. Simplicity of data collection was based on the amount of
days one needs to score the SOFA parameterizations. Simplicity of use was based on the need of additional calculations
(such as for mean values) or the use of more intricate analyses (trend or cluster analysis) in order to obtain the SOFA
parameterizations. All mentions of specific days concern days in the first week of intensive care unit stay.
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Table 6: The SOFA score
Score

0

1

2

3

4

Respiration
(P/F ratio)

>=400

300-399

200-299

100-199
With ventilatory
support

<100
With ventilatory
support

Coagulation
(Thrombocytes *103/
mm3)

>=150

100-149

50-99

20-49

<20

Liver
(Bilirubin μmol/l)

<20

21-32

33-101

102-204

>=205

Cardiovascular
(MAP mmHg;
Drugs μg/kg/min)

MAP >70

MAP < 70

Dobutamine
<5

Dobutamine >5
Epinephrine / Norepinephrine <0.1

Dobutamine >15
Epinephrine / Norepinephrine >0.1

15

13-14

10-12

6-9

<6

Creatinine
<110

Creatinine
110-170

Creatinine
170-300

Creatinine
300-440 OR
Oliguria
200-500

Creatinine
>440 OR
Oliguria
<200

Central nervous system
(GCS)
Renal
(Creatinine μmol/l;
Urine output
ml/day)

SOFA, sequential organ failure assessment; P/F ratio, ratio of arterial oxygen partial pressure to fractional inspired
oxygen; MAP, mean arterial pressure; GCS, Glasgow coma scale.
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SOFA parameterizations
1. A single SOFA score, based on day 1
		 The sum of SOFA component scores based on the worst measured source
		 variables (i.e. the full SOFA score) of day 1 of ICU admission.
2. A single SOFA score, based on day 7
		 The full SOFA score of day 7 of ICU admission.
3. Two SOFA scores, based on day 1 and day 7
		 Both parameterizations 1 and 2 entered into the statistical models.
4. The difference in SOFA score between day 1 and day 4
		 The full SOFA score of day 4 minus the full SOFA score of day 1.
5. The difference in SOFA score between day 4 and day 7
		 The full SOFA score of day 7 minus the full SOFA score of day 4.
6. Both #4 and #5 entered as separate variables
		 Both parameterizations 4 and 5 entered into the statistical models.
7. #1, #4 and #5 entered all as separate variables
		 Parameterizations 1, 4 and 5 entered into the statistical models.
8. #1, #4 and #5 entered all as separate variables with interaction terms
between #1 and #4, and #1, #4 and #5
		 Parameterizations 1, 4 and 5 entered into the statistical models, with a
		 two-way interaction between parameterization 1 and 4, and a three-way
		 interaction between parameterization 1, 4 and 5.
9. Maximum SOFA score during days 1 to 3
		 The highest value out of the full SOFA scores of ICU admission days 1, 2
		 and 3.
10. Minimum SOFA score during days 1 to 3
		 The lowest value out of the full SOFA scores of ICU admission days 1, 2 and 3.
11. Mean SOFA score during days 1 to 3
		 The mean value out of the full SOFA scores of ICU admission days 1, 2 and 3.
12. Weighted SOFA score mean (day number is weight) during days 1 to 3
		 A weighted mean out of the full SOFA scores of ICU admission days 1, 2 and
		 3. The day of admission was used as the weight (e.g. day 1 weighed once, day
		 3 weighed three times).
13. Sum of highest SOFA component scores during days 1 to 3 (SOFA
totalmax)
		 The sum of the highest separate SOFA component score values of ICU
		 admission days 1, 2 and 3.
14. Maximum SOFA score during days 4 to 7
		 The highest value out of the full SOFA scores of ICU admission days 4, 5, 6
		 and 7.
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Data handling of SOFA parameterizations explained

15. Minimum SOFA score during days 4 to 7
		 The lowest value out of the full SOFA scores of ICU admission days 4, 5, 6
		 and 7.
16. Mean SOFA score during days 4 to 7
		 The mean value out of the full SOFA scores of ICU admission days 4, 5, 6 and 7.
17. Weighted mean SOFA score (day number is weight) during days 4 to 7
		 A weighted mean out of the full SOFA scores of ICU admission days 4, 5, 6 and
		 7. The day of admission was used as the weight.
18. Sum of highest SOFA component scores during days 4 to 7 (SOFA
totalmax)
		 The sum of the highest separate SOFA component score values of ICU
		 admission days 4, 5, 6 and 7.
19. Entering all seven SOFA scores as separate variables
		 All seven full SOFA scores (those of days 1, 2, 3, 4, 5, 6 and 7) were entered
		 as separate predictors.
20. Maximum SOFA score during days 1 to 7
		 The highest value out of the full SOFA scores of ICU admission days 1, 2, 3,
		 4, 5, 6 and 7.
21. Minimum SOFA score during days 1 to 7
		 The lowest value out of the full SOFA scores of ICU admission days 1, 2, 3,
		 4, 5, 6 and 7.
22. Mean SOFA score during days 1 to 7
		 The mean value out of the full SOFA scores of ICU admission days 1, 2, 3,
		 4, 5, 6 and 7.
23. Weighted mean SOFA score (day number is weight) during days 1 to 7
		 A weighted mean out of the full SOFA scores of ICU admission days 1, 2, 3,
		 4, 5, 6 and 7. The day of admission was used as the weight.
24. Sum of highest SOFA component scores during days 1 to 7 (SOFA
totalmax)
		 The sum of the highest separate SOFA component score values of ICU
		 admission days 1, 2, 3, 4, 5, 6 and 7.
25. Delta SOFA score (difference between #24 and #1)
		 The SOFA totalmax of ICU admission days 1, 2, 3, 4, 5, 6 and 7, minus the full
		 SOFA score of day 1 of ICU admission.
26. Entering both #25 and #1 as separate variables
		 Entering the full SOFA score of day 1 of ICU admission and the Delta SOFA
		 score as separate predictors.
27. Entering both #25 and #1 as separate variables, with an interaction term
between #25 and #1
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		 Entering the full SOFA score of day 1 of ICU admission and the Delta SOFA
		 score as separate predictors with an interaction term between these two
		variables.
28. Entering both #9 and #14 as separate variables
		 Entering the maximum SOFA score during days 1 to 3 and maximum SOFA
		 score during days 4 to 7 as separate predictors.
29. Entering both #10 and #15 as separate variables
		 Entering the minimum SOFA score during days 1 to 3 and minimum SOFA
		 score during days 4 to 7 as separate predictors.
30. Entering both #11 and #16 as separate variables
		 Entering the mean SOFA score during days 1 to 3 and mean SOFA score
		 during days 4 to 7 as separate predictors.
31. Entering both #12 and #17 as separate variables
		 Entering the weighted mean SOFA score during days 1 to 3 and weighted
		 mean SOFA score during days 4 to 7 as separate predictors.
32. Entering both #13 and #18 as separate variables
		 Entering the SOFA totalmax during days 1 to 3 and the SOFA totalmax
		 during days 4 to 7 as separate predictors.
33. Days with organ failure (SOFA component score >3) per SOFA component
		 For each of the six SOFA components the amount of days the patient scored
		 3 or 4 points for the component was counted. The resulting six variables
		 were added as separate predictors.
34. Aligned trend analysis: predictors are multiple variables containing the
presence/absence of a specific mutually exclusive prevalent trend
(occurring in more than 5% of patients, without encompassing a shorter
trend aligned to day 7)
		 Aligned SOFA score trends were proposed by Toma and colleagues in
		 2008. Below is a short overview how these trends were scored. For full
		 background information see Toma T, Abu-Hanna A, Bosman RJ: Discovery
		 and integration of univariate patterns from daily individual organ-failure
		 scores for intensive care mortality prediction. Artif Intell Med 2008, 43(1):47		60.
		
To score the aligned trends one first needs to recode all daily full
SOFA scores into ‘Low’ (L) when below 7; ‘Medium’ (M) when 7 or 8; and
‘high’ (H) when above 8. Consequently, each patient will have a specific
trend code. For example, a patient experienced the following seven full
SOFA scores on days 1 to 7 of ICU admission respectively: 6,6,7,8,15,16,16.
This patient will have ‘LLMMHHH’ as recoded seven-day pattern. Out of
this seven-day pattern, shorter patterns are also extracted. However, only
those which are ‘aligned’ to the last day in the trend pattern (day 7) are

studied. So, for the above example the patient can be said also to have
experienced trends ‘H’, ‘HH’, ‘HHH’, ‘MHHH’, ’MMHHH’ and ‘LMMHHH’ next
to the complete seven-day trend.
		
Toma and colleagues further specify useful trends by removing the
ones occurring infrequently. Afterwards a feature selection technique is to be
applied to exclude overlapping trends. The former is done by removing from
further consideration those trends occurring in less than 5% of patients. The
feature selection is then performed by relating the remaining trends to the
outcome studied (in a model including the additional predictors of interest).
Trends were added to the model of interest as binary indicators (‘1’, if the
patient experienced the trend; ‘0’, if the patient did not). For any trend which
has an overlapping one, multiple models needed to be fit including one or the
other trend. The trend which accompanying model has the lowest AIC is then
retained, while the other trend is excluded from further consideration. In order
to favour shorter trends (i.e. those trends using less, but more recent days of
information), this process is started by comparing the shortest trend with the
second shortest trend. Trend length is then increased until all overlapping
frequently occurring trends have been compared.
		
The trends which remain after this process were included as
separate predictors to the statistical prediction models.
		
In our study the process of finding the aligned trends as proposed by
Toma and colleagues was performed for every set of outcome and additional
predictors separately.
35. Untrained cluster analysis group membership
Normal mixture modelling for model-based clustering was used to cluster
the full SOFA scores of the first seven days of ICU admission into clusters.
This was performed using the R ‘mclust’ package version 5.2.2. For more
background information see Chris Fraley, Adrian E. Raftery, T. Brendan
Murphy, and Luca Scrucca (2012) mclust Version 4 for R: Normal Mixture
Modelling for Model-Based Clustering, Classification, and Density Estimation
Technical Report No. 597, Department of Statistics, University of Washington.
As input variables for this function, the seven full SOFA scores of each
patient were entered. As this did not include the outcome of interest, we
considered this clustering analysis as an untrained one. The clustering
function showed the lowest Bayesian Information Criterion when the SOFA
scores were grouped into three clusters. The function further assigned the
probability of belonging to either one of these three clusters to each patient.
Afterwards, the patients were assigned to the cluster which he or she had the
highest probability of belonging to.
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The resulting mutually exclusive variable was used as predictor in the
statistical prediction models.

HRQoL was measured using the EuroQoL 5D-3LTM questionnaire (EQ5D). This
questionnaire consists of five questions each representing a dimension of HRQoL.
The dimensions are mobility, self-care, usual activities, pain or discomfort and anxiety
or depression. Patients assigned a score of no (1), little (2) or many problems (3) to
each of these dimensions. Based on these five dimensions with 3 possible answers
each, 35 (243) health states can be discerned. For many different countries the
EuroQoL group has studied how the differing populations value certain health states.
Out of these studies the EuroQoL group developed so-called national tariffs which
put these health states on a scale from “1” (full health) to “0” (dead). Negative values,
or health states valued worse than death, were also possible. This scale is the EQ5D
index scale. For this study, the subjects’ answers to the EQ5D’s 5 dimensions were
indexed according to the weighting scheme for the Dutch population [1, 2].
For further reference please visit the EuroQoL organisation’s website at http://
www.euroqol.org/
We defined a low HRQoL as an EQ5D index of 0.4 or below. This cut-off
for the dichotomization of the EQ5D was chosen based on previously discussed
grounds [2]. Patients who qualified their health state as such are on par with those
with moderate to severe amyotrophic lateral sclerosis (mean EQ5D of 0.56 to 0.27)
[3]
, patients suffering from dementia with a depression (mean EQ5D of 0.37) [4], or
patients with a severe to extreme depressive episode (median EQ5D indices of 0.57
to 0.29) [5]. Still, after classifying patients as such, patients with a low HRQoL might
not have considered themselves to be (severely) disabled. However, based on the
Dutch EQ5D index formula it can be shown that patients with an EQ5D index below
0.4 all experienced extreme problems on at least one of the EQ5D dimensions [1].
Altogether we assumed this threshold therefore corresponded to a clinically relevant
major disability or impairment of HRQoL one year after ICU admission.
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EuroQoL 5D-3LTM questionnaire
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Missing Data & Imputation Techniques
Description of missing data
For all patient characteristics, great care was taken to have complete data. This was
done by retrieving all required data from electronic patient files and referring back to
these files by manual search where missing data occurred.
Still, within the 1,170 included patients some baseline and follow-up data
remained missing. Only the data on the survival of these patients was fully complete.
In order to describe and handle the missing data concerning HRQoL outcomes, the
data was split into a set of one-year survivors (n=668), who should have HRQoL
data, and those patients dying during follow-up (n=502), who (obviously) have no
HRQoL follow-up and data.
For details on the amount of missing per variable in the one-year survivors, see
table 7. For details on missing data in those dying during follow-up see table 8.
In this study 32.5% of survivors (n=217/668) did not respond to the EQ5D
questionnaire or returned only a partially completed one. As no EQ5D index score
could be calculated for these subjects, they had a missing HRQoL outcome status.
The baseline characteristics of the deceased, the survivors responding to the
HRQoL questionnaire and those not responding were shown in table 9. Univariably,
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non-responders were significantly younger, less often suffered from immunological
insufficiency and had a lower APACHE IV predicted mortality at ICU admission.
As stated in the main text, a complete case analysis may lead to biased results.
So, multiple imputation techniques have been used to replace missing values [1-5].
Missingness of HRQoL was considered associated with the differences between
responders and non-responders, and thus under the assumption of data being
missing at random.
All further data handling, multiple imputation, analysis and pooling of results
were performed using R, version 3.3.2 (R Foundation for Statistical Computing,
2015), using the ‘mice’ package, version 2.25 (2015). For all analyses the pooled
results were considered the primary results of this study.

Patients who died within one year after ICU admission were considered different
from survivors with regards to their disease characteristics and possibly with regards
to the associations between variables such as the outcome. Missing data in survivors
was therefore imputed separately from the missing data in the deceased, while using
similar imputation techniques on an overall level. The two resulting sets of imputation
datasets were then merged in order to create imputation datasets including the entire
study population (survivors and non-survivors).
Overall, the following variables were used as predictors for variables with
missingness within the imputation models (the exact predictor matrix is available
upon request):
•
Age;
•
Gender;
•
Body mass index;
•
Pre-ICU hospital length of stay (days);
•
ICU length of stay (days);
•
Post-ICU hospital length of stay (days);
•
Total hospital length of stay (days);
•
Total amount of ICU admissions during study period;
•
Admission type (elective surgical; urgent surgical; medical);
•
Planned ICU admission (yes or no);
•
Admission diagnosis group (cardiac surgery; sepsis; subarachnoid haemorrhage;
traumatic brain injury; cardiac, non-surgical; other);
•
Acute and chronic comorbidities from the chronic health evaluation in APACHE
methodology (each was used as a separate predictor);
•
First day events from the APACHE methodology (such as need for mechanical
ventilation and confirmed infection);
•
APACHE II score;
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Details concerning the imputation technique

•
•
•
•

APACHE III acute physiology score;
APACHE IV predicted mortality;
Sabadell score (4-option ICU physician prognosis made at discharge from ICU);
Treatment limitation code at ICU discharge (no limitations, any limitations or
palliative care);
•
‘No return to ICU’ policy at ICU discharge;
•
Richmond Agitation-Sedation Scale
• Daily during first week of ICU admission, using only the lowest score of the
day;
•
SOFA (component) scores
• Daily during first week of ICU admission;
• Over entire ICU admission: maximum, minimum, mean, weighted mean,
		 totalmax and difference between last day and day before last day of ICU
		admission;
• The 35 SOFA score parameterizations as specified in main text box 1;
•
HRQoL outcome (only in survivors):
• EQ-5D dimension scores;
• EQ-5D index scale;
• The patient’s living situation at one-year follow-up (independent, home-care,
		 nursing home) and working status (employed, retired, not employed) were
		 also used as predictors.
In general, missing data in dichotomous variables was replaced using a logistic
regression model, while missing data in continuous variables was replaced using
a linear regression model. There were two exceptions. The EQ5D dimensions,
the first exception, were coded as ordinal variables with three possible values
(none/mild/extreme problems, respectively coded as ‘1’/’2’/’3’). During imputation
missing data on these dimensions were replaced using multivariable ordinal logistic
regression. Missing SOFA component scores, the second exception, were replaced
using predictive mean matching (PMM). PMM was chosen as alternative to linear
regression because we deemed the SOFA component scores, all integers ranging
between 0 and 4, to be non-normally distributed variables with too narrow a range to
be considered continuous.
The temporal aspect of daily SOFA scores was taken into account by using a ‘laglead’ structure. This meant missing SOFA component scores were imputed based
on the SOFA component scores of the day before, the day itself, and the day after.
Thus, measurements further away in time were not used. For example, a missing
SOFA component on day 3 was imputed based on day 2, 3 and 4 information (and
static patient characteristics). For day 1 and 7 (the first and last day), respectively
only the second and sixth days were used.
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Post processing and imputation diagnostics
Convergence was reached within the 30 iterations for all variables. The within
imputation set means and variances for the replaced values stabilised at around
20-25 iterations or sooner.
Table 10 shows the observed distribution of EQ5D dimensions in complete
cases and the pooled results after imputation. In order to obtain a single distribution
per EQ5D dimension after imputation, the mean frequencies of the specific answers
across the 50 imputation datasets were rounded to the nearest integer. Compared to
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Further predictor selection within the imputation models was based on clinical
knowledge and data availability. When using mass imputation (i.e. using all variables
to build all imputation models) feedback loops may occur. More specifically, these
loops often occur when missing values of variable ‘A’ are replaced based on certain
predictor(s) ‘B’, while variable ‘A’ is also used as predictor for missing values in
variable(s) ‘B’. These loops hinder imputation model convergence and may result
in spurious replacement values. In setting up the predictors for specific missing
variables, such feedback loops were therefore avoided. For example, weight and
length were imputed based on all patient characteristics, except for body mass index.
Body mass index was then calculated and used as predictor for missing HRQoL
outcomes, while these outcomes were not used in order to predict missing weight
or length.
During the imputation in survivors, the EQ5D index score was calculated (not
estimated by modelling) using the Dutch weighting scheme, based on the observed
and imputed data on EQ5D dimensions. Finally, EQ5D index score was dichotomized
to create the high/low HRQoL classification and consequently combined with survival
status to obtain the composite poor outcome. Similarly, the daily SOFA score was
set as the sum of its components. All SOFA parameterizations were then calculated
based on the resulting, complete, seven SOFA scores of the first week of ICU
admission. Missing values for the additional SOFA summary measures based on the
entire admission (including days after the first week of ICU admission), were directly
replaced using the appropriate imputation models.
Rounding and boundaries were used to assure replaced missing values
of continuous variables were (clinically) possible values. Values outside of the
boundaries were set at the boundary of the variable (which was done using the
MICE ‘squeeze’ post processing function).
The percentage of missing data on the outcome was little over 32% (nonresponse on the one-year HRQoL questionnaire in survivors). We decided to create
50 imputation datasets. Each imputation dataset was given 30 iterations in order to
reach convergence.

complete case analysis, after imputation a larger proportion of patients suffered from
moderate or extreme disabilities for all five EQ5D dimensions.
All statistical tests were pooled according to Rubin’s rules [1].
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Table 7: Description of missing data in one-year survivors
Outcome

Patient characteristics at
admission

Sex
Age

Weight

1/668 (0.1%)

Body Mass Index

1/668 (0.1%)

Pre-ICU hospital length of stay

0/668 (0%)

Post-ICU hospital length of stay

0/668 (0%)

Admission type

0/668 (0%)

Admission diagnosis group

0/668 (0%)

APACHE comorbidities1

0/668 (0%)
0/668 (0%)

APACHE II score

12/668 (1.8%)

APACHE IV predicted mortality

51/668 (7.6%)

Missing all SOFA component scores

2/668 (0.3%)

Missing any SOFA component score

274/668 (41.0%)
2 [1-4]

Missing any SOFA Respiration component scores

13/668 (1.9%)

Missing any SOFA Coagulation component scores

13/668 (1.9%)

Missing any SOFA Liver component scores

13/668 (1.9%)

Missing any SOFA Cardiovascular component scores
Missing any SOFA Central nervous system component scores
Missing any SOFA Renal component scores
Treatment restrictions (any)
No ICU readmission policy
Sabadell
Death at one-year follow-up
Survival time since ICU discharge

EQ-5D dimensions

0/668 (0%)
1/668 (0.1%)

If missing any SOFA component scores, amount of missing out of 42 measurements (6 components in 7 days of measuring)

Outcomes

0/668 (0%)

Length

APACHE acute events during first 24 hours2

Patient characteristics
during admission

mean ± sd

13/668 (1.9%)
274/668 (41.0%)
13/668 (1.9%)
0/668 (0%)
0/668 (0%)
291/668 (44.0%)
0/668 (0%)
0/668 (0%)

EQ-5D index value

217/668 (32.5%)

EQ-6D cognition

204/668 (30.5%)

Living situation

200/668 (30.0%)

Working status

210/668 (31.4%)

Mobility

204/668 (30.5%)

Self-care (e.g. like washing or dressing yourself)

202/668 (30.2%)

Usual Activities (e.g. occupation, study, housekeeping, family- or leisure
activities)

201/668 (30.1%)

Pain/Discomfort

206/668 (30.8%)

Anxiety/Depression

205/668 (30.7%)

Values are expressed as number of patients with a missing value (percentage) or as median [interquartile range] for
counts. ICU, intensive care unit; APACHE, Acute Physiology And Chronic Health Evaluation; SOFA, Sequential Organ
Failure Assessment; EQ-5D, EuroQoL TM 5-dimension 3 level questionnaire. EQ-6D, EuroQoL TM 6 dimension 3
level questionnaire; 1, APACHE comorbidities consisted of aids, chronic cardiovascular insufficiency, chronic dialysis,
chronic kidney insufficiency, chronic respiratory insufficiency, cirrhosis, chronic obstructive pulmonary disease, diabetes,
immunological insufficiency, metastasized neoplasm; 2, APACHE acute events during first 24 hours consisted of burns,
cardiopulmonary resuscitation, dysrhythmia, gastrointestinal bleed, intracranial mass, acute kidney injury, confirmed
infection, mechanical ventilation in the first 24 hours, mechanical ventilation at admission;
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Performance measure

Table 8: Description of missing data in those dying during follow-up
Missing
Patient characteristics at
admission

Sex

0/502 (0%)

Age

0/502 (0%)

Length

0/502 (0%)

Weight

0/502 (0%)

Body Mass Index

0/502 (0%)

Pre-ICU hospital length of stay

0/502 (0%)

Post-ICU hospital length of stay

0/502 (0%)

Admission type

0/502 (0%)

Admission diagnosis group

0/502 (0%)

APACHE comorbidities1

0/502 (0%)

APACHE acute events during first 24 hours2

0/502 (0%)

APACHE II score
APACHE IV predicted mortality
Patient characteristics
during admission

Missing all SOFA component scores

0/502 (0%)

Missing any SOFA component score

191/502 (38.0%)

If missing any SOFA component scores, amount of missing out
of 42 measurements (6 components in 7 days of measuring)

2 [1-4]

Missing any SOFA Respiration component scores

5/502 (1.0%)

Missing any SOFA Coagulation component scores

5/502 (1.0%)

Missing any SOFA Liver component scores

5/502 (1.0%)

Missing any SOFA Cardiovascular component scores
Missing any SOFA Central nervous system component scores
Missing any SOFA Renal component scores
Treatment restrictions (any)
No ICU readmission policy
Sabadell
Outcomes

5/502 (1.0%)
14/502 (2.8%)

5/502 (1.0%)
191/502 (38.0%)
5/502 (1.0%)
0/502 (0%)
0/502 (0%)
340/502 (67.7%)

Death at one-year follow-up

0/502 (0%)

Survival time since ICU discharge

0/502 (0%)

Values are expressed as number of patients with a missing value (percentage) or as median [interquartile range] for
counts. ICU, intensive care unit; APACHE, Acute Physiology And Chronic Health Evaluation; SOFA, Sequential Organ
Failure Assessment; EQ-5D, EuroQoL TM 5-dimension 3 level questionnaire. EQ-6D, EuroQoL TM 6 dimension 3
level questionnaire; 1, APACHE comorbidities consisted of aids, chronic cardiovascular insufficiency, chronic dialysis,
chronic kidney insufficiency, chronic respiratory insufficiency, cirrhosis, chronic obstructive pulmonary disease, diabetes,
immunological insufficiency, metastasized neoplasm; 2, APACHE acute events during first 24 hours consisted of burns,
cardiopulmonary resuscitation, dysrhythmia, gastrointestinal bleed, intracranial mass, acute kidney injury, confirmed
infection, mechanical ventilation in the first 24 hours, mechanical ventilation at admission;
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Table 9: Baseline characteristics in according to survival and survey response
Deceased
(n=502)
Sex (female)

Responders
(n=451)

165 (32.9%)

Age, years

Non-responders
(n=217)

167 (37.0%)

p-value a

78 (35.9%)

.852

65 [55-74]

58 [46-68]

51 [39-61]

<.001

12.9 [9.5-21.8]

12.4 [9.0-20.3]

11.8 [8.9-18.6]

.420

24.9 [14.3-45.8]

34 [22.8-51.9]

37.8 [23.5-56.0]

.416

0.5 [0.1-3.6]

0.3 [0-1.5]

0.2 [0-1.1]

.514

0 [0-16.1]

16.8 [8.4-27.9]

19.8 [9.1-33.8]

.091

Elective Surgical

65 (12.9%)

69 (15.3%)

29 (13.4%)

Urgent Surgical

145 (28.9%)

136 (30.2%)

71 (32.7%)

Medical

292 (58.2%)

246 (54.5%)

117 (53.9%)

Cardiac surgery (CABG or valve)

29 (5.8%)

32 (7.1%)

12 (5.5%)
37 (17.1%)

Hospital LoS, days
ICU LoS, days
pre-ICU hospital LoS, days
post-ICU hospital LoS, days
Admission type

.706

Admission diagnosis

.112
Sepsis

132 (26.3%)

100 (22.2%)

Subarachnoid haemorrhage

30 (6.0%)

17 (3.8%)

9 (4.1%)

Traumatic brain injury

34 (6.8%)

45 (10.0%)

27 (12.4%)

Cardiac, non-surgical

49 (9.8%)

48 (10.6%)

13 (6.0%)

Other

228 (45.4%)

209 (46.3%)

119 (54.8%)

AIDS/HIV

3 (0.6%)

8 (1.8%)

2 (0.9%)

.611

Chronic cardiovascular (NYHA IV)

56 (11.2%)

58 (12.9%)

23 (10.6%)

.477

Chronic dialysis

12 (2.4%)

2 (0.4%)

3 (1.4%)

.401

Chronic kidney insufficiency

70 (13.9%)

24 (5.3%)

12 (5.5%)

1

Chronic respiratory

39 (7.8%)

42 (9.3%)

19 (8.8%)

.928

Cirrhosis

8 (1.6%)

1 (0.2%)

1 (0.5%)

1

COPD

54 (10.8%)

42 (9.3%)

22 (10.1%)

.842

Diabetes

87 (17.3%)

53 (11.8%)

28 (12.9%)

.764

Immunological insufficiency

113 (22.5%)

58 (12.9%)

13 (6.0%)

.010

Metastasized neoplasm

20 (4.0%)

2 (0.4%)

1 (0.5%)

1

49 (10.9%)

14 (6.5%)

.092

Acute complications on the first day of ICU admission
Acute kidney injury

84 (16.7%)

Cerebrovascular incident (stroke)

89 (17.7%)

55 (12.2%)

28 (12.9%)

.893

CPR

202 (40.2%)

139 (30.8%)

55 (25.3%)

.171

Dysrhythmia

47 (9.4%)

42 (9.3%)

11 (5.1%)

.081

Gastro-intestinal bleed

58 (11.6%)

49 (10.9%)

23 (10.6%)

1

Cranial mass effect

9 (1.8%)

6 (1.3%)

0 (0%)

.204

Confirmed infection

90 (17.9%)

58 (12.9%)

31 (14.3%)

.699

Mechanical ventilation at ICU admission

418 (83.3%)

400 (88.7%)

191 (88.0%)

.900

Mechanical ventilation within 24 hours
APACHE IV predicted mortality, %

475 (94.6%)

433 (96%)

208 (95.9%)

1

40 [19.4-66.0]

19.8 [8.0-41.5]

12.3 [5.5-34.3]

.005
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Comorbidities

SOFA score day 1

10 [7-12]

9 [6-12]

9 [6-11]

.105

SOFA score day 2

11 [8-13]

10 [7-12]

9 [6-12]

.059

SOFA score day 3

10 [7-13]

9 [6-12]

8 [5-11]

.052

SOFA score day 4

10 [7-13]

8 [6-11]

8 [5-10]

.099

SOFA score day 5

9 [6-13]

7 [5-10]

7 [5-10]

.225

SOFA score day 6

8 [6-12]

6 [4-10]

6 [4-9]

.289

SOFA score day 7

8 [5-12]

6 [4-9]

6 [4-8]

.317

211 (42.0%)

42 (9.3%)

21 (9.7%)

.992

Treatment restrictions at ICU
discharge

Values are expressed as number (percentage) for categorical variables and as median [interquartile range] for continuous
variables. LoS, length of stay; ICU, intensive care unit; CABG, coronary artery bypass grafting; AIDS, acquired immune
deficiency syndrome; HIV, human immunodeficiency virus; NYHA IV, New York Heart Association classification four;
COPD, chronic obstructive pulmonary disease; CPR, cardiopulmonary resuscitation; APACHE IV, acute physiology
and chronic health evaluation version four; SOFA, sequential organ failure assessment; a, p-value for the comparison
between responders and non-responders only.

Table 10: EuroQoL 5D-3LTM dimension answers before and after imputation

Mobility

Self-care (e.g.
like washing or
dressing yourself)

Usual Activities
(e.g. occupation,
study, housekeeping, family- or
leisure activities)
Pain/Discomfort

Anxiety/Depression

Before imputation
(n=451)

After imputation,
pooled (n=668)

I have no problems walking about

241 (53.4%)

343 (51.4%)

I have some problems walking about

189 (41.9%)

273 (40.8%)

I am confined to bed

21 (4.7%)

52 (7.8%)

I have no problems with self-care

326 (72.3%)

443 (66.4%)

I have some problems washing or dressing
myself

81 (18.0%)

134 (20.0%)

I am unable to wash or dress myself

44 (9.8%)

91 (13.6%)

I have no problems with performing my usual
activities

172 (38.1%)

242 (36.2%)

I have some problems in with performing my
usual activities

208 (46.1%)

294 (44.1%)

I am unable to perform my usual activities

71 (15.7%)

132 (19.7%)

I have no pain or discomfort

233 (51.7%)

334 (50.0%)

I have moderate pain or discomfort

197 (43.7%)

282 (42.2%)

I have extreme pain or discomfort

21 (4.7%)

52 (7.8%)

I am not anxious or depressed

334 (74.1%)

459 (68.6%)

I am moderately anxious or depressed

105 (23.3%)

173 (25.9%)

I am extremely anxious or depressed

12 (2.7%)

36 (5.5%)

Values are expressed as number (percentage).
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Predictive performance
Table 11: Predictive performance of models with SOFA parameterizations with no

Performance measure

Outcome

mean ± sd

worst - best

5th best - best

AIC
(model fit)

30d mortality

1272 ± 40.8

1334 - 1201

1217 - 1201

90d mortality

1438 ± 35.9

1493 - 1386

1389 - 1386

180d mortality

1502 ± 29.7

1551 - 1457

1465 - 1457

1yr mortality

1541 ± 28.1

1590 - 1497

1504 - 1497

1yr poor outcome

1577 ± 17.4

1601 - 1549

1551 - 1549

30d mortality

0.65 ± 0.05

0.56 - 0.72

0.71 - 0.72

90d mortality

0.64 ± 0.04

0.57 - 0.70

0.69 - 0.70

180d mortality

0.63 ± 0.03

0.56 - 0.67

0.67 - 0.67

1yr mortality

0.62 ± 0.03

0.56 - 0.66

0.66 - 0.66

1yr poor outcome

0.58 ± 0.03

0.53 - 0.63

0.61 - 0.63

30d mortality

4.60 ± 5.76

23.89 - 0.01

0.07 - 0.01

90d mortality

5.81 ± 7.03

33.99 – 0.00

0.23 – 0.00

180d mortality

4.42 ± 5.63

23.82 – 0.00

0.11 – 0.00

1yr mortality

12.59 ± 19.58

87.54 - 0.06

0.30 - 0.06

1yr poor outcome

12.78 ± 14.28

77.61 – 0.00

0.59 – 0.00

c-index
(discrimination)

CH statistic
(calibration) *

AIC, Akaike’s information criterion; c-index, concordance index (area under the receiver operator curve); CH, le Cessievan Houwelingen-Copas-Hosmer global goodness-of-fit statistic; *, the CH statistic can be interpreted as a regular
goodness-of-fit test where a significant result equals poor global goodness-of-fit. As this statistic is asymptotically
normally distributed, the test produces a significant calibration error (at an alpha of 0.05) at a test statistic higher than
1.96; sd, standard deviation.
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baseline predictors

Table 12: Predictive performance of models with SOFA parameterizations with
extended baseline predictors
Performance measure

Outcome

mean ± sd

worst - best

5th best - best

AIC
(model fit)

30d mortality

1205 ± 35.6

1260 - 1147

1153 - 1147

90d mortality

1296 ± 28

1342 - 1253

1257 - 1253

180d mortality

1349 ± 21

1382 - 1316

1322 - 1316

1yr mortality

1362 ± 18.6

1392 - 1331

1338 - 1331

1yr poor outcome

1468 ± 12.2

1485 - 1448

1452 - 1448

30d mortality

0.76 ± 0.02

0.72 - 0.79

0.79 - 0.79

90d mortality

0.78 ± 0.01

0.76 - 0.80

0.80 - 0.80

180d mortality

0.77 ± 0.01

0.76 - 0.79

0.79 - 0.79

1yr mortality

0.78 ± 0.01

0.77 - 0.79

0.79 - 0.79

1yr poor outcome

0.73 ± 0.01

0.72 - 0.75

0.74 - 0.75

30d mortality

2.98 ± 2.93

10.86 - 0.48

0.77 - 0.48

90d mortality

1.94 ± 1.28

6.58 - 0.12

0.43 - 0.12

180d mortality

1.04 ± 0.66

3.02 - 0.01

0.09 - 0.01

1yr mortality

0.38 ± 0.48

2.20 – 0.00

0.00 – 0.00

1yr poor outcome

1.40 ± 0.72

3.04 - 0.06

0.35 - 0.06

c-index
(discrimination)

CH statistic
(calibration) *

AIC, Akaike’s information criterion; c-index, concordance index (area under the receiver operator curve); CH, le Cessievan Houwelingen-Copas-Hosmer global goodness-of-fit statistic; *, the CH statistic can be interpreted as a regular
goodness-of-fit test where a significant result equals poor global goodness-of-fit. As this statistic is asymptotically
normally distributed, the test produces a significant calibration error (at an alpha of 0.05) at a test statistic higher than
1.96; sd, standard deviation.
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Chapter 8
Predicting long-term survival and health
related quality of life after seven days of
intensive care unit stay

Abstract
Objective:
To develop a detailed and a simple prognostic model for long-term outcomes to be
used in intensive care unit (ICU) patients with a length of stay over seven days.
Methods:
In a cohort of 1704 ICU patients staying in a tertiary level Dutch ICU for 7+ days,
survival was tracked for one year. In survivors, the EuroQoL 5D-3L questionnaire for
health-related quality of life (HRQoL) was collected. Study outcome was defined as
four mutually exclusive levels of survival and HRQoL: (1) surviving one year after
ICU admission with a high HRQoL, (2) surviving one year with a low HRQoL, (3)
dying between 4 and 12 months after ICU admission, (4) dying within 3 months of
ICU admission. Using multinomial regression, a detailed and a simple risk prediction
model were developed using data from the first seven days of ICU stay.
Results:
Outcomes 1 to 4 occurred in 781 (46%), 215 (12%), 150 (9%) and 558 (33%) of
patients respectively. The predictors in the detailed prediction model were age; sex;
pre-ICU length of hospital stay; admission type; chronic kidney insufficiency; diabetes;
immunological deficiency; confirmed infection, cardiopulmonary resuscitation
and cranial mass effects on the first day of ICU admission; day 1,4 and 7 SOFA
component scores; the cumulative fluid balance; day 7 RIFLE score and total burden
of sedation and unrest. Discrimination expressed by the C-indices ranged from 0.76
[95%CI 0.66-0.83] to 0.81 [95%CI 0.73-0.87] with excellent calibration along the
range of predictions. The simple model used age, sex, pre-ICU length of hospital
stay, admission type, diabetes, immunological deficiency, confirmed infection,
cardiopulmonary resuscitation, cranial mass effects, SOFA scores of days 1, 4 and
7, which resulted in C-indices between 0.71 [95%CI 0.61-0.79] and 0.78 [95%CI
0.69-0.85].
Conclusions:
For ICU patients with a prolonged length of stay, these models can be used to obtain
valid risk predictions of early and late mortality, in conjunction with the risk of a low
HRQoL. The models can aid the treating physician, the patient and the relatives in
the processes of shared decision making and advance care planning.
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Introduction

Methods
This study is reported along the TRIPOD guidelines for reporting the development
of risk prediction models [12]. The TRIPOD checklist is available as electronic
supplementary material ‘TRIPOD checklist’.
Study population and data source
This study was performed using data from a tertiary care ICU with a mixed population
of urgent and elective surgical, and medical patients. This population included, but
was not limited to, patients admitted after transplants, or cardiac or neurological
surgical admission. Only patients with major burn injuries or those requiring ICU care
after a liver-transplant were not admitted to this ICU.
All adult patients (≥18 years old) admitted to the ICU in between November
2009 to February 2016, with a length of stay of at least seven days, were included.
Predicting long-term survival and health related quality of life after seven days of
intensive care unit stay
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C

ritically ill patients are at a high risk of death during treatment in the intensive
care unit (ICU) and in the months thereafter [1]. Additionally, during the years
after treatment ICU-survivors may experience physical, cognitive and psychological
impairments [2, 3], which may affect their health-related quality of life (HRQoL).
During ICU admission, patients, surrogates and physicians incorporate the
risk of an unfavourable outcome in their decisions on the continuation or
limitation of treatment [4]. Therefore, these decision makers need reliable prognostic
information, based on patient and disease characteristics and the course of ICU stay
thus far [5].
Whether or not physicians are able to provide prognostic estimates is a
matter of debate [6-10]. Statistical models designed for a specific clinical setting
and timing could provide risk estimates for the decision makers. Such a risk estimate
does not provide a definite answer but could serve as a starting point for further
consideration within individual decision making [4]. Currently, several prognostic
models are available at ICU admission. However, these models have been shown to
lose a considerable amount of prognostic accuracy after the first seven to ten days
of ICU treatment [5]. Prognostic models that can be used at later moments during ICU
care are scarce, and models which predict HRQoL are even more rare [11].
In this manuscript two prediction models are presented which are specifically
designed to be used after the first seven days of ICU treatment, in order to estimate
the risk of early and late mortality, and of survival with a high or low HRQoL at one
year after ICU admission.

For patients with multiple ICU admissions during this period, only the first ICU
admission was eligible for inclusion. Patients with an unknown survival status or an
unknown address in the Dutch municipal registry one year after ICU admission were
considered lost to follow-up and excluded from further analysis.
Data on disease severity at ICU admission and severity of illness scores
from the first week of ICU admission were retrospectively extracted from a database
which is prospectively collected for the purpose of national benchmarking. Other
daily measured disease progression characteristics were drawn from the electronic
patient files. One-year survival and HRQoL were extracted from a prospective followup database maintained for all patients admitted to this ICU. These survival data
were drawn from the municipal registry, together with addresses of those surviving.
In turn, those surviving were sent a HRQoL questionnaire. Non-responders were
resent the questionnaire, and subsequently reminded by phone call.
Patient identifying data were removed before analysis. After approval of
the protocol, the Institutional Review Board (IRB) of the University Medical Center
Utrecht waived the need for informed consent when analysing anonymized patient
and follow-up data (UMC Utrecht IRB protocol number 10/006).
Outcome
We defined the outcome of interest into four mutually exclusive groups, being: (1)
patients surviving one year after ICU admission with a high HRQoL at one-year
follow-up; (2) those surviving one year after ICU admission with a low HRQoL at
one-year follow-up; (3) those dying within 4 to 12 months after ICU admission; and
(4) those dying within 3 months of ICU admission. HRQoL was measured using
the EuroQoL 5D-3L (EQ5D) questionnaire [13]. A high HRQoL was defined as an
EQ5D index above 0.4, and a low HRQoL as EQ5D index below 0.4 [14]. Using this
threshold, any patient surviving follow-up with a low HRQoL would have reported at
least one severe EQ5D disability [13, 14], and would fall below the average HRQoL of
patients with moderate to severe physical [15], cognitive [16] or psychiatric disabilities
[17]
. No additional actions to blind outcome assessment were performed.
Predictors
In selecting the candidate predictors for the prediction models, we aimed to balance
optimal prediction accuracy with generalizability and clinical feasibility. Because
these two are often hard to reconcile we developed two prediction models, one
based on detailed information (‘the detailed model’) and one based on relatively
easily obtainable predictors (‘the simple model’).
In previous work we have shown that information regarding day 1, 4 and 7
aptly summarizes the course of disease in the first week of ICU stay [see chapter
6 of this thesis]. For the ‘simple’ model we included components of the APACHE IV
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model and the full SOFA scores at day 1, 4 and 7 among the candidate predictors.
For the detailed model, we additionally included the course of disease in the first
week in more detail, and more information regarding chronic health components and
acute events at admission. For the full list of candidate variables and their coding see
supplementary material ‘Candidate Predictors’. All data on predictors were scored
prospectively before outcome assessment. No additional actions to blind predictor
assessment were performed.
Sample size
We based our target sample size on the candidate predictors for the simple model.
This model contained 32 candidate parameters, requiring 320 outcome events in the
least frequently occurring outcome category. As a result, the target sample size was
set at 1600 patients.
Missing data
Missing data were expected to occur in both predictors and the HRQoL outcome.
Observational cohort study data are rarely missing completely at random and a
complete case analysis typically leads to biased estimates [18]. To account for this,
multiple imputation was used to obtain 35 complete imputation sets [18-22]. For more
details on the imputation strategy and the amount of missing data per variable, we
refer to supplementary material ‘Missing Data & Imputation Techniques’.

The patient characteristics are presented, both for the total study population and
per outcome category. Differences between outcomes were investigated using a
Chi-square test for categorical variables, and the Kruskal-Wallis test for continuous
variables. Results of these statistical tests were not used for predictor selection.
As our outcome is described in four categories and we did not want to
assume proportionality of the predictor-outcome associations, a multinomial logistic
regression model was used for the risk prediction models. The following steps were
performed for the two models separately. All categorical predictors were entered
with the ‘healthiest’ level as reference (for example, RIFLE scores for acute kidney
injury were added with ‘0’ for no kidney injury as reference category). All continuous
predictors were modelled non-linearly using restricted cubic splines [23, 24]. Predictor
selection was performed using the least absolute shrinkage and selection operator
(LASSO) [25]. If at least one level of a categorical predictor was selected (i.e. not
shrunk to zero), the categorical predictor was retained in the final model. If any of the
spline terms of a continuous variable was selected, the variable was included into the
final model with a spline transformation. If the spline terms were shrunk to zero, but
the original continuous variable was not, the predictor was selected without spline
Predicting long-term survival and health related quality of life after seven days of
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Statistical analysis

terms. Finally, if a predictor was selected for any of the outcome categories, it was
retained as a predictor of all outcome categories. The predictor selection procedure
was performed in each imputation set, with a majority vote amongst all imputation
sets deciding on the inclusion of the predictors.
We assessed the c-index for discrimination and the Hosmer-Lemeshow test
as a measure of overall calibration. For more detailed information on calibration we
also presented smoothed calibration plots from a single imputation set (and checked
the consistency of this plot in a random selection of five other imputation sets). Although
the models were built with four outcome categories, we expect that the decisions
will be made on individualized binary interpretation of these outcome categories.
For example, for one patient, the outcome of ICU stay is considered favourable
when the patient survives with a high HRQoL, and unfavourable otherwise, while
another patient’s preferences could lead to one-year survival regardless HRQoL to
be favourable, and unfavourable otherwise. All measures of predictive performance
were therefore assessed separately for each of the following three dichotomizations
of the outcome categories: (a) surviving with high HRQoL versus surviving with low
HRQoL or dying during follow-up (outcome 1 versus 2-4); (b) surviving with a high or
low HRQoL versus dying during follow-up (outcome 1-2 versus 3-4) and (c) surviving
with a high or low HRQoL OR dying 4 to 12 months after ICU admission versus dying
within 3 months of ICU admission (outcome 1-3 versus 4).
Bootstrapping was used to assess the internal validity of the models and
obtain an estimate of overfitting (‘optimism’). Finally, the bootstrapping technique was
used to calculate the shrinkage factor, for each of the outcomes in the multinomial
models separately, based on the average calibration slope in the bootstrapped
samples [26]. The shrunk model is presented as the final model for future study and
use.
All analyses were pooled according to Rubin’s rules for the appropriate
statistic [18, 27]. All analyses were performed in R version 3.4.3 (R Foundation for
Statistical Computing, 2017), and included the use of the ‘mice’, ‘rms’, ‘boot’, ‘nnet’
and ‘glmnet’ packages.

Results
Included participants
During the inclusion period, 12,915 patients were admitted to the ICU. Of these
patients, 1925 stayed on the ICU for at least one week. Readmissions (n=195)
and patients with an unknown survival status (n=21) or an unknown address (n=5)
were excluded. This resulted in a study population of 1704 unique ICU patients (see
figure 1). In this study population, patients were most often male, admitted for a non-
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surgical reason, and had a high disease severity at admission (median APACHE IV
predicted hospital mortality: 25%, interquartile range (IQR): 9 – 52%) (see table 1).
Outcome status was missing in 301 (18%) patients. Of the 45 candidate predictors
of the detailed model, data was missing in over 30 patients for 4 predictors (see
supplementary material ‘Missing Data & Imputation Techniques’).
The four outcomes categories, one-year survival with high HRQoL, one-year
survival with low HRQoL, death 4 to 12 months after ICU admission, death within
3 months after ICU admission, occurred in 781 (46%), 215 (12%), 150 (9%) and
558 (33%) of patients respectively. Patients who died during follow-up had higher
disease severity at ICU admission and throughout the first week of ICU admission
when compared to those that survived follow-up. Also, admission type differed over
the outcome categories, where medical patients in particular died during follow-up or
suffered from a low HRQoL (see table 1).
Predictor selection
All candidate predictors were entered into the LASSO procedure (see supplementary
material ‘LASSO results’). See table 2 for the predictors selected for the detailed and
simple models.

The final coefficients and the use of the detailed and simple models are presented
in supplementary material ‘Detailed model’ and ‘Simple model’ respectively. The
performance of the models is presented in table 3. The detailed model showed
moderate to good discrimination with excellent calibration for all three dichotomizations
of the outcome (see figure 2). The simple model did not show statistically significant
overall miscalibration (Hosmer-Lemeshow p= .348), while the calibration plots
showed some over-prediction when the predicted probability of surviving with a low
HRQoL or dying was below 30% (see figure 3).
Bootstrapped performance, optimism and shrinkage
Table 3 also shows the bootstrapped performance for both models. The optimism
(the average difference in c-index within bootstrap samples minus that of the original
sample) for the detailed model was 0.02 for all three outcome dichotomizations. For
the simple model this was around 0.005 for all three outcome dichotomizations.
Shrinkage factors for the three linear predictors of both models ranged from
0.8 to 0.9 (where 1.0 is no shrinkage). For the shrunk model formulas of the detailed
and simple models respectively see supplementary materials ‘Detailed model’ and
‘Simple model’.
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Final models and crude performance

Discussion
The aim of this study was to develop a feasible prognostic model for long-term
outcomes including HRQoL, of intensive care unit (ICU) patients with a length of
stay exceeding 7 days. Two models were developed. A detailed risk prediction model
requiring a substantial number of variables from the first week of ICU admission,
and a simple prediction model based on information more readily available and
easy to use data. In terms of discrimination both models showed reasonable to
good performance for multiple favourable versus unfavourable dichotomizations of
outcome. In terms of calibration, especially the model using detailed information of
the first week of ICU admission showed excellent calibration over the entire range
of predicted probabilities. The internal validation for both models was adequate,
showing only small mode performance differences between the original sample and
within bootstrap samples.
Interpretation
Modelling our data using multinomial regression models allows users to obtain risk
predictions which take into account the competing risk of dying, involved in all HRQoL
outcomes research. Further, by focusing on patients with an ICU stay of 7 days we
have specified a clinically relevant domain of critically ill patients who survived the
initial phase of critical illness but still required ICU care after initial treatment. These
design choices are different from most well-known prediction models [11, 28-30]. As
such, a direct comparison with contemporary severity of illness scores, like APACHE
IV, is hampered by differences in populations and outcomes, our model does, in
fact, perform quite good. When dichotomizing the 4-level outcome presented here
into those dying and those surviving, the discrimination of the detailed model is
comparable to that of the APACHE IV predictions made at ICU admission (c-index
of 0.80 versus 0.84) [31]. However, when taking into account our model is developed
for patients with a prolonged length of stay and considering that the APACHE model
had c-indices for in-hospital mortality of 0.65-0.7 when studying patients admitted for
at least seven days specifically [5], the performance of the detailed model is actually
quite high.
The coefficients of the selected predictors should be taken as the prognostic
value in the context of the entire model, and not be interpreted as causal effects.
Moreover, these predictors vary on a daily basis, and the models presented here
might not be complex enough to fully capture the prognostic value of specific trends
of disease progression.
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This prognostic model development study has three important limitations to consider.
First, the number of events in the least frequent outcome group per candidate
predictor was below the recommended standards (events per predictor in detailed
and simple model were 1.2 and 4.7 respectively, where at least 10 events per
predictor are recommended) [12]. This occurred even though this study’s population
was one of the larger ones compared to other studies into the health-related quality
of life of former ICU patients [32-36]. There currently is quite some discussion on the
number of events that is required in prediction research [37]. Furthermore, in the
internal validation for both models we have seen low levels of over optimism of the
models in the development data. Together with the use of shrinkage, we expect the
final shrunk models to perform well in external validation studies.
The second limitation pertains to the setting we have drawn our study
population from: a single tertiary care centre, situated in a high-income country in
northern Europe. Although almost all types of ICU patients are admitted to this ICU,
its specific case-mix, treatment protocols, staff and reigning ethical perspectives
might still influence the value of specific predictors for the outcome of interest [38].
This is a major shortcoming which cannot be denied. However, multicentre data
on critically ill patients’ disease progression throughout ICU stay, together with a
consistent follow-up of long-term survival and the HRQoL of survivors is not yet
available.
The third limitation of this study are the final complexity and the requirements
of the detailed model. When deciding on the overall continuation or forgoing of lifesupporting therapies, relevant prognostic information needs to be as accurate as
possible [4]. The candidate predictors for the detailed model were therefore chosen
with the goal of obtaining optimally accurate predicted probabilities, disregarding
the ease of use. When using this model in clinical practice, especially obtaining
predictor information on daily cumulative fluid balance, RIFLE, and the separate
SOFA components might prove difficult. It is possible that in daily practice, the
‘simple’ model is more reliable than the detailed model, because the risk of entering
wrong predictor values into the model is lower.
Fourth, the cautionary notes on using risk prediction models (such as disease
severity scores) to direct clinical care are many [37]. Relevant predictors might be
missed; risk of death is often the only focus; having age as predictor, treatments
could become reserved for patients of a certain age; medical advancements might
make the model obsolete; the requirement to specify a patient’s main diagnosis does
not match the multimodal illness of a critically ill patient; and a model’s validity is
dependent on the (prior) context and timing of predictor data collection.
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Limitations

Strengths
First, the models were developed to support decision making at the moment a patient
survives the seventh day of ICU care. This was considered an important moment
during ICU care, when an acutely ill patient transitions into a long-stay one [5] and
prognostication is required for advance care planning or end-of-life decision making.
Second, contemporary severity of illness models often emphasizes the reason of
admission in their mortality predictions. However, in some ICU patients the reason for
ICU admission can be complex and far from straightforward. The models presented
here did not use specific admission diagnoses as predictors.
Third, by focusing on patients who survived one week of ICU care, we were
able to include the effect of certain ICU treatments as candidate predictors (the SOFA
score for example, includes the use of ventilation, renal replacement therapy and
inotropic support [39]). This way the estimated risks are also valid after the initiation of
these treatments.
Fourth, by including the time spent in hospital before ICU admission as a
predictor (as in recent versions of the SAPS and APACHE scores [28, 29]), we have
incorporated information on lead time before ICU admission.
Finally, we highlight the following: the physician is not to use these models
to direct decisions on clinical care. The models presented here allow any physicians
and patients to consider which of the four outcome groups to determine as
favourable or unfavourable and obtain valid risk estimates for an outcome clinically
relevant to that patient. Although these models can only estimate the chance of a
certain outcome occurring with a certain insecurity, we can still use these chances
for shared-decision-making discussions with patients and families [4]. The models
should therefore be seen as a way of obtaining prognostic information which needs
to be individualized along the clinical context and the patient’s preferences [4, 40],
in an iterative process where the patient or the surrogate decision makers play as
large a part as the physician. Ultimately, when these stakeholders have decided on
what they estimate to be is a favourable outcome to strive for, they can discuss the
possibilities of care and the value of the best available prognostic information [4, 40].

Conclusions
For ICU patients with a prolonged length of stay of seven days, the prognostic
models presented here can be used to obtain valid risk predictions of early and late
mortality, in conjunction with the risk of a low HRQoL when surviving one year after
ICU admission. When individualizing this prognosis along the clinical context and the
patient’s preferences, this will aid the treating physician, the patient and the relatives
in the processes of shared decision making and advance care planning.
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Tables and figures
Figure 1: Flowchart of patient inclusion

12915 ICU admissions between 11-2009 and 02-2016
76 excluded because age < 18 years old
247 Opt-out of participation in research
10940 ICU admissions shorter than 1 week

1925 ICU admissions >1 week
195 readmissions

1730 unique ICU patients
26 patients were lost to follow-up:
• 21 unknown survival status
• 5 unknown address

1704 patients included

301/996 (30%) non responders:
• 23/996 (2%) partial responders
• 278/996 (28%) non responders

708 (42%) died during one year follow-up:
• 476 (28%) died in ICU or hospital
• 232 (14%) died after hospital discharge
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996 (58%) one-year survivors

695/996 (70%) responders

1403 (82%) cases with complete follow-up
ICU, intensive care unit. Unless otherwise specified the percentages depicted in this graph are a proportion of the total
study population with N=1704.
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Table 1: Baseline characteristics

Patient characteristic

Total
population
(N=1704)

Outcome groups
Surviving with
high HRQoL

Surviving with
low HRQoL

(n=781)

(n=215)

Dying 4-12
months after ICU
admission
(n=150)

Dying 1-3
months after
ICU admission
(n=558)

p-value a

Sex (female)

599 (35%)

256 (33%)

95 (44%)

42 (28%)

206 (37%)

.003

Age, years

60 [48-70]

55 [43-66]

56 [43-66]

68 [59-75]

64 [54-74]

<.001

Pre-ICU hospital LoS

0 [0-2]

0 [0-1]

0 [0-1]

1 [0-4]

0 [0-4]

<.001

ICU LoS

11 [8-19]

11 [8-18]

12 [8-20]

11 [8-27]

12 [8-18]

.006

Hospital LoS

29 [17-47]

32 [20-49]

34 [20-56]

45 [25-74]

20 [12-35]

<.001

Elective surgical

272 (16%)

133 (17%)

24 (11%)

38 (25%)

77 (14%)

Urgent surgical

488 (29%)

250 (32%)

43 (20%)

35 (23%)

160 (29%)

Medical

944 (55%)

398 (51%)

148 (69%)

77 (51%)

321 (58%)

Cardiac surgery

111 (7%)

60 (8%)

9 (4%)

9 (6%)

33 (6%)

Sepsis

369 (22%)

152 (19%)

46 (21%)

48 (32%)

123 (22%)

SAH

76 (4%)

21 (3%)

15 (7%)

3 (2%)

37 (7%)

Traumatic brain injury

162 (10%)

89 (11%)

17 (8%)

3 (2%)

53 (9%)

Cardiac, non-surgical

165 (10%)

68 (9%)

20 (9%)

6 (4%)

71 (13%)

Other

821 (48%)

391 (50%)

108 (50%)

81 (54%)

241 (43%)

Chronic cardiovascular

192 (11%)

101 (13%)

14 (7%)

11 (7%)

66 (12%)

.023

Chronic dialysis

25 (1%)

4 (1%)

6 (3%)

3 (2%)

12 (2%)

.022

kidney insufficiency

137 (8%)

36 (5%)

18 (8%)

14 (9%)

69 (12%)

<.001

Chronic respiratory

163 (10%)

72 (9%)

26 (12%)

19 (13%)

46 (8%)

.213

Cirrhosis

12 (1%)

3 (0%)

0 (0%)

1 (1%)

8 (1%)

.075

COPD

181 (11%)

71 (9%)

27 (13%)

25 (17%)

58 (10%)

.035

Diabetes

246 (14%)

76 (10%)

49 (23%)

30 (20%)

91 (16%)

<.001

Immunological insufficiency

262 (15%)

89 (11%)

17 (8%)

35 (23%)

121 (22%)

<.001

Metastasized neoplasm

37 (2%)

8 (1%)

1 (0%)

5 (3%)

23 (4%)

<.001

Admission type

<.001

Admission diagnosis

<.001

Comorbidities

Acute events on first day of ICU admission
Acute kidney injury

204 (12%)

75 (10%)

26 (12%)

19 (13%)

84 (15%)

.026

Confirmed infection

550 (32%)

212 (27%)

72 (33%)

67 (45%)

199 (36%)

<.001

CPR

154 (9%)

60 (8%)

19 (9%)

5 (3%)

70 (13%)

.001

Cranial mass

282 (17%)

106 (14%)

37 (17%)

14 (9%)

125 (22%)

<.001

Mechanical ventilation

1631 (96%)

756 (97%)

205 (95%)

141 (94%)

529 (95%)

.211

APACHE IV predicted
mortality, %

25 [9-52]

16 [7-38]

19 [7-43]

24 [9-45]

44 [22-71]

<.001

Day 1 SOFA score

9 [6-12]

9 [6-12]

8 [5-11]

8 [6-12]

10 [7-12]

<.001

Day 4 SOFA score

9 [6-12]

9 [6-11]

7 [4-11]

9 [6-11]

10 [7-13]

<.001

Day 7 SOFA score

6 [4-10]

6 [4-9]

5 [3-8]

6 [4-8]

8 [6-12]

<.001

The distribution of continuous variables was reported as median [interquartile range], and that of categorical variables
as n (percentage). HRQoL, health related quality of life; ICU, intensive care unit; a, p-value for difference across the
four outcome categories; LoS, length of stay, shown in amount of days; SAH, subarachnoid haemorrhage; CPR,
cardiopulmonary resuscitation; COPD, chronic obstructive pulmonary disease; APACHE IV, acute physiology and
chronic health evaluation version 4; SOFA, sequential organ failure assessment
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Table 2: Selected predictors

Patient characteristics

Comorbidities

Detailed model

Simple model

Age (with splines)

Age (with splines)

Sex

Sex

Pre-ICU LoS (no splines)

Pre-ICU LoS (no splines)

Admission type

Admission type

Kidney insufficiency

Diabetes

Diabetes

Immunological insufficiency

Immunological insufficiency
Acute events on first day of
ICU admission

Disease progression during
first week of ICU stay

Confirmed infection

Confirmed infection

CPR

CPR

Cranial mass

Cranial mass

Day 1 SOFA coagulation

Day 1 SOFA (no splines)

Day 4 SOFA central nervous system

Change in SOFA day 1 to 4
(no splines)

Day 4 SOFA coagulation

Change in SOFA day 4 to 7
(no splines)

Day 4 SOFA respiratory
Day 7 SOFA circulation
Day 7 SOFA central nervous system
Day 7 SOFA coagulation
Day 7 SOFA respiratory
Day 7 RIFLE

chapter 8

Sedation burden (with splines)
Unrest (no splines)
Day 1 cumulative fluid balance (no splines)
Day 4 cumulative fluid balance (with splines)
Day 7 cumulative fluid balance (with splines)
ICU, intensive care unit; CPR, cardiopulmonary resuscitation; SOFA, sequential organ failure assessment; RIFLE, risk,
injury failure, loss, end-stage renal failure.
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Table 3: Detailed and simple model discrimination and calibration
Performance measure a

Detailed model

Simple model

Crude discrimination
C-index 1 vs 2-4

0.76 (0.66-0.83)

0.71 (0.61-0.79)

C-index 1-2 vs 3-4

0.80 (0.71-0.86)

0.76 (0.67-0.84)

C-index 1-3 vs 4

0.81 (0.73-0.87)

0.78 (0.69-0.85)

Bootstrapped discrimination
C-index 1 vs 2-4

0.74

0.70

C-index 1-2 vs 3-4

0.78

0.76

C-index 1-3 vs 4

0.79

0.77

Optimism
C-index 1 vs 2-4

-0.0183

-0.0063

C-index 1-2 vs 3-4

-0.0159

-0.0046

C-index 1-3 vs 4

-0.0168

-0.0049

Calibration
H-L 1 vs 2-4

p=0.975

p=0.34715

H-L 1-2 vs 3-4

p=0.721

p=0.25641

H-L 1-3 vs 4

p=0.817

p=0.14266

a, the numbers denote how the outcome groups were dichotomized in order to obtain performance measures for
dichotomized outcomes. These numbers correspond to outcomes as follows: 1, surviving with high HRQoL; 2, surviving
with low HRQoL; 3, dying 4-12 months after ICU admission; 4, dying within 3 months of ICU admission. The c-indices
are presented with the 95% confidence intervals in parentheses.
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Figure 2: Detailed model – smoothed calibration plots with 95% confidence intervals
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Figure 3: Simple model – smoothed calibration plots with 95% confidence intervals
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Supplementary material
Candidate predictors

•
•
•
•
•

•

•

Age at ICU admission [continuous]
Sex [M/F]
Pre-ICU hospital length of stay [continuous]
Admission type [medical, unplanned surgical, planned surgical]
Comorbidities
• Chronic renal insufficiency [y/n]
• Chronic dialysis [y/n]
• Chronic Obstructive Lung Disease (COPD) [y/n]
• Chronic respiratory insufficiency [y/n]
• Chronic cardiovascular insufficiency [y/n]
• Cirrhosis [y/n]
• Diabetes [y/n]
• Immunologic insufficiency [y/n]
• Metastasized neoplasm [y/n]
Acute events at admission
• Acute kidney injury [y/n]
• Cardiopulmonary resuscitation [y/n]
• Confirmed infection [y/n]
• Cranial mass [y/n]
• Mechanical ventilation within 24 hours [y/n]
Disease progression during first week of ICU stay
• SOFA component scores day 1 [0/1/2/3/4] (central nervous system,
circulation, coagulation, liver, renal, respiratory, resulting in six separate
variables)
• SOFA component scores day 4 [0/1/2/3/4] *6
• SOFA component scores day 7 [0/1/2/3/4] *6
• RIFLE day 4 [0,R,I,F]
• RIFLE day 7 [0,R,I,F]
• Amount of days RIFLE injury or failure [0/1/2/3/4/5/6/7]
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Detailed model candidate predictors
This set of predictors is based on variables which are expected to have
predictive value (and specifically includes predictors measured during the first week
of stay), but which do not need to be easy to obtain and do not need to be commonly
used in ICU literature.
Note that the entire set will be entered in the predictor selection technique
(LASSO), and that the final model will be a sub-selection of this of set.

•

•
•
•
•

Daily sedation and unrest measured by Richmond Agitation and Sedation
Scale (RASS)
• Predictor 1: ‘sedation burden’ = sum of most negative RASS score per
day during first week of IC admission [continuous]
• Predictor 2: ‘unrest’ = sum of most positive RASS score per day
during first week of IC admission [continuous]
Delirium-burden = amount of days with positive CAM-ICU [0/1/2/3/4/5/6/7]
Cumulative fluid balance day 1 [continuous]
Cumulative fluid balance day 4 [continuous]
Cumulative fluid balance day 7 [continuous]

To allow for non-linear associations all continuous variables were fit
allowing splines with 4 knots, which costs 3 degrees of freedom per continuous
variable.
• Total amount of ‘parameters’: 109 for categorical variables + 7*(4-1) for
continuous variables = 130
• Least frequent outcome category needs to contain at least 1300 patients for to
uphold the rule of thumb (~10 outcome events per studied parameter).

Simple model candidate predictors
This set of predictors is based on variables which are easy to obtain and commonly
found to be predictors of outcome (see chapter 4 of this thesis).
Note that the entire set will be entered in the predictor selection technique
(LASSO), and that the final model will be a sub-selection of this of set.
•
•
•
•
•

Age at ICU admission [continuous]
Sex [M/F]
Pre ICU hospital length of stay [continuous]
Admission type [medical, unplanned surgical, planned surgical]
Comorbidities
• Chronic renal insufficiency [y/n]
• Chronic dialysis [y/n]
• Chronic Obstructive Lung Disease (COPD) [y/n]
• Chronic respiratory insufficiency [y/n]
• Chronic cardiovascular insufficiency [y/n]
• Cirrhosis [y/n]
• Diabetes [y/n]
• Metastasized neoplasm [y/n]
• Immunologic insufficiency [y/n]
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•

•

Acute events at admission
• Acute kidney injury [y/n]
• Cardiopulmonary resuscitation [y/n]
• Confirmed infection [y/n]
• Cranial mass [y/n]
• Mechanical ventilation within 24 hours [y/n]
Disease progression during first week of ICU stay
• SOFA score day 1 [continuous]
• Difference SOFA score day 4 – day 1 [continuous]
• Difference SOFA score day 7 – day 4 [continuous]

To allow for non-linear associations all continuous variables were fit
allowing splines with 4 knots, which costs 3 degrees of freedom.
• Total amount of ‘parameters’: 17 for categorical variables + 5*(4-1) for
continuous variables = 32
• Least frequent outcome category needs to contain at least 320 patients for to
uphold the rule of thumb (~10 outcome events per studied parameter).

Missing Data & Imputation Techniques
For all patient characteristics, great care was taken to have complete data. This was
done by retrieving all required data from the electronic patient files and referring
back to these files by manual search where missing data occurred.
Still, within the 1704 included patients some baseline and follow-up data
remained missing. See table 4 for a baseline table of all included patients, including
the amount of missing per predictor and the distribution of predictors in those with a
missing outcome.
When considering the outcomes specifically only the survival data of these
patients was fully complete. As with our main prediction model, we did not assume
proportionality or otherwise similar associations between the predictors and mortality,
when compared to association between the predictors and health related quality of
life (HRQoL). In order to describe and handle the missing data concerning HRQoL
outcomes, the data was therefore split into a set of one-year survivors (n=996), who
should have HRQoL data, and those patients dying during follow-up (n=708), who
(obviously) have no HRQoL follow-up data.
In this study 30% of survivors (n=301/996) did not respond to the EQ5D
questionnaire or returned only a partially completed one. As no EQ5D index score
could be calculated for these subjects, they had an unknown HRQoL outcome status.
Predicting long-term survival and health related quality of life after seven days of
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Description of missing data

For details on the amount of missing per variable, and the distribution of
predictors within each outcome group see table 4. In the complete case study
population, patients were most often male, admitted for a non-surgical reason, and
had a high disease severity at admission (median APACHE IV predicted hospital
mortality: 25%, interquartile range (IQR): 9 – 52%) (see table 4).
The baseline characteristics of the deceased, the survivors responding
to the HRQoL questionnaire and those not responding were shown in table 5.
Univariably, non-responders were significantly younger had a lower APACHE IV
predicted mortality at ICU admission compared to responders.
As stated in the main text, a complete case analysis may lead to biased
results. So, multiple imputation techniques have been used to replace missing
values [1-5]. Missingness of HRQoL was considered associated with the differences
between responders and non-responders, and thus under the assumption of data
being missing at random.
All data handling, multiple imputation, analysis and pooling of results were
performed using R, version 3.4.3 (R Foundation for Statistical Computing, 2017),
using the ‘mice’ package, version 2.46 (2017). For all analyses the pooled results
were considered the primary results of this study.
Details concerning the imputation technique
Patients who died within one year after ICU admission were considered different
from survivors with regards to their disease characteristics and possibly with regards
to the associations between variables such as the outcome. Missing data in survivors
was therefore imputed separately from the missing data in the deceased, while using
similar imputation techniques on an overall level. The two resulting sets of imputation
datasets were then merged in order to create imputation datasets where each set
included the entire study population (survivors and deceased).
The data used for imputation consisted of all candidate predictors from
models 1 and 2, and outcome information (survival time when a patient died and
separate EuroQoL 5D dimensions for HRQoL in those who survived).
Overall, the following variables were used as predictors for variables with
missingness within the imputation models (the exact predictor matrix is available
upon request):
• Age
• Sex
• Body mass index
• Pre-ICU hospital length of stay (days)
• ICU length of stay (days)
• Post-ICU hospital length of stay (days)
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•
•
•
•
•
•
•
•

•
•

Total amount of ICU admissions during study period (those after index
admission)
Admission type (elective surgical; urgent surgical; medical)
Planned ICU admission (yes or no)
Admission diagnosis group (cardiac surgery; sepsis; subarachnoid
haemorrhage; traumatic brain injury; cardiac, non-surgical; other)
Chronic comorbidities from the chronic health evaluation in APACHE
methodology (each was used as a separate predictor)
Acute events on first day of ICU admission
APACHE IV predicted mortality
Sabadell score (which is a long-term prognosis estimated by the ICU clinician
and made at discharge from ICU)
Daily during first week of ICU admission
• SOFA component scores
• RIFLE
• CAM-ICU presence of delirium
• Richmond Agitation-Sedation Scale
• Cumulative fluid balance
• Urine output
• Creatinine
• Lowest mean arterial pressure
• Lowest systolic blood pressure
• Highest and lowest heart rates
• Highest lactate
• Highest CRP
• Lowest haemoglobin
• Highest post end-expiratory pressure
• Highest urea
• Use of renal replacement therapy
• Use of mechanical ventilation
Survival time (only in deceased)
HRQoL outcomes (only in survivors)
• EQ-5D dimension scores
• EQ-5D index scale
• The patient’s living situation at one-year follow-up (independent, homecare, nursing home) and working status (employed, retired, not employed)
were also used as predictors.

Predictor selection for each variable with missing values was based on
clinical knowledge and data availability. Moreover, when using mass imputation (i.e.
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•

using all variables to build all imputation models) feedback loops may occur. More
specifically, these loops often occur when missing values of variable ‘A’ are replaced
based on certain predictor(s) ‘B’, while variable ‘A’ is also used as predictor for missing
values in variable(s) ‘B’. These loops hinder imputation model convergence and
may result in spurious replacement values. In setting up the predictors for specific
missing variables, such feedback loops were therefore avoided. For example,
weight and length were imputed based on all patient characteristics, except for body
mass index. Body mass index was then calculated and used as predictor for missing
HRQoL outcomes, while these outcomes were not used in order to predict missing
weight or length.
In general, missing data in dichotomous variables was replaced using
predictive mean matching, while missing data in continuous variables was replaced
using a Bayesian linear regression model. There was one exception. The EQ5D
dimensions, were coded as ordinal variables with three possible values (none/mild/
extreme problems, respectively coded as ‘1’/’2’/’3’). During imputation missing data
on these dimensions were replaced using multinomial regression.
The temporal aspect of daily measurements was taken into account by
using a ‘lag-lead’ structure. This meant missing daily measurements were imputed
based on the measurements of the day before, the day itself, and the day after.
Measurements further away in time were not used to impute missings for that specific
moment in time. For example, a missing SOFA component on day 3 was imputed
based on day 2, 3 and 4 information (and static patient characteristics). For day 1
and 7 (the first and last day), respectively only the second and sixth days were used.
All imputation models which made use of continuous variables, allowed for
non-linear associations. Because we did not want to assume any specific functional
forms for the associations between variables, we used restricted cubic splines to
allow for flexible fitting within every imputation model, refitting the spline terms in
each iteration of the imputation strategy.
During the imputation in survivors, the EQ5D index score was passively
imputed (i.e. calculated and not estimated by modelling) using the Dutch weighting
scheme. Finally, EQ5D index score was dichotomized to create the high/low HRQoL
classification and consequently combined with survival to obtain the 4-level outcome.
Similarly, the daily SOFA score was set as the sum of its components and the amount
of days RIFLE injury or failure, sedation burden, unrest, delirium burden, change in
SOFA scores between specific days, and BMI were also passively imputed.
Rounding and boundaries were used to assure replaced missing values
of continuous variables were (clinically) possible values. Values outside of the
boundaries were set at the boundary of the variable (which was done using the
MICE ‘squeeze’ post processing function).
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The percentage of missing data on the outcome was little over 30% (nonresponse on the one-year HRQoL questionnaire in survivors). We therefore decided
to create 35 imputation datasets. Each imputation dataset was given 30 iterations in
order to reach convergence.
Post processing and imputation diagnostics
Convergence was reached within the 30 iterations for all variables. The within
imputation set means and variances for the replaced values stabilised at around
20-25 iterations or sooner.
Table 6 shows the observed distribution of EQ5D dimensions in complete
cases and the pooled results after imputation. In order to obtain a single distribution
per EQ5D dimension after imputation, the mean frequencies of the specific answers
across the 35 imputation datasets were rounded to the nearest integer. Compared to
complete case analysis, after imputation a larger proportion of patients suffered from
moderate or extreme disabilities for all five EQ5D dimensions.
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Table 4: Baseline characteristics and missingness in total population and in cases
with complete follow-up
Patient
characteristic
[n missing]

Total
population

Surviving
with unknown
HRQoL

(N=1704)

\(n=301)

Outcome groups
Surviving
with high
HRQoL

Surviving
with low
HRQoL

(n=588)

(n=107)

Dying 4-12
months after
ICU admission
(n=150)

Dying 1-3
months after
ICU
admission

p-value a

(n=558)

Sex (female) [0]

599 (35%)

106 (35%)

198 (34%)

47 (44%)

42 (28%)

206 (37%)

.040

Age, years [0]

60 [48-70]

51 [38-62]

57 [45-67]

58 [48-70]

68 [59-75]

64 [54-74]

<.001
<.001

Pre-ICU hospital LoS [0]

0 [0-2]

0 [0-1]

0 [0-1]

0 [0-1]

1 [0-4]

0 [0-4]

11 [8-19]

11 [8-18]

11 [8-18]

12 [8-19]

11 [8-27]

12 [8-18]

.084

29 [17-47]

34 [20-50]

32 [21-49]

33 [20-54]

45 [25-74]

20 [12-35]

<.001

Elective surgical

272 (16%)

47 (16%)

99 (17%)

11 (10%)

38 (25%)

77 (14%)

Urgent surgical

488 (29%)

83 (28%)

188 (32%)

22 (21%)

35 (23%)

160 (29%)

Medical

944 (55%)

171 (57%)

301 (51%)

74 (69%)

77 (51%)

321 (58%)

111 (7%)

19 (6%)

45 (8%)

5 (5%)

9 (6%)

33 (6%)

369 (22%)

56 (19%)

117 (20%)

25 (23%)

48 (32%)

123 (22%)

76 (4%)

13 (4%)

17 (3%)

6 (6%)

3 (2%)

37 (7%)

Traumatic brain injury

162 (10%)

30 (10%)

66 (11%)

10 (9%)

3 (2%)

53 (9%)

Cardiac, non-surgical

165 (10%)

19 (6%)

55 (9%)

14 (13%)

6 (4%)

71 (13%)

Other

821 (48%)

164 (54%)

288 (49%)

47 (44%)

81 (54%)

241 (43%)

192 (11%)

31 (10%)

78 (13%)

6 (6%)

11 (7%)

66 (12%)

ICU LoS [0]
Hospital LoS [0]
Admission type [0]

<.001

Admission diagnosis [0]
Cardiac surgery
Sepsis
SAH

<.001

Comorbidities
Chronic cardiovascular [0]
Chronic dialysis [0]

.044

25 (1%)

3 (1%)

3 (1%)

4 (4%)

3 (2%)

12 (2%)

.030

kidney insufficiency [0]

137 (8%)

15 (5%)

29 (5%)

10 (9%)

14 (9%)

69 (12%)

<.001

Chronic respiratory [0]

163 (10%)

27 (9%)

58 (10%)

13 (12%)

19 (13%)

46 (8%)

.307

12 (1%)

1 (0%)

2 (0%)

0 (0%)

1 (1%)

8 (1%)

.145

COPD [0]

181 (11%)

28 (9%)

57 (10%)

13 (12%)

25 (17%)

58 (10%)

.096

Diabetes [0]

246 (14%)

43 (14%)

62 (11%)

20 (19%)

30 (20%)

91 (16%)

.003

Immunological
insufficiency [0]

262 (15%)

25 (8%)

68 (12%)

13 (12%)

35 (23%)

121 (22%)

<.001

37 (2%)

4 (1%)

5 (1%)

0 (0%)

5 (3%)

23 (4%)

.001

Cirrhosis [0]

Metastasized neoplasm
[0]

Acute events on first day of ICU admission
Acute kidney injury [0]

204 (12%)

22 (7%)

65 (11%)

14 (13%)

19 (13%)

84 (15%)

.254

Confirmed infection [0]

550 (32%)

83 (28%)

162 (28%)

39 (36%)

67 (45%)

199 (36%)

<.001

CPR [0]
Cranial mass [0]
Mechanical ventilation
[0]
APACHE IV predicted
mortality, % [92]

154 (9%)

16 (5%)

52 (9%)

11 (10%)

5 (3%)

70 (13%)

.006

282 (17%)

41 (14%)

83 (14%)

19 (18%)

14 (9%)

125 (22%)

<.001

1631 (96%)

287 (95%)

570 (97%)

104 (97%)

141 (94%)

529 (95%)

.172

26 [9-53]

12 [6-35]

18 [7-40]

22 [10-45]

24 [9-46]

44 [22-71]

<.001

Day 1 SOFA [423]

9 [6-11]

8 [5-11]

9 [6-11]

7 [5-11]

8 [6-11]

9 [7-12]

.018

Day 4 SOFA [245]

8 [6-11]

8 [5-10]

8 [6-11]

7 [4-10]

8 [5-11]

9 [7-13]

<.001

Day 7 SOFA [147]
Change in SOFA day 1
to 4 [524]

254

6 [4-9]

5 [4-8]

6 [4-8]

5 [4-7]

6 [4-8]

8 [6-12]

<.001

0 [-2-2]

-1 [-3-1]

0 [-3-2]

-1 [-3-1]

-1 [-3-1]

0 [-2-2]

<.001
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Change in SOFA day 4
to 7 [310]

-2 [-4-0]

-2 [-4-0]

-2 [-5-0]

-1 [-3-0]

-2 [-4-0]

-1 [-3-1]

<.001

Circulation [9]

3 [1-4]

3 [1-4]

4 [1-4]

3 [1-4]

3 [1-4]

4 [1-4]

.055

Central nervous system
[423]

2 [0-3]

1 [0-3]

1 [0-3]

1 [0-3]

1 [0-3]

2 [1-4]

.020

Coagulation [9]

0 [0-1]

0 [0-1]

0 [0-1]

0 [0-1]

0 [0-1]

0 [0-1]

.185

Liver [9]

0 [0-1]

0 [0-1]

0 [0-1]

0 [0-0]

0 [0-1]

0 [0-1]

.052

Renal [9]

0 [0-1]

0 [0-1]

0 [0-1]

0 [0-2]

0 [0-3]

0 [0-2]

.010

Respiratory [9]

2 [2-3]

2 [1-3]

2 [2-3]

3 [2-3]

2 [2-3]

2 [2-3]

.254

Circulation [13]

3 [1-4]

3 [1-4]

3 [1-4]

3 [1-4]

3 [1-4]

4 [1-4]

<.001

Central nervous system
[245]

2 [1-3]

2 [1-3]

2 [1-3]

1 [0-3]

1 [1-3]

3 [1-4]

<.001

Coagulation [13]

1 [0-2]

0 [0-1]

1 [0-2]

0 [0-1]

0 [0-2]

1 [0-2]

.109

Liver [13]

0 [0-0]

0 [0-0]

0 [0-0]

0 [0-0]

0 [0-0]

0 [0-0]

<.001

Renal [13]

0 [0-2]

0 [0-1]

0 [0-1]

0 [0-1]

0 [0-2]

0 [0-2]

<.001

Respiratory [13]

2 [2-3]

2 [1-3]

2 [2-3]

2 [2-3]

2 [2-3]

2 [2-3]

.358

Circulation [22]

1 [0-3]

1 [0-3]

1 [0-3]

1 [0-3]

1 [0-3]

1 [1-4]

<.001

Central nervous system
[147]

1 [0-3]

1 [0-2]

1 [0-2]

1 [0-2]

1 [0-2]

3 [1-4]

<.001

Coagulation [22]

0 [0-1]

0 [0-1]

0 [0-1]

0 [0-1]

0 [0-1]

0 [0-2]

<.001

Liver [22]

0 [0-0]

0 [0-0]

0 [0-0]

0 [0-0]

0 [0-0]

0 [0-0]

<.001

Renal [22]

0 [0-1]

0 [0-0]

0 [0-1]

0 [0-0]

0 [0-2]

0 [0-2]

<.001

Respiratory [22]

2 [1-3]

2 [1-3]

2 [1-3]

2 [2-3]

2 [2-3]

2 [2-3]

.001

Day 1 [2]

3 [1-5]

2 [1-5]

3 [1-5]

3 [1-4]

3 [1-6]

3 [1-5]

.338

Day 4 [11]

8 [4-13]

7 [3-11]

7 [4-12]

6 [3-11]

8 [3-14]

9 [4-14]

.001

Day 7 [18]

8 [3-14]

6 [2-11]

7 [3-13]

6 [1-12]

8 [2-15]

10 [5-18]

<.001

no AKI

796 (47%)

156 (52%)

283 (48%)

61 (57%)

55 (37%)

241 (43%)

Risk

470 (28%)

80 (27%)

180 (31%)

19 (18%)

41 (27%)

150 (27%)

Injury

301 (18%)

38 (13%)

90 (15%)

16 (15%)

40 (27%)

117 (21%)

Failure

130 (8%)

24 (8%)

34 (6%)

9 (8%)

13 (9%)

50 (9%)

SOFA component scores
Day 1

Day 4

Day 7

RIFLE acute kidney injury
Day 1 [7]

.001

Day 4 [15]
no AKI
AIC,
Akaike’s

.004
946 (56%) c-index,186
(62%)
329
(56%)(area
criterion;
concordance
index

72 (67%)
under
the

(48%)
receiver72operator

287 (51%)
curve);
CH,

information
le Cessievan
Houwelingen-Copas-Hosmer
global goodness-of-fit
statistic; *, the14CH
statistic can
be interpreted
as a regular
323 (19%)
59 (20%)
116 (20%)
(13%)
34 (23%)
100 (18%)
Risk
goodness-of-fit test where a significant result equals poor global goodness-of-fit. As this statistic is asymptotically
normally
distributed, the test
a significant
error (at an6 alpha
level of
0.05) at a test
statistic higher
200indicates
(12%)
25 (8%) calibration
79 (13%)
(6%)
18 (12%)
72 (13%)
Injury
than 1.96; sd, standard deviation.
Failure

220 (13%)

30 (10%)

62 (11%)

11 (10%)

20 (13%)

97 (17%)

Day 7 [19]
no AKI
Risk
Injury

<.001
1161 (68%)

225 (75%)

429 (73%)

83 (78%)

91 (61%)

333 (60%)

183 (11%)

31 (10%)

67 (11%)

8 (7%)

25 (17%)

52 (9%)

93 (5%)

11 (4%)

32 (5%)

4 (4%)

6 (4%)

40 (7%)
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Cumulative fluid balance, litres

Failure

248 (15%)

29 (10%)

57 (10%)

11 (10%)

22 (15%)

129 (23%)

0 [0-3]

0 [0-2]

0 [0-2]

0 [0-1]

1 [0-4]

1 [0-4]

<.001

Days with RIFLE injury
or failure [32]
Sedation burden [20]

26 [18-32]

26 [14-31]

25 [17-31]

23 [13-30]

22 [14-28]

30 [23-34]

<.001

Unrest [20]

1 [0-3]

1 [0-4]

1 [0-4]

1 [0-2]

1 [0-3]

0 [0-2]

<.001

Delirium burden [1370]

0 [0-2]

0 [0-2]

0 [0-2]

0 [0-1]

0 [0-1]

2 [0-3]

.001

HRQoL, health related quality of life; ICU, intensive care unit; a, p-value for difference across the four outcome categories;
LoS, length of stay, shown in amount of days; SAH, subarachnoid haemorrhage; CPR, cardiopulmonary resuscitation;
COPD, chronic obstructive pulmonary disease; APACHE IV, acute physiology and chronic health evaluation version 4;
SOFA, sequential organ failure assessment;

Table 4: Baseline characteristics and missingness in total population and in cases
with complete follow-up
Patient characteristics

Survivors

Deceased

Responders
(n=695)

(n=708)

Non-responders
(n=301)

p-value a

Sex (female)

248 (35%)

245 (35%)

106 (35%)

1.000

Age, years

65 [55-74]

57 [45-67]

51 [38-62]

<.001

Pre-ICU hospital LoS

0 [0-4]

0 [0-1]

0 [0-1]

.479

12 [8-19]

11 [8-18]

11 [8-18]

.441

23 [13-43]

33 [21-50]

34 [20-50]

.822

Elective surgical

115 (16%)

110 (16%)

47 (16%)

Urgent surgical

195 (28%)

210 (30%)

83 (28%)

Medical

398 (56%)

375 (54%)

171 (57%)

42 (6%)

50 (7%)

19 (6%)
56 (19%)

ICU LoS
Hospital LoS
Admission type

.665

Admission diagnosis
Cardiac surgery
Sepsis

.294

171 (24%)

142 (20%)

SAH

40 (6%)

23 (3%)

13 (4%)

Traumatic brain injury

56 (8%)

76 (11%)

30 (10%)

Cardiac, non-surgical
Other

77 (11%)

69 (10%)

19 (6%)

322 (45%)

335 (48%)

164 (54%)

77 (11%)

84 (12%)

31 (10%)

.482

15 (2%)

7 (1%)

3 (1%)

1.000
.803

Comorbidities
Chronic cardiovascular
Chronic dialysis
kidney insufficiency

83 (12%)

39 (6%)

15 (5%)

Chronic respiratory

65 (9%)

71 (10%)

27 (9%)

.624

9 (1%)

2 (0%)

1 (0%)

1.000

Cirrhosis
COPD

83 (12%)

70 (10%)

28 (9%)

.796

Diabetes

121 (17%)

82 (12%)

43 (14%)

.325

Immunological insufficiency

156 (22%)

81 (12%)

25 (8%)

.144

28 (4%)

5 (1%)

4 (1%)

.569

Metastasized neoplasm
Acute events on first day of ICU admission
Acute kidney injury

103 (15%)

79 (11%)

22 (7%)

.067

Confirmed infection

266 (38%)

201 (29%)

83 (28%)

.722

75 (11%)

63 (9%)

16 (5%)

.060

CPR
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Cranial mass

139 (20%)

102 (15%)

41 (14%)

.736

Mechanical ventilation

670 (95%)

674 (97%)

287 (95%)

.273

APACHE IV predicted mortality, %

40 [20-65]

19 [8-41]

12 [6-35]

.004

Day 1 SOFA

9 [6-12]

8 [6-11]

8 [5-11]

.266

Day 4 SOFA

9 [7-12]

8 [5-11]

8 [5-10]

.081

Day 7 SOFA

8 [5-11]

5 [4-8]

5 [4-8]

.517

Change in SOFA day 1 to 4

0 [-2-2]

-1 [-3-2]

-1 [-3-1]

.245

Change in SOFA day 4 to 7

-2 [-3-1]

-2 [-4-0]

-2 [-4-0]

.231

Circulation

4 [1-4]

3 [1-4]

3 [1-4]

.301

Central nervous system

2 [1-4]

1 [0-3]

1 [0-3]

.335

Coagulation

0 [0-1]

0 [0-1]

0 [0-1]

.392

Liver

0 [0-1]

0 [0-1]

0 [0-1]

.842

Renal

0 [0-2]

0 [0-1]

0 [0-1]

.237

Respiratory

2 [2-3]

2 [2-3]

2 [1-3]

.447

Circulation

3 [1-4]

3 [1-4]

3 [1-4]

.261

Central nervous system

2 [1-4]

2 [1-3]

2 [1-3]

.978

Coagulation

1 [0-2]

1 [0-2]

0 [0-1]

.222

Liver

0 [0-0]

0 [0-0]

0 [0-0]

.804

Renal

0 [0-2]

0 [0-1]

0 [0-1]

.109

Respiratory

2 [2-3]

2 [2-3]

2 [1-3]

.170

Circulation

1 [1-4]

1 [0-3]

1 [0-3]

.393

Central nervous system

2 [1-4]

1 [0-2]

1 [0-2]

.303

Coagulation

0 [0-2]

0 [0-1]

0 [0-1]

.771

Liver

0 [0-0]

0 [0-0]

0 [0-0]

.060

Renal

0 [0-2]

0 [0-1]

0 [0-0]

.022

Respiratory

2 [2-3]

2 [1-3]

2 [1-3]

.321

SOFA component scores
Day 1

Day 4

Cumulative fluid balance, litres
Day 1

3 [1-5]

3 [1-5]

2 [1-5]

.052

Day 4

8 [4-14]

7 [4-12]

7 [3-11]

.051

Day 7

10 [4-17]

7 [3-13]

6 [2-11]

.029

no AKI

296 (42%)

344 (49%)

156 (52%)

Risk

191 (27%)

199 (29%)

80 (27%)

Injury

157 (22%)

106 (15%)

38 (13%)

63 (9%)

43 (6%)

24 (8%)

no AKI

359 (51%)

401 (58%)

186 (62%)

Risk

59 (20%)

RIFLE acute kidney injury
Day 1

Failure

.468

Day 4

.300

134 (19%)

130 (19%)

Injury

90 (13%)

85 (12%)

25 (8%)

Failure

117 (17%)

73 (11%)

30 (10%)

424 (60%)

512 (74%)

225 (75%)

Day 7
no AKI

.777
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Day 7

Risk
Injury
Failure
Days with RIFLE injury or failure

77 (11%)

75 (11%)

46 (6%)

36 (5%)

31 (10%)
11 (4%)

151 (21%)

68 (10%)

29 (10%)

1 [0-4]

0 [0-2]

0 [0-2]

.079

29 [21-33]

25 [16-31]

26 [14-31]

.979

Unrest

0 [0-2]

1 [0-4]

1 [0-4]

.793

Delirium burden

1 [0-3]

0 [0-2]

0 [0-2]

.404

Sedation burden

HRQoL, health related quality of life; ICU, intensive care unit; a, p-value for difference between responders and nonresponders; LoS, length of stay, shown in amount of days; SAH, subarachnoid haemorrhage; CPR, cardiopulmonary
resuscitation; COPD, chronic obstructive pulmonary disease; APACHE IV, acute physiology and chronic health evaluation
version 4; SOFA, sequential organ failure assessment;

Table 6: EuroQoL 5D HRQoL dimension before and after imputation
Before imputation
(n=695)
Mobility

Self-care (e.g. like washing
or dressing yourself)

Usual Activities (e.g.
occupation, study,
housekeeping, familyor leisure activities)

After imputation,
pooled (n=996)

I have no problems walking about

385 (55%)

524 (53%)

I have some problems walking about

280 (40%)

386 (39%)

I am confined to bed

30 (4%)

86 (9%)

I have no problems with self-care

507 (73%)

660 (66%)

I have some problems washing or dressing myself

122 (18%)

191 (19%)

I am unable to wash or dress myself

66 (9%)

145 (15%)

I have no problems with performing my usual activities

276 (40%)

373 (37%)

I have some problems in with performing my usual activities

312 (45%)

425 (43%)

I am unable to perform my usual activities

107 (15%)

198 (20%)

I have no pain or discomfort

351 (51%)

484 (49%)

I have moderate pain or discomfort

315 (45%)

436 (44%)

I have extreme pain or discomfort

29 (4%)

76 (8%)

I am not anxious or depressed

500 (72%)

676 (68%)

I am moderately anxious or depressed

179 (26%)

269 (27%)

I am extremely anxious or depressed

16 (2%)

51 (5%)

Pain/Discomfort

Anxiety/Depression

Values are expressed as number (percentage).
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LASSO Results
Detailed model – selection at 1SE from optimum deviance
Predictor

Amount of
imputation sets where predictor
was selected

Predictor

Amount of
imputation sets where predictor
was selected

35

Day 7 SOFA circulation

32

Age'

35

Day 7 SOFA central nervous system

35

Age''

3

Day 7 SOFA coagulation

24

Sex

28

Day 7 SOFA liver

7

Pre-ICU LoS

35

Day 7 SOFA renal

2

Pre-ICU LoS'

3

Day 7 SOFA respiratory

21

Admission type

32

Day 4 RIFLE

5

Chronic cardiovascular

11

Day 7 RIFLE

32

Chronic dialysis

1

Days with RIFLE injury or failure

3

kidney insufficiency

21

Sedation burden

32

Chronic respiratory

7

Sedation burden'

35

Cirrhosis

0

Sedation burden''

3

COPD

1

Unrest

32

Diabetes

27

Unrest'

3

Immunological insufficiency

35

Delirium burden

14

Metastasized neoplasm

7

Day 1 cumulative fluid balance

32

Acute kidney injury

0

Day 1 cumulative fluid balance'

0

Confirmed infection

31

Day 1 cumulative fluid balance''

3

CPR

20

Day 4 cumulative fluid balance

32

Cranial mass

33

Day 4 cumulative fluid balance'

27

Mechanical ventilation

3

Day 4 cumulative fluid balance''

3

Day 1 SOFA circulation

13

Day 7 cumulative fluid balance

35

Day 1 SOFA central nervous system

8

Day 7 cumulative fluid balance'

29

Day 1 SOFA coagulation

23

Day 7 cumulative fluid balance''

3

Day 1 SOFA liver

3

Day 1 SOFA renal

15

Day 1 SOFA respiratory

1

Day 4 SOFA circulation

14

Day 4 SOFA central nervous system

31

Day 4 SOFA coagulation

32

Day 4 SOFA liver

0

Day 4 SOFA renal

0

Day 4 SOFA respiratory

28
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Age

ICU, intensive care unit; LoS, length of stay; CPR, cardiopulmonary resuscitation. All single and double accents ‘’ denote
spline terms. A variable was selected when its coefficient was not shrunk to zero at a deviance 1 standard error below
the optimum.
Variables selected:
Age (w splines)
Sex
Pre-ICU LoS (no splines)
Admission type
Kidney insufficiency
Diabetes
Immunological insufficiency
Confirmed infection

CPR
Cranial mass
Day 1 SOFA coagulation
Day 4 SOFA central nervous system
Day 4 SOFA coagulation
Day 4 SOFA respiratory
Day 7 SOFA circulation
Day 7 SOFA central nervous system

Day 7 SOFA coagulation
Day 7 SOFA respiratory
Day 7 RIFLE
Sedation burden (w splines)
Unrest (no splines)
Day 1 cumulative fluid balance (no splines)
Day 4 cumulative fluid balance (w splines)
Day 7 cumulative fluid balance (w splines)
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Simple model – selection at 1SE from optimum deviance
Predictors

Amount of imputation sets where
predictor was selected

Age

35

Age'

35

Age''

0

Sex

29

Pre-ICU LoS

35

Pre-ICU LoS'

0

Admission type

35

Chronic cardiovascular

2

Chronic dialysis

0

kidney insufficiency

2

Chronic respiratory

4

Cirrhosis

0

COPD

0

Diabetes

27

Immunological insufficiency

35

Metastasized neoplasm

0

Acute kidney injury

0

Confirmed infection

34

CPR

25

Cranial mass

35

Mechanical ventilation

0

Age

35

Day 1 SOFA

0

Day 1 SOFA'

0

Day 1 SOFA''

35

Change in SOFA day 1 to 4

4

Change in SOFA day 1 to 4'

0

Change in SOFA day 1 to 4''

35

Change in SOFA day 4 to 7

1

Change in SOFA day 4 to 7'

0

ICU, intensive care unit; LoS, length of stay; CPR, cardiopulmonary resuscitation. All single and double accents ‘’ denote
spline terms. A variable was selected when its coefficient was not shrunk to zero at a deviance 1 standard error below
the optimum.
Variables selected:
Age (w splines)
Sex
Pre-ICU LoS (no splines)
Admission type
Diabetes
Immunological insufficiency
Confirmed infection
CPR
Cranial mass
Day 1 SOFA (no splines)
Change in SOFA day 1 to 4 (no splines)
Change in SOFA day 4 to 7 (no splines)
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Detailed model
Raw coefficients, 95% confidence intervals and Wald test p-values
Outcome

Surviving with low HRQoL

Dying 4-12 months after ICU
admission

Dying 1-3 months after ICU
admission

Predictor

Est. (95%CI); Wald p-value

Est. (95%CI); Wald p-value

Est. (95%CI); Wald p-value

Intercept

-1.303 (-3.09 - 0.48); 0.151

-2.761 (-3.04 - -2.48); <.001

-3.248 (-3.53 - -2.97); <.001
0.016 (-0.01 - 0.04); 0.247

Age (per year)

0.006 (-0.46 - 0.47); 0.981

0.032 (-0.29 - 0.36); 0.849

((Age-24)/14.81096)^3 a

-0.022 (-0.59 - 0.55); 0.941

0.05 (-0.48 - 0.58); 0.853

0.035 (-0.64 - 0.71); 0.919

((Age-53)/14.81096)^3 a

0.192 (-0.3 - 0.69); 0.445

-0.267 (-0.84 - 0.31); 0.364

-0.075 (-0.46 - 0.31); 0.704

Sex (female)

0.236 (-0.39 - 0.86); 0.461

-0.437 (-0.95 - 0.08); 0.097

0.056 (-0.43 - 0.54); 0.821

Pre-ICU hospital LoS (per day)

-0.013 (-0.66 - 0.64); 0.969

0.005 (-1.13 - 1.14); 0.993

0.011 (-2.01 - 2.03); 0.991

Urgent surgical

-0.036 (-0.64 - 0.57); 0.906

-0.279 (-0.95 - 0.39); 0.412

0.16 (-0.46 - 0.78); 0.615

Medical

0.415 (-0.38 - 1.21); 0.305

-0.433 (-0.94 - 0.07); 0.092

0.279 (-0.43 - 0.99); 0.442

Kidney insufficiency

0.565 (-0.69 - 1.81); 0.375

0.037 (-1.99 - 2.06); 0.972

0.552 (-0.24 - 1.34); 0.17

Diabetes

0.63 (-0.19 - 1.45); 0.131

0.532 (-0.3 - 1.36); 0.208

0.394 (-0.57 - 1.36); 0.424

Immunological insufficiency

-0.5 (-1.02 - 0.02); 0.059

0.732 (-0.22 - 1.68); 0.13

0.832 (0.29 - 1.38); 0.003

Admission type

Comorbidities

Acute events on first day of ICU admission
Confirmed infection

0.054 (-0.56 - 0.67); 0.863

0.551 (0.08 - 1.02); 0.022

CPR

0.134 (-0.64 - 0.9); 0.733

-0.5 (-1.27 - 0.27); 0.2

-0.097 (-0.71 - 0.52); 0.758
0.684 (0.13 - 1.24); 0.016

Cranial mass

0.434 (-0.32 - 1.19); 0.26

0.142 (-1.12 - 1.41); 0.826

0.909 (-0.86 - 2.67); 0.312

Day 1 Coagulation = 1

-0.042 (-0.76 - 0.68); 0.908

-0.099 (-0.77 - 0.57); 0.77

0.03 (-0.67 - 0.73); 0.934

Day 1 Coagulation = 2

-0.492 (-1.61 - 0.62); 0.386

-0.614 (-1.17 - -0.06); 0.031

-0.282 (-1.1 - 0.53); 0.497

Day 1 Coagulation = 3

0.177 (-0.75 - 1.1); 0.706

0.682 (0.48 - 0.88); <.001

0.293 (0.08 - 0.51); 0.008

Day 1 Coagulation = 4

-1.376 (-2.63 - -0.13); 0.031

-1.815 (-2.12 - -1.51); <.001

-1.225 (-1.5 - -0.95); <.001

Day 4 CNS = 1

-0.473 (-0.88 - -0.07); 0.023

0.076 (-0.66 - 0.81); 0.84

-0.259 (-2.13 - 1.61); 0.786

Day 4 CNS = 2

-0.211 (-0.73 - 0.31); 0.416

0.419 (-0.24 - 1.08); 0.214

0.119 (-1.48 - 1.72); 0.884

Day 4 CNS = 3

0.022 (-2.6 - 2.64); 0.987

-0.217 (-0.49 - 0.06); 0.115

0.038 (-0.21 - 0.29); 0.758

Day 4 CNS = 4

-0.562 (-1.35 - 0.23); 0.163

-0.219 (-0.83 - 0.39); 0.477

0.085 (-0.12 - 0.29); 0.38

Day 4 Coagulation = 1

-0.314 (-1 - 0.38); 0.371

-0.198 (-0.77 - 0.37); 0.497

-0.565 (-1.31 - 0.19); 0.14

Day 4 Coagulation = 2

-0.389 (-1.08 - 0.3); 0.268

-0.281 (-0.85 - 0.29); 0.333

-1.046 (-1.53 - -0.56); <.001

Day 4 Coagulation = 3

-0.405 (-1.76 - 0.95); 0.556

0.065 (-0.73 - 0.86); 0.873

-0.585 (-1.24 - 0.07); 0.08

Day 4 Coagulation = 4

0.438 (-0.67 - 1.55); 0.435

0.863 (-0.3 - 2.03); 0.146

0.26 (-1.75 - 2.27); 0.799

Day 4 Respiratory = 1

0.853 (0.05 - 1.65); 0.037

0.014 (-0.76 - 0.78); 0.972

0.047 (-0.76 - 0.86); 0.91

Day 4 Respiratory = 2

0.676 (-0.4 - 1.75); 0.217

0.161 (-0.49 - 0.81); 0.629

0.376 (-0.53 - 1.28); 0.417

Day 4 Respiratory = 3

0.312 (-1.11 - 1.73); 0.666

-0.296 (-2.53 - 1.94); 0.795

-0.062 (-1.06 - 0.94); 0.904

Day 4 Respiratory = 4

0.371 (-0.81 - 1.55); 0.537

-0.053 (-1.11 - 1.01); 0.922

0.036 (-1.15 - 1.22); 0.952

Day 7 Circulation = 1

0.138 (-0.43 - 0.71); 0.635

-0.399 (-1.49 - 0.69); 0.471

-0.018 (-0.66 - 0.62); 0.956

Day 7 Circulation = 2

-0.352 (-1.14 - 0.43); 0.379

-0.415 (-0.99 - 0.16); 0.157

0.147 (-0.56 - 0.86); 0.685

Day 7 Circulation = 3

0.096 (-0.82 - 1.01); 0.837

-0.207 (-1.14 - 0.73); 0.664

-0.269 (-0.96 - 0.42); 0.446

Day 7 Circulation = 4

-0.081 (-1.03 - 0.87); 0.867

-0.205 (-1.48 - 1.07); 0.752

0.166 (-1.63 - 1.96); 0.856

Day 7 CNS = 1

0.123 (-0.81 - 1.05); 0.795

-0.005 (-0.9 - 0.89); 0.991

0.463 (-0.47 - 1.4); 0.331

Day 7 CNS = 2

0.182 (-1.41 - 1.77); 0.822

0.222 (-0.38 - 0.82); 0.47

0.311 (-0.66 - 1.28); 0.529

Day 7 CNS = 3

0.222 (-0.62 - 1.06); 0.602

0.079 (-0.2 - 0.36); 0.564

1.146 (0.93 - 1.37); <.001

Day 7 CNS = 4

0.119 (-1.21 - 1.45); 0.861

0.055 (-0.33 - 0.44); 0.771

1.539 (1.33 - 1.75); <.001
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SOFA component scores

Day 7 Coagulation = 1

0.224 (-0.26 - 0.71); 0.355

-0.073 (-0.95 - 0.8); 0.87

0.438 (-1.79 - 2.67); 0.7

Day 7 Coagulation = 2

0.787 (0.24 - 1.33); 0.006

0.455 (-0.31 - 1.22); 0.241

1.326 (-0.58 - 3.23); 0.172

Day 7 Coagulation = 3

0.723 (-0.88 - 2.32); 0.376

1.441 (1.07 - 1.82); <.001

1.789 (1.54 - 2.03); <.001

Day 7 Coagulation = 4

1.562 (0.82 - 2.3); <.001

1.993 (1.58 - 2.41); <.001

2.211 (1.92 - 2.5); <.001

Day 7 Respiratory = 1

0.039 (-0.59 - 0.67); 0.902

-0.088 (-0.57 - 0.4); 0.722

0.569 (0.03 - 1.11); 0.038

Day 7 Respiratory = 2

-0.026 (-0.61 - 0.56); 0.931

-0.164 (-0.62 - 0.29); 0.479

0.409 (0.04 - 0.78); 0.029

Day 7 Respiratory = 3

0.52 (-0.15 - 1.19); 0.128

0.195 (-0.3 - 0.69); 0.44

0.772 (0.32 - 1.23); 0.8001

0.237 (-0.58 - 1.05); 0.563

-0.547 (-1.5 - 0.41); 0.263

1.097 (-0.37 - 2.56); 0.142

Day 7 RIFLE = Risk

Day 7 Respiratory = 4

-0.368 (-1.03 - 0.29); 0.273

0.451 (-0.16 - 1.06); 0.145

-0.207 (-0.77 - 0.36); 0.475

Day 7 RIFLE = Injury

-0.354 (-1.06 - 0.35); 0.324

-0.229 (-0.69 - 0.23); 0.326

-0.095 (-0.69 - 0.5); 0.755

Day 7 RIFLE = Failure

-0.146 (-1.08 - 0.79); 0.758

0.297 (-1.29 - 1.88); 0.713

0.214 (-0.47 - 0.9); 0.541

Sedation burden (per point)

-0.018 (-0.69 - 0.65); 0.957

-0.033 (-0.73 - 0.67); 0.926

-0.031 (-0.82 - 0.76); 0.938

((Sedation burden-3) / 10.07937)^3 a

-0.02 (-0.39 - 0.35); 0.915

-0.004 (-0.74 - 0.73); 0.991

0.037 (-0.42 - 0.49); 0.874

((Sedation burden-22) / 10.07937)^3 a

0.359 (-0.56 - 1.27); 0.434

0.209 (-0.31 - 0.73); 0.431

-0.244 (-0.84 - 0.36); 0.424
-0.062 (-0.51 - 0.38); 0.783

Unrest (per point)

-0.043 (-0.61 - 0.52); 0.881

-0.07 (-0.66 - 0.52); 0.818

Day 1 CFB (per litre)

-0.01 (-0.58 - 0.56); 0.972

-0.051 (-0.93 - 0.83); 0.909

0 (-1.28 - 1.28); 1

Day 4 CFB (per litre)

-0.169 (-0.83 - 0.49); 0.617

-0.156 (-0.82 - 0.51); 0.644

-0.179 (-0.88 - 0.52); 0.614

((day4CFB - -0.909) / 8.5476)^3 a

0.607 (-0.39 - 1.61); 0.233

0.581 (0.09 - 1.07); 0.02

0.208 (-0.42 - 0.84); 0.515

((day4CFB - 5.182) / 8.5476)^3 a

-1.392 (-2.77 - -0.01); 0.048

-1.259 (-1.82 - -0.7); <.001

-0.366 (-0.83 - 0.09); 0.113

Day 7 CFB (per litre)

0.059 (-0.77 - 0.88); 0.889

0.021 (-0.05 - 0.09); 0.54

0.121 (0.04 - 0.2); 0.003

((day7CFB - -2.098) / 9.5710)^3 a

-0.218 (-0.61 - 0.17); 0.267

0.005 (-0.66 - 0.67); 0.988

-0.031 (-1.64 - 1.58); 0.97

((day7CFB - 4.907) / 9.5710)^3 a

0.563 (-0.51 - 1.64); 0.278

-0.098 (-0.84 - 0.64); 0.795

-0.048 (-1.48 - 1.38); 0.948

HRQoL, health related quality of life; ICU, intensive care unit; Est, estimate; 95%CI, 95% confidence interval; a, These
formulas show how to calculate the spline terms for the variable above. These are always in the form of ((X - splineknot)
/ splinerange)^3. If X-splineknot is equal to or lower than zero, the splineterm is set to 0; LoS, length of stay; CPR,
cardiopulmonary resuscitation; CNS, central nervous system; CFB, cumulative fluid balance.

Shrunk coefficients
Outcome

Surviving with low HRQoL

Dying 4-12 months after ICU
admission

Dying 1-3 months after ICU
admission

Predictor

Est.

Est.

Est.

Intercept

-1.015

-2.256

-2.679
0.013

Age (per year)

0.004

0.026

((Age-24)/14.81096)^3 a

-0.017

0.041

0.029

((Age-53)/14.81096)^3 a

0.15

-0.218

-0.061

Sex (female)

0.184

-0.357

0.046

Pre-ICU hospital LoS (per day)

-0.01

0.004

0.009

Urgent surgical

-0.028

-0.228

0.132

Medical

0.324

-0.354

0.23

Admission type

Comorbidities
Kidney insufficiency

0.44

0.03

0.456

Diabetes

0.491

0.435

0.325

Immunological insufficiency

-0.39

0.598

0.687

Acute events on first day of ICU admission
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Confirmed infection

0.042

0.45

-0.08

CPR

0.104

-0.409

0.564

Cranial mass

0.338

0.116

0.75

Day 1 Coagulation = 1

-0.033

-0.081

0.025

Day 1 Coagulation = 2

-0.383

-0.502

-0.233

Day 1 Coagulation = 3

0.138

0.557

0.241

Day 1 Coagulation = 4

-1.072

-1.483

-1.011

Day 4 CNS = 1

-0.368

0.062

-0.214

Day 4 CNS = 2

-0.164

0.342

0.098

Day 4 CNS = 3

0.017

-0.177

0.031

Day 4 CNS = 4

-0.438

-0.179

0.07

Day 4 Coagulation = 1

-0.245

-0.162

-0.466

Day 4 Coagulation = 2

-0.303

-0.23

-0.863

Day 4 Coagulation = 3

-0.316

0.053

-0.482

Day 4 Coagulation = 4

0.341

0.706

0.215

Day 4 Respiratory = 1

0.664

0.011

0.038

Day 4 Respiratory = 2

0.527

0.131

0.31

Day 4 Respiratory = 3

0.243

-0.242

-0.051

Day 4 Respiratory = 4

0.289

-0.043

0.03

Day 7 Circulation = 1

0.107

-0.326

-0.015

Day 7 Circulation = 2

-0.274

-0.339

0.121

Day 7 Circulation = 3

0.075

-0.169

-0.222

Day 7 Circulation = 4

-0.063

-0.168

0.137

Day 7 CNS = 1

0.096

-0.004

0.382

Day 7 CNS = 2

0.142

0.181

0.257

Day 7 CNS = 3

0.173

0.065

0.946

Day 7 CNS = 4

0.092

0.045

1.27

Day 7 Coagulation = 1

0.174

-0.06

0.361

Day 7 Coagulation = 2

0.613

0.372

1.094

Day 7 Coagulation = 3

0.563

1.177

1.476

Day 7 Coagulation = 4

1.217

1.628

1.824

Day 7 Respiratory = 1

0.031

-0.072

0.469

Day 7 Respiratory = 2

-0.02

-0.134

0.338

Day 7 Respiratory = 3

0.405

0.16

0.637

Day 7 Respiratory = 4

0.185

-0.447

0.905

Day 7 RIFLE = Risk

-0.286

0.369

-0.17

Day 7 RIFLE = Injury

-0.276

-0.187

-0.078

Day 7 RIFLE = Failure

-0.114

0.243

0.176

Sedation burden (per point)

-0.014

-0.027

-0.026

((Sedation burden-3) / 10.07937)^3 a

-0.016

-0.003

0.03

((Sedation burden-22) / 10.07937)^3 a

0.279

0.171

-0.201

Unrest (per point)

-0.033

-0.057

-0.051

Day 1 CFB (per litre, 1 decimal)

-0.008

-0.042

0

Day 4 CFB (per litre, 1 decimal)

-0.132

-0.128

-0.148
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SOFA component scores

((day4CFB - -0.909) / 8.5476)^3 a

0.473

0.474

0.172

((day4CFB - 5.182) / 8.5476)^3 a

-1.084

-1.029

-0.302

Day 7 CFB (per litre, 1 decimal)

0.046

0.017

0.1

((day7CFB - -2.098) / 9.5710)^3 a

-0.17

0.004

-0.026

((day7CFB - 4.907) / 9.5710)^3 a

0.439

-0.08

-0.04

HRQoL, health related quality of life; ICU, intensive care unit; Est, estimate; 95%CI, 95% confidence interval; a, these
formulas show how to calculate the spline terms for the variable above. These are always in the form of ((X - splineknot)
/ splinerange)^3. If X-splineknot is equal to or lower than zero, the splineterm is set to 0; LoS, length of stay; CPR,
cardiopulmonary resuscitation; CNS, central nervous system; CFB, cumulative fluid balance.

Using the detailed model to obtain predicted probabilities of the four outcome
categories
Using the table of shrunk coefficients above, the user can calculate three
linear predictors (LP) for each patient: One for surviving with a low HRQoL (LP2),
one for dying 4-12 months after ICU admission (LP3), and one for dying 1-3 months
after ICU admission (LP4).
These linear predictors are calculated by multiplying a patient’s predictor
measurement with the corresponding coefficient, summing these values and adding
the intercept for that linear predictor.
Categorical predictors with more than two levels and continuous predictors
and are entered as described in the first column of the table above, while categorical
predictors with 2 levels have a value of ‘1’ when present or ‘0’ when absent.
For a single patient the predicted probability of each outcome is then
calculated as follows:
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Simple model
Raw coefficients, 95% confidence intervals and Wald test p-values
Surviving with low HRQoL

Dying 4-12 months after ICU
admission

Predictor

Est. (95%CI); Wald p-value

Est. (95%CI); Wald p-value

Est. (95%CI); Wald p-value

Intercept

-1.549 (-2.84 - -0.26); 0.019

-3.761 (-3.9 - -3.62); <.001

-3.879 (-4.05 - -3.71); <.001

Outcome

Age (per year)

Dying 1-3 months after ICU
admission

0.007 (-0.44 - 0.45); 0.976

0.029 (-0.28 - 0.34); 0.855

0.019 (-0.01 - 0.05); 0.156

((Age-24)/14.81096)^3 a

-0.023 (-0.56 - 0.52); 0.932

0.045 (-0.45 - 0.54); 0.857

0.018 (-0.4 - 0.44); 0.934

((Age-53)/14.81096)^3 a

0.185 (-0.37 - 0.74); 0.516

-0.252 (-0.61 - 0.11); 0.169

0.028 (-0.55 - 0.6); 0.924

Sex (female)

0.276 (-0.19 - 0.74); 0.245

-0.273 (-0.34 - -0.21); <.001

0.197 (0.13 - 0.27); <.001

Pre-ICU hospital LoS (per day)

-0.01 (-0.07 - 0.05); 0.747

0.011 (-2.37 - 2.39); 0.993

0.012 (-0.05 - 0.07); 0.69

-0.121 (-0.43 - 0.19); 0.434

-0.394 (-0.99 - 0.2); 0.196

0.207 (-0.2 - 0.62); 0.32

0.454 (0.1 - 0.8); 0.018

-0.384 (-0.95 - 0.18); 0.18

0.422 (-0.1 - 0.94); 0.111

0.684 (0.17 - 1.2); 0.01

0.398 (-0.09 - 0.89); 0.111

0.311 (-0.13 - 0.75); 0.163

-0.324 (-1.34 - 0.69); 0.532

0.967 (0.32 - 1.62); 0.003

0.807 (0.72 - 0.9); <.001

Admission type
Urgent surgical
Medical
Comorbidities
Diabetes
Immunological insufficiency
Acute events on first day of ICU admission
Confirmed infection

0.212 (0.01 - 0.42); 0.041

0.596 (0.51 - 0.68); <.001

0.148 (-1.06 - 1.36); 0.81

CPR

-0.036 (-0.45 - 0.38); 0.849

-0.641 (-0.75 - -0.54); <.001

0.731 (0.35 - 1.11); <.001

Cranial mass

1.324 (0.91 - 1.74); <.001

0.316 (-0.02 - 0.66); 0.068

0.015 (-0.05 - 0.08); 0.623

Day 1 SOFA score

-0.017 (-0.41 - 0.38); 0.93

-0.02 (-0.38 - 0.34); 0.913

0.163 (-0.2 - 0.53); 0.38

Day 4 minus day 1 SOFA score

-0.02 (-0.33 - 0.29); 0.899

-0.009 (-0.44 - 0.43); 0.966

0.202 (-0.15 - 0.56); 0.266

Day 7 minus day 4 SOFA score

0.058 (0.01 - 0.11); 0.017

0.059 (0.01 - 0.1); 0.009

0.231 (0.19 - 0.28); <.001
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HRQoL, health related quality of life; ICU, intensive care unit; Est, estimate; 95%CI, 95% confidence interval; a, These
formulas show how to calculate the spline terms for the variable above. These are always in the form of ((X - splineknot)
/ splinerange)^3. If X-splineknot is equal to or lower than zero, the splineterm is set to 0; LoS, length of stay; CPR,
cardiopulmonary resuscitation.
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Shrunk coefficients
Outcome

Surviving with low HRQoL

Dying 4-12 months after ICU
admission

Dying 1-3 months after ICU
admission

Predictor

Est.

Est

Est

Intercept

-1.407

-3.547

-3.694

Age (per year)

0.006

0.027

0.018

((Age-24)/14.81096)^3 a

-0.021

0.043

0.017

((Age-53)/14.81096)^3 a

0.168

-0.238

0.027

0.25

-0.257

0.187

-0.009

0.01

0.012

Urgent surgical

-0.11

-0.371

0.197

Medical

0.413

-0.363

0.402

Diabetes

0.621

0.375

0.296

Immunological insufficiency

-0.294

0.912

0.769

Sex (female)
Pre-ICU hospital LoS (per day)
Admission type

Comorbidities

Acute events on first day of ICU admission
Confirmed infection

0.193

0.562

0.141

CPR

-0.032

-0.604

0.696

Cranial mass

0.287

0.015

1.261

Day 1 SOFA score

-0.016

-0.019

0.156

Day 4 minus day 1 SOFA score

-0.018

-0.009

0.192

Day 7 minus day 4 SOFA score

0.052

0.056

0.22

HRQoL, health related quality of life; ICU, intensive care unit; Est, estimate; 95%CI, 95% confidence interval; a, these
formulas show how to calculate the spline terms for the variable above. These are always in the form of ((X - splineknot)
/ splinerange)^3. If X-splineknot is equal to or lower than zero, the splineterm is set to 0; LoS, length of stay; CPR,
cardiopulmonary resuscitation.
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Using the simple model to obtain predicted probabilities of the four outcome
categories
Using the table of shrunk coefficients above, the user can calculate three
linear predictors (LP) for each patient: One for surviving with a low HRQoL (LP2),
one for dying 4-12 months after ICU admission (LP3), and one for dying 1-3 months
after ICU admission (LP4).
These linear predictors are calculated by multiplying a patient’s predictor
measurement with the corresponding coefficient, summing these values and adding
the intercept for that linear predictor.
Categorical predictors with more than two levels and continuous predictors
and are entered as described in the first column of the table above, while categorical
predictors with 2 levels have a value of ‘1’ when present or ‘0’ when absent.
For a single patient the predicted probability of each outcome is then
calculated as follows:

Predicting long-term survival and health related quality of life after seven days of
intensive care unit stay

267

Chapter 9
General Discussion

270

Chapter 9

General Discussion
The road to a prognostic model for the long-term outcomes of intensive care
unit patients
This thesis is comprised of seven studies on the long-term outcomes of intensive
care unit (ICU) treatment and investigated to which extent such outcomes can be
accurately predicted. Although we were not the first to study the long-term health
related quality of life (HRQoL) or functional status of ICU survivors [1-8], many of these
studies focused on ICU subgroups. In order to build a prognostic model for patients
who have a prolonged length of stay regardless of such selection criteria, a cohort
of unselected ICU patients is required. In such a cohort, we found that long-term
outcomes varied considerably with different patient characteristics such as primary
diagnosis and comorbidities.

Before embarking on the actual development of a prognostic model, we first
investigated whether this was necessary. We compared the prognosis made by
the ICU physician at a patient’s discharge from the ICU to the observed one-year
outcome and found that the physicians were often too optimistic. In 36% of the
patients, the observed one-year outcome was considerably worse than expected
by the treating ICU physicians. This phenomenon is not specific to the general ICU
patient: in patients after neurological critical illness for example, the same over
optimism can be seen [9, 10]. Physician-generated prognoses greatly impact decision
making, and overly optimistic predictions may convince patients or their surrogates
to accept or ask for continued treatment, without a realistic perspective on an
acceptable outcome [10]. In addition, a physician’s level of experience is known to
influence his or her ability to accurately predict outcomes [11, 12], complicating the
issues of prognostication by physicians even further.
These findings justified the use of a statistical prognostic model to estimate
the prognosis of individual ICU patients. As is common in prediction research [13]
we first conducted a systematic review to investigate which prognostic models
were already available. Almost all of the 81 prognostic models that we found were
focused on short-term survival and most were primarily developed for use in the first
hours or day of ICU admission. Additionally, most models are focused on the worst
levels of vital parameters during the acute phase of critical illness, but are less well
correlated with the outcome of patients with a prolonged length of stay [14-17]. One
study in an unselected ICU population specifically aimed at predicting long-term
HRQoL, but only used predictors collected at the first day of ICU admission [18]. Also,
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Current estimators of the long-term prognosis of ICU patients

methodological advancements to cope with missing information, the abundance of
available predictors, and the risk of overfitting were rarely used [13]. Altogether, none
of the currently available prognostic models were applicable to provide a clinically
relevant long-term prognosis for ICU patients with a prolonged length of ICU stay.
We therefore decided to develop a new model for predicting long-term
outcomes, including HRQoL, for patients with a prolonged ICU admission. The
second part of this thesis describes the steps of the development of this new
statistical prediction model.
Development of a prognostic model for long-term ICU outcomes
Defining which quality of life is considered acceptable as outcome measure of a
prognostic model is challenging and perhaps even impossible. In the second
systematic review of academic literature for this thesis, we identified various
thresholds which clinical researchers have used to categorize the core outcome
measures of HRQoL and functional status [19] into ‘unfavourable’ and ‘favourable’
outcome groups. Notably, even within similar functional outcome scales the authors
applied different thresholds to define unfavourable outcome. Furthermore, in less
than half of the included studies a normative reason for the chosen threshold was
reported. This hidden normativity leaves the reader (physician or patient) to guess at
the authors’ intentions, while future researchers are unable to justify a certain level
of functional status as unfavourable [20, 21].
For our own studies, we explicitly categorized our HRQoL measurements
into low and high categories based on a normative idea about a minimally acceptable
functional state. In our categorization, HRQoL was considered low when it was
beneath the average level of people suffering from moderate to severe amyotrophic
lateral sclerosis [22], patients suffering from dementia with depression [23], or patients
with a severe to extreme depressive episode [24].
As we aim to develop a model for patients with a prolonged ICU stay, some
of the potential predictors have been measured more than once. This allows us to
not only use static information in the model – describing the current state of disease
of the patient – but also changes in the course of disease. Therefore, we paid specific
attention to the inclusion and handling of repeated measurements.
Acute kidney injury (AKI) is a well-known predictor of ICU outcome [25], which
is defined by an increase of serum creatinine or a decrease of hourly urine output.
Both these aspects of AKI require repeated measurements. The hourly measurement
of urine output however, is especially difficult to grasp due to frequently missing
measurements. Therefore, this aspect is often overlooked [26, 27]. In this thesis
however, we presented a protocol for the data handling of such hourly measured
data. Applying this protocol to patient data accurately reflects how a physician would
deal with a couple hours of missing urine production data. A prognostic model built
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with such data will therefore be more intuitive for the physician, and comes with a
clear guide on how to handle any missing data.
Subsequently, we showed that the occurrence and severity of acute kidney
injury early during ICU admission was indeed associated with long-term survival
and HRQoL. We considered it likely that failure of other organs than the kidney also
predicted long-term outcomes of ICU patients. Not only is organ failure the hallmark
of critical illness, but its prevention and treatment are the primary focus of ICU care [28, 29].
Using data on the progression of organ failure as a predictor is not straightforward as
there are multiple ways to handle repeatedly measured severity of organ failure data
[30, 31]
. We compared different approaches to deal with the occurrence and severity
of organ failure and found that the way repeatedly measured predictor data were
incorporated into a prognostic model indeed influenced predictive accuracy. The
approach which consistently showed a high accuracy without requiring all seven
days of first week organ failure data, namely including data from day 1, day 4 and
day 7, was subsequently incorporated in our final prognostic model.
Finally, we developed a prognostic model tailored to general ICU patients
who have been in the ICU for one week. In the development of this model, the
lessons learned from the preceding studies are reflected in the choice of the outcome
(into four categories, to allow the users to make a careful definition of ‘favourable
outcome’) and by carefully selecting and handling the predictor data.

The prognostic model developed in this thesis provides the probabilities of four
mutually exclusive outcomes (surviving with a high HRQoL, surviving with a low
HRQoL, death within 4-12 months and death within 1-3 months after ICU admission).
In an iterative process where the patient or the surrogate decision makers can play
as large a part as the physician, this prognostic information needs to be used in the
clinical context and in line with an individual patient’s preferences [32-34].
But before this model can be used in practice in the decision-making process,
potential barriers to implementation in clinical practice need to be taken into account,
with regard to the model itself and with regard to the decision-making process as a
whole.
Considerations with respect to the model
The first consideration is the current lack of external validation. In order to check
whether the model is robust in the presence of new patients within the ICU, or the
varying case-mixes of other ICUs, an external validation study is required [35, 36]. This
check of robustness will show whether the same level of predictive performance
(i.e. discrimination and calibration) can be obtained. To perform such a study, it is
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What is next - using a prognostic model tailored to a clinical decision-making
process

most helpful that an increasing number of university hospitals in the Netherlands
now perform a one-year follow-up of their ICU survivors, including a measurement
of QoL.
Of almost equal importance is the question whether other researchers and
clinicians are able to gather the required predictor data. In many ICUs the collection
of the required parameters is largely automated [37]. The resulting high level of
standardization should diminish the inter-rater variability. Hence, the data collection
process for the purpose of prognostication will be eased. When using this model
however, physicians and other users should take care these (automated) dataacquisition systems may contain errors. If a prognostic model is fed such data, the
prognosis might be erroneous as well and could result in far-reaching consequences
if used for major treatment decisions [38-40]. It remains the physician’s responsibility
to safeguard adequate administration of a patient’s course of disease and prevent
these kinds of errors.
Next to assuring the quality of predictor data, calculating the predicted
probabilities by use of the prognostic model formula is complex. Especially because
the prognostic model presented in this thesis was built using several additions to
the regression formula. The first of these complex additions was using restricted
cubic splines. These were used in order to model non-linear associations between
predictors and outcome [41, 42], and require the user to calculate additional splineterms. Additionally, the model was fit for a four-level outcome. This means users will
have to calculate three linear predictors in order to obtain predicted probabilities.
Consequently, direct clinical interpretation of a single predictor might seem confusing
due to an unexpected direction of effect for one of the outcomes [43, 44]. It should be
recognised that the effects of one predictor are conditional on the other predictors in
the model. In-depth interpretation of a single predictor’s contribution to the prognosis
might therefore be beyond the capabilities of the intended users (physicians, patients
and surrogate decision makers).
So, when calculating the predicted probabilities, the complex associations
within the prognostic model might cause confusion and incorrect use of the model’s
formula. Automating the calculation of the predicted probabilities through an online
or integrated calculator would be a fitting solution. Take for example the online web
calculator for the APACHE IV score which, behind the scenes, includes the use of
restricted cubic splines and provides estimates for multiple outcomes [45], or the realtime alerting of physicians to patients at risk of acute kidney injury [46]. As the ICU
is already in the habit of using computers and electronic patient files, handing over
such calculations to automation should be a familiar step in the process of care.
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Informing patients with an adequate prognosis enables them to participate in the
decision-making process and should be done throughout the course of critical
illness. Empowering patients or surrogates to actively take part in this process may
not be possible for all, but it is a prerequisite for the physicians to inform the patient
in order to obtain his or her consent. And when the patient is unconscious or unable
to participate in this decision-making process, it is legally required to inform the
surrogate decision makers and have them participate in a shared decision-making
process instead [32, 47].
The main reason patient preferences need to be discussed together with
the probability of a possibly unfavourable outcome, is that ICU physicians want
to corroborate with the patients to make meaningful choices within the available
treatment [48]. It is important to note that treatment can be deemed futile when there
is only a very small, almost non-existent, expected success rate of treatment in
a patient’s specific situation [49-52]. However, instead of focusing on a treatment’s
success rate, treatment can also be said to be disproportional. This occurs when
the expected outcome is less favourable than the burden and risks of treatment.
Weighing these aspects is not based on knowledge about available treatments alone,
but sets the patient’s view on the (minimally acceptable) outcome to strive for against
the possible side-effects and time required for rehabilitation and the possibility of
not attaining a satisfactory outcome even after this ordeal. As such, the physician,
patient and surrogate decision makers have to enter a process where the treatment
options need to be weighed against the immediate burdens of treatment and the risk
of an unsatisfactory long-term outcome for that specific patient [32, 53].
In order to weigh the risks of treatment outcome against the benefits,
information needs to be shared. However, even though the majority of surrogate
decision makers have shown to desire crude prognostic information when
representing the patient, physicians were reluctant to share the numeric probability
of outcome [54]. Instead the physicians used their own clinical insight to estimate the
most probable possible future functional status, or simply state the future outcome is
uncertain [10, 11]. This limits the physician’s potential prognoses to extreme statements,
which might disregard uncertainty, or wrongfully assume additional uncertainty
compared to a prognostic model’s estimate [11]. Of course, a statistical prognostic
model’s numerical probability of outcome also comes with a degree of uncertainty.
But where a physician’s estimate may be biased directly by morally loaded elements
such as the physician’s religion, culture or experience [32, 48, 50, 55], a well-developed
prognostic model is influenced by more clear and controllable elements (such as its
time since development, methodological choices, the quality of predictor data and
the reason for a specific outcome definition).
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Reluctance in the sharing and use of numeric prognoses is thought to come
from the need to explain the inherent uncertainty of probabilities [56]. It has been
shown that even for senior physicians it is very difficult to incorporate the numeric
prognosis into their family meetings [57-59]. Physicians however, are not expected to
be clairvoyant [54, 60]. Physicians are expected to help the patient and surrogates
understand the prognosis in the light of the current situation and future course of
disease [32, 54, 60, 61]. In our opinion, a physician’s expertise should therefore be wielded
to put the numeric prognosis in perspective of earlier prognostication (is the patient
improving or deteriorating?) and the current medical status [62]. Moreover, due to
a physician’s insight in prior patients with similar illness, they are able to give an
honest description of what a certain expected outcome would mean to the patient,
enabling the physician, patient and surrogates to decide whether it is a goal worth
striving for.
The use of statistics to provide the prognosis for in decision making has
hazards as well. Any directive prognostic model is at odds to become a self-fulfilling
prophecy. When bleak prognoses are strictly adhered to as directives to limit clinical
care, the patient is more likely to end up as expected (dead or with an unfavourable
HRQoL outcome). In the future, the model’s accuracy might seem to increase, while
in actuality it is the patient who is ‘forced’ to comply with the model’s expectation. And
this might go both ways: patients with a bright outlook according to their prognosis
could be treated with additional fervour, leading to the same apparent increase in
accuracy on the other side of the spectrum. To prevent this self-fulfilling prophecy, it is
imperative for any decision support measure for such definitive decisions to be seen
as a guide or supportive measure instead of a directive one. Moreover, as discussed
above, there will be information about an individual patient which is not part of the
model. As such, a supportive prognostic model provides a starting perspective for
the physician to individualize along additional insights into the patient’s status [63-65].
How the physician is to structure the rest of the decision-making process on
continuing or limiting ICU treatment and how exactly each step should contribute to a
proportionate process and responsible decision is not yet studied in great detail [66, 67].
Several questions remain untouched: who should be responsible for the collection
or sharing of the patient’s preferences when considering the long-term outcome?
Can we expect the patient or the surrogate decision makers to take the initiative,
or should physicians actively pursue additional information? Are there other reliable
sources which should be consulted? Do we require this information in all patients,
or only those with a (expected) prolonged length of stay? Are physicians all equally
equipped to discuss these issues? Should physicians discuss and propose treatment
limitation for hypothetical situations in advance? Answers to these questions will be
found within the shared opinions of all stakeholders: physicians, patients and family
members.
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Obtaining a clinically relevant prognosis for the heterogenous population of ICU
patients is difficult. Physicians have long used their own insight and experience
to guide patients and family members through the tough decisions during critical
illness. But in the face of losing independence and severe disability, some patients
will not benefit from continued over optimism. A statistical prognostic model would
be a good alternative to derive less biased prognoses but needs to be developed to
accommodate the specific prognostic information required by the decision-making
process it intends to support. The definition of outcome, the timing of predictor
measurement and the balance between a model’s complexity and its accuracy
result in the prognostic model’s relevance. Combining the physician’s insight into
unmeasurable patient factors and knowledge of the individual patient’s preferences
with the statistical prognosis will lead to a responsible interpretation of the prognosis
in the patient’s context. Sharing this information amongst other physicians, patients
and family members will enable all stakeholders to participate in a shared decisionmaking process and plan care in advance. In order to use the model developed in
this thesis in this way, future research is required to validate the prognostic model
and to provide physicians, patients and family members with adequate tools to find
each other within the uncertainty of critical illness.
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I

ntensive care unit (ICU) patiënten zijn ernstig ziek. Dit betekent dat zij lijden
aan een acute en levensbedreigende ziekte, die vaak resulteert in het falen van
meerdere organen, waardoor zij direct behandeling nodig hebben. Soms heeft
een patiënt langdurig continue bewaking, beademing, circulatoire ondersteuning,
niervervangende therapie, antibiotica, sedatie of andere invasieve therapie nodig.
De ICU opname van een dergelijke patiënt kan hierdoor een paar dagen duren,
maar het kan ook weken of maanden duren voordat een patiënt veilig van de ICU
ontslagen kan worden.
Na een ICU opname zijn er daarnaast nog langdurige consequenties van
een levensbedreigende ziekte en ICU behandeling. Vijftien tot twintig procent van
alle ICU patiënten overleeft het eerste jaar na het krijgen van een ernstige ziekte
niet. Wanneer men zich richt op de ICU patiënten die langer dan 24 uur op de ICU
opgenomen zijn geweest, stijgt de kans om binnen een jaar te sterven naar 25-30%.
Naast deze hoge kans op overlijden heeft een derde tot de helft van de patiënten die
het wel overleven, een jaar na ICU opname nog last van fysieke, psychiatrische en/
of cognitieve klachten zoals zwakte, post-traumatisch stress syndroom, depressie
en/of geheugen- en aandachtsstoornissen.
Omdat overleven met een ernstige functionele beperking of sterven gezien
kunnen worden als ongewenste uitkomsten van de invasieve ICU zorg, kiezen artsen
en patiënten er in sommige gevallen voor om van verdere behandelingen af te zien.
Dit besluitvormingsproces wordt op de ICU echter bemoeilijkt doordat patiënten
vaak zelf niet in staat zijn deel te nemen aan deze gewichtige discussie. Om tot
een verantwoord besluit te komen, is het daarom nodig dat de arts en de patiënt
of zijn vertegenwoordigers hun meningen delen over het ziektebeloop, de patiënt
zijn wensen, de geldende normen en waarden en zich baseren op een accurate
prognose over de overleving en de uiteindelijke ziektegerelateerde kwaliteit van
leven (HRQoL).
Hoewel artsen momenteel redelijk accurate voorspellingen maken van de
prognose van ICU patiënten, zijn hun inzichten beïnvloed door verschillen in ervaring,
expertisegebied en hun persoonlijke normen en waarden wat betreft de zorg rondom
levensverlengende of beëindigende handelingen. Een meer consistente manier van
het verkrijgen van een prognose kan daarom gezocht worden in een statistisch
voorspelmodel. Deze modellen worden ook wel prognostische modellen genoemd.
In de medisch wetenschappelijke ICU literatuur wordt er uitgebreid en vaak gebruik
gemaakt van prognostische modellen. Deze modellen zijn ontwikkeld om op basis
van meerdere klinische gegevens van de eerste 24 uur van de ICU opname van
een patiënt de kans op korte termijn sterfte te schatten en worden gebruikt voor het

selecteren van patiënten met een bepaalde ziekte-ernst of om te corrigeren voor de
ziekte-ernst bij het vergelijken van verschillende ICUs. Bekende voorbeelden van
prognostische modellen zijn de APACHE en SAPS scores.
Deze prognostische modellen worden echter niet gebruikt in de
besluitvorming voor individuele patiënten vanwege twee essentiële problemen.
Allereerst zijn de modellen die nu beschikbaar zijn ontwikkelt voor het voorspellen
van (korte termijn) sterfte, terwijl de patiënt vaak als doel heeft om te overleven met
daarbij een acceptabele (ziektegerelateerde) kwaliteit van leven. Ten tweede, door
zich te richten op de eerste uren van ICU opname zijn de huidige bekende modellen
niet klinisch relevant op het juiste moment: wanneer eenmaal besloten is een patiënt
op de ICU op te nemen, worden de eerste paar dagen van ICU opname gebruikt om
het effect van de behandeling af te wachten. Daarbij blijkt uit ander onderzoek dat
voorspellingen na 24 uur niet meer accuraat zijn wanneer de patiënt eenmaal week
of langer op de ICU is gebleven.
Momenteel zijn er nog geen prognostische modellen gemaakt die ontwikkeld
voor klinisch relevante beslismomenten tijdens ICU opname terwijl ze zich richten
op de overleving én de ziektegerelateerde kwaliteit van leven. Het doel van dit
proefschrift was daarom om een prognostisch model te ontwikkelen waarmee de
kans op deze uitkomsten wordt voorspeld voor patiënten die minstens een week zijn
opgenomen op de ICU.
De weg naar een prognostisch model voor het voorspellen van lange termijnuitkomsten van intensive care unit patiënten
Dit proefschrift bestaat uit zeven wetenschappelijke onderzoeken over het
voorspellen van de lange termijnuitkomsten van ICU patiënten. Hoewel de HRQoL
en functionele status van ICU patiënten reeds in eerdere onderzoeken is beschreven,
werd dit vaak onderzocht in voorgeselecteerde subgroepen van ICU patiënten.
Om een prognostisch model te ontwikkelen voor alle ICU patiënten die een week
zijn opgenomen is daarentegen een cohort van ongeselecteerde ICU patiënten
nodig. In hoofdstuk 2 laten wij een dergelijk cohort zien. In dit cohort bleek dat ICU
patiënten met verschillende patiëntkenmerken, zoals de opnamediagnose en hun
comorbiditeiten, een duidelijk verschil laten zien in de kans op lange termijnsterfte
en in wat voor mate beperkingen van de HRQoL optreden.
In hoofdstuk 3 werden de prognoses die ICU artsen opstellen bij het ontslag
van een IC patiënt vergeleken met de geobserveerde uitkomsten en bleek dat de
artsen vaak te optimistisch zijn. In 36% van de patiënten was de geobserveerde
uitkomst beduidend slechter dan wat de ICU artsen verwacht hadden. Uit
gerelateerde medische literatuur blijkt dit fenomeen niet specifiek voor ICU artsen
te gelden, maar ook voor andere specialisten, en ook op andere afdelingen. Het is
bekend dat de prognose die een arts opstelt de besluitvorming over de medische
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behandeling sterk kan beïnvloeden. Een te optimistische prognose kan er derhalve
voor zorgen dat patiënten of hun vertegenwoordigers een specifieke behandeling
wensen of accepteren, zonder een realistisch perspectief op een voor de patiënt
acceptabele uitkomst.
Hoofdstuk 4 is een overzichtsartikel waarin middels systematisch literatuur
onderzoek is gekeken welke prognostische modellen er ontwikkeld zijn voor de
algemene ICU populatie. Bijna alle 81 studies met prognostische modellen die wij
vonden waren gericht op korte termijn sterfte, en de meeste waren – net als de
APACHE en SAPS modellen – alleen gebaseerd op de patiëntgegevens van de
eerste uren of dag van ICU opname. Eén studie richtte zich op het voorspellen
van lange termijnkwaliteit van leven in ongeselecteerde ICU patiënten, maar ook dit
model richtte zich alleen op gegevens van de eerste dag van IC opname. Uiteindelijk
werd geen van de tot op heden beschikbare modellen toepasbaar bevonden om een
klinische relevante lange termijnprognose voor ICU patiënten met een verlengde
opname te verkrijgen.
Het tweede deel van dit proefschrift was daarom gericht op ontwikkelen
van een nieuw prognostisch model. Een model dat op maat gemaakt zal worden
voor het ondersteunen van de klinische besluitvorming voor patiënten na een week
ICU opname met een prognose over sterfte en HRQoL. Voordat we dit model
ontwikkelden, waren er echter belangrijke methodologische overwegingen die we
eerst hebben onderzocht.
Het definiëren van een te voorspellen uitkomst is vaak de eerste stap in het
ontwikkelen van een prognostisch model. Hoewel sterfte eenduidig een ongewenste
uitkomst is, is het verre van eenduidig te definiëren welk niveau van kwaliteit van
leven nog gezien kan worden als acceptabel. In hoofdstuk 5 is uit een tweede
systematisch literatuuronderzoek naar voren gekomen dat er verschillende grenzen
worden gehanteerd om ‘gunstige’ en ‘ongunstige’ HRQoL te definiëren. Opvallend
genoeg worden zelfs bij het gebruik van eenzelfde maat voor een functionele uitkomst
verschillende afkappunten gehanteerd. Wat hierbij nog meer opvalt is dat in ruim de
helft van de studies een normatieve onderbouwing ontbreekt voor het gebruik van
een specifieke afkappunt. De resulterende verborgen normen en waarden laten de
lezer (arts en patiënt) in het duister tasten naar de bedoeling van de auteurs van het
onderzoek. Vervolgens is het in de kliniek niet uit te leggen waarom de informatie
relevant zou kunnen zijn voor eventuele besluitvorming.
Voor onze eigen onderzoeken hebben wij er daarom voor gekozen om de
HRQoL-metingen in te delen gebaseerd op een omschreven normatief idee over wat
een minimale acceptabele functionele status zou moeten inhouden. In onze indeling
wordt de HRQoL als laag beschouwd wanneer deze lager uitvalt dan de gemiddelde
HRQoL van mensen die lijden aan gevorderde tot vergevorderde amyotrofische

lateraal sclerose, mensen met dementie die daarnaast lijden aan een depressie, en
mensen met een ernstige tot extreme depressieve episode.
Naast de uitkomst, is bij prognostisch onderzoek het definiëren van de
mogelijke voorspellers een belangrijke overweging. Voorspellers zijn factoren die
samenhangen met het optreden van de te voorspellen uitkomst, zoals kenmerken
van de patiënt en klinische metingen en onderzoeken. Omdat dit proefschrift is
gericht op het ontwikkelen van een prognostisch model voor patiënten met een
relatief lang ICU verblijf, is het daarnaast ook duidelijk dat sommige voorspellers
meerdere malen gemeten zijn. Dit betekent dat we naast statische patiëntgegevens
en de ziekteactiviteit van een moment, ook de veranderingen in het ziektebeloop
kunnen gebruiken als voorspeller. Vandaar is in de hoofdstukken 6 en 7 expliciet
aandacht besteed aan de omgang met deze gegevens.
Acute nierschade (AKI) is een uitgebreid onderzochte voorspeller van
uitkomsten na een ICU opname en kritieke ziekte in het algemeen. AKI wordt
vastgelegd aan de hand van een toename van het serum creatinine, of een afname
in de urineproductie per uur. Beiden aspecten van deze definitie van AKI vereisen
herhaaldelijke metingen. Het in wetenschappelijk verband onderzoeken van de
urineproductie blijkt echter lastig doordat de informatie niet voor elk uur van de
ICU opname beschikbaar is, waardoor de urineproductie niet wordt meegenomen
als mogelijke voorspeller van uitkomsten. In hoofdstuk 6 wordt een protocol
gedemonstreerd waarmee deze herhaaldelijk gemeten gegevens geïnterpreteerd
kunnen worden voor wetenschappelijk onderzoek ondanks missende metingen. Dit
protocol om de urineproductie te verwerken is gebaseerd op hoe artsen intuïtief
omgaan met missende urineproductiemetingen en het bepalen van nierschade. Uit
dit onderzoek bleek dat de urineproductie essentieel is in het verband tussen AKI op
dag 1 van ICU opname en de lange termijnsterfte en HRQoL.
Naast AKI houdt het falen van andere vitale orgaansystemen verband met
lange termijnuitkomsten van ICU patiënten. Het gebruik van gegevens over het
beloop van orgaanfalen als voorspeller is niet eenvoudig, omdat er vele manieren
zijn om herhaaldelijk gemeten gegevens in een prognostisch model te verwerken.
In hoofdstuk 7 werden 35 methodes vergeleken om de gegevens over orgaanfalen
in verschillende modellen, voor verscheidene uitkomsten te verwerken. Deze
methoden verschilden van elkaar wat betreft de manier waarop het voorkomen en
de ernst van het orgaanfalen werden meegenomen. Allereerst werd bevonden dat
de methode waarmee orgaanfalen werd verwerkt de voorspellende waarde van
een prognostisch model beïnvloedde. De aanpak die consistent accuraat scoorde,
zonder de gegevens van alle zeven dagen van de eerste ICU week nodig te hebben,
was die waar de score voor orgaanfalen van dag 1, dag 4 en dag 7 werd gebruikt,
zonder verdere toevoegingen. Deze methode was de basis voor het uiteindelijke
voorspelmodel.
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De ontwikkeling van het klinische relevante prognostische model waar dit
proefschrift om draait wordt beschreven in hoofdstuk 8. Hierin wordt een prognostisch
model gepresenteerd dat op maat gemaakt is voor de algemene ICU patiënt die
een week op de ICU is opgenomen geweest. Tijdens de ontwikkeling van dit model
worden twee belangrijke lessen uit de voorgaande onderzoeken meegenomen in de
gebruikte methodologie. De zorgvuldige methodes waarmee voorspeller zijn verwerkt
en geselecteerd leidt tot optimaal gebruik van de beschikbare patiëntgegevens
en is het definitieve prognostische model een goede balans tussen complexiteit
en gebruikersgemak. Daarnaast geeft de keuze voor vier uitkomstcategorieën
toekomstige gebruikers iets om over na te denken: waar tussen louter overleven en
overleven met een hoge HRQoL ligt het behandeldoel?

Conclusie
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Het verkrijgen van een consistente klinisch relevante prognose voor de heterogene
populatie van ICU patiënten is moeilijk. Artsen hebben tot op heden hun inzicht
en ervaring gebruikt om patiënten en familieleden te begeleiden bij de moeilijke
besluiten tijdens een levensbedreigende ziekte met ICU opname. Maar met het
mogelijke verlies van hun zelfstandigheid en ernstige beperkingen in het vooruitzicht,
zullen sommige patiënten niet gebaat zijn bij een te optimistische inschatting. Een
statistisch prognostisch model zou een goede methode zijn om minder gekleurde
prognoses uit af te leiden. Een dergelijk model moet echter wel ontwikkeld zijn om
de specifieke prognostische informatie te leveren die nodig is in het besluitproces
wat op dat moment speelt. De klinische relevantie van een model wordt bepaald door
de definitie van de uitkomst, het moment waarop de voorspellers gemeten worden
en de balans tussen een model zijn complexiteit en accuratesse. In het constant
herhalende besluitproces op de ICU kan uiteindelijk alleen met het samenvoegen
van een relevante prognose, inzicht in onmeetbare patiëntfactoren en de wensen
van de patiënt de prognose op een verantwoorde wijze geïnterpreteerd worden.
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dankwoord’). Zonder jullie was het niet gelukt.
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Supplementary Material
Uitgebreid dankwoord
Beste Diederik, toen ik als student onderzoek deed en nog niet was begonnen
als promovendus kon ik al mij geen betere (1e) promotor bedenken: je zette dé
onderzoekslijn op naar de lange termijn gevolgen van intensive care patiënten, was
altijd benaderbaar en vriendelijk, en nodigde mij niet alleen uit voor je oratie, maar
ook voor dat geweldige feest in het Spoorwegmuseum. En daar hield het niet op, je
regelde een volledig promotietraject inclusief verdieping in de epidemiologie, nam
me mee naar speciale werkgroepen op de Europese congressen, hielp mij met het
verkrijgen van mijn opleidingsplek bij de anesthesie en maakte officieel eens per
maand tijd vrij, maar had daarnaast altijd een open deur wanneer ik toch echt even
een vraag moest stellen. Ik kan het niet anders zeggen, je bent mijn rolmodel.
Maar waar ik je nog het meest dankbaar voor ben is de samenstelling die jij
hebt bedacht voor het geweldige promotieteam wat mij ruim drie jaar heeft begeleid.
Ik weet zeker dat menig promovendus hier alleen maar van kan dromen.
Beste Hans, vroeg in het promotietraject had Diederik de profetische ingeving dat een
onderzoek naar het ondersteunen van de besluitvorming omtrent levensverlengende
behandelingen op een intensive care, misschien ook wel beïnvloed wordt door
mensen hun normen en waarden en ‘enkele’ ethische principes die gelden in de
zorg. Met jouw kennis en inzichten was je daarom essentieel als 2e promotor. Het
schrijven van ons ethische hoofdstuk is voor mij een van de bekroningen op het
werk. Ik ben je dan specifiek ook erg dankbaar voor de tijd die je tijdens je sabbatical
had vrij gemaakt om hierover te brainstormen. Als laatst kan ik het niet laten de
‘landingsbaan’ te noemen. Dit was het meest treffende schrijfadvies wat ik ooit heb
gekregen, en is essentieel gebleken bij het schrijven van elk hoofdstuk.
Beste Dylan, jij hebt aan de wieg gestaan van mijn interesse voor de intensive care
geneeskunde en het doen van wetenschappelijk onderzoek. En als eerste indrukken
inderdaad het belangrijkst zijn, dan heb je dat goed gedaan, want beiden laten mij
nog steeds niet los (dat ik niet voor de interne geneeskunde heb gekozen ligt zeker
niet aan jou). Je humor, openheid en zorgzaamheid maken je de ideale co- / 3e
promotor (zeker in combinatie met Linda, daarin kan ik jullie niet los van elkaar
noemen). Hoewel we met Hans en Diederik de grote lijnen hebben uitgezet voor dit
proefschrift, zijn het onze wekelijkse bijeenkomsten met zijn drieën geweest waar dit
proefschrift echt vorm heeft gekregen. Juist de details waar ik zo trots op ben komen
voort uit dit wekelijkse uurtje. En één ding nog Dylan, als je ooit nog prullaria uit verre
landen nodig hebt, laat het me weten, ik haal ze met liefde voor je op.
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Beste Linda, bovenstaande heren hebben hun leerstoel met recht geclaimd, maar jij
bent toch de persoon die ik het meest associeer met de wetenschap en mijn eigen
wetenschappelijke vorming. Wat mij betreft gaat men je dan ook prof. dr. Peelen
noemen. Als epidemioloog ben je niet alleen zelf geïnteresseerd in methodologie en
statistiek, maar weet je die interesse ook bij anderen aan te wakkeren. Ik moet ook
toegeven dat ik elke keer weer dacht dat ik je kon verrassen met nieuwe statistische
methoden, maar dat ik elke keer weer versteld stond als je de voor- en nadelen
van de ene methode uitzette ten opzichte van andere keuzes. En uiteindelijk waren
het niet de verhandelingen in R, maar juist het maken van die keuzes die me elke
keer dwongen jouw wijze raad te zoeken. Inhoudelijk ben je voor mij een ware held
geweest, maar ook de persoonlijke adviezen, zoals die om elk jaar minstens een
keer twee weken achter elkaar vrij van werk te zijn, zal ik nooit meer vergeten.

Beste Arjen, Olaf en Monica, als andere ‘bazen’ van de intensive care stafgang,
frequente coauteurs en hoofdonderzoekers van de ‘IC follow-up groep’ kan ik ook
jullie niet vaak genoeg bedanken. Wat andere lezers misschien niet helemaal zullen
beseffen is dat het leven als intensive care arts gevuld is met onregelmatige diensten,
extra activiteiten (zoals onderwijs geven) en het streven wetenschappelijk onderzoek
te verrichten. Jullie drie weten dit alles te combineren, en een promovendus
officieel begeleid door andere collega’s toch elke keer weer met goede moed van
opbouwende en nuttige feedback te voorzien. Arjen, als professor en voorzitter van
de Brain-at-riskgroep doe je onderzoek op het scherpst van de neuro-intensive caresnede, waar technische termen over CT, MRI en de bijbehorende statistiek je om de
oren vliegen. Dat je daarnaast ook nog eens een vrolijke en gezellige vent bent vind
ik erg knap. Olaf, jou kom je echt overal tegen op of rondom de intensive care. Je
MARS-dames zijn onder jouw begeleiding met recht dé onderzoekersgroep van de
F6-gang te noemen, jij beheert zelf de invoegtoepassingen in Metavision, en als het
even mee zit organiseer je de beste BBQ van Zeist. Daarnaast lever je met je nuttige
en uitgebreide commentaar op elk manuscript het bewijs dat de rode pen machtiger
is dan het zwaard. Dank je dat ik me af en toe mocht aansluiten bij jouw eregarde
van promovendi. Ik voel me vereerd. Monica, staflid op de intensive care en in je
vrije tijd promoveren. Jouw proefschrift over de daadwerkelijke besluitvorming op
de intensive care en de communicatie daarover is waar het in de patiëntenzorg
daadwerkelijk om gaat. Ik hoop dat het prognostische model uit dit proefschrift daarin
een rol kan spelen. Ik kijk al uit naar jouw verdediging.
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Het is wellicht overbodig om jullie vier ook samen te vernoemen, maar Diederik,
Hans, Dylan en Linda, jullie hebben het voor mij mogelijk gemaakt drie geweldige
jaren te werken aan een proefschrift waar ik erg blij mee ben. Ik kan jullie niet vaak
genoeg bedanken. Ik hoop dat onze paden nog vaak kruizen.

Hoewel de promotores wanneer nodig altijd voor mij klaar stonden en ik de
copromotors wekelijks een uur voor mezelf had, weten mijn kamergenoten dat ik
niet zonder hen had gekund. Allereerst, hoe kan het ook anders, de MARS-dames:
Marlies, van deze groep leerde ik jou als eerst kennen. Volhardend, vurig en ‘shinend’
heb jij me vaak doen lachen en tot discussies verleid (over het werk en de beste
kersttrui). Kirsten, tegelijk begonnen wij aan onze promotietrajecten en hebben we
dikke pret gehad met ons eigen squashtoernooi, koffieruns, het foute uur en aprèsski muziek en het afgeven op de helpdesk. Met andere woorden, er is geen beter
onderzoeksmaatje te vinden! En die squash beker, die moet nog steeds door een
van ons veroverd worden. Maar door wie? Diana, jij bent de enige echte pittige diva
van de afdeling en schroomt je niet om moeilijke en grote projecten aan te pakken
en te volbrengen. Ik herinner me daarbij ook goed hoe jij de rust op de kamer weet
te bewaren; ik heb mijn ringtone tegenwoordig op stil staan. Meri, met je scherpe
inzicht ga jij volgens mij nog een heel gave promotietijd tegemoet, dank je voor je
vrolijkheid en optimisme. Hooggeleerde dames van de MARS, zoals ik hierboven
al schreef, jullie zijn dé onderzoeksgroep van de F6 gang, maar eigenlijk ook het
neusje van de zalm wat betreft de divisie en het UMCU. Niet alleen heb ik van jullie
gezelschap mogen genieten, maar ook hebben jullie mij koffie leren drinken. Ik weet
niet hoe ik zonder jullie gezelschap nog onderzoeker zou kunnen zijn en kan me al
helemaal niet voorstellen hoe ik zonder koffie te drinken aangenomen had kunnen
worden bij de anesthesiologie. Mijn eeuwige dank daarvoor!
Jos F. (om verwarring met mijn oudere broer te voorkomen), Wietze en Geert,
een riskante samenstelling van andere enthousiaste onderzoekers? Dat zou je zeker
kunnen zeggen, maar nadruk van deze heren lag vooral op stoere activiteiten zoals
risken, regenwormen en andere bordspellen. Jos, ik had jou ook kunnen vernoemen
bij de MARS‘ers als kamergenoot, maar voor mij staat het gezelschap wat wij op onze
spelletjesavonden hadden voorop. Dat betekent niet dat ik je niet dankbaar ben voor
je geduld, advies en samenwerking wat betreft verschillende onderzoeken. Wietze,
de man met de baard, de koffie en de houthakkerstrui of het Ernieshirt. Trendy en de
meest meedenkende data-manager, promovendi en klusjesman die je je maar kan
voorstellen. Van veel mensen in dit dankwoord wordt gezegd dat ze essentieel zijn
geweest voor de gedachtevorming of uitwerking van het onderzoek, maar zonder jou
werk en inzicht in het extraheren van de gegevens uit de verschillende datasystemen
had men nooit aan de onderzoeken van dit proefschrift kunnen beginnen. Held!
Geert, mijn partner in crime bij de master Epidemiologie en bij de anesthesie. Ik zal
nooit vergeten hoe jij slimme dataverwerking hebt kunnen toepassen op dat vreselijk
ongeordende medische dossier wat wij hebben. Maar ik ben je vooral dankbaar voor
je vriendschap en je ipad voor tanks. We gaan snel weer een filmpje kijken op je
beamer (Wietze en Jos, komen jullie ook?).
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Als laatste kamergenoot is daar nog Celine. Als een frisse wind de kamer binnen
komen, maar hem als een storm ondersteboven kunnen zetten is een gave, maar in
jouw geval wel een heel gezellige! Dank daarvoor.
Beste Lisette, Martine, Mathilde, Simone, Ilse, Lotte, Annemiek, Tianne en andere
(oud en) toponderzoekers van de E2 en van de divisie vitale functies, ook met jullie
heb ik veel lol beleefd op het werk en bij uitjes. Zorg dat ze jullie kamer behouden,
want jullie verdienen het! Veel succes nog met jullie huidige functies of het afronden
van jullie promotietraject.
Beste Jacqueline, toen jij aantrad als tweede datamanager weet ik nog dat Wietze
erg blij was zijn taken deels aan jou te kunnen overdragen. Wat mij betreft hadden ze
inderdaad geen betere aanvulling kunnen kiezen. Dank voor je snelle en adequate
werk en je vrolijke gezelschap.
Beste stafleden, fellows, AIOS, ANIOS, PA’ers en verpleegkundigen van de
intensive care, dank voor jullie werk en gastvrijheid en open houding ten opzichte
van een jonge onderzoeker. Jullie leveren dagelijkse een enorme prestatie met jullie
patiëntenzorg. Ik hoop dat jullie uit dit proefschrift kunnen halen wat ik uit inspiratie
uit jullie werk heb kunnen halen. Speciale dank voor Joseph voor het leiden van dit
prachtige team van medische professionals.
Aan de stafleden die ik heb lastiggevallen voor een niet nader te noemen
internationale studie ook nog een klein excuus voor de emailbom, maar vooral een
extra dankwoord voor jullie moeite!

Beste dames van het klinisch secretariaat, ook jullie verdienen een eervolle
vermelding in dit dankwoord. Drie jaar lang zijn door onze gezamenlijke inspanningen
de ene maand een lading van 250 brieven met vragenlijsten en elke andere maand
een lading van 100 herinneringsbrieven geprint, ingepakt en verstuurd. Deze
dataverzameling loopt nu al negen jaar en is de basis geweest voor de onderzoeken
in dit boek. Mijn dank is groot en tot in de wandelgangen van onze intensive care.
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Beste Rosalie en Christine, weinigen beseffen het, maar de intensive care draait
op jullie agendering. Ik prijs mijzelf gelukkig dat Christine het op zich nam om de
terugkerende afspraken met promotors of anderen voor mij te plannen. En Rosalie,
jouw behulpzaamheid bij het vinden van een sleutel en je waakzame oog op de
printer houdt menig personeelslid scherp en in het gareel. Dank en lof voor jullie
vriendelijkheid.

Beste dames van het trailbureau, Sandra en Ada in het bijzonder, jullie hulp bij
het voltooien van de PROGRESS-studie was essentieel en heeft ons tot meest
includerende centrum van Nederland gemaakt. Hartelijk dank voor jullie inzet.
Mochten jullie nog bloed nodig hebben van patiënten die voor een operatie naar de
OKs gaan, laat het weten!
Beste Eline, als onderzoeksmanager is het soms geloof ik wel een uitdaging al
die warhoofden van profs, postdocs en promovendi bij de les te houden. Gelukkig
hebben ze jouw notulen en overzichten om op te leunen. Dank je voor je hulp bij
allerlei zaken, en dank je voor je vrolijke gezelschap bij de studenteninformatieavond en op de F6 gang.
Beste AIOS-anesthesiologie, ik kan me voorstellen dat proefschriften niet echt
dagelijkse kost zijn om even over uit te wijden. Toch waren jullie zo aardig om
telkens weer geïnteresseerd te luisteren naar hoe ik mezelf zo druk vond vanwege
het afronden van het proefschrift, of wanneer ik weer eens tof wilde doen met
statistische kennis. Hoewel het wetenschappelijk onderzoek zijn allures heeft, wil
ik jullie hiernaast ook bedanken voor het warme welkom in het klinische werk en de
hechte vriendschappen die ik binnen no-time met jullie heb kunnen opbouwen. Jullie
zijn top!
Dank ook aan professor Hoff voor het bijeen brengen van deze bijzonder
gave groep artsen, voor de opleidingsplaats en de steun en het begrip tijdens het
afronden van dit proefschrift.
Beste D.A.S’ers: D.A.S. Hoogh en driewerf Hulde: Hulde! Hulde! Hulde!
Lieve Ellen, Ietje en Kamil, beste partypeepz, my brothers and sisters from other
mothers, sinds dag een van onze geneeskundestudies hebben wij elkaar gevonden,
en dat zal zo blijven! Dank voor jullie vriendschap door de jaren heen. Kamil, in
het kader van dit onderzoek moet ik jou hierbij echter nog dubbel bedanken: op
wereldreis overtuigde je me dat wetenschappelijk onderzoek echt leuk kon zijn en
ben ik op zoek gegaan naar het project wat uiteindelijk tot dit promotietraject heeft
geleid. Dat je nu ook nog mijn paranimf wilt zijn, mijn dank is groot!
Lieve Jos, Bram en Philip, dank voor jullie discussies, inspiratie en gedol. Jos, als
mijn go-to proofreader heb jij dit dankwoord meer dan verdiend. Ook dank aan Mieke
overigens voor de interesse en het meedenken. Dit heeft me zeer gemotiveerd.
Bram, terugkomen uit Nieuw-Zeeland om als mijn paranimf te kunnen optreden
waardeer ik enorm, zonder jou geen feest. Philip, vandaag de dag ben je een
serieuze student die prima mee had kunnen denken over dit proefschrift, maar jou
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ben ik vooral dankbaar voor de lol en ontspanning die we samen hebben. En je hebt
helemaal gelijk: ik moet gaan touwtjespringen. Soli-broers voor het leven!
Lieve pa en ma, woorden zijn niet genoeg om jullie te bedanken, maar meer kan
ik momenteel niet kwijt in dit proefschrift. Jullie hebben een geweldig gezin weten
te maken, en alle ingrediënten bij elkaar gebracht waardoor Jos, Bram, Philip en ik
kunnen worden wie we willen zijn, wat we ook interessant vinden. Ma, het is geen
muziekinstrument of carrière op een toneel geworden, en pa, ik heb nog steeds
geen vliegtuig voor je gekocht, maar ik hoop dat ik jullie trots heb kunnen maken.
Jullie zijn de beste!
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Liefste Marian, even dacht ik, je houdt niet van publiekelijke uitingen van lof, dus
misschien kan ik beter niets schrijven. Een groter onrecht zou er echter niet zijn. Als
er iemand geduld, empathie en begrip heeft kunnen opbrengen voor de zaken die
besproken worden in dit proefschrift, ben jij het. Daarnaast ben je de vrouw met wie
ik samen het avontuur van het leven trotseer. Pak je snowboard, duikspullen en je
bergschoenen, je kwast, schuurapparaat en hamer, of je bordje eten, footsie en een
spannende serie en er is geen reis, huis of rustige avond thuis veilig voor ons. Je
bent hartstikke gek lievie, te gek!
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