
VU Research Portal

Research methods for critical care

de Grooth, H.J.S.

2020

document version
Publisher's PDF, also known as Version of record

Link to publication in VU Research Portal

citation for published version (APA)
de Grooth, H. J. S. (2020). Research methods for critical care: Empirical tests of commonly used clinical
research instruments. [PhD-Thesis - Research and graduation internal, Vrije Universiteit Amsterdam].

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

            • Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
            • You may not further distribute the material or use it for any profit-making activity or commercial gain
            • You may freely distribute the URL identifying the publication in the public portal ?

Take down policy
If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately
and investigate your claim.

E-mail address:
vuresearchportal.ub@vu.nl

Download date: 23. May. 2023

https://research.vu.nl/en/publications/a1314379-5c75-4667-a688-287a0fead46d


[0471] Omslag:Harm-jan de Grooth 
FC

Formaat: 170 x 240 mm
Rugdikte: 11,5mm

Boekenlegger: 60 x 230 mm
Datum:  09-03-2020

UITNODIGING

voor het bijwonen van de 
openbare verdediging van 
het proefschrift

Research methods 
for critical care: 
Empirical tests of 
commonly used 
clinical research 
instruments

op donderdag 23 april 2020 
om 13.45 uur in de aula 
van de Vrije Universiteit, 
De Boelelaan 1105 te 
Amsterdam.

Aansluitend bent u van 
harte welkom op de 
receptie ter plaatse. 

Harm-Jan de Grooth

Noorderstraat 1B
3512 VW, Utrecht

Paranimfen

Bob Smit
Pieter de Waard

Harm-Jan de Grooth

Research methods for critical care:
Empirical tests of commonly used 
clinical research instruments

Research m
ethods for critical care: Em

pirical tests of com
m

only used clinical research instrum
ents

H
arm

-Jan de G
rooth

529984  PbEva 170x240 Mat lam.  Spine:12





Research methods for critical care: 

Empirical tests of commonly used clinical research instruments.

Harm-Jan de Grooth



ISBN: 978-94-6361-408-5
Layout and printed by: Optima Grafische Communicatie (www.ogc.nl)



VRIJE UNIVERSITEIT

Research methods for critical care:
Empirical tests of commonly used clinical research instruments.

ACADEMISCH PROEFSCHRIFT

ter verkrijging van de graad van Doctor
aan de Vrije Universiteit Amsterdam,

op gezag van de rector magnificus
prof.dr. V. Subramaniam,

in het openbaar te verdedigen
ten overstaan van de promotiecommissie

van de Faculteit der Geneeskunde
op donderdag 23 april 2020 om 13.45 uur

in de aula van de universiteit,
De Boelelaan 1105

door

Harry Jan Sierts de Grooth

geboren te Rotterdam



promotoren: prof.dr. H.M. Oudemans-van Straaten
  prof.dr. A.R.J. Girbes
copromotoren: prof.dr. J.J. Parienti
  dr. A.M.E. de Man



Contents
General introduction 7

Preamble: Applied clinical research
1 Vitamin C Pharmacokinetics in Critically Ill Patients: A Randomized Trial of 

Four IV Regimens.
19

2 Study protocol for the O2-ICU trial: The effects of hyperoxia on organ 
dysfunction and outcome in critically ill patients with SIRS.

37

 
Part I: empirical analyses of commonly accepted endpoints for 
randomized controlled trials.

3 Should we rely on trials with disease- rather than patient-oriented endpoints? 53
4 SOFA and mortality endpoints in Randomized Controlled Trials: a systematic 

review and meta-regression analysis.
61

5 Validity of surrogate endpoints assessing catheter-related infection:  
Evidence from individual- and study-level analyses.

79

Part II: empirical evaluation of a classic research population: septic shock.
6 Unexplained mortality differences between septic shock trials: a systematic 

analysis of population characteristics and control-group mortality rates.
105

7 Corticosteroids in sepsis: Clouded by heterogeneity. 127
8 Positive outcomes, mortality rates and publication bias in septic shock trials. 133
9 Time to stop randomized and large pragmatic trials for intensive care 

medicine syndromes: The case of sepsis and acute respiratory distress 
syndrome

145

Part III: The interface of statistical and clinical validity
10 Observational research for therapies titrated to effect and associated with 

severity of illness: misleading results from commonly used statistical methods.
163

11 AKI biomarkers are poor discriminants for subsequent need for renal 
replacement therapy, but do not disqualify them yet.

177

12 Early warning scores in the perioperative period: applications and clinical 
operating characteristics.

185

summary and general discussion 199

epilogue 217
Acknowledgements, Curriculum vitae and List of publications 219





General introduction





9

General introduction

The aim of all critical care research is ultimately to answer variants of the same question: How 
can we improve the outcomes of patients with specific critical illness-associated diagnoses? 
To answer such questions, clinical researchers have at their disposal a vast instrumentarium 
of definitions, statistical tools and the most data-rich patient population in the hospital. But 
despite enormous efforts, the results over the last decades have been disappointing.

In the last 40 years, sepsis and septic shock have been the focus of more than 100,000 
research publications 1,2 and more than 2,000 randomized controlled trials 3,4. Hundreds 
of millions –  if not billions  – of Euros have been spent on the development and testing 
of pharmaceutical agents and interventions. But these efforts have not resulted in a single 
novel intervention to treat sepsis and its devastating consequences 5,6. In the same 40 years, 
the Acute Respiratory Distress Syndrome (ARDS) and positive pressure ventilation have 
been the subject of more than 70,000 research publications 7 and more than 5,000 random-
ized controlled trials 8. All of this research has resulted in a single consensus intervention 
(low tidal volume ventilation 9) and a handful of debated adjunctive therapies 10.

The bleak results for sepsis and ARDS extend to most aspects of critical care research, 
from acute kidney injury to delirium or post-cardiac arrest syndrome. No critical care diag-
nosis has seen a treatment revolution in the last decades based on ‘level A’ evidence 5,6,11, and 
many once-promising results could not be reproduced 12. This paucity of strong evidence is 
also reflected in clinical practice guidelines such as the Surviving Sepsis Campaign, whose 
recommendations are based for 62% on low or very low-level evidence 13,14. The poor return 
on research investment has led several leading investigators to question the current research 
paradigm, or – more radically – to call for a total abandonment of randomized controlled 
trials with mortality endpoints in critical care 6,15–17.

There are, however, more hopeful data. Several very large observational studies have 
found that the overall mortality rate of sepsis has decreased substantially since 1980 18–21. 
In one of the most detailed of these studies with more than 100,000 severe sepsis patients 
in Australia and New Zealand, the adjusted mortality rate decreased by half between 2000 
and 2012 21. There appears to be a similar improvement in the mortality rate of ARDS over 
time 22,23, although one study reports a stagnation since the mid 1990’s 24. The mortality rate 
of (non-sepsis, non-ARDS) intensive care patients appears to have decreased overall 21,25. 
In the absence of strong evidence for any beneficial treatment, it is hard to determine what 
caused this improvement in outcomes, but it is likely to be at least partly attributable to 
improved safety standards, earlier detection of severe illness and a faster response to the 
deteriorating patient 16.

If indeed there has been progress in the quality of critical care over the last decades, 
it seems not to have originated in mortality-reducing randomized controlled trials. This 
stands in sharp contrast with the progress in medical oncology and hematology, where most 
progress has a foundation in therapies with a proven benefit in clinical trials. Yet substantial 
improvements in outcomes can be attained without such trials, as we also know from a field 
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closely related to critical care: Through a relentless focus on perioperative safety, anesthesia-
related mortality has decreased more than tenfold without a single large randomized con-
trolled trial demonstrating a mortality benefit 26.

We should therefore shy away from the reductionist perspective that progress in the 
treatment of critically ill patients must necessarily originate from large randomized con-
trolled trials. But alternative approaches to the epistemology of therapeutic benefit are not 
so clear: Without the obviously relevant anchor of a reduced mortality rate, how can we 
know which therapies are truly beneficial and which therapies merely polish the numbers, 
ratios and lab results without actually improving the long-term outcomes of our patients?

The work presented in this thesis is the result of questions that came up during the 
design of several clinical studies. Two of these studies are included as a preamble to the 
main body – not because they solve any methodological question but rather to illustrate 
how methodological choices are fundamentally tied to clinical questions. On a more per-
sonal level, these studies are included here to reflect how applied clinical research led me to 
investigate several common design choices in critical care studies. The first of these studies 
(chapter 1) is a randomized controlled pharmacokinetic trial investigating the dose-plasma 
concentration relationship for high-dose intravenous vitamin C. This study is included here 
because the vitamin C research line – with a large randomized trial as an end goal – led 
us to question both the optimal study endpoint and the optimal study population for a 
future large randomized controlled trial. Chapter 2 is an abridged study protocol for the 
O2-ICU trial, the randomized study that has been my largest clinical research effort in the 
last years. The protocol is included here because the choice of the primary endpoint led us 
to investigate the utility of surrogate endpoints.

The chapters grouped as Part I are focused on the validity of several commonly accepted 
endpoints in critical care trials. In chapter 3 we explain the difference between so-called 
disease-oriented endpoints and patient-oriented endpoints, and we demonstrate that dis-
ease-oriented endpoints have become increasingly more prevalent in critical care research 
over the past decades. We explain why a strong association between a disease-oriented 
endpoint (e.g. SOFA score) and a patient-oriented endpoint (e.g. mortality) is a necessary 
but not sufficient condition for the validity of the disease-oriented endpoint (the surrogate 
paradox). In chapter 4 we aimed to investigate the validity of different SOFA score deriva-
tives as endpoints using data from 87 published randomized trials with a SOFA endpoint. 
We show that a four-quadrant plot of treatment effects on SOFA score versus treatment ef-
fects on mortality (and accompanying weighted mixed effects model) is a convenient way to 
evaluate whether a surrogate adequately captures effects on mortality. We then applied these 
methods to another research field with multiple interchangeably used endpoints: Studies 
aiming to reduce central venous catheter-associated infections. In chapter 5 we set out to 
investigate the validity of various endpoints used in catheter-related infection studies using 



11

General introduction

study-level data from 70 trials and individual-level data of 9428 catheters from four of the 
largest randomized trials in this field.

After this work on questions surrounding trial endpoints, we change focus to questions 
surrounding trial populations. The chapters grouped as Part II of this thesis are focused on 
an archetypical study population in critical case research: Patients with septic shock. We 
observed that many septic shock trials show conflicting results and in chapter 6 we wanted 
to answer the question: How similar are the populations of different randomized trials 
with septic shock patients? Using data from 56 septic shock trials and multiple statistical 
techniques we arrived at surprising results. These findings have important consequences for 
reporting standards and for the external validity of septic shock trials, as we briefly argue in 
chapter 7. In chapter 8, we investigated whether a higher control-group mortality rate (and 
especially an unexplainably high control-group mortality rate) is associated with ‘positive’ 
(p<0.05) results in septic shock trials. In chapter 9 we tried to quantify (using Monte Carlo 
simulation methods) how syndrome-attributable risk influences the chance of detecting a 
beneficial effect on mortality in large randomized controlled trials.

The papers grouped under Part III are focused on the interface between statistical 
significance and clinical relevance. In chapter 10 we investigated whether regression meth-
ods applied to observational data can be used to properly ‘control for’ variables strongly 
influencing the outcome of interest. In critically ill patients, treatment dose or intensity is 
often positively or negatively related to the underlying severity of illness and consequent 
mortality risk, while overtreatment or undertreatment (relative to the individual need) may 
further increase the odds of death. Examples are vasopressor dose, fluid balance or (suc-
cessful) enteral feeding dose. Using Monte Carlo Simulation methods, we investigated how 
such relations are reflected in common statistical methods. In chapter 11 (an editorial on a 
study about the prognostic value of biomarkers for acute kidney injury) we explain how risk 
stratification is often confused for discrimination and discuss the limitations of the Area 
Under the Receiver Operator Characteristics Curve (AUROC) in this context. In chapter 
12 we critically reviewed the literature on Early Warning Scores in the perioperative period 
and we evaluated whether the AUROC, although it is the most often used performance 
metric, provides a practically useful evaluation of the performance of early warning scores. 
The overarching point of the papers in Part III is that statistical techniques applied without 
a proper basis in clinical concepts will often lead to unreliable results.

In all, this thesis is about critical care research instruments in the broadest sense: About trial 
endpoints, study populations and statistical methods. What connects the different subjects 
and papers is the idea that, rather than theorizing about the validity and usefulness of an 
instrument, we can and should evaluate these instruments empirically using real-world 
data. With the help of many others, I have attempted to do this for several small subsections 
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of the vast research landscape. I hope this work contributes to improved efficiency, more 
transparent statistical reporting and better reproducibility in critical care research.
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Chapter 1

AbstRACt
background: Early high-dose intravenous vitamin C is being investigated as adjuvant 
therapy in critically ill patients, but the optimal dose and infusion method are unclear. The 
primary aim of this study was to describe the dose-plasma concentration relationship and 
safety of four different dosing regimens.

Methods: This was a four-group randomized pharmacokinetic trial. Critically ill patients 
with multiple organ dysfunction were randomized to receive 2g/day or 10g/day vitamin C 
as a twice daily bolus infusion or continuous infusion for 48 hours. Endpoints were plasma 
vitamin C concentrations during 96 hours, 12-hour urine excretion of vitamin C and oxalate 
and base excess. A population pharmacokinetic model was developed using NONMEM.

Results: Twenty patients were included. A two-compartment pharmacokinetic model with 
creatinine clearance and weight as independent covariates described all four regimens best. 
With 2g/d bolus, plasma vitamin C concentrations at T=1h were 29-50 mg/l and trough 
concentrations were 5.6-16 mg/l. With 2g/d continuous, steady state concentrations were 
7-37 mg/l at T=48h. With 10g/d bolus, T=1h concentrations were 186-244 mg/l and trough 
concentrations were 14-55 mg/l. With 10g/d continuous, steady state concentrations were 
40-295 mg/l at T=48h.  Oxalate excretion and base excess were increased in the 10g/d dose. 
Forty-eight hours after discontinuation, plasma concentrations declined to hypovitaminosis 
levels in 15% of the patients.

Conclusions: The 2g/d dose was associated with normal plasma concentrations, the 10g/d 
dose with supra-normal plasma concentrations, increased oxalate excretion and metabolic 
alkalosis. Sustained therapy is needed to prevent hypovitaminosis.

Clinical trial Registration: The trial protocol was registered at clinicaltrials.gov before 
inclusion of the first patient (NCT02455180).
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IntRoduCtIon
Early high-dose intravenous vitamin C is under growing interest as potential adjuvant 
therapy in critically ill patients with sepsis, trauma, burns or ischemia/reperfusion injury, 
but pharmacokinetic data in critically ill patients are surprisingly scarce.

Vitamin C (ascorbic acid) is a water-soluble molecule with pleiotropic functions. It is 
an essential antioxidant and has anti-inflammatory and immune supporting properties 1. 
Vitamin C is a cofactor or co-substrate in the biosynthesis of collagen, catecholamines, va-
sopressin and other peptide hormones2 and is essential in the stress response by promoting 
the synthesis of cortisol and norepinephrine and restoring receptor sensitivity3,4. Critically 
ill patients have low plasma vitamin C due to decreased intake and absorption, acutely 
increased metabolism and redistribution5–7. Septic patients may have scurvy-level vitamin 
C depletion8,9.

Some clinical trials have shown beneficial effects of vitamin C in patients with sepsis, 
after major surgery or trauma, but not all studies were positive10. Variations in timing, dose 
and administration route may play a role, as direct radical scavenging depends on plasma 
concentrations above 175 mg/l (1000 µmol/l)11. Oral regimens cannot increase plasma 
concentrations to normal (let alone supranormal) levels as transported-mediated enteral 
uptake is rate-limited and possibly impaired in critical illness 6,11–13.

Recently, three small studies using pharmacological doses have rekindled interest in vi-
tamin C during critical illness. In these studies septic patients receiving intravenous vitamin 
C (50 to 200 mg/kg/day) showed a dose-dependent reduction in organ failure14,15 and 28-day 
mortality15,16. Along with a body of preclinical research these studies mandate further inves-
tigation into the clinical benefit and safety of pharmacological doses of intravenous vitamin 
C17. Oxidized vitamin C can be converted into oxalic acid in concentration-dependent en-
zymatic reactions18,19, but up to now data on the effect of short-term intravenous regimens 
on oxalate excretion are not available.

Despite growing interest, pharmacokinetic data on intravenous vitamin C in critically 
ill patients are scarce and unsystematic20. Therefore, the primary objective of this study was 
to determine the plasma concentration profile over time of four different dosing regimens 
of intravenous vitamin C in critically ill patients. Secondary objectives were to study associ-
ated oxalate excretion and acid-base balance as safety parameters.

PAtIents, Methods And MAteRIAls
Patients
This randomized factorial pharmacokinetic trial was performed between March 2015 
and November 2016 in the mixed medical/surgical ICU of VU University Medical Cen-
ter in Amsterdam, The Netherlands. The analysts determining the vitamin C and oxalate 
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concentrations were blinded to treatment allocation. The trial protocol was registered at 
ClinicalTrials.gov before patient inclusion (identifier NCT02455180).

The study was approved by the medical ethics committee of VU University Medical 
Center (registration NL50578.029.15, decision 2014.539). All participants or their legal 
representative provided written informed consent before inclusion.

Eligible for inclusion were patients admitted with severe sepsis or after major surgery or 
trauma with a sequential organ failure assessment (SOFA) score > 6 (excluding neurological 
score to avoid sedation bias) and an expected ICU stay >96 hours21.

Exclusion criteria were: use of vitamin C supplements in the week before inclusion; 
major active bleeding; pre-existent renal insufficiency (estimated glomerular filtration rate 
(eGFR) <30 ml/min/1.73 m2); expected need for renal replacement therapy within 48 hours; 
known glucose 6-phosphate dehydrogenase deficiency; history of urolithiasis or oxalate 
nephropathy; hemochromatosis.

study procedures
Patients were randomized using a computer-generated randomization table available to 
a blinded agent. The investigational treatment consisted of intravenous vitamin C for 48 
hours at a dose of 2g per day in twice daily bolus infusions of 1g (“2g/d bolus” group) or 
as continuous infusion (“2g/d continuous” group) or a dose of 10g per day in twice daily 
bolus infusions of 5g (“10g/d bolus” group) or as continuous infusion (“10g/d continuous” 
group). Bolus infusions were administered over 15 minutes.

Vitamin C (ascorbic acid 100 mg/ml, Centrafarm BV, Etten Leur, Netherlands) was 
diluted with NaCl 0.9% to 50ml in opaque light-protected syringes.

Plasma vitamin C samples were taken at baseline and predefined intervals up to 96 
hours after the start of the study infusion. Twelve-hour urine samples for vitamin C, oxalate 
and creatinine concentrations were collected during the first 12 hours and during the last 12 
hours of therapy. Arterial blood gas samples, hemodynamic and organ function parameters 
were collected at baseline, after 4 hours and at 12-hour intervals. The sample handling and 
laboratory procedures are described in the eSupplement.

All patients received standard concomitant treatment including enteral nutrition initi-
ated after hemodynamic stabilization (see section 1 of the eSupplement).

Reference values and statistical analyses
Descriptive statistics are reported as mean with standard deviation (SD) or median and 
interquartile range (IQR) where appropriate. Means and standard errors are reported in the 
figures to facilitate between-group comparisons.

Vitamin C concentrations are reported in mg/l for comparison with the administered 
dose (multiply by 5.7 to convert mg/l to µmol/l).
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We defined hypovitaminosis C as < 3.7 mg/l (21 µmol/l) and the upper limit of normal as 
17.6 mg/l (100 µmol/l)6,22. Increased oxalate excretion was defined as >90 mg/d (45 mg/12h), 
the value associated with increased risk of stone formation in primary hyperoxaluria23,24.

The primary outcomes were the attained plasma concentrations over a 96-hour period 
and the resulting pharmacokinetic parameter estimates. For population pharmacokinetic 
analysis, total vitamin C concentrations (ascorbic acid + dehydroascorbic acid) were used. 
Pharmacokinetic modeling was based on baseline corrected concentration, e.g. supplemen-
tal vitamin C above the baseline plasma concentrations. NONMEM version 7.2.0 was used 
for population pharmacokinetic analysis.

Details of the pharmacokinetic modeling and other statistical methods are provided in 
section 1 of the eSupplement.

Results
Twenty patients (5 per dosage regimen) were included and randomized (Figure 1). Baseline 
characteristics are shown in Table 1. All patients received the allocated study medications. 
No patients died during the 96-hour study period. 

Assessed for eligibility (n≈50) 

Excluded  (n=30) 
   Did not meet inclusion criteria (n=20) 
   Declined to participate (n=10)  

Analyzed  (n=5) * 
 

Lost to follow-up (n=0) 

Discontinued intervention 
(n=0) 

Allocated to 2 g/d bolus 
(n=5) 
 Received allocated 

intervention (n=5) 
 

Allocation 

Follow-Up 

Randomized (n=20) 

Enrollment 

Allocated to 2 g/d cont. 
(n=5) 
 Received allocated 

intervention (n=5) 
 

Allocated to 10 g/d bolus 
(n=5) 
 Received allocated 

intervention (n=5) 
 

Allocated to 10 g/d cont. 
(n=5) 
 Received allocated 

intervention (n=5) 
 

Lost to follow-up (n=0) 

Discontinued intervention 
(n=0) 

Lost to follow-up (n=0) 

Discontinued intervention 
(n=0) 

Lost to follow-up (n=0) 

Discontinued intervention 
(n=0) 

Analyzed  (n=5) 
 

Analyzed  (n=5) 
 

Analyzed  (n=5) * 
 

Analysis 

figure 1. Flow diagram of recruitment, allocation and follow-up. * One patient with severe rhabdomyolysis due to 
limb ischemia (randomized to 2g/d bolus) rapidly progressed to anuric renal failure and another patient (random-
ized to 10g/d continuous) developed anuric renal failure after 36 hours. These patients were included in the prima-
ry outcome (plasma pharmacokinetic) analyses but were excluded from the urine vitamin-C and oxalate analyses.



24

Chapter 1

table 1. Baseline characteristics of included patients and baseline vitamin-C plasma concentrations.

2g/d bolus
(n=5)

2g/d continuous
(n=5)

10g/d bolus
(n=5)

10g/d continuous
(n=5)

Male/Female 4/1 2/3 3/2 4/1

Age, years 64 (17) 61 (19) 69 (9) 60 (16)

Weight, kg 90 (22) 86 (28) 70 (15) 79 (15)

Chronic comorbidities

Diabetes mellitus 0 0 0 0

Chronic kidney insufficiency * 1 0 2 0

Liver cirrosis 0 0 0 0

Chronic obstructive pulmonary disease 0 0 0 0

Cardiovascular disease 1 0 2 1

Cancer 0 1 0 1

Hematological malignancy 0 2 1 1

Immunocompromized 0 2 1 0

Admission diagnoses

Pneumonia 1 4 4 2

Acute abdomen 0 0 1 1

Soft tissue infection 0 0 1 0

Systemic infection 1 3 2 2

Major surgery 4 1 3 2

Acute kidney injury # 1 0 0 0

Cerebrovascular incident 1 1 0 0

Clinical characteristics

SOFA score (ex neuro) † 8.8 (2.2) 8.0 (1.0) 7.0 (1.2) 10.0 (3.0)

APACHE II score 26.0 (2.9) 23 (3.4) 21.8 (3.6) 25.2 (4.2)

Heart rate, bpm 98 (15) 96 (17) 94 (24) 93 (18)

Mean arterial blood pressure, mmHg 84 (7.5) 76 (12) 94 (19) 90 (18)

Serum creatinine (mg/dl) 1.10 (0.47) 0.81 (0.43) 0.91 (0.49) 1.10 (0.46)

Measured creatinine clearance 0-12h 
(ml/min) 85 (62) 114 (56) 96 (38) 94 (45)

Arterial pH 7.434 (0.032) 7.426 (0.08) 7.404 (0.036) 7.374 (0.070)

Arterial base excess, mmol/l 3.1 (1.2) 1.2 (5.0) 3.0 (3.7) -1.1 (3.9)

Arterial lactate, mmol/l 1.9 (0.6) 1.5 (1.2) 1.4 (0.30) 1.5 (0.34)

Patients on norepinephrine 3 4 3 2

Norepinephrine dose, µg/kg/min 0.17 (0.25) 0.17 (0.16) 0.03 (0.04) 0.05 (0.10)

Patients on dopamine 1 0 0 0

Patients on enoximone 1 0 0 0
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Vitamin C pharmacokinetics
Measured vitamin C plasma concentrations are shown in Figure 2. Ten patients (50%) were 
vitamin C deficient at baseline. The 2g/d dose resulted in concentrations in the normal 
range, with T=1h concentrations of 29-50 mg/l and trough concentrations of 5.6-16 mg/l 
in the bolus group and steady state concentrations of 7-37 mg/l at T=48h in the continuous 

table 1. Baseline characteristics of included patients and baseline vitamin-C plasma concentrations. (contin-
ued)

2g/d bolus
(n=5)

2g/d continuous
(n=5)

10g/d bolus
(n=5)

10g/d continuous
(n=5)

baseline plasma vitamin-C

Baseline plasma vitamin-C, mg/l ‡ 8.5 (4.2) 4.3 (1.6) 4.9 (3.0) 3.4 (1.3)

Vitamin-C Hypovitaminosis C 
(< 3.7 mgl/l) 1 3 2 4

Vitamin-C deficiency (< 1.9 mg/l) 0 1 1 0

Values are expressed as counts or mean (SD). SOFA, Sequential Organ Failure Assessment score; APACHE, 
Acute Physiology and Chronic Health Evaluation score. * Chronic kidney insufficiency was defined as a pre-
existing estimated glomerular filtration rate (eGFR) between 30 and 60 ml/min/1.73m2 (patients with a pre-
existing eGFR < 30 ml/min/1.73m2 were ineligible for inclusion). # Two patients developed acute kidney injury 
during the trial, but only 1 patient had acute kidney injury criteria at baseline. † SOFA score was calculated 
without the neurological component to exclude sedation effects.  ‡ for conversion to mmol/L multiply by 5.7
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figure 2. Vitamin-C plasma concentrations by dosage regimen (5 patients per regimen). Arrows represent in-
fusions (4 times bolus or 48-hour continuous). The dashed lines represent the lower and upper limit of normal 
vitamin-C plasma concentrations at < 3.7 mg/l (21 µmol/l) 17.6 mg/l (100 µmol/l). Plasma vitamin-C was not 
sampled at T=36h in the continuous groups.
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group. Infusions of 10 gram per day resulted in supranormal concentrations, with T=1h 
concentrations of 186-244 mg/l and trough concentrations of 14-55 mg/l in the bolus group 
and steady state concentrations of 40-295 mg/l at T=48h in the continuous group.

The dose-concentration relationship was linear. A two-compartment pharmacokinetic 
model best described all 4 dose regimens. Creatinine clearance (Clcr, based on 12-hour 
urine collection) and body weight were determinants of vitamin C clearance (ClvitC) and 
body weight was a determinant of Clcr and the volume of distribution (V1 and V2). ClvitC 
was constant over time and independent of dose and infusion method, indicating first-
order linear kinetics. The estimates of the pharmacokinetic model parameters are shown 
in Table 2.  Figure 3 shows the predicted and actual supplemental vitamin C plasma con-
centrations (delta from baseline) based on the pharmacokinetic model. The best-fit model 
underestimated the T=1h concentrations following short term infusion, which suggests 
that initial fast distribution to peripheral compartments is not optimally described by a 
two-compartmental model. A three-compartment model was however not supported by 
the data due to the limited sample size and because 1h concentrations were only measured 
after the first dose.

table 2. Estimated population pharmacokinetic parameters.

Total population (n=20) RSE (%)

estimated parameters (theta)

CLvitC, L/h 4.27 9.8

V1, L 31.6 13.3

V2, L 39.6 21.1

Q, L/h 5.21 18.9

Interindividual variability (omega)

CLvitC, % 27.8 40.3

V1 and V2, % 53.6 62.7

Covariate effects

CLvitC ~ weight a 1 FIX -

V1 and V2 ~ weight b,c 1 FIX -

CLvitC ~ Clcr a 0.446 55.6

Residual error

Proportional residual error (SD, %) 25.5 20.1

Additional residual error (SD) 0.496 33.3

Pharmacokinetic parameters are shown as estimated population pharmacokinetic parameters (CL clearance, 
V1 central volume of distribution, V2 peripheral volume of distribution, Q intercompartmental clearance, RSE 
residual squared error).
a CLvitC = 4.27 * (CLcr/100)0.446 * (weight/70)1
b V1 = 31.6 * (weight/70)1
c V2 = 39.6 * (weight/70)1
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At 96 hours, 48 hours after stopping the study medication, plasma vitamin C concen-
trations were not significantly different between the patients treated with 10g/d vs. those 
treated with 2g/d: median 10.3 mg/l (IQR 8.2–15.0 mg/l) vs. 8.7 mg/l (IQR 3.8–10.7 mg/l), 
respectively (Mann-Whitney p=0.423).

Three patients had plasma concentrations that returned to below the hypovitaminosis 
threshold at 96 hours (two from the 2g/d dose group, one from the 10g/d dose group). The 
plasma concentrations were 3.1, 2.4 and 0.68 mg/l and these patients had 36-48h creatinine 
clearances of 140, 197 and 128 ml/min, respectively, indicating that all three had moderate 
to severe glomerular hyperfiltration.

Measured urine vitamin C excretion and renal vitamin C clearance are described in 
section 2 of the eSupplement (eFigure 1 and eFigure 2). In short, mean urinary vitamin 
C excretion was higher in the 10g/d group (bolus: 3385mg (SD 1287mg) at 0-12h and 
6295mg (SD 1286mg) at 36-48h; continuous 1179mg (SD 498mg) at 0-12h and 4268mg (SD 
2688mg) at 36-48h) than in the 2g/d group (bolus: 386mg (SD 288mg) at 0-12h and 751mg 
(SD 439mg) at 36-48h; continuous 73mg (SD 110mg) at 0-12h and 497mg (SD 283mg) at 
36-48h), with bolus compared to continuous infusion and at 36-48h compared to 0-12h. 
Renal vitamin C clearance was significantly associated with renal creatinine clearance in the 
10g/d group, but not in the 2g/d group.
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figure 3. Predicted changes in vitamin-C plasma concentrations from baseline, by dosage regimen. The solid 
lines represent the predicted changes in plasma concentrations from baseline for a hypothetical 70 kg patient 
with a creatinine clearance of 100ml/min when administered 2g/d (panels a and b) or 10g/d (panels c and d) 
vitamin-C as twice daily bolus infusions (panels a and c) or 48-hour continuous infusion (panels b and d). The 
points represent the observed changes from baseline plasma concentration in the 20 included patients (5 per 
dosage regimen). The measurements at T=12, 24, 36 and 48 hours in the bolus groups are trough concentra-
tions.
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safety
Figure 4 shows total oxalate excretion (panel a) and oxalate concentration (panel b) in 
12-hour urine samples collected between 0-12h and between 36-48h. In a multivariate 
linear model (R2=0.36), 12-hour oxalate excretion was independently higher in the 10g/d 
dose compared to 2g/d (b=+18.2 mg; 95%CI 2.65 – 33.7 mg; p=0.023) and in the last (36-
48h) sampling period compared to the first (0-12h) (b=+30.2 mg; 95%CI 14.6 – 45.7 mg); 
p=0.0004), but not in bolus compared to continuous infusion (b=+9.45 mg; 95%CI -6.1 – 
25.0 mg; p=0.224). Using a separate model (R2=0.18), urine oxalate concentration was found 
to be a linear function of the natural logarithm of urine vitamin C concentration (b=+48.0 
µmol; 95% CI 15.8 – 80.2 µmol; p=0.004, details in eSupplement). Mean oxalate excretion 
relative to vitamin C dose (mole/mole) varied between 0.3 and 2.3% (see eSupplement).

The change of the arterial blood base excess from baseline (delta BE) over the 48h treat-
ment period is shown in Figure 4c. The slope of the delta BE from 0h to 48h was associated 
with the 10g/d compared to 2g/d dose (b=+0.039 mmol/h; 95%CI 0.014 – 0.064 mmol/h; 
p=0.0025), but not with bolus compared to continuous infusion (b=+0.016; 95%CI -0.009 
– 0.041; p=0.210). At 48h, there were no significant differences in delta BE between the
4 treatment groups (p=0.554) or between the dosages (p=0.229) or between the infusion 
methods (p=0.625).

Plots of (changes in) heart rate, norepinephrine support, serum creatinine and urine 
output are available as eFigures 4 to 7 in the eSupplement.
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figure 4. Safety endpoints by intervention group, data points represent mean and standard error. Panel a: Urine 
12-hour oxalate excretion. 12-hour oxalate excretion was independently higher in the 10g/d dose compared to 
2g/d (b=+18.2 mg; 95%CI 2.65 – 33.7 mg; p=0.023) and in the last (36-48h) sampling period compared to the 
first (0-12h) sampling period (b=+30.2 mg; 95%CI 14.6 – 45.7 mg); p=0.0004), but not in bolus compared to 
continuous infusion (b=+9.45 mg; 95%CI -6.1 – 25.0 mg; p=0.224). Panel b: 12-hour urine oxalate concentra-
tion. Panel c: Change in arterial base excess (delta BE) from baseline. In a linear model, the slope of the delta 
BE from 0h to 48h was associated with the 10g/d dose (+0.047 mmol/h compared to 2g/d, p=0.0002), but not 
with the infusion method.
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dIsCussIon
dose – plasma concentration relationship
In this 4-group randomized pharmacokinetic trial, 20 patients with multiple organ failure 
were randomized to receive either 2g/d or 10g/d vitamin C administered as a twice daily 
15-minute bolus infusions or continuous infusion.

Two grams per day resulted in normal plasma concentrations and 10g/d resulted in 
supranormal concentrations. Bolus infusion caused higher T=1h concentrations, but also 
trough concentrations that approached the hypovitaminosis cut-off in the 2g/d dose group. 
Plasma concentrations in the 10g/d dose group were in the supranormal range with bolus 
T=1h concentrations above 175 mg/l (1000 µmol/l), providing optimal concentrations for 
fast cellular uptake12,25 and increased radical scavenging11.

Our study confirms previous findings that intravenous doses of 2 to 3g/d are required 
to normalize vitamin C plasma concentrations in critically ill patients 6. However, optimal 
plasma concentrations during overwhelming oxidative stress are not known, nor whether 
peaks are more effective than lower but stable plasma concentrations. Two recent studies 
using 100mg/kg/day and 6g/day as intermittent boluses in sepsis reported a reduction in 
mortality, but these findings as well as the dose-effect relationship need confirmation in 
larger randomized controlled trials15,16.

high plasma concentrations require sustained therapy
We found a varying decline in plasma concentrations across all groups 48h after the end 
of therapy (T=96h), with no significant difference in plasma vitamin C between patients 
who were treated with 10g/d vs. 2g/d. This varying decline may be due to differences in me-
tabolism, recycling, redistribution or excretion26,27. Remarkably, in three patients vitamin 
C concentrations decreased to hypovitaminosis levels as soon as 48h after discontinuation 
of the infusion. These patients had glomerular hyperfiltration, which is a known cause of 
increased drug clearance and may contribute to critical illness-related hypovitaminosis 
C28. Conversely, one patient with anuric acute kidney injury at 36h had very high plasma 
vitamin C at 48h (outlier in the 10g/d continuous group), confirming earlier reports8.

We also found that urinary excretion depended on dose and on creatinine clearance and 
that renal vitamin C clearance depended on glomerular filtration in the 10g/d group but not 
in the 2g/d group. A likely explanation is that vitamin C is freely filtered in the glomerulus 
but its reabsorption in the proximal convoluted tubule via the sodium-dependent vitamin 
C transporter-1 (SVC1) is a satiable process12. Vitamin C excretion increases proportionally 
more at 36-48h in the higher dose group because higher steady-state concentrations in-
crease vitamin C concentrations in the primary urine and because the transporter-mediated 
reabsorption cannot increase the reabsorption rate (eFigure 1).
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In all, our findings indicate that supplementation longer than 48 hours is needed to 
maintain plasma concentrations in the normal range, possibly as long as patients remain 
critically ill.

safety
Oxalate excretion was significantly higher in the 10g/d dose compared to 2g/d. However, 
the combined influence of the molar product of calcium and oxalate, urine volume and 
urine pH has not yet been investigated in patients receiving short-term intravenous vitamin 
C therapy29. We used EDTA  to prevent in-vitro conversion of vitamin C to oxalate, but we 
cannot fully exclude that vitamin C was artefactually converted to oxalate (section 3 eS-
upplement). The proportion of variance in urine oxalate explained by urine vitamin C was 
low (18%), suggesting that other metabolic factors contribute to oxalate excretion. Based on 
physiological reasoning, Marik et al. added thiamine to reduce oxalate excretion16, but the 
effectiveness of this therapy has not yet been empirically validated.

Above all, the clinical relevance of short-term hyperoxaluria and microscopic calcium-
oxalate crystallization remains unclear as the risk of stone formation appears negligible in 
patients without a history of urolithiasis30–34.

The metabolic component of acid-base balance, expressed as BE, increased faster in 
patients randomized to 10g/d, indicating that the higher vitamin C dose was associated with 
slight metabolic alkalosis rather than acidosis. A possible explanation is the sodium content 
of the vitamin C preparation used (approximately 7 mmol Na+ per gram vitamin C), which 
contributes positively to the strong ion difference and may thereby cause alkalosis35.

strengths and limitations
We included a heterogeneous group of critically ill patients to make the study results gen-
eralizable to a broad intensive care population. Multiple organ dysfunction was the main 
inclusion criterion because we previously found a relation between hypovitaminosis and 
organ failure36. In the absence of a valid real-time vitamin C measurement method, we 
could not stratify randomization according to baseline vitamin C status. Therefore, we can-
not show whether baseline differences lead to different plasma concentrations. The small 
sample size and the heterogeneous population also preclude the detection of meaningful 
pharmacokinetic profiles for specific subpopulations. Because vitamin C excretion is related 
to glomerular filtration, excretion is likely decreased in acute kidney injury.

A limitation of the study is that researchers, clinicians and participants were unblinded 
to treatment allocation. However, measurements of the primary and safety endpoints were 
performed by an independent laboratory unaware of treatment allocations.

While recent studies used a 6-hourly bolus regimen for up to 96-hours14,16, we used a 
12-hourly bolus regimen for 48-hours because our primary aim was the development of a 
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pharmacokinetic model. As our estimated model described all dosage regimens, it can be 
readily translated to 6-hourly regimens.

Although the sample size per group was small (5 patients per dosage regimen), the fac-
torial design of the trial allowed us to cluster effects from the dose (10 patients per group) 
and infusion method (10 patients per group), thereby increasing power. The relatively small 
sample size precluded the evaluation of clinical endpoints such as duration of vasopressor 
support or recovery from organ failure and necessitated the use of surrogate safety out-
comes instead of patient-oriented outcomes (e.g. oxalate excretion rather than the actual 
risk of urolithiasis).

Conclusions
The present 4-group randomized trial in patients with multiple organ dysfunction found 
that 2g/d of intravenous vitamin C resulted in normal plasma concentrations, while 
supraphysiologic concentrations were achieved with 10g/d. Although renal losses were 
substantial, high concentrations can be achieved with higher intravenous doses in a linear 
dose-concentration relationship. Sustained vitamin C administration is needed to prevent 
a decline to hypovitaminosis. Urine oxalate excretion was related to the administered dose, 
but the risk of calcium-oxalate crystallization with short term therapy remains to be inves-
tigated. The present pharmacokinetic data can be used to determine the appropriate dose to 
achieve desired plasma concentrations.

supplementary materials
The online supplementary appendix contains: 1) Supplementary methods on sample han-
dling, laboratory procedures, enteral nutrition details, pharmacokinetic modeling and fur-
ther statistical methods; 2) Additional results on vitamin C excretion and renal clearance; 
3) Additional results on urine oxalate excretion; 4) Additional results on hemodynamic 
parameters; 5) Additional results on serum creatinine and urine output.
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This abridged study protocol for the O2-ICU trial is included in this 
thesis, firstly, because as principal investigator this trial has been my 
largest clinical research effort in the last years, and, secondly, because 
the design and execution of this trial has had an important impact on 
the questions formulated in the main body of this thesis. The choice of 
the primary endpoint especially prompted us to ask the questions that 
are now Part I of this thesis.

By the time of this writing the recruitment of patients has been 
completed, but the results are still too preliminary for publication in this 
thesis.



38

Chapter 2

suMMARy
Rationale: To prevent hypoxia, superfluous administration of oxygen is common practice, 
and hyperoxia is seen in many patients, especially on Intensive Care units. An increas-
ing number of studies not only confirm the known negative pulmonary effects of chronic 
oxygen oversupply, but also more acute circulatory effects leading to impaired organ 
perfusion, which may outweigh higher arterial oxygen content, resulting in a net loss of 
oxygen delivery. On the other hand, hyperoxia can also induce several favourable effects, for 
example through vasoconstriction in patients with severe inflammatory response, through a 
preconditioning effect in patients with ischemia/reperfusion injury or through the preven-
tion of new infections.

hypothesis: Hyperoxia during systemic inflammatory response syndrome (SIRS) ultimately 
has unfavourable effects on organ function.

objectives: 1) To study the short- and long-term effect of two different PaO2 targets on 
circulatory status, organ dysfunction and outcome. 2) To study underlying mechanisms of 
hyperoxia by determining differences in oxidative stress response between the hyperoxic 
and the normoxic patients.

study design: Randomized controlled multicentre clinical trial.

study population: Patients admitted to the Intensive Care unit with ≥ 2 positive SIRS-
criteria and an expected ICU stay of more than 48 hours.

Intervention: Randomization to target arterial O2 pressure. Group 1: target PaO2  120 (105 
– 135) mmHg (hyperoxemic). Group 2: PaO2 75 (60 – 90) mmHg (normoxemic).

Primary endpoint: The cumulative daily delta Sequential Organ Failure Assessment (SOFA) 
score from day 1 to day 14.

secondary endpoints: Different SOFA score derivatives, 28-day and 90-day mortality rates, 
hypoxic events (PaO2 <55 mmHg), vasopressor / Inotrope requirements, renal function, 
fluid balance, oxidative stress (F2-isoprostanes), duration of mechanical ventilation, length 
of stay.

Compliance endpoint: Time spent in the assigned PaO2 range
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IntRoduCtIon And RAtIonAle
Hyperoxia has been encountered in 44% of the patients requiring ventilatory support in the 
Intensive Care 1. However, contrary to hypoxia, many physicians do not consider hyperoxia 
harmful for their patients. To stay away from hypoxia, superfluous administration of oxygen 
is common practice. Since the pulse oximeter never indicates more than 100% saturation, 
physicians are often not aware of unphysiologically high arterial oxygen pressures. Hyper-
oxic arterial blood gas values do not commonly cause concern, as physicians lower the FiO2 
in only 25% of the observed cases 1.

However, an increasing number of studies not only confirm the well-known negative 
pulmonary effects of chronic hyperoxia, but also point to more acute circulatory and perfu-
sion effects2, 3. In patients with myocardial or cerebral infarction, for example, hyperoxia 
increases infarct size and mortality 4, 5. After cardiac arrest, hyperoxia is associated with 
worse functional outcome and increased mortality.6

The underlying mechanisms of hyperoxia’s detrimental effects are not yet clarified. 
Increased production of reactive oxygen species (ROS) causing oxidative stress may play 
a pivotal role7, although not all study results are unequivocal 8, 9. Both animal and human 
studies suggest that oxidative stress induces systemic vasoconstriction, especially in the 
microcirculation with a loss of functional capillary density and diminished microvascular 
flow 10. This in turn augments systemic vascular resistance and impairs cardiac output 11-14. 
Impaired effective circulating volume and microvascular tissue perfusion outweigh margin-
ally higher arterial oxygen content (dissolved oxygen hardly contributes to blood oxygen 
content) and a consequent loss of organ perfusion and oxygen delivery may occur.

But hyperoxia may also have favourable effects. In patients with severe systemic in-
flammatory response syndrome (SIRS) with concomitant vasoplegia hyperoxia-induced 
vasoconstriction may stabilize hemodynamics and reduce the need for intravenous volume 
resuscitation and vasopressor treatment.  Common causes of SIRS in the ICU are trauma, 
sepsis and ischemia/reperfusion after cardiac arrest or cardiopulmonary bypass. 15  Pre-
treatment with hyperoxia induces a low-grade systemic oxidative stress which may exert a 
preconditioning effect on the ischemia/reperfusion injury. This may, in contrast to hyper-
oxia during or after the ischemia/reperfusion insult, decrease myocardial damage and other 
organ injury.16 Patients with sepsis can benefit from the potential antimicrobacterial prop-
erties of hyperoxia, which may also prevent new infections.17-19 Furthermore, in patients 
with haemorrhage, systemic vasoconstriction due to hyperoxia may cause redistribution 
of blood flow to the vital organs 20 with amelioration of haemorrhagic shock-induced acute 
kidney injury. 21

In critically ill patients, a recent retrospective observational study suggested an inde-
pendent association between both low and high PaO2 with in-hospital mortality, with the 
nadir of mortality between 70 and 160 mmHg22. However, such studies are subject to many 
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forms of bias, and another retrospective study  did not confirm these results.23 Prospective 
trials are needed to search for the optimal PaO2 range.

To the best of our knowledge, no prospective clinical studies have shown benefits of 
supranormal oxygen levels in any subgroup of critically ill patients.

In this study, we will investigate two different oxygenation targets both near to the nadir 
of mortality as estimated in an earlier retrospective trial, but one being within the natural 
range and the other in the supranatural range.22

objeCtIVes
Primary objective
The primary aim is to determine whether the normoxic target leads to a lower cumulative 
daily delta SOFA score (CDDS) from day 1 to day 14 as compared to the hyperoxic group. 
Detailed calculations and justification of the CDDS endpoint are described below.

secondary objectives
The secondary aims are to compare total maximum SOFA score (=total of the most de-
ranged score of each organ system during ICU stay), total maximum SOFA score - SOFA 
score on admission, SOFA rate of decline, hypoxic episodes (PaO2 <55 mmHg), vasopressor 
/ inotrope requirements (max dose every 24 hours), need for renal replacement therapy 
and fluid balances (every 24 hours) between the normoxic and the hyperoxic groups. Fur-
thermore, we will determine whether oxidative stress parameters F2-isoprostanes (on day 
1,2, and 4) and as clinical endpoints: duration of mechanical ventilation, lung injury score, 
ventilator-free days, length of stay (in ICU, in hospital) and mortality (ICU and hospital) 
are different between both groups. Interim analyses will take place after inclusion of 100 
patients and 250 to detect possible differences in mortality.

Compliance endpoint:
Time spent in the assigned PaO2 range

study desIGn
Randomized controlled multicentre trial
Duration:  24 -30 months
Setting:    Intensive Care Units of academic and non-academic hospitals in The 

Netherlands.
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study population
Inclusion criteria
- Age ≥18 years
- ≥2 positive SIRS-criteria:
 o Temperature >38°C or hypothermia <36°C
 o Heart rate >90 bpm
 o Respiratory rate >20 /min or pCO2 <32 mmHg (4.3 kPa)
 o Number of leucocytes >12 x 109/l of <4 x 109/l of >10% bands
- Within 12 hours of admittance to the ICU
- Expected stay of more than 48 hours as estimated by the attending physician

Exclusion criteria
- Admission after elective surgery
- Carbon monoxide poisoning
- Cyanide intoxication
- Methemoglobinemia
- Sickle cell anemia
- Severe pulmonary arterial hypertension (WHO class III or IV)
- Known severe ARDS (PaO2/FiO2 ≤100 mmHg and PEEP ≥ 5 H2O)24
- Known cardiac right to left shunting
- Known pregnancy
- Severe COPD (Gold class III or IV) or other severe chronic pulmonary disease

treatment of subjects
Participants will be randomized to one of two PaO2 targets, both within the range of current 
practice:
Group 1 (hyperoxic): target PaO2 120 (105 – 135) mmHg  [16 (14 – 18) kPa]
Group 2 (normoxic): target PaO2 75 (60 – 90) mmHg   [10 (8 – 12) kPa]

Excessive measures to achieve the PaO2 targets in group 1 will not be used, including: FiO2 
>0.60 or prone position ventilation. For patients who are not intubated excessive measures 
include non-invasive mechanical ventilation or intubation. For patients who will not be able 
to achieve the PaO2 targets of their group, PaO2 targets will be determined by the treating 
physicians feasible with conventional measures not including those mentioned above. Tem-
porary measures to improve oxygenation for planned procedures involving upper airways 
such as tracheostomy, bronchoscopy etc will follow standard practices of the participating 
centres. These aberrations from study targets will be limited to the shortest duration pos-
sible.
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Randomisation, blinding and treatment allocation
Randomisation will be performed with the use of randomisation list generated by a web-
based system.

study endPoInts And stAtIstICAl AnAlyses
Primary endpoint
The primary endpoint will be cumulative daily delta SOFA score (CDDS) from day 1 to day 
14, calculated as:

Treatment of subjects 

Participants will be randomized to one of two PaO2 targets, both within the range of current 
practice: 
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physicians feasible with conventional measures not including those mentioned above. 
Temporary measures to improve oxygenation for planned procedures involving upper airways 
such as tracheostomy, bronchoscopy etc will follow standard practices of the participating 
centres. These aberrations from study targets will be limited to the shortest duration possible. 
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Daily SOFA score is calculated as the total of maximum scores for each organ system exclud-
ing respiratory system (because of possible PaO2/FiO2 distortion). For patients discharged 
from the ICU, SOFA score will be registered as 0 from the day of discharge to day 14. Death 
in the ICU will be registered as a score of 20 (maximum) from the day of death to day 14.

CDDS reflects a balanced weighting of the following clinically relevant preconditions:
1. Low (or negative) delta SOFA score is better than high (or positive) delta SOFA score.
2. Shorter duration of ICU stay is better than longer stay.
3. Discharge from the ICU is better than death in the ICU.
4. Eventual discharge after a high admission SOFA score is better than discharge after a low 

admission SOFA score.
5. Eventual death after a low admission SOFA score is worse than discharge after a high 

admission SOFA score.
6. Early SOFA score reduction is better than late SOFA score reduction.

Other possible endpoints (such as delta SOFA score or SOFA rate of decline) fail to satisfy 
most of these criteria.

The differences of primary and secondary parameters between the 2 groups will be cal-
culated by intention-to-treat analysis. The primary endpoint (CDDS) is designed and tested 
as a tool for ranking outcomes. The between-group comparison on the primary endpoint 
will therefore be made using the Wilcoxon rank-sum test.
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Secondary outcomes will be compared using ANOVA for repeated measurements, 
Chi-Squared, Mann-Whitney U or Fisher’s Exact test where appropriate. Mortality will be 
assessed with the Kaplan Meier and log rank test.

secondary endpoints
Secondary parameters will include total maximum SOFA score(total of the most deranged 
score of each organ system during ICU stay),  total maximum SOFA score - SOFA score 
on admission, SOFA rate of decline, hypoxic episodes (PaO2 <55 mmHg), vasopressor / 
inotrope requirements (max dose every 24 hours), need for renal replacement therapy and 
fluid balances (every 24 hours). Furthermore, oxidative stress parameters F2-isoprostanes 
will be determined (on day 1, 2 and 4) and as clinical endpoints: duration of mechanical 
ventilation, ventilator-free days, length of stay (in ICU, in hospital) and mortality (ICU and 
hospital).

The amount, modality and duration of oxygen administered prior to ICU admission will 
be recorded. This will be treated as a potential effect-modifying variable and reported in the 
baseline characteristics.

Interim analyses
Interim analyses (blinded for the intervention arm) will take place after inclusion of 150 and 
275 patients to detect possible differences in mortality.

The interim analyses are planned as a symmetric two-sided group sequential design 
with 90% power and 5% two-sided Type I Error. Spending computations assume the trial 
stops if a bound is crossed (table 1).

For example, the trial will be stopped after 275 patients if there is a sufficient difference 
in primary endpoint between the two groups, such that P<0.0156.

In addition to the trial stopping boundaries for superior outcomes in one of the trial 
arms (outlined above), we  have defined a futility stopping boundary at interim-analysis 
2 (after N=275 patients): The trial will be stopped if  there is almost no difference in the 
primary endpoint between the treatment arms, such that the conditional power is less than 

table 1. Stopping rules for interim analyses.

Analysis N Boundary two-sided P Spend

1 150 0.0006 0.0006

2 275 0.0156 0.0152

3 385 0.0452 0.0342

total 0.050

Alpha spending: Lan-DeMets O’brien-Fleming approximation spending function
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20% at interim-analysis 2. Practically, if P>0.459 after 275 patients, there is a less than 20% 
probability of obtaining a significant result after 385 patients.

The METc/CRB will be consulted when, at the interim analysis, between-group differ-
ences in mortality are large enough so that P<0.05 but not large enough to reach one of the 
stopping criteria outlined above.

sample size calculation
Power calculations are based on mean delta SOFA scores, which are invariably reflected in 
CDDS.

The trial is designed to detect a difference of 0.33 standard deviation (SD) on the primary 
endpoint with 90% power and a 2-sided alpha of 0.05, with 2 interim analyses.

The trial will be stopped if there is evidence for outcome differences in either direction. 
Alpha spending for the interim analyses is approximated with a Lan-DeMets O’Brien-
Fleming spending function. The total sample size thus needed is 385 patients.

ethICAl ConsIdeRAtIons
Regulation statement
The study will be conducted according to the principles of the Declaration of Helsinki (59th 
WMA General Assembly, Seoul 2008) and in accordance with the Medical Research Involv-
ing Human Act (WMO) and the statements of the CCMO as presented in the publication 
“Uitgestelde toestemming voor inclusie van beslissingsonbekwame patiënten in studies van 
spoedeisende geneeskunde”.

deferred consent
Patients are recruited into the trial and treatment is started under the provision of deferred 
proxy consent as outlined in article 6, paragraph 4 of the WMO.

Oxygen therapy is given to almost all ICU-patients. Patients admitted to an ICU are 
mostly incapacitated and unable to give informed consent. Obtaining informed consent 
from a legal representative takes time (on average up to 12 hours), even by an experienced 
research team 26.

We propose to randomize each patient who meets the inclusion criteria ultimately 
within 2 hours after ICU admission. Oxygenation targets according to randomization are 
applied immediately thenceforth. Informed consent from the legal representative will be 
requested as soon as possible thereafter, but never later than 24 hours after randomization. 
If informed consent is not obtained within those 24 hours, or if a legal representative denies 
participation within this time frame, the patient is excluded and data will no longer be used.
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time between asking for and obtaining informed consent
Most critically ill patients are unable give informed consent for a study at ICU admission as 
they are often in severe respiratory distress, sedated or comatose. Time to obtain informed 
consent after recognition of study eligibility by a legal representative could take as much as 
12 hours, even when a legal representative could be contacted fast. For relatives of a severely 
ill patient who has been acutely admitted to the ICU it is difficult to make a quick, but 
balanced decision 26, 30, 31.

Most ICU patients are positive about their enrollment under deferred consent. A con-
tentment questionnaire of the large NICE–SUGAR trial32, a trial studying different targets in 
blood glucose control33, showed that the large majority (96%) would have granted consent if 
they would have been asked. 93% of the patients were content with the decision made by the 
representative at the moment they were incapable of giving informed consent.33

ethical aspects
We can underpin the idea of ‘clinical equipoise’.34 The study participant can benefit from 
the intervention, but up to now there is a state of honest, professional disagreement in the 
community of expert practitioners as to the optimal oxygenation targets for ICU-patients. 
Currently, an implementation trial (Oxytar, de Jonge LUMC, NTR 3424) is running, aiming 
for target PaO2 values of 55 – 80 mmHg in ICU patients. However, this target is not based 
on prospective, let alone randomised clinical evidence. Some arguments act in favour of 
this target oxygen range35, but others do not. For example, the nadir for unadjusted hospital 
mortality as observed in a Dutch retrospective study was substantially higher than this 
target, i.e. just below 150 mmHg22. International guidelines for oxygen suppletion in medi-
cal emergencies developed by the British Thoracic Society and endorsed by several other 
societies, recommend a target peripheral O2 saturation range measured by pulse oximetry 
of 94 – 98%.36 It is difficult to translate this O2 saturation range to target pO2 range, since 
their relation fluctuates dependent on other factors like temperature, perfusion, and pH. 
However, saturations as recommended will commonly result in PaO2 in a higher range than 
55 – 80 mmHg. More importantly, however, these recommendations are also unsupported 
by randomized controlled trials. Furthermore, since hyperoxia can induce both negative  
(pulmonary and circulatory) and positive (antimicrobial, preconditioning) also from a 
pathophysiological view the optimal target for ICU-patients is unclear. Both oxygenation 
targets in our trial are within the range used in common practice in ICUs worldwide and 
are considered safe.

similarities with previous studies using deferred consent
The proposed trial has many similarities with recently published interventional trials in ICU 
patients using deferred consent.32, 37-40 The investigated therapies were: intravenous fluid 
resuscitation with colloids or crystalloids37, fluid resuscitation with 4% albumin infusion 
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or normal saline infusion38, renal replacement therapy with a lower or higher intensity39 
and ventilation with lower or higher tidal volumes (PReVent). In these trials, as in our 
trial, patients were incapable at the moment therapy had to be started, the effects of the 
interventions were for a substantial part induced on its start, and the strategies under study 
were both used in daily practice.

Conclusions
Critically ill patients are mostly incapacitated at the moment of ICU admission. Starting 
oxygen therapy in ICU-patients cannot wait. Both oxygenation targets are within the range 
used in common practice in ICUs worldwide and are considered safe.
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IntRoduCtIon
Should I change practice based on this study 1? Which primary endpoint should I choose 
to compute the sample size of my trial 2,3? Answering these questions requires a critical 
appraisal of study endpoints by both researchers and clinicians. In this report, we analyze 
the use of disease-oriented endpoints (such as organ dysfunction scores) in intensive care 
trials, and we briefly review the pitfalls of extrapolating from disease-oriented endpoints to 
real patient benefit.

disease-oriented endpoints in Intensive Care trials
The goal of intensive care research is to improve patients’ health in ways that matter. Study 
endpoints that are important to patients, such as quality of life or survival are referred to 
as “patient-oriented” endpoints because their relevance is self-evident and unambiguous. 
However, randomized trials often use “disease-oriented” endpoints, which correlate with 
patient-oriented benefit, but do not matter directly and unequivocally to patients 4.

Reasons to choose disease-oriented primary endpoints are that such endpoints generally 
require less patients and may be more sensitive indicators of treatment effects than survival. 
Examples of disease-oriented endpoints in intensive care research are organ failure scores, 
length of stay, time to shock reversal or ventilator-free days. Although these endpoints have 
face validity, they leave room for ambiguity with respect to real patient benefit. A therapy 
may decrease organ failure without improving survival, suggesting that the new therapy 
worked, but did not help the patient survive.

We analyzed the primary endpoints of intensive care-related randomized trials pub-
lished in 5 critical care journals and 3 high-impact medical journals over the past 15 years. 
The methods, baseline characteristics and additional results are available as electronic 
supplementary material.

The use of disease-oriented primary endpoints significantly increased over time in tri-
als with >200 patients and in trials published in high-impact journals (figure 1). For trials 
with >500 patients, disease-oriented endpoints were more prevalent than patient-oriented 
endpoints for the first time in 2016 (data not shown). Trials with disease-oriented primary 
endpoints more often reported positive results (i.e. p-values<0.05) than trials with patient-
oriented endpoints. Consequently, the question “Should we rely on trials with disease- rather 
than patient-oriented endpoints?” is critical.

from disease-oriented endpoints to patient-oriented benefit
Several guidelines on the validation of disease-oriented endpoints have been published 1,5. 
Yet some recommendations are difficult to translate to intensive care research, which is 
characterized by complex syndromes (such as sepsis) rather than focused diseases (such 
as ischemic stroke.) Consequently, disease-oriented endpoints are often broad and multi-
faceted (such as organ failure scores) rather than proximal surrogates for a specific clinical 
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outcome (such as LDL-cholesterol as a surrogate for cardiovascular risk). No Food and 
Drug Administration approved surrogate endpoints are therefore currently used in inten-
sive care research.

In general, a relevant endpoint must satisfy three criteria 5: There must be biological 
plausibility that improvement in the disease-oriented endpoint will cause improvement in 
true patient benefit; There must be a well-established observational association; And there 
must be evidence from intervention studies that the disease-oriented endpoint adequately 
captures the treatment effects on patient-oriented outcomes.

The capture criterion is especially important in intensive care research because the causal 
pathways between disease-oriented endpoints and real patient-oriented benefit are seldom 
clear and linear 6. For example, the relationship between ventricular ectopy and sudden 
cardiac death after myocardial infarction is both plausible and statistically significant, but 
therapies that reduce ventricular ectopy (a disease-oriented endpoint) may paradoxically 
increase mortality after myocardial infarction 7. For the same reason, combining disease- 
and patient-oriented endpoints into a single composite endpoint is inappropriate when the 
treatment may have different effects on the individual components.

Three complementary approaches improve understanding of the relationship between 
disease- and patient-oriented endpoints in intensive care research.

Firstly, a critical appraisal of the literature may reveal vulnerabilities in the hypothesized 
causal chain between a disease-oriented endpoint and patient-oriented outcomes. For 
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figure 1. Primary endpoints of ICU-related randomized controlled trials in 5 intensive care journals and 3 
high-impact journals. Panel a: Among trials with a sample size > 200, there is no trend in patient-oriented 
endpoints, but the prevalence of disease-oriented endpoints is progressively increasing. Panel b: Among tri-
als published in high-impact general medical journals, there is no trend in patient-oriented endpoints, but 
the prevalence of disease-oriented endpoints is progressively increasing. Panel c: The boxplot (IQR-range) of 
reported p-values by endpoint category shows that trials with a disease-oriented endpoint report significantly 
lower median p-values and more often report ‘positive’ (p<0.05) results.
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example, even though oxygenation and survival are both plausibly linked and statistically 
associated in Acute Respiratory Distress Syndrome (ARDS), there is no evidence that oxy-
genation impairment is the most important driver of mortality 8. It is therefore not surpris-
ing that, in ARDS trials, treatments that improve oxygenation (a frequently used endpoint) 
do not necessarily improve survival 9.

Secondly, a meta-analysis of the association between a disease-oriented endpoint and 
patient-oriented outcomes may elucidate the responsiveness and the reliability of the dis-
ease-oriented endpoint 10,11. We have recently shown in a meta-analysis of 87 RCTs that, on 
average, treatments that improved the Sequential Organ Failure Assessment (SOFA) score 
on a fixed day after randomization did not improve mortality. In contrast, treatments that 
improved delta-SOFA score (the trajectory from baseline) did improve mortality 12. This 
shows that careful calibration is needed to make reliable inferences about patient-oriented 
benefit.

Thirdly, several statistical techniques can be used to analyse how well a disease-oriented 
endpoint captures the treatment effects on a patient-oriented outcome within a specific 
trial13–15. One such measure is the  ‘proportion explained’ (PE), which refers to the propor-
tion of the treatment effect on a patient-oriented outcome explained by the treatment effect 
on the (primary) disease-oriented endpoint 14,15. A low PE may indicate that the disease-
oriented endpoint fails to capture treatment effects on the patient-oriented endpoint 
(inappropriate disease-oriented endpoint) or that the patient-oriented endpoint is largely 
explained by treatment allocation alone (irrelevant disease-oriented endpoint.) Within-trial 
validation requires data which is generally only available to investigators. Therefore, an 
‘endpoint validity statement’ in a trial report (e.g. “the treatment effect on ventilator-free-
days explained 76% of the treatment effect on mortality”) could improve the relevance of 
trials with disease-oriented primary endpoints.

In conclusion, disease-oriented primary endpoints have become progressively more preva-
lent in large and high-impact intensive care trials. However, ample evidence exists to make 
clinicians cautious before embracing any new therapy based on studies showing improve-
ments in disease-oriented endpoints that have not been validated against patient-oriented 
outcomes. To evaluate the relevance of disease-oriented endpoints, we suggest to critically 
appraise the literature, to study the responsiveness between disease- and patient-oriented 
endpoints, and to report the ‘proportion explained’ in clinical trials. These strategies will 
help clinicians to be better informed about both the efficacy and the effectiveness of a treat-
ment.



58

Chapter 3

supplementary material
Supplementary material containing the search strategy, statistical methods and additional 
results is available on the publisher’s website.

Conflicts of interest
The authors declare that they have no conflicts of interest.



59

Disease- and patient-oriented endpoints

RefeRenCes
 1.  Bucher HC, Guyatt GH, Cook DJ, Holbrook A, McAlister FA. Users’ guides to the medical literature: 

XIX. Applying clinical trial results. A. How to use an article measuring the effect of an intervention 
on surrogate end points. Evidence-Based Medicine Working Group. JAMA 1999;282(8):771–8.

 2.  Tibby SM. Does PELOD measure organ dysfunction...and is organ function a valid surrogate for 
death? Intensive Care Med 2010;36(1):4–7.

 3.  Kellum JA, Zarbock A, Nadim MK. What endpoints should be used for clinical studies in acute 
kidney injury? Intensive Care Med 2017;1–3.

 4.  Fleming TR, DeMets DL. Surrogate end points in clinical trials: are we being misled? Ann Intern Med 
1996;125(7):605–13.

 5.  International Conference on Harmonisation of Technical Requirements for Registration of Pharma-
ceuticals for Human Use. ICH Harmonized Tripartite Guideline: Statistical Principles for Clinical 
Trials E9. 1998;

 6.  Rubenfeld GD. Surrogate Measures of Patient-centered Outcomes in Critical Care. In: Angus DC, 
Carlet J, editors. Surviving Intensive Care. Berlin: Springer; 2003. p. 169–80.

 7.  Echt DS, Liebson PR, Mitchell LB, et al. Mortality and morbidity in patients receiving encainide, 
flecainide, or placebo. The Cardiac Arrhythmia Suppression Trial. N Engl J Med 1991;324(12):781–8.

 8.  Stapleton RD, Wang BM, Hudson LD, Rubenfeld GD, Caldwell ES, Steinberg KP. Causes and timing 
of death in patients with ARDS. Chest 2005;128(2):525–32.

 9.  Afshari A, Brok J, Møller AM, Wetterslev J. Inhaled nitric oxide for acute respiratory distress 
syndrome (ARDS) and acute lung injury in children and adults. Cochrane database Syst Rev 
2010;(7):CD002787.

 10.  Buyse M, Molenberghs G, Burzykowski T, Renard D, Geys H. The validation of surrogate endpoints 
in meta-analyses of randomized experiments. Biostatistics 2000;1(1):49–67.

 11.  Daniels MJ, Hughes MD. Meta-analysis for the evaluation of potential surrogate markers. Stat Med 
1997;16(17):1965–82.

 12.  de Grooth H-J, Geenen IL, Girbes AR, Vincent J-L, Parienti J-J, Oudemans-van Straaten HM. SOFA 
and mortality endpoints in randomized controlled trials: a systematic review and meta-regression 
analysis. Crit Care 2017;21(1):38.

 13.  Freedman LS, Graubard BI, Schatzkin A. Statistical validation of intermediate endpoints for chronic 
diseases. Stat Med 1992;11(2):167–78.

 14.  Cleophas TJ, Zwinderman AH. Validating Surrogate Endpoints of Clinical Trials. In: Statistics Ap-
plied to Clinical Studies. Springer Science & Business Media; 2012. p. 569–78.

 15.  Parast L, McDermott MM, Tian L. Robust estimation of the proportion of treatment effect explained 
by surrogate marker information. Stat Med 2016;35(10):1637–53.





4 SOFA and mortality endpoints in 
randomized controlled trials: a systematic 
review and meta-regression analysis

Harm-Jan de Grooth, Irma L. Geenen, Armand R. Girbes,  
Jean-Louis Vincent, Jean-Jacques Parienti,  
Heleen M. Oudemans-van Straaten

Critical Care 2017;21(1):38



62

Chapter 4

AbstRACt
background: The Sequential Organ Failure Assessment score (SOFA) is increasingly used 
as an endpoint in intensive care Randomized Controlled Trials (RCTs). Although serially 
measured SOFA is independently associated with mortality in observational cohorts, the 
association between treatment effects on SOFA vs. effects on mortality has not yet been 
quantified in RCTs. The aim of this study was to quantify the relation between the endpoints 
SOFA and mortality in RCTs and to identify which SOFA derivative best reflects between-
group mortality differences.

Methods: The review protocol was prospectively registered (Prospero CRD42016034014). 
We performed a literature search (up to May 1, 2016) for RCTs reporting both SOFA and 
mortality, and analyzed between-group differences in these outcomes. Treatment effects on 
SOFA and mortality were calculated as the between-group SOFA standardized difference 
and log odds ratio (OR), respectively. We used random-effects meta-regression to: (i) quan-
tify the linear relationship between RCT treatment effects on mortality (logOR) and SOFA 
(i.e. responsiveness); (ii) quantify residual heterogeneity (i.e. consistency, expressed as I2).

Results: Of 110 eligible RCTs, 87 qualified for analysis. Using all RCTs, SOFA was signifi-
cantly associated with mortality (slope=0.49 (95%CI 0.17; 0.82), p=0.006, I2=5%) and the 
overall mortality effect explained by the SOFA score (R2) was 9%. Fifty-eight RCTs used 
Fixed-day SOFA as an endpoint (i.e. the score on a fixed day after randomization), 25 studies 
used Delta SOFA as an endpoint (i.e. the trajectory from baseline score) and 15 studies used 
other SOFA derivatives as an endpoint. Fixed-day SOFA was not significantly associated 
with mortality (slope=0.35 (95%CI -0.04; 0.75), p= 0.08, I2=12%) and the overall mortality 
effect explained by Fixed-day SOFA (R2) was 3%. Delta SOFA was significantly associated 
with mortality (slope=0.70 (95%CI 0.26; 1.14), p= 0.004, I2=0%) and the overall mortality 
effect explained by Delta-day SOFA (R2) was 32%.

Conclusions:  Treatment effects on Delta SOFA appear to be reliably and consistently asso-
ciated with mortality in RCTs. Fixed-day SOFA was the most frequently reported outcome 
measure among the reviewed RCTs, but was not significantly associated with mortality. 
Based on this study, we recommend using Delta SOFA rather than Fixed-day SOFA as an 
endpoint in future RCTs.



63

SOFA and mortality endpoints in RCTs

bACkGRound
The Sequential Organ Failure Assessment (SOFA) score was developed by an international 
group of experts to describe the time course of multiple organ dysfunction with a limited 
number of routinely measured variables 1. The function of six organ systems is scored from 
0 (no organ dysfunction) to 4 (severe organ dysfunction), and the individual organ scores 
are then summed to a total score between 0 and 24. The SOFA score was recognized as a 
potential endpoint for randomized controlled trials (RCTs) when serially measured scores 
were found to be associated with mortality independent of admission score  2–4. Due to its 
scalar nature, demonstrating a treatment effect on SOFA score requires a smaller sample 
size than demonstrating a treatment effect on (dichotomous) mortality. This has led to an 
increasing popularity of the SOFA score as primary or secondary endpoint in RCTs.

The SOFA score is an intrinsically informative endpoint because it can be used to evalu-
ate treatment effects on organ dysfunction, a primary focus of intensive care. However, it 
should be noted that a treatment that improves SOFA may not necessarily improve mor-
tality, or vice versa 5–8. Mortality may be substantially influenced by factors that are not 
captured by the SOFA score. To extrapolate treatment effects from an intermediate outcome 
to a clinical outcome, effects of an intervention on the intermediate outcome (SOFA score) 
must reliably predict the overall effect on the clinical outcome (mortality) 6,7.

The reliability of the SOFA score to predict mortality effects is complicated by the fact 
that different derivatives of the SOFA score are currently in use. Some authors report the 
SOFA score on one or more fixed days after randomization (Fixed-day SOFA). Others 
choose to report Delta SOFA score, which is variably defined as the score on a fixed day 
after randomization minus baseline score, or as the maximum score during ICU stay minus 
baseline score. Reporting Fixed-day SOFA allows readers to compare mean organ dysfunc-
tion between the trial arms, while Delta SOFA allows readers to compare the trajectory of 
organ dysfunction between the trial arms from baseline. Other SOFA derivatives include 
the maximum score during ICU stay, the mean score during ICU stay or the score at the day 
of discharge or death. Neither Fixed-day SOFA, Delta SOFA or any of the other derivatives 
seem to be uniformly superior predictors for mortality in observational cohorts 4. Regard-
ing the validity of the SOFA score as an endpoint, several issues remain unresolved. Firstly, 
the responsiveness of the SOFA score to intervention-induced changing mortality risk has 
not been quantified. It is unclear how the SOFA score changes in response to a treatment 
that changes the mortality risk in a specific timeframe. Secondly, the consistency of the 
SOFA score to reflect changes in underlying mortality risk has not been quantified. Even if 
true mortality-modifying treatments effects are reflected in the SOFA score on average, the 
validity of the SOFA score as an endpoint is doubtful if this relation is inconsistent. Thirdly, 
it is unclear which derivative of SOFA score is the most appropriate endpoint. Therefore, the 
aim of the present study was to quantify the responsiveness and the consistency of different 
SOFA derivatives to reflect treatment effects on mortality. The results from this study may 
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aid clinical decision makers in the interpretation of trials that use a SOFA endpoint, and 
may help investigators choose the most appropriate SOFA derivative in the design of future 
RCTs.

Methods
overview
The protocol for this review was prospectively registered in Prospero (number 
CRD42016034014) 9. Using a comprehensive search strategy, we sought to identify all pub-
lished RCTs that reported both mortality and any SOFA derivative as an endpoint. For each 
RCT, we recorded between-group differences in mortality and between-group differences 
in the respective SOFA derivative. The data from all RCTs reporting a specific SOFA deriva-
tive were then aggregated using meta-regression. Responsiveness was quantified as the slope 
between the treatment effects on mortality and the treatment effects on SOFA. Consistency 
was quantified using the meta-analytical parameter I2.

Inclusion, search strategy and recorded variables
Eligible for inclusion were RCT’s in adult intensive care unit (ICU) patients reporting both 
a derivative of SOFA and a measure of mortality as primary or secondary endpoints. The 
search was limited to reports in English. PubMed and Embase databases were queried using 
the term [ (sofa OR “sepsis-related organ failure” OR “sepsis related organ failure” OR “sequen-
tial organ failure”) AND (random* OR RCT) ]. The query was last repeated on May 1, 2016.

For each RCT, we recorded and categorized the trial population, the type of intervention 
being tested, single- or multicenter design and the primary endpoint. RCTs were graded ac-
cording to the Jadad scale 10. For each treatment group in each RCT, we recorded the sample 
size, baseline SOFA score, all reported serial SOFA scores and the reported mortality rates.

Data extraction was independently performed by dual entry (HJdG and IG). Conflicting 
entries were resolved by consensus, with a final decision by a third author (HMO).

Quantifying responsiveness and consistency
For each RCT, mortality was expressed as the odds ratio (OR) of treatment vs. control group 
mortality. For studies reporting multiple measures of mortality, one measure was chosen 
in the following order: Mortality measure reported as primary endpoint; 28-day mortal-
ity; hospital mortality; 90-day mortality; ICU mortality. For the SOFA score, we computed 
the standardized difference between the control and intervention groups, defined as the 
between-group SOFA score difference divided by the standard deviation (SD) of the SOFA 
score (square root of the mean of variances of both groups). The standardized difference was 
used instead of the absolute difference to normalize the SOFA effect size across trials with 
different SOFA score distributions.  When SOFA score was reported as median and IQR, the 
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median was used as the best unbiased estimator of the mean and the SD was approximated 
as IQR/1.35. The SD of the SOFA score was imputed for 6 studies using the mean SD for the 
specific SOFA category.

A mixed-effects meta-regression model was used with log(OR) as dependent variable, 
SOFA score (standardized difference) as fixed effect independent variable and a random 
intercept for each study. The random intercept per study was applied to model heterogene-
ity explicitly. Fixed- and mixed-effects models produce identical results in the absence of 
significant between-study heterogeneity, but a mixed-effects model leads to appropriately 
increased standard errors when significant heterogeneity occurs. Each study was weighted 
by the inverse of the sampling variance of the mortality OR (a function of mortality rate and 
sample size). A restricted maximum likelihood estimator was used to estimate heterogene-
ity. Residuals were checked for normality and the goodness of fit of the log-linear model was 
compared to quadratic and power models.

The responsiveness of SOFA to mortality was measured by the coefficient that determines 
the slope between the standardized between-group SOFA difference and the between-group 
mortality OR.  The overall mortality effect explained by SOFA was quantified by R2 (the 
regression coefficient of determination).

The consistency of the SOFA-mortality relation was measured by I2, which describes the 
percentage total variability that is unexplained by sampling error (chance) 11.  The cause 
of residual heterogeneity was explored by adding study-level explanatory variables (e.g. 
baseline SOFA and trial characteristics) as regressors in the model.

The meta-regression was performed for each derivative of SOFA score. The different 
SOFA derivatives were categorized into fixed-day SOFA (subcategorized into early fixed-
day SOFA and late fixed-day SOFA), delta SOFA (subcategorized into delta fixed-day SOFA 
and delta maximum SOFA), and other SOFA derivatives (maximum SOFA, mean SOFA and 
discharge SOFA). RCTs recurred in multiple categories if more than one SOFA derivative 
was reported.

Pre-planned subgroup analyses were performed using RCTs with sepsis population (the 
SOFA score was originally designed to quantify sepsis-related organ failure), the 50% largest 
RCTs by sample size and the RCTs with a Jadad scale of 3 or higher (out of 5).

The year of publication, sample size and Jadad scale were compared between RCTs that 
reported different SOFA derivatives using ANOVA. All reported p-values were corrected 
for multiple comparisons using the Hommel method 12.  The regression analyses were per-
formed in R using the metafor package 13. The dataset generated and analyzed is available in 
“Additional file 2.cvs”.
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Results
Characteristics of the included studies
The search and screening strategy resulted in 87 RCTs that were eligible and usable for 
quantitative analysis (figure 1). Characteristics of the included RCTs are summarized in 
table 1. Most RCTs were performed in a population of patients with severe sepsis or septic 
shock. The included RCTs were small to moderately sized with a median number of in-
cluded patients of 64 (IQR 40 – 147). Eighteen RCTs (21%) included more than 200 patients. 
Nineteen RCTs (22%) used SOFA as a primary endpoint and 68 RCTs (78%) reported SOFA 
as a secondary endpoint. Figure 2 shows the increase of the use of the SOFA score as an 
endpoint over time.

767 Search results

386 Studies 
assessed for 
eligibility (abstract 
or full text)

381 Duplicates 
removed

276 Studies excluded:

· 127 Not a Randomized Controlled Trial
· 37 Secondary analysis of already included trial
· 22 Language incompatibility
· 12 Non-ICU population
· 1 Pediatric population
· 56 No SOFA endpoint reported
· 15 No mortality endpoint reported
· 6 Other reasons

110 Studies eligible 
for data extraction

23 Studies not usable for quantitative analysis:

· 12 Reported no quantitative SOFA data (e.g. only 
p-value for difference)

· 11 Reported SOFA abstraction incompatible with 
analytical method (e.g. incidence of SOFA<7)

PubMed and Embase query: 
(sofa OR "sepsis-related organ failure" OR "sepsis 

related organ failure" OR "sequential organ failure") 
AND 

(random* OR RCT)

87 Studies included

figure 1. Flowchart of the search strategy and included trials. SOFA, Sequential Organ Failure Assessment; 
RCT, randomized controlled trial.
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table 1. Characteristics of included trials

Number of included trials: n 87
Trial population: n

Severe sepsis or septic shock 35 (40%)
Mixed ICU population 24 (28%)
Specific organ dysfunction 13 (15%)
Trauma 4 (5%)
Cardiac surgery 2 (2%)
Other 9 (10%)

Trial intervention: n
Drug 47 (54%)
Treatment bundle 12 (14%)
Device 10 (11%)
Nutrition 8 (9%)
Ventilation-related 4 (5%)
Other 6 (7%)

Jadad scale: median (IQR) 3 (2 – 3)
Jadad scale ≤ 1: n 14 (16%)
Multicenter design: n 40 (46%)
Sample size per trial: median (IQR) 64 (40 – 147)
Mean or median baseline SOFA score: median (IQR) 8.5 (7 – 10)
Mortality rate: median (IQR) 28% (19% – 36%)
Primary endpoint: n

SOFA score 19 (22%)
Mortality 14 (16%)
Other 36 (41%)
Not specified 18 (21%)

ICU, Intensive care unit; IQR, interquartile range; SOFA, Sequential Organ Failure Assessment.
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figure 2. Included trials by publication year.
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The different SOFA derivatives that were used as endpoints in the included trials were 
sorted into the categories Fixed-day SOFA, Delta SOFA and Other SOFA derivatives (table 
2). Fixed-day SOFA was subcategorized into Early fixed-day SOFA (score before day 7) and 
Late Fixed-day SOFA (score on day 7 or later). Delta SOFA was subcategorized into Delta 
fixed-day SOFA and Delta maximum SOFA. Other SOFA derivatives were Maximum SOFA, 
Mean SOFA and Discharge SOFA. Mean SOFA and Discharge SOFA were used in only three 
RCTs and were therefore not analyzed for responsiveness and consistency Forty-six RCTs 
(53%) reported treatment effects on 28-day mortality, 17 RCTs (19%) reported hospital 
mortality, 11 RCTs (13%) reported long-term mortality and 13 RCTs (15%) reported ICU 
mortality. The RCTs reporting different SOFA derivatives did not differ by year of publica-
tion (p=0.616), sample size (p=0.721), primary mortality measure (28-day vs. hospital vs. 
ICU) (p=0.358), or Jadad scale (p=0.976).

Relationship between sofA and mortality endpoints
Figure 3 displays the meta-regression results of all included trials (N=87) and the two most 
frequently used SOFA derivatives: Fixed-day SOFA (N=58) and Delta SOFA (N=25).

Among the 87 RCTs that used any SOFA derivative as an endpoint, there was significant 
responsiveness between the SOFA endpoint and mortality (slope=0.49; p=0.006; I2=5%). 
Many RCTs reported conflicting treatment effects on SOFA vs. mortality (figure 3-A, red 
quadrants). Overall, (R2=) 9% of the mortality effects were explained by SOFA.

For RCTs that used Fixed-day SOFA (N=58), there was no association between the 
SOFA endpoint and mortality (slope=0.35; p=0.08; I2=12%) and (R2=) 3% of the mortality 
effects were explained by SOFA (figure 3-B). The subcategories Early and Late fixed-day 

table 2. SOFA derivatives used as endpoints.

sofA derivative description Included
RCts

Fixed-day SOFA SOFA score on a fixed day after randomization 58*

Early fixed-day SOFA SOFA score on days 2, 3, 4 or 5 after randomization. 55*

Late fixed-day SOFA SOFA score on days 7, 10 or 14 after randomization. 32*

Delta SOFA Trajectory of SOFA score from baseline 25

Delta fixed-day SOFA SOFA score on a fixed day after randomization minus baseline SOFA 
score.

18

Delta maximum SOFA Maximum SOFA score during ICU stay minus baseline SOFA score. 7

Other SOFA derivatives

Maximum SOFA Maximum SOFA score during ICU stay. 9

Mean SOFA Mean SOFA score during ICU stay. 3

Discharge SOFA SOFA score at ICU discharge or death. 3

SOFA, Sequential Organ Failure Assessment. * Twenty-nine trials reported both early and late SOFA scores.
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SOFA also displayed no signifi cant association, with slope=0.38, p=0.261, I2=14%, R2=4% 
and slope=0.18, p=0.458, I2=13%, R2=1%, respectively) (appendix B, fi gure B-1 (Additional 
fi le 1.pdf)).

RCTs that used Delta SOFA as an endpoint (N=25) reported less confl icting results (fi gure 
3-C). Delta SOFA showed statistically signifi cant responsiveness to mortality (slope=0.70; 
p=0.004; I2=0%) and (R2=) 32% of the mortality eff ects were explained by SOFA (fi gure 3-C). 
Th e subcategory Delta fi xed-day SOFA (N=18) showed similar results (slope=0.74, p=0.015, 
I2=0%, R2=35%). Th e subcategory Delta maximum SOFA (N=7) showed non-signifi cant 
responsiveness (slope=0.54, p=0.458, I2=0%, R2=9%) (appendix B, fi gure B-1 (Additional 
fi le 1.pdf). Th e heterogeneity of Delta SOFA was signifi cantly lower than that of Fixed-day 
SOFA (P<0.001 using F-test on tau).

Th e only other SOFA derivative used by more than 3 RCTs was Maximum SOFA, which 
had the highest responsiveness estimate between SOFA and mortality, but the relation did 
not attain signifi cance because it was used in only 9 RCTs (slope=1.03, p=0.406, I2=0%, 
R2=36%) (appendix B, fi gure B-1 (Additional fi le 1.pdf)).

B. Fixed-day SOFA endpoint
     vs. mortality

Number of RCTs: 58
Patients per trial: 60 (IQR 39–148) 

Responsiveness:  
Slope = 0.35 (95%CI -0.04; 0.75)
p = 0.081

Heterogeneity of relation between
SOFA and mortality: 
I2  = 12%

Mortality effect explained by SOFA:
R2  = 3% 

C. Delta SOFA endpoint
     vs. mortality

Number of RCTs: 25
Patients per trial: 64 (IQR 32–143) 

Responsiveness:  
Slope = 0.70 (95%CI 0.26; 1.14)
p = 0.004

Heterogeneity of relation between
SOFA and mortality: 
I2  = 0%

Mortality effect explained by SOFA:
R2  = 32% 
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A. Any SOFA endpoint 
     vs. mortality

Number of RCTs: 87
Patients per trial: 64 (IQR 40–146) 

Responsiveness:  
Slope = 0.49 (95%CI 0.17; 0.82)
p = 0.006

Heterogeneity of relation between
SOFA and mortality:  
I2  = 5%

Mortality effect explained by SOFA:
R2  = 9%
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figure 3. Regression analyses of the relation between RCT treatment eff ects on diff erent SOFA derivatives 
vs. mortality. Th e size of the circle is proportional to the RCT sample size. RCTs in the green quadrants show 
agreement between SOFA and mortality eff ects (e.g. lower SOFA and lower mortality), while RCTs in the red 
quadrants show confl icting eff ects (lower SOFA but higher mortality or vice versa). Dashed line: Signifi cant 
association with residual heterogeneity. Solid line: Signifi cant association without residual heterogeneity.
SOFA, Sequential Organ Failure Assessment; RCT, Randomized Controlled trial; OR, odds ratio.
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subgroup analyses
We performed three subgroup analyses: 1) with RCTs in severe sepsis or septic shock 
populations; 2) with the largest 50% of RCTs by sample size; and 3) with RCTs scoring a 
Jadad quality scale of 3 or higher (out of a possible score of 5). No significant deviations 
from the main results were found for any of the subgroups. A notable result was that the re-
sponsiveness and consistency of Fixed-day SOFA actually deteriorated when analyzing only 
high-quality RCTs and the largest RCTs. The results of the subgroup analyses can be found 
in appendix B, table B-2 (Additional file 1.pdf). Adding baseline between-group SOFA 
differences in the regression model did not improve the responsiveness or consistency of 
Fixed-day SOFA (slope 0.3, p=0.34, I2=17%, R2=1%).

dIsCussIon
Our systematic review indicates that Delta SOFA score (but not Fixed-day SOFA score) reli-
ably reflects between-group differences in mortality. Delta SOFA describes the change in 
organ function over time. It is strongly associated with mortality and explained 32% of the 
treatment effects on mortality. The subcategory Delta fixed-day SOFA performed similarly 
well, but the subcategory Delta maximum SOFA showed no significant association with 
mortality. Fixed-day SOFA, despite being the most frequently used derivative, was actually 
not associated with mortality and the estimated R2 was only 3%. The reason is that many 
RCTs using Fixed-day SOFA reported conflicting treatment effects on their SOFA score and 
mortality endpoints (i.e. a treatment that caused better SOFA score but worse mortality or 
vice versa). Maximum SOFA score had a high responsiveness estimate, but was possibly 
used in too few RCTs to attain statistical significance. These results indicate that SOFA score 
on a fixed day after randomization was not the most appropriate endpoint for RCTs and that 
Delta fixed-day SOFA performed best.

In small RCTs, conflicting results (opposing SOFA and mortality effects) may be due 
to random chance alone. However, the employed meta-regression approach explicitly ac-
counts for sampling variance. The presence of heterogeneity for Fixed-day SOFA therefore 
indicates that the SOFA vs. mortality effects are more conflicted than would be expected by 
random chance alone. Similarly, the proportions of the mortality effects explained by the 
SOFA scores (the reported R2 values) were weighted by study size to discount the effect of 
small outlier RCTs. In addition, the main findings were fundamentally unchanged when we 
analyzed only the largest and the highest-quality RCTs. In all, both the statistical methods 
and the subgroup analyses support the robustness of our findings.

The association between different SOFA derivatives and mortality has previously been 
evaluated in observational cohorts of critically ill patients 2–4. We have focused on treatment 
effects on SOFA scores and mortality in RCTs rather than on the observational associa-
tion between SOFA and mortality. In observational studies, Fixed-day SOFA discriminated 
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mortality risk with an area under the ROC curve (AUC) of 0.73 to 0.85 3,14–16. This moder-
ate performance supports our finding that Fixed day SOFA is not robustly associated with 
mortality. The AUC for Maximum SOFA was 0.90 to 0.92 3,14,17, which is in agreement with 
the relatively good performance of maximum SOFA, although too few RCTs reported this 
SOFA derivative to draw robust conclusions. Delta fixed-day SOFA, which performed best 
in RCTs, has only been analyzed in a single observational cohort at day 2 and 3 (AUC of 
0.76 and 0.62, respectively) 3.

The value of mortality as a ‘gold standard endpoint’ for intensive care RCTs is the subject 
of longstanding debate 18,19. On the one hand, reducing mortality is a premier goal of inten-
sive care treatment. In this light, an intermediate endpoint such as Delta SOFA score can be 
seen as a surrogate endpoint which needs to be validated against mortality 5,6. On the other 
hand, reducing morbidity (organ failure) in critically ill patients is intrinsically relevant. 
Mortality may be an insensitive endpoint because many of its determinants (such as high 
age or severe chronic illness) are not amenable to therapy. In this light, the SOFA score is 
a valuable endpoint in itself, and our finding that Delta SOFA explains 32% of mortality 
effects further strengthens its relevance.

strengths and weaknesses of this study
The search strategy was designed to identify RCTs with a mention of randomization and 
SOFA score in the title, abstract or keywords. However, trials that used SOFA score as a 
secondary endpoint but did not mention SOFA in the abstract were possibly not identified. 
Twenty-two RCT reports not written in English were excluded, which may have compro-
mised study power.

We used aggregated study-level data rather than individual patient data. This allowed us 
to use information from almost all available trials, thereby making the results generalizable 
across a broad spectrum of critical care RCTs. The results may have been influenced by 
publication bias if specific combinations of mortality and SOFA score effects are over- or 
underrepresented. The included trials did not test similar interventions but rather repre-
sented a common biological pathway of multiple organ dysfunction as a determinant of 
ICU-related mortality. Statistical heterogeneity in the relation between SOFA score and 
mortality therefore seemed inevitable, and we have modeled this explicitly by using mixed-
model regression.

Using individual patient data from RCTs would have enabled different statistical meth-
ods that allow for a more precise estimate of the responsiveness between SOFA score and 
mortality  20,21. However, obtaining individual patient data from investigators would not 
have been a random and unbiased process, thereby compromising the generalizability of the 
results. Future research may be directed at individual patient data from one or several RCTs.

Among the analyzed RCTs, there was considerable heterogeneity in the reported mortal-
ity measures (e.g. 28-day, hospital or ICU) and the SOFA endpoints. Although we analyzed 
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between-group differences rather than absolute mortality, this may have contributed to the 
unexpectedly poor performance of Fixed-day SOFA. The reported SOFA endpoints were 
categorized to arrive at a statistically useful number of RCTs per SOFA derivative. Although 
our categorization broadly followed the naming conventions and classification of SOFA 
derivatives used elsewhere 3,4, some dichotomies were arbitrary (e.g. the cutoff between 
early and late at 7 days).

It should also be stressed that the term Delta SOFA is defined differently throughout the 
literature: it is sometimes defined as the score on a fixed day minus baseline score (Delta 
fixed-day) or as the maximum score minus baseline score (Delta maximum). We found that, 
on the whole, Delta SOFA was associated with mortality, but further analysis showed that 
this association was significant only for the RCTs that reported Delta fixed-day instead of 
Delta maximum SOFA.

An important limitation of this analysis lies in the sample size differences between SOFA 
derivatives. The statistical significance of the responsiveness (slope coefficient) depends 
on the magnitude of the coefficient, on the amount of residual heterogeneity and on the 
number of RCTs. Because the number of RCTs differs greatly between the different SOFA 
derivatives, the p-values for the slope coefficients must be interpreted with caution. It should 
be noted, however, that Fixed-day SOFA did not attain significance despite having a much 
larger number of RCTs than Delta SOFA.

Implications for the interpretation and design of clinical trials
The number of RCTs that use SOFA as an endpoint is increasing over time (figure 2). Yet the 
critical care community should be cautious about how much of a treatment effect on mor-
tality can be extrapolated from a treatment effect on SOFA score. The reliability and validity 
of the SOFA score as an endpoint depends on several conditions: the appropriateness of the 
SOFA derivative; the adequacy of the sample size; the appropriateness of the timeframe; the 
correct scoring of discharged and deceased patients; and the validity of the individual SOFA 
components (especially the Glasgow Coma Score in sedated patients).

Firstly, for any RCT, the choice of SOFA derivative should be appropriate for the study 
design and research question. Based on the results from this review, Delta fixed-day SOFA 
reflects between-group mortality differences better than Fixed-day SOFA. Delta maximum 
SOFA and Maximum SOFA need further evaluation before their validity as an endpoint can 
be ascertained.

Secondly, given the mean reported standard deviation of Delta SOFA of 2.64, we can 
calculate the sample size requirements to detect a between-group difference in SOFA score 
with 80% power and 5% type-I error rate. With these parameters, 110 patients per group are 
required to detect a 1 point Delta SOFA difference between the groups, which is associated 
with a mortality OR of 2 (e1x0.70) (95%CI 1.3; 3.1). Detecting a 0.5 SOFA point difference 
(associated with a mortality OR of 1.4 (e0.5x0.70) (95%CI 1.1; 1.8)) requires 440 patients per 



73

SOFA and mortality endpoints in RCTs

group. It should be noted that, based on the included studies, a true between-group Delta 
SOFA difference greater than 1 point or a mortality OR greater than 2.0 seems unrealistic. 
Therefore, we suggest that RCTs using Delta SOFA as primary endpoint should aim to detect 
a SOFA effect of 1 point or smaller (i.e. include no less than 110 patients per group.) Thirdly, 
the SOFA scores assigned to discharged and deceased patients should be carefully chosen 
and clearly described. Only a minority of the RCTs analyzed in this review described how 
these observations were registered. For any measurement point after ICU discharge, the 
SOFA score for that patient can be registered as the last observation carried forward or 
as 0, in case of discharge, or 24 in case of death. Simply assigning no score to discharged 
patients will obviously lead to bias that decreases the validity of the endpoint. Similarly, a 
plot showing the development of SOFA scores over time cannot be interpreted if discharged 
patients are not explicitly scored. Mean SOFA scores may paradoxically improve over time 
in one group because of higher early mortality, unless deceased patients are assigned a score 
of 24 or the last observation carried forward.

Fourthly, since the mean time to reach the maximum SOFA score is different for each 
organ system, the timing of a fixed-day SOFA endpoint should be appropriate for the spe-
cific treatment target. For example, the SOFA effects of a treatment that is primarily aimed 
at liver dysfunction should be assessed later than the SOFA effects of a treatment that is 
primarily aimed at circulatory or respiratory dysfunction 2.

Fifthly, the components of the SOFA score must be individually valid. The Glasgow 
Coma Score (GCS) is the most subjective variable in the SOFA score and its evaluation is 
often confounded by the use of sedatives. The interobserver agreement of the GCS ranges 
from moderate to very poor in validation studies of severity-of-illness scoring systems 22–24. 
A modified SOFA score excluding the neurologic component could therefore be considered 
when the appropriate registration of the GCS has not been validated in the participating 
trial institutions or when it is found to be unreliable in case of prolonged sedation.

Lastly and importantly, we recommend that investigators using SOFA as a primary 
endpoint should always report mortality as a secondary endpoint and should evaluate the 
within-trial association between SOFA and mortality using a proportion explained logistic 
regression analysis 20. Reports of RCTs using a SOFA endpoint could then include a state-
ment such as: “the treatment effect on the SOFA score explains 50% of the treatment effect 
on mortality, which supports the validity of this endpoint”, or, conversely: “the treatment 
effect on the SOFA score explains 10% of the treatment effect on mortality, which casts 
doubt on the predictive value the SOFA endpoint in this trial”. This allows readers to better 
evaluate whether a treatment effect on SOFA is an accurate predictor of a treatment effect 
on mortality in that specific trial.



74

Chapter 4

Conclusion
In this systematic analysis, 87 RCTs were included to evaluate the reliability of different 
SOFA derivatives to predict treatment effects on mortality. Based on study level data ag-
gregated in this systematic review, Delta fixed-day SOFA appears to be most responsively 
and consistently associated with mortality. Fixed-day SOFA was the most frequently re-
ported outcome measure among the reviewed RCTs but was not found to be associated 
with mortality. Maximum SOFA showed excellent responsiveness and consistency, but was 
used in too few trials for sufficient statistical power. We recommend that researchers plan-
ning to use SOFA as a trial endpoint should prefer Delta SOFA to Fixed-day SOFA, choose 
an appropriate timeframe, describe how discharged and deceased patients are scored and 
evaluate the within-trial association between the SOFA endpoint and mortality.

Availability of data and materials
The appendix with supplementary results, a list of all included RCTs and the data generated 
and analyzed is available from the publisher’s website.
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AbstRACt
background: The prevention of catheter-related bloodstream infection (CRBSI) has been 
an area of intense research, but the heterogeneity of endpoints used to define catheter infec-
tion makes the interpretation of randomized controlled trials (RCTs) problematic. The aim 
of this study was to determine the validity of different endpoints for central venous catheter 
infections.

data sources: (a) Individual-catheter data from 9428 catheters from four large RCTs. (b) 
Study-level data from 70 RCTs identified with a systematic search. Eligible studies were 
RCTs published between January 1987 and October 2018 investigating various interven-
tions to reduce infections from short-term central venous catheters or short-term dialysis 
catheters. For each RCT the prevalence rates of CRBSI, quantitative catheter tip coloniza-
tion, catheter-associated infection (CAI) and central line-associated bloodstream infection 
(CLABSI) were extracted for each randomized study arm.

Methods: CRBSI was used as the gold-standard endpoint, for which colonization, CAI and 
CLABSI were evaluated as surrogate endpoints. Surrogate validity was assessed as: 1) the 
individual partial coefficient of determination (individual-pR2) using individual-catheter 
data; 2) the coefficient of determination (study-R2) from mixed-effect models regressing the 
therapeutic effect size of the surrogates on the effect size of CRBSI, using study-level data.

Results: Colonization showed poor agreement with CRBSI at the individual-patient level 
(pR2=0.33 95%CI 0.28-0.38) and poor capture at the study level (R2=0.42, 95%CI 0.21-0.58). 
CAI showed good agreement with CRBSI at the individual-patient level (pR2=0.80, 95%CI 
0.76-0.83) and moderate capture at the study level (R2=0.71, 95% CI 0.51-0.85). CLABSI 
showed poor agreement with CRBSI at the individual-patient level (pR2=0.34, 95%CI 0.23-
0.46) and poor capture at the study level (R2=0.28, 95%CI 0.07-0.76).

Conclusions: CAI is a moderate to good surrogate endpoint for CRBSI. Colonization and 
CLABSI should be interpreted with caution because they do not reliably reflect treatment 
effects on CRBSI and are consequently more suitable for surveillance than for clinical ef-
fectiveness research.

Clinical trials Registration: NCT01479153, NCT00417235, NCT01189682, NCT01629550
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IntRoduCtIon
The prevention of infectious complications associated with the use of intravascular devices 
has been a research priority for decades. However, several definitions are used to quantify 
infectious complications. Each measure has a specific purpose, but their interchangeable 
and simultaneous use hampers interpretation and comparison of study results.

The most frequently used infectious complication metrics are catheter tip colonization, 
catheter-related bloodstream infection (CRBSI), catheter-associated infection (CAI) and 
central line-associated bloodstream infection (CLABSI). Quantitative catheter tip coloniza-
tion can be asymptomatic and denotes a substantial microbial load on the catheter 1,2, while 
CRBSI indicates that the same microorganism is present on the catheter and in peripheral 
blood culture 3–5. CRBSI, therefore, establishes a high likelihood of a causal relation between 
the catheter and a bloodstream infection. CAI encompasses CRBSI or catheter coloniza-
tion with clinical signs of systemic infection, increasing sensitivity to uncultured infection 
originating from the catheter. CLABSI establishes a temporal relation between bloodstream 
infection and a catheter in situ, and its ease of implementation makes it a popular measure 
for surveillance and quality monitoring 6.

To make appropriate guideline recommendations and treatment decisions, it is crucial 
to understand the relevance of surrogate outcomes such as catheter colonization, CAI and 
CLABSI for more patient-oriented outcomes 7,8. Because CRBSI is a rare event, alterna-
tive primary endpoints have been considered in the design of clinical trials to increase the 
statistical power for a limited sample size.

The aim of the present study was to analyse the patient-oriented relevance and valid-
ity of different infectious definitions. From the perspective of patient-oriented benefit, 
we aimed to establish both the agreement between the CRBSI and its surrogates at the 
individual-patient level, and the degree to which treatment effects on CRBSI are captured 
by the surrogates at the trial level.

Methods
definitions and endpoint validity framework
The most commonly agreed-upon definitions of infectious catheter complications are sum-
marized in Table 1 9.

We considered CRBSI as the gold-standard patient-oriented endpoint to which the 
other measures were compared, as it has the best construct validity to establish causality 
between the catheter and a bloodstream infection and because it is significantly associated 
with increased mortality 4,10. For this study, colonization, CAI and CLABSI were considered 
surrogate endpoints for CRBSI.

A surrogate can be considered valid when it is statistically associated to the patient-
oriented endpoint, and when the effect of a treatment on the surrogate accurately reflects 
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the effect of treatment on the patient-oriented endpoint 11. The first criterion establishes 
individual-level surrogate validity: A surrogate can only be useful when it predicts the 
patient-oriented outcome for each patient 12. The second criterion establishes trial-level 
surrogate validity: A surrogate endpoint must reliably capture the treatment effect on a 
patient-oriented endpoint to be useful as a research instrument 13. A surrogate endpoint can 
only be considered valid and reliable when there is a strong association at the individual and 
at the study (intervention) level.

Following the surrogate validity framework operationalized by Buyse and 
Molenberghs12,13, we evaluated both the individual-level surrogate validity and the trial-
level surrogate validity.

data
To analyse individual-level surrogate validity, we used individual-catheter data from 4 ran-
domized controlled trials: The 3SITES trial comparing insertion at the subclavian, jugular or 

table 1. Definitions of infectious complications of central venous catheterization.

Metric Common definition(s) use or purpose

Catheter-related 
bloodstream infection 
(CRBSI)

1. Positive catheter tip colonization with the 
same organism cultured in peripheral blood 
(two positive peripheral blood cultures for 
suspected skin contaminants) [4,5]. 

2. Differential time to positivity (of 
peripheral and central venous catheter 
drawn blood cultures) of 120 minutes or 
more [18]. 

Establishes a high likelihood 
that a bloodstream infection 
is caused or maintained by the 
catheter.

Catheter tip colonization 1. Semiquantitative method (“Maki roll”), 
cutoff ≥ 15 cfu/catheter [1]. 

2. Quantitative (broth dilution) method, 
cutoff ≥ 1000 cfu/ml [2]. 

Identifies a significant degree of 
microbial catheter colonization 
[2].

Catheter-associated 
infection (CAI)*

CRBSI or catheter colonization with clinical 
signs of systemic infection not related to 
infection at another site. 

CRBSI with broadened 
sensitivity to blood-culture 
negative infections.

Central line-associated 
bloodstream infection 
(CLABSI)

Positive peripheral blood culture in a 
patient with a central venous catheter or 
within 48 hours after removal of a central 
venous catheter, not related to infection at 
another site [6]. 

Establishes temporal 
association, used for 
surveillance and quality 
monitoring [6].

Adapted from [9]. * Alternative names for catheter-associated infection are “major catheter-related infections” 
or “catheter-related clinical sepsis”. cfu, colony forming units.
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femoral site 14; the CLEAN trial comparing skin antisepsis with chlorhexidine–alcohol versus 
povidone iodine–alcohol 15; the DRESSING-1 trial comparing chlorhexidine-impregnated 
sponges versus standard dressings 16, and; the DRESSING-2 trial comparing chlorhexidine 
dressings versus standard dressings 17. Data from arterial catheters and dialysis catheters 
were excluded. These four trials were chosen arbitrarily based on data availability, meth-
odological quality (multicentre, blinded adjudication of infectious complications) and 
sample size. Ethics committee approval and written informed were described in the original 
publications 14–17.

In all four trials, the diagnosis of CRBSI and CAI was adjudicated by blinded assessors. 
Individual-catheter data on CLABSI was available only in the 3SITES and DRESSING-2 
trials. We performed a sensitivity analysis for CLABSI to account for different peripheral 
blood culture protocols between the studies. We also performed a sensitivity analysis for 
CRBSI to the diagnosis by differential time to positivity (details and results in supplemen-
tary appendix) 18 .

At the study-level, to evaluate whether treatment effects on CRBSI are adequately cap-
tured by treatment effects on the surrogates, we performed a literature search to identify all 
randomized trials investigating an intervention related to infectious central venous catheter 
complications. The search query is described in the supplementary material and was last 
performed on October 17, 2018. Eligible studies were limited to randomized controlled 
trials published in English after 1987 (when the laboratory methods for catheter coloniza-
tion were standardized 2) and to trials investigating short-term central venous catheters or 
short-term dialysis catheters. Reasons to exclude trials were neonatal population, use of 
peripherally inserted central catheters, trials that did not report CRBSI or reported only one 
infectious complication metric (no comparison possible) or trials with a total sample size 
less than 50 to avoid publication bias from very small trials with high event rates.

statistical methods
The primary measure of individual-level surrogate validity was the partial coefficient of de-
termination (pR2) between CRBSI and the other measures. The individual-pR2 (also known 
as the adjusted association in the surrogate endpoint literature) estimates the proportion 
of variance in CRBSI explained by the surrogate, while controlling for treatment 13. We 
considered individual-pR2 estimates of <0.50, 0.50-0.72, and >0.72 as poor, moderate and 
good agreement, respectively (corresponding to correlation coefficients of <0.70, 0.70-0.85, 
and >0.85) 19,20.

Using logistic regression, we defined the reduced models with CRBSI as dependent 
variable and treatment allocation as independent variable. The full models were defined 
with CRBSI as dependent variable and treatment allocation plus one of the surrogates as 
independent variables. The individual-pR2 was calculated as the full model McFadden’s 
pseudo-R2 minus the reduced model McFadden’s pseudo-R2.



84

Chapter 5

85

Validity of catheter infection endpoints.

Individual-pR2 estimates were calculated for each surrogate in each trial separately. The 
overall individual-pR2 was calculated using all data in mixed effects models with a random 
trial effect on intercept in the reduced models and a random trial effect on intercept and 
surrogate in the full models. Confidence intervals were bootstrapped with 1000 replications.

As adjuncts for the interpretation of individual-level surrogacy, we report Cohen’s kappa 
coefficient of agreement, the positive predictive value and negative predictive value of colo-
nization, CAI and CLABSI to detect CRBSI.

To test whether individual-patient characteristics influenced the association between 
CRBSI and the surrogate, we modelled CRBSI as a function of the surrogate outcomes 
with an interaction term between the surrogate outcomes and (i) randomization group, (ii) 
the presence of immune deficiency and (iii) the class of microorganism cultured from the 
catheter (Staphylococcus sp., versus other.)

The primary measure of trial-level surrogate validity was the study-level R2 as a mea-
sure for the agreement between effect of the treatment on colonization, CAI or CLABSI as 
compared to CRBSI 12,13. The relative effect was estimated using a mixed-effects regression 
model with each trial’s treatment effect on CRBSI as the dependent variable, the treatment 
effect on colonization, CAI or CLABSI as independent variable and a random intercept for 
each study. The regression slopes between treatment effects on CRBSI and (i) colonization, 
(ii) CAI and (iii) CLABSI reflected the average responsiveness of the surrogates to CRBSI. 
The study-R2 represents the average proportion of treatment effects on CRBSI captured by 
the surrogate endpoint. Again, we considered R2 estimates of <0.50, 0.50-0.72, and >0.72 as 
poor, moderate and good agreement, respectively 19,20.

All analyses were performed in the R language and environment for statistical comput-
ing, using the epiR and boot packages for individual catheter-level analyses and the metafor 
package for the study-level analyses 21–24. The analysis code is available on request from the 
corresponding author.

Results
Individual catheter data
Individual catheter data was available for 9428 central venous catheters from 8908 patients 
(3471, 2155, 2051 and 1751 catheters from the 3SITES, CLEAN, DRESSING-1 and DRESS-
ING-2 trials, respectively 14–17). The incidences and crude associations between CRBSI and 
colonization, CAI and CLABSI are shown in Table 2. Colonization and CAI had high sensi-
tivity to detect CRBSI while CAI had only moderate sensitivity. Aided by the low prevalence 
of CRBSI, all three surrogates had excellent negative predictive value to exclude CRBSI. CAI 
and CLABSI were most specific for the diagnosis of CRBSI. Overall, 10% of patients with 
positive colonization had CRBSI, 61% of patients with positive CAI had CRBSI and 36% of 
patients with positive CLABSI had CRBSI (the positive predictive value).
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Th e individual catheter-level agreement between CRBSI and the surrogate endpoints is 
shown in Figure 1. Th e overall individual-pR2 estimates for agreement between coloniza-
tion, CAI and CLABSI with CRBSI were 0.33 (95%CI 0.28-0.38), 0.80 (95%CI 0.76-0.83) and 
0.34 (95%CI 0.23-0.46), indicating poor, good and poor agreement, respectively. Sensitivity 
analyses are reported in the supplementary material.

Th e associations between CRBSI and the surrogates were homogenous in all pre-defi ned 
subgroup comparisons in all 4 trials and in the combined dataset (p for interaction all >0.1)

Meta-analysis of study-level data
Seventy eligible randomized controlled trials were identifi ed for the study-level analysis 
(eFigure 1 in the supplementary material) 14–17,25–90. Th e baseline characteristics of the in-
cluded trials are shown in Table 3.

Sixty-eight studies reported both treatment eff ects on catheter colonization and on 
CRBSI (Figure 2a). In these studies, the median rate of catheter colonization was 6.7 times 
higher than for CRBSI (10.0% vs. 1.5%). Six studies compared more than two treatment 
arms, resulting in 80 treatment comparisons. Twenty studies (25%) showed opposite treat-
ment eff ects on colonization and CRBSI (i.e. the treatment caused a decrease in colonization 
but an increase in CRBSI), but none of these opposite eff ects were statistically signifi cant 
(all p>0.05 on Fisher’s exact test). Th ere was an association between treatment eff ects on 
colonization and CRBSI (p<0.0001), with a study-level agreement (study-R2) of 0.42 (95% 
CI 0.21-0.58). Including only studies with systematically cultured catheters (n=73) did not 
improve the agreement (study-R2 0.44, 95% CI 0.19-0.63).

Th irteen studies reported both treatment eff ects on CAI and on CRBSI (Figure 2b). In 
these studies, the median rate of CAI was 1.4 times higher than for CRBSI (1.6% vs. 1.1%). 
Th ree studies compared more than two treatment arms, resulting in 18 treatment compari-
sons. Two studies (11%) showed contradictory treatment eff ects on CAI and CRBSI, but 

CLABSI

CAI

Colonization

0.00 0.25 0.50 0.75 1.00

Individual-pR
(agreement with CRBSI)

2

3SITES

CLEAN

DRESSING-1

DRESSING-2

mean and 95%CI

Trial

Poor Moderate Good

figure 1. Individual catheter-level agreement between catheter related bloodstream infection (CRBSI) and sur-
rogate endpoints among 9428 catheters from 4 randomized controlled trials. Diff erences in protocolized blood 
culture drawing may explain the inconsistent CLABSI results between 3SITES and DRESSING-II. A sensitivity 
analysis can be found in the supplementary material. Colonization, quantitative catheter tip colonization; CAI, 
catheter-associated infection; CLABSI, central line-associated bloodstream infection.
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table 3. Characteristics of studies included in meta-analysis

no. of trials (%) or median (IQR)

Included trials 70

Trial population

Critically ill, adults 45 (64)*

Hematology / oncology, adult 11 (16)

Mixed population, adult 9 (13)

Critically ill, pediatric 2 (3)

Hematology / oncology, pediatric 2 (3)

Acute renal replacement therapy, adult 1 (1)

Catheter type

Central venous catheter, non-tunneled 61 (87)

Central venous catheter, tunneled 5 (7)

Acute hemodialysis catheter 3 (4)

Mixed catheter types 1 (1)

Randomized intervention

Catheter coating/impregnation 29 (41)

Lock fluid 9 (13)

Skin cleaning/preparation 8 (11)

Catheter dressing 6 (9)

Connecting systems/hubs 4 (6)

Tunneling 4 (6)

Insertion site 3 (4)

Other 7 (10)

Laboratory testing for catheter colonization

Systematic (all catheters) 63 (90)

Non-systematic (only suspected infection) 2 (3)

Not described 5 (7)

Laboratory testing for bloodstream infection

Systematic (all patients) 18 (26)

Non-systematic (only suspected infection) 30 (43)

Not described 22 (31)
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none of these contradictory effects were statistically significant. There was an association 
between treatment effects on CAI and CRBSI (p=0.022), with a study-level agreement 
(study-R2) of 0.71 (95% CI 0.51-0.85).

Twelve studies reported both treatment effects on CLABSI and on CRBSI (Figure 2c). 
In these studies, the median rate of CLABSI was 3.2 times higher than for CRBSI (8.4% vs. 
2.2%). One study (8%) showed contradictory treatment effects on CLABSI and CRBSI, but 
this contradictory effect was not statistically significant. There was no significant association 
between treatment effects on CLABSI and CRBSI (p=0.143), with a study-level agreement 
(study-R2) of 0.28 (95%CI 0.07-0.76).

table 3. Characteristics of studies included in meta-analysis (continued)

no. of trials (%) or median (IQR)

CRBSI

Reported in no. of studies 70 (100)

Median rate (IQR) 1.6% (0.7-3.4)

Catheter colonization

Reported in no. of studies 68 (97)

Median rate [IQR] 10.0% [8.2-17.7]

CAI

Reported in no. of studies 13 (19)

Median rate (IQR) 1.6% [0.9-4.2]

CLABSI

Reported in no. of studies 12 (17)

Median rate (IQR) 8.4% [7.4-19.8]

Colonization, quantitative catheter tip colonization; CAI, catheter-associated infection; CLABSI, central line-
associated bloodstream infection. *Numbers between parentheses are percentages.
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dIsCussIon
To be considered valid and reliable, a surrogate must be strongly associated with CRBSI 
both at the individual and at the study level. We found consistent results in the two types of 
analyses. Based on individual-level data on 9428 randomized catheters and study-level data 
from 70 randomized controlled trials, colonization off ered substantial power advantages 
but was poorly consistent with treatment eff ects on CRBSI. CAI provided small power and 
operational advantages over CRBSI and was a moderate to good surrogate for treatment 
eff ects on CRBSI. Depending on the precise defi nition, CLABSI was a poor to moderate 
surrogate at the individual-patient level and a poor surrogate at the trial-level. Our results 
are consistent with the Centers for Disease Control Guidelines suggesting that CLABSI 
should be used in the routine setting for surveillance purposes while the CRBSI is preferred 
for clinical research 91.

Our fi ndings regarding the poor performance of colonization contrast with a seminal 
2002 meta-analysis, which showed that catheter colonization and CRBSI were correlated 
in diff erent studies 92. Th is analysis provided the basis for using colonization as a surrogate 
endpoint for CRBSI in many clinical studies. However, from the observation that coloni-
zation and CRBSI are correlated it does not necessarily follow that reducing the rate of 
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a. Catheter colonization as surrogate for CRBSI

Number of studies: 68 (80 comparisons)†

Patients per study: 294 (IQR 193-552) 

Responsiveness:  
Slope = 0.93 (95%CI 0.59; 1.26)
p < 0.0001

Study-level agreement between colonization and CRBSI:
Study-R2  = 0.42 (95%CI 0.21;0.58)

b. CAI as surrogate for CRBSI

Number of studies: 13 (18 comparisons)†

Patients per study: 357 (IQR 306-2142) 

Responsiveness:  
Slope = 0.89 (95%CI 0.13; 1.66)
p = 0.022

Study-level agreement between CAI and CRBSI:
Study-R2  = 0.71 (95%CI 0.51; 0.85)

c. CLABSI as surrogate for CRBSI

Number of studies: 12
Patients per study: 342 (IQR 255-464) 

Responsiveness:  
Slope = 1.01 (95%CI -0.34; 2.38)
p = 0.1427

Study-level agreement between CAI and CRBSI:
Study-R2  = 0.28 (95%CI 0.07; 0.76)

figure 2. Study-level agreement between CRBSI and catheter colonization, catheter associated infection (CAI) 
and central-line associated bloodstream infection (CLABSI). Circle sizes are proportional to study sample sizes. 
Th e regression curves represent a signifi cant study-level association between treatment eff ects on colonization 
and CRBSI and between treatment eff ects on CAI and CRBSI. Th e estimated regression function is log(RRcrbsi) 
= intercept + slope · log(RRsurrogate).
† Studies with more than two treatment groups (more than one treatment comparison) are shown as separate 
comparisons (plot points).
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colonization will also reduce CRBSI 93. The present results indicate that treatment effects on 
CRBSI are not adequately captured by colonization.

Catheter-related bloodstream infection
For the purpose of this study, we defined CRBSI as the gold standard endpoint because it 
has the best face- and construct validity to establish a causal relation between a catheter and 
a bloodstream infection. It is the most patient-oriented endpoint with a well-established 
association with increased mortality and an estimated case-fatality rate of 11% 4,10.

Its drawbacks are the low incidence and a relatively complicated diagnostic process. At 
a median rate of 1.6%, any study aiming to detect an effect on CRBSI needs a substantially 
larger sample size than is needed for the other endpoints. A confirmatory diagnosis of CRBSI 
requires matching the catheter and blood culture results. Compared to the other endpoints, 
more prospective diagnostics and dedicated attention to the matching of the catheter tip 
and blood culture results are required. CRBSI establishes a causal relationship but second-
ary hematogenous seeding to the catheter cannot be excluded, although uncommon 94,95. In 
addition, prompt empiric antibiotic therapy may increase the rate of false negative blood 
culture results.

Catheter colonization
With a median rate of 10%, a study powered to detect a decrease in colonization requires 
approximately 7 times less patients than a study powered to detect a corresponding relative 
decrease in CRBSI. The downside is that the positive predictive value of colonization for 
CRBSI is very low at 0.10 (Table 2). Catheter colonization showed a statistically significant 
treatment effect more often than any of the other complication measures. This is in line with 
previous research in which trial endpoints more distal to patient-oriented benefit tended to 
show more significant results 7.

At the individual-patient level, catheter colonization explained 44% (individual-pR2) 
of the likelihood of CRBSI among 9428 catheters, indicating poor agreement with the gold 
standard endpoint.

At the study level, treatment effects on catheter colonization were associated with 
treatment effects on CRBSI. The regression slope of 0.93 means that, on average, treatment 
effects on catheter colonization overestimated the effect on CRBSI by 7%, which appears 
acceptable. However, 25% of studies showed contradictory treatment effects and only 
(study-R2) 42% of the between-study variance in treatment effects on CRBSI was captured 
by catheter colonization (as shown by the wide dispersion around the regression curve in 
figure 2a). This can be due to between-study differences in patient characteristics, standards 
of care, systematic cultures, sampling or laboratory methods.

In summary, catheter colonization as an endpoint offers substantial power advantages 
over CRBSI. This could make catheter colonization suitable as an endpoint in small explor-
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atory pilot studies. However, the poor individual patient-level and study-level agreement 
make catheter colonization unsuitable to establish definite patient-oriented benefit or harm.

Catheter-associated infection
With a median rate of 1.5%, a study powered to detect a decrease in CAI requires approxi-
mately 1.5 times less patients than a study powered to detect an equal (relative) decrease in 
CRBSI.

At the individual-patient level, CAI explained 80% (individual-pR2) of the likelihood of 
CRBSI among 9428 catheters, indicating good agreement. At the study level, we found that 
the confidence interval of the study-R2 was consistent with moderate to good study-level 
agreement between CAI and CRBSI.

CAI includes all cases of CRBSI, with a wider sensitivity to blood-culture negative infec-
tions and therefore offers a moderate power advantage over CRBSI. The measurement and 
registration of CAI is easier to operationalize as the absence of a blood culture at the time of 
catheter removal still allows the diagnosis to be made.

As it appears to capture at least a moderate to good proportion of the treatment ef-
fects on CRBSI (both in the individual-patient and on the study level), we think CAI could 
reasonably be used as an endpoint for clinical trials or quality improvement programs.

It should be noted that the performance of CAI will depend on local guidelines and 
customs with respect to the removal of catheters in patients with unexplained signs of 
low-grade infection. When catheters are removed early (rather than at the onset of signs 
of serious infection), the performance of CAI will be more similar to colonization. In the 
absence of a positive blood culture, blind adjudication of the diagnosis of CAI is important 
to prevent differential detection bias. Of note, only 6 of 35 RCTs comparing antimicrobial 
dressings had a blind outcome assessment 96.

Central line-associated bloodstream infection
With a median rate of 8.4%, a study powered to detect a decrease in CLABSI requires ap-
proximately 4 times less patients than a study powered to detect an equal (relative) decrease 
in CRBSI. The main limitation of this definition is the absence of catheter tip culture, reduc-
ing the likelihood of causality between the catheter and a bloodstream infection.

At the individual-patient level, CLABSI explained 34% (individual-pR2) of the likelihood 
of CRBSI among 5222 catheters, indicating poor agreement. However, with an adjustment 
in the definition of CLABSI in the 3SITES trial (so that any positive blood culture irrespec-
tive of clinical infection counted as CLABSI), the overall agreement with CRBSI improved 
to a 95% confidence interval consistent with poor to moderate agreement (43-59%).

At the study level, we found that treatment effects on CLABSI poorly captured treatment 
effects on CRBSI. This can be partly attributed to a lack of power, but CLABSI also had very 
poor study level agreement (study-R2 21%).
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Therefore, CLABSI appears to be an unsuitable surrogate endpoint to detect patient-
oriented effects of interventions aimed at reducing infectious complications related to the 
catheter.

limitations
For the purpose of this study, we considered CRBSI the gold standard endpoint, but its 
attributable mortality 4,10 in the context of critically ill patients has been controversial 97,98. 
Further work is needed to establish whether the prevention of CRBSI does indeed translate 
to a reduction in mortality. Nevertheless, the association between catheter colonization, 
CAI and CLABSI with mortality have been less well established, and these endpoints were 
therefore considered surrogates in this study.

The four trials using in the individual-catheter analysis were selected based on availabil-
ity and were conducted in France. However, these trials were multicentre and the individual 
catheter-level results were consistent with the study-level results, indicating good generaliz-
ability.

Our sample of studies for the meta-analysis was limited by 5 foreign language reports, 
the unavailability of 24 full reports (all older studies) and the exclusion of studies with 
sample sizes smaller than 50 patients or catheters. These excluded studies may have in-
fluenced the results. The sample of included studies was inherently heterogeneous, with 
different populations, interventions and a publication span of 30 years. However, the broad 
range of included studies strengthens the generalizability of the results and we do not expect 
that the study heterogeneity materially affects the differential treatment effects on the sur-
rogate endpoints vs. CRBSI.

Conclusions
Understanding the relevance of surrogate endpoints for more patient-oriented outcomes 
(such as CRBSI or mortality) is crucial to make correct guideline recommendations for 
treatment decisions and for governmental agencies to assess new devices or new technolo-
gies designed to prevent CRBSI 7,8.

In the present study we have not taken correlation between endpoints as satisfactory 
evidence that these endpoints can be used interchangeably 92,93, but rather analysed the can-
didate endpoints using a thorough surrogate validity framework by combining high-quality 
and blindly adjudicated individual-catheter data with systematically searched study-level 
data.

We have found that CAI offers a small power advantage over CRBSI and is the best 
alternative to CRBSI when the logistics needed for the diagnosis of CRBSI cannot be as-
sured. Catheter colonization is appropriate for small exploratory studies but cannot be used 
to establish definite harm or benefit of an intervention. We recommend against the use of 
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CLABSI outside of surveillance purposes, as it does not appear to capture the effects of 
interventions on CRBSI.
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AbstRACt
Purpose: Although the definition of septic shock has been standardized, some variation 
in mortality rates between different clinical trials is expected. Insights into the sources of 
heterogeneity may influence the design and interpretation of septic shock studies. We aimed 
to identify inclusion criteria and baseline characteristics associated with between-trial dif-
ferences in control group mortality rates.

Methods:  We conducted a systematic review of RCTs published between 2006 and 2018 that 
included patients with septic shock. The percentage of variance in control-group mortality 
attributable to study heterogeneity rather than chance was measured by I2. The association 
between control-group mortality and population characteristics was estimated using linear 
mixed models and a recursive partitioning algorithm.

Results: Sixty-five septic shock RCTs were included. Overall control-group mortality was 
38.6%, with significant heterogeneity (I2=93%, P<0.0001) and a 95% prediction interval 
of 13.5% to 71.7%. The mean mortality rate did not differ between trials with different 
definitions of hypotension, infection or vasopressor or mechanical ventilation inclusion 
criteria. Population characteristics univariately associated with mortality rates were mean 
SOFA score (standardized regression coefficient (β)=0.57, P=0.007), mean serum creatinine 
(β=0.48, P=0.007), the proportion of patients on mechanical ventilation (β=0.61, P<0.001) 
and with vasopressors (β=0.57, P=0.002).Combinations of population characteristics se-
lected with a linear model and recursive partitioning explained 41% and 42%, respectively, 
of the heterogeneity in mortality rates.

Conclusions: Among 65 septic shock trials, there was a clinically relevant amount of het-
erogeneity in control group mortality rates, which was only partly explained by differences 
in inclusion criteria and reported baseline characteristics.
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IntRoduCtIon
The fundamental criteria from the consensus definitions of septic shock are used to select 
patients for inclusion in clinical studies 1–4. While the mortality rate of septic shock was 
found to be 46% (95% confidence interval (CI) 43% to 50%) in a meta-analysis of observa-
tional cohorts 5, randomized controlled trials report more diverse numbers. For example, 
two high-profile septic shock trials published a year apart reported control group mortality 
rates as disparate as 16% 6 and 80% 7. Despite the seemingly wide range of mortality rates 
there has not yet been a systematic inquiry into its patterns and possible causes.

Identifying the correct patient population to benefit from a specific therapy has been 
recognized as an essential condition for improving critical care research 8–10. Yet large un-
explained mortality differences between trials that all aim to include septic shock patients 
may hamper reproducibility and generalizability. Insights into the magnitude and sources of 
between-trial heterogeneity are therefore valuable in the design, reporting and interpreta-
tion of septic shock trials. For example, incorrect prediction of baseline mortality rates has 
been identified as a major reason for negative critical care trials, as a discrepancy between 
expected and observed event rates often leads to underpowered studies 11.

We sought to quantify between-trial heterogeneity and identify inclusion criteria and 
population characteristics associated with differences in control group mortality rates.

Methods
After a systematic search to identify all trials published in the last decade that aimed to 
include patients with septic shock, we used linear mixed models to estimate the total 
heterogeneity in control group mortality rates and its association with reported baseline 
characteristics. Using both a multivariate linear model and a machine learning algorithm 
we estimated the proportion of heterogeneity that can be explained by population charac-
teristics.

The review protocol was prospectively registered 12 and adheres to the PRISMA checklist 
13, which is included in the electronic supplementary material. Study screening, application 
of the inclusion- and exclusion criteria and data-extraction were performed independently 
by two reviewers (HdG and JP). Conflicting entries were resolved by consensus.

Inclusion criteria and search strategy
PubMed, Embase and the Cochrane Central Register of Controlled Trials were queried us-
ing the search term [“septic shock” AND (random* or rct)]. Embase was additionally queried 
using the search term “septic shock” with the randomized controlled trial filter activated. 
The queries were limited to publications from 01-01-2006 and the queries were last per-
formed on January 20, 2018.
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We limited the search to trials published between 2006 and 2018 as a compromise be-
tween the number of eligible studies and secular trends in clinical practice, research practice 
and reporting standards. Publications from 2006 and later have had sufficient lead time to 
incorporate the 2004 update of the Surviving Sepsis Campaign guidelines 4.

Eligible for inclusion were parallel-group randomized controlled trials with adult pa-
tients in septic shock according to the published consensus definitions or Surviving Sepsis 
Campaign guidelines 1,2,4. Trials were excluded if the report was not written in English, if it 
was only available in abstract, if no baseline characteristics were reported or if no mortality 
outcome was reported. Trials that aimed to include a specific subcategory of septic shock 
patients (e.g. “septic shock patients requiring renal replacement therapy”) were also ex-
cluded, as these would be a major source of between-trial heterogeneity.

Identification of the control group and variables of interest
Because the nature of the randomized intervention could contribute to heterogeneity, we 
focused on the control groups. For each trial, we identified the control group as defined 
by the authors as ‘control group’, ‘usual care group’, or a variation thereof. When no control 
group could be identified (in a comparison of two usual care therapies) we defined the 
control group as the means of both groups in terms of sample size, mortality, and baseline 
characteristics. A sensitivity analysis was performed towards this construct by analyzing 
whether trials with vs. without specifically defined control groups differed in terms of mean 
mortality or the amount of between-trial heterogeneity.

For each trial, we recorded the type of intervention, single- or multicenter design and 
the primary endpoint. Trials were graded according to the Jadad scale 14. For the control 
group in each trial, we recorded the sample size, the reported baseline characteristics and 
the mortality rates.

estimation of heterogeneity in mortality rates and associations with 
population characteristics
We used 28-day mortality throughout all analyses. For trials that did not report this out-
come, we estimated 28-day mortality based on reported hospital, ICU or 90-day mortality 
using linear regression with data from trials that reported both 28-day and another mortal-
ity measure.

To analyze mortality rates across trials we used a random-effects meta-regression model 
with the log-odds of mortality as dependent variable and a random intercept for each study. 
Each trial was weighted by the inverse of the sampling variance of the mortality rates. A 
maximum likelihood estimator was used to estimate the mean mortality (random effects 
pooled estimate), the between-study standard deviation due to heterogeneity (τ) and the 
percentage of variation due to heterogeneity rather than change (I2). To quantify between-
trial heterogeneity, we report the 95% prediction interval (mean mortality ± 1.96 τ), which 
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represents the distribution of estimated future mortality rates based on observed mortali-
ties weighted by sampling variance (trial size) and corrected for random chance 15.  In the 
absence of between-study heterogeneity, the 95% prediction interval is equal to the 95% 
confidence interval, but when significant heterogeneity is present the prediction interval 
estimates the bandwidth of expected mortality rates from similar studies 15,16. In other 
words, the 95% prediction interval can be thought of as the estimate of true between-study 
distribution of mortality rates. The prediction interval can therefore be used  to guide power 
calculations for future studies 16.

The between-trial heterogeneity in mortality rates was calculated for subcategories of 
trials employing different inclusion criteria: confirmed or suspected infection; confirmed 
infection only; different definitions of hypotension; mandatory hyperlactatemia; mandatory 
vasopressor therapy; and mandatory mechanical ventilation. Differences in mortality rates 
between subcategories were calculated by addition of dummy variables to the mixed-effects 
model.

To estimate the association between study- and population characteristics and mortality, 
these variables were added to the model as covariates. Residuals were checked for normality 
with Q-Q plots and the goodness of fit of the log‐linear model was compared to quadratic 
and power models by selecting the model with the lowest the Akaike Information Criterion 
(AIC). To facilitate comparisons between variables, we report standardized regression coef-
ficients (β) and the proportion of between-trial variability in mortality explained by the 
population variable (unadjusted R2) for all univariate analyses.

Predicting mortality rates using a linear model and recursive partitioning
We then constructed a comprehensive model to predict between-study differences in 
mortality. Population variables that were reported by at least 25% of the included trials 
with a univariate regression R2 ≥ 0.10 were included as regressors in a multivariate model 
and removed in a stepwise manner for P-values ≥ 0.05. The threshold R2 of 0.10 was a 
compromise between the number of variables and the limited number of observations. 
This model selection process was not prospectively protocolized as the number of eligible 
variables could not be estimated a priori. Multiple imputation (generating 20 datasets) 
with predictive mean matching was used for missing observations (i.e. missing population 
characteristics). The imputation methods are further described in section 7 of the electronic 
supplementary material.

As a complementary approach to predict 28-day mortality rates from population charac-
teristics, we constructed a regression tree model based on recursive partitioning (a machine 
learning algorithm) 17,18 for its ability to handle partially missing observations (obviating 
the need for imputation) and its robustness to nonlinear relations. We set up the model to 
predict 28-day mortality based on all inclusion criteria and population characteristics. In 
short, the recursive partitioning algorithm selected the most informative variable, which 
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was then ‘split’ at the value that best differentiates low versus high mortality. The algorithm 
then selected the most informative variable for each of the two resulting subgroups, and 
split it again. When a splitting variable was missing for a specific trial, a surrogate vari-
able (the variable most closely correlated to the splitting variable) was used. After multiple 
splits, this recursive partitioning resulted in a regression tree (similar to a decision tree) 
with subgroups of trials ranked from low to high expected mortality.  R2 represents the 
variance in mortality explained by the decision tree. Overfitting was examined using the 
cross-validated error.

For all analyses, P<0.05 was considered significant. The analyses were performed in R 
version 3.4.2 using the metafor, mice and rpart packages 19–21.

Results
Characteristics of the included trials
The search resulted in 65 trials that met all inclusion and exclusion criteria (eFigure 1 
in the electronic supplementary material), representing a total of 8634 control group 
patients 6,7,22–84. A list of excluded trials is available in the electronic supplementary material. 
The trial characteristics are presented in table 1.

Twenty trials (31%) did not report 28-day mortality but only hospital mortality, ICU 
mortality or 90-day mortality. Using trials that reported multiple mortality measures, 28-
day mortality was estimated as a linear function of hospital mortality, ICU mortality or 
90-day mortality (R2 values 0.99, 0.98 and 0.98, respectively). The estimates and validation 
plots are presented in eTable 1 and eFigure 2 of the electronic supplementary material.

In 14 trials (21%) the control group could not be identified because two usual care 
therapies were compared. For these trials, the control group characteristics and mortality 
rates were defined as the means of both treatment groups. None of these 14 trials reported 
significant mortality differences between the treatment groups.

The distribution of mortality rates
The control group mortality rates ranged between 13.8% and 84.6%, with a random-effects 
estimated mean mortality rate of 38.6%. There was significant heterogeneity between trials 
(I2=93%, tau=0.710, p<0.0001), and the 95% prediction interval was 13.5% to 71.7%.

Figure 1 shows the mortality rates of trials categorized by inclusion criteria. The mean 
mortality rate did not differ between trials with different definitions of hypotension, infec-
tion (confirmed vs. suspected) or vasopressor or mechanical ventilation inclusion criteria. 
There were no significant differences in mean mortality rate or in heterogeneity between 
large vs. small trials, monocenter vs. multicenter trials, unblinded vs blinded trials, high-
quality trials vs. low-quality trials or trials with vs. without a specifically defined control 
group (eTable 2 in the electronic supplementary material).
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table 1. Characteristics of included trials

no. (%) or median 
(IQR)

Number of included trials 65

Control group sample size: median (IQR) 34 (20-100)

Multicenter trials: n (%) 28 (43)

Trial country: n (%)

France 12 (18)

China 9 (14)

Italy 8 (12)

United States 6 (9)

India 3 (5)

The Netherlands 3 (5)

United Kingdom 3 (5)

Other countries (1 each) 13 (20)

Multinational trials 9 (14)

Trial intervention: n (%)

Drug 44 (68)

Treatment bundle 14 (21)

Device 7 (11)

Primary endpoint: n (%)

Mortality 21 (32)

Other 32 (49)

Not specified 12 (18)

Jadad scale: median (IQR) 3 (2-4)

Jadad scale components: n (%)

Randomization 65 (100)

Randomization appropriate 45 (69)

Blinding 23 (35)

Blinding appropriate 19 (29)

Description of withdrawals and dropouts 42 (65)

IQR, Interquartile range.
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The exclusion criteria employed in the trials were too diverse for statistical analysis, but 
the total number of exclusion criteria (ranging from 0 to 30) was inversely associated with 
the mortality rate (β=-0.375, R2=0.14, P=0.007).

The heatmap in figure 2 provides an overview of the between-trial differences in mortal-
ity rates and population characteristics. The log-linear associations between the mortality 
rate and reported control group baseline characteristics are presented in table 2 (goodness-
of-fit statistics are reported in eTable 3 in the electronic supplementary material). There 
was no significant decrease in mortality over the period 2006-2018, with only (R2) 4% of 
heterogeneity explained by the year of publication (table 2, eFigure 3). Baseline variables 
that were univariately associated with mortality were mean SOFA score, the proportion of 
patients on mechanical ventilation, the proportion of patients on vasopressors and mean 
serum creatinine. Regression plots of selected associations are shown in eFigure 3 of the 
electronic supplementary material.

Predicting mortality rates from population characteristics
Details of the variables selection process of the multivariate model are available in section 
7 of the electronic supplementary material. Significant independent variables in the final 
multivariate model were: Baseline mean SOFA score (β=0.39, standardized standard er-
ror (SSE)=0.17, P=0.019), the proportion of patients on mechanical ventilation (β=0.42, 
SSE=0.18, P=0.019) and mean serum creatinine (β=0.31, SSE=0.10, P=0.0015). The 

Control group 28−day mortality

Mechanical ventilation mandatory
Vasopressors mandatory

Hyperlactatemia
SBP<90
MAP<60
MAP<65
MAP<70

Infection confirmed only
Infection suspected or confirmed

All trials

8
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65

74%
93%
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92%
92%
94%
87%

87%
92%

93%
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figure 1. Control-group mortality rates categorized by trial inclusion criteria. The diamonds represent the 
mean mortality rates and 95% confidence intervals. The 95% prediction intervals (dashed lines) represents 
the estimated between-trial variability in mortality rates after adjusting for random chance and sample size. 
I2 represents the proportion of between-trial variability that cannot be explained by chance. There were no 
significant differences in mean mortality rates between inclusion criteria. MAP, mean arterial pressure; SBP, 
systolic blood pressure.
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figure 2. Heatmap of included trials (n=65) and associated baseline characteristics, ranked by decreasing 
mortality rates. White tiles represent the mean value across trials, while red and blue tiles are indicative of 
higher and lower than average values, respectively. Gray tiles (N/A) are variables that were not reported. The 
28-day mortality rate ranged between 13.8% and 84.6%, with a mean of 38.6%. APACHE, Acute Physiology 
and Chronic Health Evaluation; SAPS, Simplified Acute Physiology Score; SOFA, Sequential Organ Failure 
Assessment score; MAP, mean arterial pressure; CVP, Central venous pressure; CNS, central nervous system. * 
Variables with a significant univariate association with 28-day mortality.
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table 2. Univariate associations between mortality rates and reported mean or median population character-
istics.

trials reporting
variable (% of 
n=56)

Mean (sd) standardized
regression
coefficient β (R2)

P-value

Publication year 65 (100) 2013.3 (3.58) -0.19 (0.04) 0.197

Age, years 64 (98) 62.9 (3.80) 0.18 (0.03) 0.160

Male patients % 63 (97) 60.5 (5.80) 0.02 (0.00) 0.927

Comorbidity characteristics

Charlson comorbidity index 5 (8) 1.90 (1.11) 0.52 (0.27) 0.183

From long-term care facility % 6 (9) 5.8 (5.6) 0.44 (0.20) 0.312

McCabe class I % 6 (9) 34.1 (15.2) -0.40 (0.16) 0.374

McCabe class II % 6 (9) 14.7 (12.9) 0.02 (0.00) 0.948

McCabe class III % 4 (6) 16.2 (15.0) 0.71 (0.50) 0.120

Diabetes mellitus % 23 (36) 24.4 (6.88) 0.01 (0.00) 0.856

Heart failure or coronary disease % 26 (40) 20.7 (8.7) 0.33 (0.11) 0.133

Chronic obstructive pulmonary disease % 25 (39) 15.1 (6.3) 0.04 (0.00) 0.911

Chronic renal disease % 21 (33) 7.6 (5.0) 0.06 (0.00) 0.773

Chronic liver disease % 17 (26) 5.5 (2.8) 0.25 (0.06) 0.320

Cancer % 20 (31) 21.2 (8.1) 0.19 (0.03) 0.426

Severity of illness scores

APACHE II score 33 (51) 22.5 (3.65) 0.21 (0.05) 0.376

APACHE III score 1 (2) - - -

APACHE IV score 1 (2) - - -

SAPS II score 24 (37) 55.7 (4.42) 0.36 (0.13) 0.079

SAPS III score 3 (4) 77.6 (1.91) 0.01 (0.00) 0.644

SOFA score 37 (58) 9.59 (2.47) 0.57 (0.33) 0.007 **

Characteristics of acute illness

Medical (non-surgical) % 22 (34) 69.7 (13.1) 0.26 (0.07) 0.314

Time from diagnosis to randomization, 
hours

13 (20) 13.77 (8.84) 0.47 (0.22) 0.069

Mechanical ventilation % 33 (51) 78.1 (28.3) 0.61 (0.38) 0.0005 ***

Heart rate, 1/min 39 (60) 104 (8.8) 0.13 (0.02) 0.435

Mean arterial pressure, mmHg 43 (66) 70.7 (6.65) 0.06 (0.00) 0.561

Central venous pressure, mmHg 22 (34) 11.2 (2.21) 0.17 (0.03) 0.425

Vasopressor support % 38 (58) 84.6 (30.0) 0.57 (0.32) 0.0019 **

Serum lactate, mmol/L 52 (80) 4.00 (1.28) -0.13 (0.02) 0.389

Serum creatinine, µmol/L 26 (40) 168 (31.1) 0.48 (0.23) 0.007 **

Fluids before randomization, mL 19 (30) 3209 (1637) 0.31 (0.10) 0.194
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multivariate model R2 was 0.41 with significant residual heterogeneity (I2=82%, τ=0.544, 
P<0.0001). Figure 3 shows the predicted and actual mortality rates of the included trials.

The recursive partitioning algorithm resulted in a regression tree with the following 
variables as informative determinants of the mortality rate: Mean age (split at 64.8 years); 
the proportion of patients with a respiratory infection (split at 54.5%); the proportion of 
patients on mechanical ventilation (split at 74.3%); and the proportion of male patients 
(splits at 63.8% and 53.8%). The R2 value of the regression tree was 0.42. The cross-validated 
relative error decreases to below the the root (split 0) value, which indicates that the tree was 
not overfitted.The results from the regression tree analysis are further described in eFigures 
4 and 5 of the electronic supplementary material (section 7).

table 2. Univariate associations between mortality rates and reported mean or median population character-
istics. (continued)

trials reporting 
variable (% of 
n=56)

Mean (sd) standardized
regression
coefficient β (R2)

P-value

Infection site characteristics

Respiratory % 53 (82) 42.6 (13.7) 0.27 (0.08) 0.087

Abdominal % 51 (78) 24.0 (15.0) 0.06 (0.00) 0.686

Urogenital % 41 (63) 11.3 (5.7) -0.27 (0.07) 0.094

Central nervous system % 19 (30) 1.2 (1.6) 0.03 (0.00) 0.885

Skin and soft tissue % 28 (43) 6.8 (3.6) -0.09 (0.01) 0.803

Bloodstream % 32 (49) 12.9 (8.2) -0.11 (0.01) 0.487

Pathogen characteristics

Gram-negative % 25 (39) 32.0 (16.1) 0.41 (0.17) 0.0573

Gram-positive % 22 (34) 24.6 (7.12)  -0.41 (0.17) 0.083

Other pathogen % 22 (34) 44.0 (23.3)  -0.13 (0.02) 0.473

Culture negative % 18 (28) 29.4 (8.3) -0.38 (0.14) 0.085

Univariate associations between control group mortality rate and commonly reported mean baseline character-
istics. Associations were estimated using a weighted random-effects model with mortality on the log-odds scale. 
Some baseline characteristics were reported by a minority of trials, which resulted in low power to detect a sig-
nificant association. R2 can be interpreted as the proportion of heterogeneity that is explained by the population 
characteristic for the n trials that report that characteristic. APACHE, Acute Physiology and Chronic Health 
Evaluation score; SAPS, Simplified Acute Physiology Score; SOFA, Sequential Organ Failure Assessment score.
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Control group 
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figure 3. Included trials ordered by predicted control group mortality rate (diamonds). Th e predicted mortality 
rates were based on a multivariate weighted random-eff ects regression model with baseline mean Sequential 
Organ Failure Assessment (SOFA) score, the proportion of patients on mechanical ventilation, and mean se-
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variability in mortality rates, with signifi cant residual heterogeneity (P < 0.0001). Th e red dots are the reported 
a-priori expected mortality rates used for sample size calculations



117

Unexplained heterogeneity in septic shock trials.

dIsCussIon
In this analysis of 65 septic shock trials published in the last decade, we found a statistically 
significant and clinically relevant amount of heterogeneity in control group mortality rates. 
The mean mortality rate was 38.6% with estimated 95% prediction limits of 13.5% to 71.7%, 
revealing a wide range in underlying mortality rates after discounting the effects of random 
change and small trials.

In contrast to findings from large observation studies that the mortality of sepsis has 
decreased in the last decade, we found only a small nonsignificant decline in the period 
2006-2018 85,86. Different inclusion definitions of septic shock did not affect mean mortality 
rates, but a higher total number of exclusion criteria was associated with lower mortality.   
We used three statistical methods to analyze the association between population character-
istics and mortality.

The univariate associations reflect how the reader of a trial report could interpret the 
population characteristics in relation to the mortality rate, and shows that the proportion of 
ventilated patients, mean SOFA score and the proportion of patients on vasopressor support 
were most informative (i.e. have highest standardized regression coefficients).

The multivariate linear model shows which combination of characteristics were pre-
dictive of mortality if all trials hypothetically reported the same variables (with missing 
observations imputed). A combination of three independently significant characteristics 
(mean SOFA score, proportion of ventilated patients and mean creatinine) explained only 
41% of the heterogeneity in mortality rates across trials.

The recursive partitioning algorithm, which is not limited by dependence on multiple 
imputation and the assumption of linearity, shows which characteristics were most infor-
mative, given that different trials report different characteristics. The resulting regression 
tree explained only 42% of the heterogeneity in mortality.

The linear model and the regression tree arrived at different predictor variables because 
the linear model is biased towards more informative linear associations, while the regression 
tree allows for nonlinear relations and is biased towards variables with less missing data.

In all, these results indicate that there are clinically significant between-trial differences 
in control group mortality rates, and that these differences are not associated with differ-
ences in inclusion criteria and only weakly associated with reported baseline characteristics. 
A visual inspection of the heatmap (figure 2) shows that there are no unambiguous patterns 
in the relation between population characteristics and mortality rates. This heterogeneity 
is reflected by our finding that different statistical methods result in different predictive 
variables.

Possible sources of residual heterogeneity
Residual heterogeneity between trials may be caused by population differences in nutrition 
and socio-economic status, heterogenous exclusion criteria, incomplete reporting, between-
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trial differences in variable definitions, the timing of randomization and by differences in 
post-randomization co-interventions and standards of care.

We found that no single measure of chronic comorbidity was reported in more than 
40% of the included trials and that characteristics of causative pathogens were reported in 
only 28% to 39% of trials. This compromised the power of our analysis to detect associations 
across all trials, but, more importantly, it also prevents readers of trial reports to evaluate 
and compare populations between trials, and to judge to what extent a trial population 
corresponds to the population under their care.

Another source of heterogeneity is the imprecise definition of many variables. It is 
unclear whether a variable like ‘pre-existing kidney disease’ in one trial has the same mean-
ing as ‘chronic renal insufficiency’ in another trial. Minor variations in variable definitions 
and data capture methods have been shown to lead to significantly different septic shock 
populations and to inter-observer variability in severity-of-illness scoring systems 5,87,88. The 
importance of this ‘fine print’ in defining a population does not receive due attention in the 
methods section of most trials.

The time of inclusion may be an additional source of heterogeneity. Patients recruited 
later after the diagnosis of septic shock have not responded to treatment in an earlier phase 
and therefore likely have a worse prognosis. Only 13 trials reported the time from diagnosis 
to randomization, and for those trials it explained 22% of the heterogeneity.

While we have focused on inclusion criteria and baseline characteristics, the prognosis 
of septic shock may be largely influenced by post-randomization standards of care and co-
interventions. Unfortunately, co-interventions and (control group) treatment standards are 
often described as ‘according to the Surviving Sepsis Campaign guidelines’ or not discussed 
at all in trial reports. Variables describing important post-randomization interventions such 
as red blood cell transfusions, vasopressor dose or fluid balance were recently found to be 
reported in only 33%, 17% and 13% of large septic shock trials, respectively 89.

We did not analyze the association between trial countries and the mortality rate be-
cause many countries are represented by a single trial in the present sample. Nevertheless, 
between-country differences in standards of care or access to early healthcare may account 
for part of the residual heterogeneity. Large international observations studies are a more 
appropriate instrument to investigate differences in mortality rates between countries.

Implications for investigators and clinicians
Clinicians ask from clinical trials that they are relevant, reproducible and generalizable to 
a clearly defined patient population. The results of this study indicate that many of the 
baseline characteristics that clinicians rely upon to gauge the applicability of trial results to 
their practice are in fact only weakly or not at all associated with mortality outcomes across 
trials.
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The association between the number of exclusion criteria and mortality suggests that 
many seemingly inconsequential criteria together may have a significant effect on the com-
position of a trial population. Investigators should therefore be aware of this phenomenon 
in the design phase of a trial, as it affects the generalizability and external validity of trial 
results.

The wide prediction limits of control-group mortality have consequences for sample 
size calculations. Detecting a relative risk reduction of 25% with 80% power requires 245 
patients if mortality is estimated to be 71.7%, while it requires 795 patients if control group 
mortality is 38.6% or 2980 patients if mortality is 13.5%. In practice, a misestimation of 
the mortality rate by more than 7.5% occurred in 65% of critical care trials 11. We there-
fore suggest that sample size calculations should not be based on the mean of reported 
control-group mortality rates in the literature but should be robust towards a wider range 
of expected event rates.

Reproducibility and generalizability also require a common phenomenological 
structure with respect to diagnostic definitions, inclusion criteria, patient characteristics, 
concomitant treatment and outcomes.  A recent review of large septic shock trials found 
that only half of the information deemed necessary for evaluation of the control group was 
reported in the investigated trials 89. In the present study, we now find that many of the 
reported characteristics are not associated with control-group mortality rates, possibly due 
to variations in variable definitions.

The third consensus definitions for sepsis and septic shock were partly developed to 
harmonize the inclusion criteria for clinical studies 3. We were unable to analyze a subset 
of trials with populations that might fit the sepsis-3 septic shock definition, as none of the 
included trials employed both delta SOFA score and vasopressor inclusion criteria. We do 
note that SOFA score is independently associated with mortality rates, although baseline 
SOFA explains only 33% (R2) of the variation in mortality rates in the 33 trials that report it. 
Furthermore, we found significant heterogeneity within subsets of trials employing similar 
inclusion criteria (figure 2).

We suggest that an international consensus is necessary to standardize variable defini-
tions, data collection, reporting of patient characteristics and outcomes for sepsis trials, 
as has been proposed before 89–92. The feasibility of harmonizing study protocols has been 
demonstrated in three large trials investigating early goal-directed therapy 93. The present 
results indicate that SOFA score, the proportion of ventilated patients and creatinine inde-
pendently reflect baseline risk across trials and should therefore be reported for each trial.

The results from this study also support the practice of data sharing, as we have shown 
that aggregated population characteristics are less informative than expected. Sharing 
individual patient data will not only increase the power to detect treatment effects across 
multiple studies but can also be used to test the generalizability of trial results vis-à-vis large 
cohorts with septic shock.
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strengths and limitations
This study was performed with a prospectively registered protocol and analysis plan. We 
chose to include only trials published between 2006 and 2018 to minimize the influence of 
long-term secular trends in septic shock diagnosis, treatment and mortality 94,95. The search 
strategy was broad and comprehensive, but we excluded 40 trial reports not written in Eng-
lish, which has compromised power and generalizability. We excluded trials that recruited 
only septic shock patients with specific organ dysfunction (such as kidney or liver failure) 
to rule out this source of between-trial heterogeneity.

For 20 trials, 28-day mortality was estimated using another reported mortality rate. 
Although the prediction equations were very precise (R2 values ≥ 0.98), we cannot rule out 
that this may have influenced the results.  Excluding these 20 trials would have eroded the 
power of the study.

Importantly, using study-level data means that, to avoid the ecological fallacy, we cannot 
make inferences about predictive characteristics at the individual patient level, although 
several predictor variables are known to be individually associated with mortality (e.g. high 
SOFA score as a risk factor 96,97).The fact that there was substantial variation in the reporting 
of baseline variables was an important finding in itself, but also limited our power to detect 
associations across trials. A more in-depth investigation into the heterogeneity between 
trial populations would require individual patient data, but we think that obtaining such 
data would lead to significant selection bias.

Conclusion
Septic shock is a syndrome with various etiologies, biochemical characteristics and phe-
notypes 9,98. Onto this inherently heterogeneous syndrome, a layer of investigator-induced 
heterogeneity is added when trials employ different inclusion criteria, report different vari-
ables and use different variable definitions. This compounded complexity causes heteroge-
neity between trial populations that may go unnoticed. We have shown that control-group 
mortality rates are very dissimilar across trials, and that the majority of this heterogeneity 
remains unexplained after accounting for reported population characteristics. The lack of 
standardized reporting limits the usefulness of the variables explaining the mortality dif-
ferences found in this study. In all, the substantial between-trial heterogeneity limits the 
reproducibility and generalizability of septic shock research and may inhibit the discovery 
of beneficial therapies for specific (sub)populations. The findings of this study therefore 
strongly support the argument for profound standardization and harmonization of septic 
shock trial reporting as well as data sharing policies to test the external validity of trial 
populations.
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to the edItoR:
We congratulate dr. Rochwerg and colleagues for their state-of-the-art systematic review 
of corticosteroids in sepsis, recently published in Critical Care Medicine 1. Using 42 tri-
als with 10,194 randomized patients, the authors conclude that corticosteroids “possibly” 
result in a small reduction in mortality, which is, unfortunately, difficult to translate into 
evidence-based recommendations. This is not a critique of the impressive systematic review 
but rather a signal that the current methods in clinical sepsis research are failing to deliver 
the answers we are seeking. We believe that the heterogeneity of the sepsis syndrome is at 
the core of the problem 2.

Trials investigating corticosteroids for sepsis have repeatedly shown conflicting results. 
Indeed, the review’s meta-analysis demonstrated that there was substantial heterogeneity of 
treatment effect between the 36 studies that reported short-term mortality (I2=0.38, p=0.01). 
We’d like to also draw attention to the heterogeneity in control-group mortality rates, which 
varied between 6% and 93%. By our calculations, fully 89% of this variance is true heteroge-
neity (i.e. not caused by random chance: I2=0.89, p<0.0001, DerSimonian-Laird estimator). 
In other words, the control populations of the included trials were remarkably unalike.

The review included multiple analyses for effect modification and subgroup interactions. 
However, these analyses rely on the assumption that trials differ primarily with respect to 
the variable under investigation. For example, the authors analyzed whether the treatment 
benefit of corticosteroids might depend on the control-group mortality rate. The rationale 
is that differences in control-group mortality rates reflect differences in severity of illness, 
but this assumption is flawed: Control-group mortality rates in septic shock trials are only 
weakly associated with mean baseline severity of illness 3. Because these trials differ in many 
other aspects beside baseline severity of illness, we shouldn’t expect the control-group mor-
tality rate to be a significant univariate effect modifier – which it wasn’t.

Importantly, the subgroup- and meta-regression analyses were done at the study level, 
while heterogeneity of treatment effect arises at the individual-patient level 4. Corticoste-
roids may be beneficial for some patients and harmful to others. When these patients are 
combined in a randomized trial, the aggregate result may be a net benefit, net harm, or 
no effect, depending on the balance of patient subtypes. Aggregating trial-level data in a 
meta-analysis cannot bring us closer to finding out which specific patients may benefit from 
corticosteroids. Only individual-patient data will allow us to escape this meta-analytical 
variant of Simpson’s paradox. Otherwise, we may be unwittingly pooling oranges and 
grapefruit: They look superficially similar, but in the end we can only conclude that this 
fruit is ‘possibly bitter’.

Looking forward, large platform trials with response-adaptive randomization may 
successfully identify patients with specific characteristics for whom corticosteroids are 
beneficial. To make this possible, the sepsis syndrome must be subclassified into robust 
subtypes (possibly with the help of clustering algorithms) that transcend unidimensional 
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categories such as surgical vs. medical or high vs. low vasopressor dose 5. Then, with suf-
ficient standardization of trial reporting and data-sharing, the next systematic review may 
finally clarify which patients benefit from treatment with corticosteroids.
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IntRoduCtIon
Decades of septic shock research have not produced new therapies specifically targeting the 
dysregulated host response1 and promising results were not replicated in larger studies2. We 
previously described a large variation in the control-group mortality rates of septic shock 
trials3, but we did not investigate trial outcomes. The aim of the present study was to explore 
the influence of between-trial mortality variations on trial results.

Methods
We performed a systematic search of randomized controlled trials with septic shock patients 
published between 2006 and 2018, described in detail elsewhere3. For the present study we 
classified trials as ‘positive’ if the primary endpoint (as defined by the authors) was in favor 
of the intervention group with p<0.05. We used linear models and logistic regression to 
compare control- and intervention-group 28-day mortality between positive and negative 
trials. To control for differences in mean baseline severity of illness between trials, we used 
a combination of baseline mean SOFA score, mean serum creatinine and the proportion of 
mechanically ventilated patients (details in the electronic supplementary material (ESM) 
and 3).

We also calculated the mortality odds ratio of each trial (intervention ÷ control group) 
and used linear mixed-effects regression to test for associations with mortality in the control 
and intervention groups.

Publication bias was investigated with a funnel plot and Egger’s test for asymmetry.

Results
Out of 65 eligible septic shock trials, 14 did not have a clearly defined control group (two 
standards of care were compared) and were excluded. For the 51 remaining trials, control-
group mortality ranged between 15.9% and 84.6% (mean 39.1%) and did not change over 
time (trend p=0.390). Intervention-group mortality ranged between 4.4% and 70.0% (mean 
34.0%) and did not change over time (p=0.070). Eleven trials (22%) showed a significant 
(‘positive’) primary endpoint effect in favor of the intervention group, but none in favor of 
the control group.

Positive trials had higher control-group mortality rates compared to negative trials 
(Figure 1a), also after controlling for baseline mean severity of illness and intervention 
type (residual difference 10.7% [95%CI 2.3-19.1%], details in eTable 4 ESM). Positive and 
negative trials had similar intervention-group mortality rates (Figure 1a). The likelihood of 
a positive trial outcome was associated with a higher control-group mortality rate, but not 
with the intervention-group mortality rate (Figure 1b).
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Mortality eff ect sizes were correlated with control-group mortality, also aft er controlling 
for baseline mean severity of illness and intervention type in a multivariate model (eFigure 
3a ESM). Mortality eff ect sizes were not correlated with intervention-group mortality 
(eFigure 3b ESM).

Th e distribution of trials in the funnel plot was asymmetrical (p=0.0254), with a relative 
overabundance of trials in the area with favorable eff ects and low precision (eFigure 4 ESM).
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figure 1. Th e association between control- and intervention-group mortality rates and trial outcomes. Panel 
a: Trials with a ‘positive’ outcome (p<0.05) on the trial primary endpoint had signifi cantly higher control-
group mortality rates than negative trials, but similar intervention-group mortality rates (error bars are 95% 
confi dence intervals). Panel b: A logistic regression model indicates that the probability of positive trial results 
increased with higher control-group mortality rates (odds of a positive trial increased 1.9 per 10% mortality 
increase, 95%CI 1.2 to 3.2, p=0.010). Shaded area is the 95% confi dence interval. Th ere was no association be-
tween intervention-group mortality rates and the probability of positive trial results (p=0.439).
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dIsCussIon
In 51 septic shock trials, positive outcomes and large mortality effects were associated with 
high control-group mortality, but not with intervention-group mortality, also after control-
ling for between-trial differences in severity of illness. This may indicate that the results of 
septic shock trials are influenced by excess control-group mortality, but we cannot exclude 
other possible causes. We pooled different interventions (although controlling for interven-
tion class) and we cannot rule out residual confounding. Our results are therefore strictly 
hypothesis-generating.

The asymmetries in the funnel plot and in the primary outcomes (11 trials demonstrated 
benefit, none demonstrated harm) suggest that positive trials with high control-group 
morality rates are more likely to be published, which can possibly lead to irreproducible 
results and misallocation of research efforts. These results underscore the importance of 
trial registration, standardized reporting and publication of negative trials, and increased 
emphasis on a quantitative description of standard treatments and co-interventions3–5.

Conflict of interest statement
All authors declare to have no conflicts of interest.



138

  Chapter 8

RefeRenCes
 1.  Perner A, Gordon AC, Angus DC, et al. The intensive care medicine research agenda on septic shock. 

Intensive Care Med 2017;43(9):1294–305.
 2.  Niven DJ, McCormick TJ, Straus SE, et al. Reproducibility of clinical research in critical care: a scop-

ing review. BMC Med 2018;16(1):26.
 3.  de Grooth H-J, Postema J, Loer SA, Parienti J-J, Oudemans-van Straaten HM, Girbes AR. Unexplained 

mortality differences between septic shock trials: a systematic analysis of population characteristics 
and control-group mortality rates. Intensive Care Med 2018;44(3):311–22.

 4.  Pettilä V, Hjortrup PB, Jakob SM, Wilkman E, Perner A, Takala J. Control groups in recent septic 
shock trials: a systematic review. Intensive Care Med 2016;42(12):1912–21.

 5.  Vincent JJ-L, Martin-Loeches I, Annane D. What patient data should be collected in this randomized 
controlled trial in sepsis? Intensive Care Med 2016;42(12):2011–3.



139

Outcomes and mortality rates in sepsis trials.

extended Methods And Results
Among 51 septic shock trials published in the last decade, positive trials had higher control-
group mortality rates compared to negative trials (difference 16.2% [95%CI 5.7-26.8%]) 
(eTable 1). But positive trials had similar intervention-group mortality rates compared to 
negative trials (difference 3.9% [95%CI -6.4 to 14.3%]) (eTable 2).

To account for between-trial differences in mean baseline severity of illness, we used a 
log-linear model developed previously (de Grooth et al. 2018 Intensive Care Med 44:311) 
with missing baseline characteristics imputed. In short, population variables that were 
reported by at least 25% of the included trials with a univariate regression R2 ≥ 0.10 were 
candidate regressors. Multiple imputation (generating 20 datasets) with predictive mean 
matching was used to estimate missing observations from the candidate variables. Can-
didate variables that were eliminated stepwise from the model (for P≥0.05) were, in order 
of elimination: The amount of fluids before randomization (P=0.779), the proportion of 
patients on vasopressors (P=0.528), the proportion of Gram-negative cultures (P=0.712), 
the proportion of culture-negative infections (P=0.366), the proportion of patients with 
chronic heart disease (P=0.132), the proportion of Gram-positive cultures (P=0.126), mean 
SAPS-II score (P=0.102).

The final model estimating the effect of the independent variables on control-group 
28-day mortality (expressed on the log-odds scale) was:

Logodds(mortality rate) = -3.341 + 0.103 · [mean SOFA score] + 0.979 ·  
[% mechanical ventilation] + 0.007 · [mean serum creatinine, µmol/L]

The predicted mortality rate (based on SOFA, creatinine and mechanical ventilation) thus 
appeared a valid marker of trial-level mean severity of illness in this sample of trials. When 
controlling for predicted mortality in a multivariate model, positive trials still had higher 
control-group mortality rates compared to negative trials (residual difference 11.3% [95%CI 
2.8-19.8%]) (eTable 3).

Also, when stratifying the trials by the intervention type under investigation (drug-
related [n=29], device-related [n=5] or treatment bundle [n=9]) and while controlling for 
predicted mortality, positive trials still had higher control-group mortality rates compared 
to negative trials (residual difference 10.7% [95%CI 2.3-19.1%]) (eTable 4).

Positive trials had similar intervention-group mortality rates compared to negative tri-
als, also when controlling for mean severity of illness (residual difference 0.2% [95%CI -9.2 
to 9.6%]) (eTable 5).

Mortality effect sizes expressed as odds ratios (OR) were negatively correlated with 
control-group mortality (eFigure 2a, logOR decreases 0.17 per 10% mortality increase, 
95%CI -0.23 to -0.11, p<0.0001), also after controlling for baseline mean severity of ill-
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ness using the predicted mortality rate (residual logOR decreased 0.28 per 10% mortality 
increase, 95%CI -0.37 to -0.19, p<0.0001).

This indicates that the association between ‘positive’ trials and high-control-group mor-
tality rates is not caused by the statistical power advantage of high mortality rates (which 
affects p-values and not effect sizes): The relative effect size expressed as OR is invariant 
to event rates. Mortality effect sizes were not correlated with intervention-group mortal-
ity (eFigure 2b, logOR decreases 0.005 per 10% mortality rate increase, 95%CI -0.1 to 0.9, 
p=0.914).

The association between mortality OR and control-group mortality remained intact 
while controlling for the predicted mortality rate and intervention type (eTable 6).

To investigate possible publication bias, we constructed a funnel plot (eFigure 3). Egger’s 
test demonstrated funnel plot asymmetry (p=0.0254).
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etable 1. Linear model of difference in control-group mortality rates between positive and negative trials.

Variable Coef. (95%CI) Std. Error P-value

(Intercept) 0.340 (0.287 – 0.393) 0.026 <0.0001

Positive trial (yes/no) 0.162 (0.057 – 0.268) 0.052 0.0033

Estimated function: Control-group mortality rate = B0 + B1 · positive trial

etable 2. Linear model of difference in intervention-group mortality rates between positive and negative trials.

Variable Coef. (95%CI) Std. Error P-value

(Intercept) 0.338 (0.285 – 0.390) 0.025 <0.0001

Positive trial (yes/no) 0.039 (-0.064 – 0.143) 0.051 0.449

Estimated function: Intervention-group mortality rate = B0 + B1 · positive trial

etable 3. Linear model of difference in control-group mortality rates between positive and negative trials, con-
trolling for between-trial differences in severity of illness.

Variable Coef. (95%CI) Std. Error P-value

(Intercept) 0.004 (-0.134 – 0.142) 0.068 0.9555

Positive trial (yes/no) 0.113 (0.028 – 0.198) 0.042 0.0101

Predicted mortality rate 0.901 (0.552 – 1.261) 0.175 <0.0001

Estimated function: Control-group mortality rate = B0 + B1 · positive trial + B2 · predicted mortality rate

etable 4. Linear model of difference in control-group mortality rates between positive and negative trials, con-
trolling for between-trial differences in severity of illness and intervention type.

Variable Coef. (95%CI) Std. Error P-value

(Intercept) 0.003 (-0.155 – 0.160) 0.078 0.971

Positive trial (yes/no) 0.107 (0.023 – 0.191) 0.041 0.014

Predicted mortality rate 0.948 (0.562 – 1.333) 0.190 <0.0001

Drug-related intervention Reference

Device-related intervention -0.101 (-0.214 – 0.012) 0.056 0.079

Treatment bundle intervention -0.007 (-0.104 – 0.089) 0.048 0.875

Estimated function: Control-group mortality rate = B0 + B1 · positive trial + B2 · predicted mortality rate + 
B3 · device-related intervention + B4 · treatment bundle intervention

etable 5. Linear model of difference in intervention-group mortality rates between positive and negative trials, 
controlling for between-trial differences in severity of illness.

Variable Coef. (95%CI) Std. Error P-value

(Intercept) 0.084 (-0.069 – 0.237) 0.076 0.275

Positive trial (yes/no) 0.002 (-0.092 – 0.096) 0.047 0.964

Predicted mortality rate 0.683 (0.289 – 1.077) 0.195 0.0011

Estimated function: Intervention-group mortality rate = B0 + B1 · positive trial + B2 · predicted mortality rate
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etable 6. Linear model mortality odds ratio as a function of control-group mortality, controlling for between-
trial differences in severity of illness and intervention type.

Variable Coef. (95%CI) Std. Error P-value

(Intercept) 0.458 (0.116 – 0.800) 0.174 0.0086

Control-group mortality rate -2.69 (-3.64 – -1.75) 0.481 <0.0001

Predicted mortality rate 1.19 (-0.03 – 2.41) 0.623 0.056

Drug-related intervention Reference

Device-related intervention 0.047 (-0.337 – 0.431) 0.196 0.811

Treatment bundle intervention -0.172 (-0.386 – 0.041) 0.109 0.115

Estimated function: log(mortality OR) = B0 + B1 · control-group mortality rate + B2 · predicted mortality rate + 
B3 · device-related intervention + B4 · treatment bundle intervention
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AbstRACt
In this paper we discuss the limitations of large randomized controlled trials with mortal-
ity endpoints in patients with critical illness associated diagnoses such as sepsis. When 
patients with the same syndrome diagnosis do not share the pathways that lead to death 
(the attributable risk), any therapy can only lead to small effects in these populations. 
Using Monte Carlo simulations, we show how the syndrome-attributable risks of critical 
illness-associated diagnoses are likely overestimated using common statistical methods. 
This overestimation of syndrome-attributable risks leads to a corresponding overestimation 
of attainable treatment effects and an underestimation of required sample sizes. We demon-
strate that larger and more ‘pragmatic’ randomized trials are not the solution because they 
decrease therapeutic and diagnostic precision, the therapeutic effect size and the probability 
of finding a beneficial effect. Finally, we argue that the most logical solution is a renewed 
focus on mechanistic research into the complexities of critical illness syndromes.
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IntRoduCtIon
Clinical terminology describing syndromes, such as sepsis, acute kidney injury (AKI) and 
Acute Respiratory Distress Syndrome (ARDS) is extremely useful in everyday practice. A 
diagnosis of sepsis facilitates early recognition, concise communication and appropriate 
treatment of serious infections, just as a diagnosis of ARDS can help galvanize a medical 
team to initiate lung protective ventilator strategies. But the clinical usefulness of these 
syndromes may not necessarily extend to other aspects of medicine, such as randomized 
intervention research.

It has been reported that up to 95% of all randomized critical care trials fail to demon-
strate a positive and reproducible mortality effect 1. This abysmal success rate has ethical 
implications for the recruitment of patients and has important consequences for the alloca-
tion of resources. Researchers before us have pointed at the heterogeneity of the critical care 
syndromes as a major cause of negative trials. But so far, structured analyses of heterogene-
ity as a cause of ‘negative’ trials have been limited to the role of differential treatment effects 
along the spectrum of illness severity 2.

Here, we describe why sepsis and other clinical syndromes are unsuitable for random-
ized controlled trials aiming to detect a mortality reduction – or, conversely, why mortality 
is a flawed primary endpoint for trials with syndrome-defined populations. Syndromes such 
as sepsis, AKI, ARDS or delirium are only reductive models for inherently multifactorial 
processes and are therefore inappropriate to identify target populations for randomized 
trials aiming to demonstrate a mortality benefit.

Firstly, we demonstrate how the fraction of mortality risk that is specifically attributable 
to the critical care syndromes is usually overestimated. This has led to an overestimation of 
the attainable magnitude of treatment effects and a consequent underestimation of required 
trial sample sizes by several orders of magnitude. Secondly, we show how large ‘pragmatic’ 
randomized controlled trials are no effective solution because they water down both treat-
ment effects and diagnostic precision.

The importance of syndrome-attributable risk
As an illustration, we can examine a hypothetical critical illness syndrome that is associated 
with a 35% mortality rate, it could be sepsis but also ARDS. When testing a novel inter-
vention that could potentially reduce the harmful sequelae of this syndrome, it may seem 
reasonable to power a randomized controlled trial to detect a 20% relative risk reduction.  
It would take a 1,378-patient trial for 80% power to demonstrate this effect (see technical 
supplement). But this common trial design neglects a fundamental question: which fraction 
of the total mortality risk is attributable to the syndrome rather than the underlying dis-
ease? Observing that the syndrome is associated with a 35% mortality rate is not sufficient. 
The underlying and independent causes of the syndrome (including systemic infections, 
abdominal catastrophes, severe pancreatitis, etc.) are at the root of the high mortality rate.
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Figure 1 depicts how mortality depends on the one hand on pathologic pathways that 
are independent of the syndrome, and on the other hand on the syndrome-attributable 
mortality risk. The underlying conditions that may cause the syndrome are themselves 
important risk factors for mortality. To put this in a practical example, if we consider in 
a patient ARDS as the syndrome and colon carcinoma with perforation as the underlying 
condition: the therapy for ARDS may be outstandingly performed by the best intensivist 
expert in the world on mechanical ventilation, but if the colon perforation is not well treated 
the patient will die no matter how well the patient is mechanically ventilated.

Estimating the possible mortality effects of a syndrome-specific intervention (e.g. low 
tidal volumes in ARDS, low driving pressures) requires information about the syndrome-
attributable mortality risk and – an estimation – of the possible attributable risk reduction 
of the intervention. The concept and importance of attributable risk was already described 
in the 1970s but seems not to have been addressed sufficiently in critical care trials 3. If 
only a small part of the mortality risk is conferred through syndrome-specific pathways, 
then syndrome-specific interventions can only lead to infinitesimal mortality effects. At 
a 35% mortality rate, a syndrome-attributable fraction of mortality around 0.50 to 0.25 
would – depending on the expected treatment effect – realistically require 5,700 to more 
than 23,000 patients (Figure 2). This means that most large randomized trials with critically 
ill patients – with sample sizes typically between 500 and 2,000 – are based on unrealistic 
power calculations.

Critical illness 
syndrome
e.g.:
- Acute kidney injury
- ARDS
- Septic shock
- Delirium
- Etc.

Underlying 
conditions 
e.g.: 
- Major trauma
- Abdominal catastrophe
- Ischemia / reperfusion injury
- Malignancy
- Chronic organ dysfunction
- Etc. 

Death 
through final 
common pathway of:
- Multiple organ failure
- Refractory circulatory
   failure
- Irreversible brain 
   damage

pathologic
pathway 1

pathologic
pathway 2

pathologic
pathway N

syndrome-
specific

pathway 1

syndrome-
specific

pathway N

intervention
pathway

syndrome-independent
mortality risk

syndrome-attributable
mortality risk

figure 1. Schematic representation of syndrome-attributable risk. Critical illness syndromes are associated with 
high mortality risks, but the underlying conditions that cause these syndromes are themselves important root 
causes of mortality. ARDS, acute respiratory distress syndrome.
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The latest sepsis criteria were derived from risk patterns in large cohorts, so that sepsis 
is by definition a risk factor for poor outcomes. A ‘septic’ patient deserves immediate atten-
tion and treatment of the underlying cause. But what is the causal contribution of sepsis to 
the mortality risk? The sepsis syndrome can be seen, for example, in a 70-year old patient 
with cardiac disease and a large bowel perforation or in a 45-year old with chemotherapy-
induced aplasia and an infection of unknown origin. It is no surprise that with these dif-
ferent and independently catastrophic underlying pathologies, the causal fraction of risk 
conferred through the sepsis syndrome could be much lower than is commonly assumed. 
Indeed, the sepsis-attributable fraction of mortality was recently estimated to be as low as 
0.15 by Shankar-Hari et al. 4. But as we will point out, even this modest estimate is likely an 
overestimation.

overestimation of the attributable mortality risk: A Monte Carlo simulation 
study
Our impression of attributable mortality can be misleading: syndrome-attributable risks 
are easily overestimated because critical illness syndromes are strongly associated with the 
severity of the underlying disease, as can be  illustrated with a computer simulated example, 
which is in detail presented in the technical supplement.

Conditional on an association between the risk of developing a syndrome and the 
underlying mortality risk, common statistical methods to adjust for confounding by ill-
ness severity (such as regression or propensity matching) will lead to significantly inflated 
estimates of the syndrome-attributable risk, even when the actual attributable risk of a 
syndrome is zero.

We generated a simulated cohort of 4,000 patients with a randomly generated heterog-
enous mortality risk distribution and a median mortality risk of 7% (IQR 2-23%). The risk 
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of developing a hypothetical critical illness syndrome was generated semi-randomly to cor-
relate with baseline mortality risk (correlation=0.80). Using a random binomial generator, 
each patient was then assigned a syndrome diagnosis (absent or present, based on the risk 
of developing a syndrome) and an outcome (dead or alive, based on the true mortality risk). 
Importantly, the mortality risk didn’t shift depending on the presence of the syndrome, 
so that the presence of the syndrome didn’t cause an increase in mortality risk: The true 
attributable risk was zero (Figure 3A).

To simulate how syndrome-attributable risks can be estimated by investigators, we 
constructed three analysis scenarios (Figure 3B, 3C). In the first scenario, a hypothetical 
researcher makes a crude mortality comparison between those with the syndrome and 
those without. The researcher will observe that the crude mortality rate of patients with the 
syndrome is 41% versus 13% for those without it, so that the crude syndrome-attributable 
mortality is severely overestimated as 28% (p<0.0001).

In the second scenario, the researcher makes use of a severity of illness score to match 
each patient with the syndrome to a patient without the syndrome but with a similar sever-
ity score. The severity score is not a perfect reflection of the true mortality risk, but is well-
calibrated and has an Area Under the Receiver Operating Characteristics (AUROC) curve 
of 0.84 to discriminate between survival and death. In this matched cohort, the mortality 
rate of the patients with the syndrome is 37% versus 26% for those without it, so that the ad-
justed attributable risk is estimated to be 11% (p=0.0006), still a significant overestimation.

In the final scenario, the researcher has full information and perfect characterization of 
the underlying diseases, so that he can make use of a perfect severity score (or any other dis-
tance metric) to match each patient with the syndrome to a patient without the syndrome. 
The theoretically maximum attainable AUROC for the underlying risk distribution is 0.88. 
Using full information about the underlying illness risks to construct a matched cohort, the 
mortality rate of the patients with the syndrome is found to be 30% versus 29% for those 
without it, so that the accurate adjusted attributable risk is estimated to be a negligible 
(p=0.651).

This simulation shows that, conditional on an association between the risk of developing 
a syndrome and the underlying mortality risk, the syndrome-attributable mortality risk can 
only be accurately estimated when there is perfect risk information (or disease characteriza-
tion) of the underlying pathological conditions. Obviously, this is not a realistic scenario 
and we conclude that syndrome-attributable risks are often overestimated.

The full code for this simulation study in the R language is available in the technical 
supplement.

large ‘pragmatic’ critical care trials are not the solution
We’ve demonstrated how the attributable mortality rate of syndromes such as sepsis or 
ARDS is easily overestimated, leading to a corresponding overestimation of attainable 
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Figure 3. Results of a simulation study demonstrating how syndrome-attributable risk are overestimated by 
matching for severity of illness. A: In a simulated cohort of 4000 patients, the risk of developing a critical illness 
syndrome is correlated to the mortality risk, but the presence  of the syndrome  doesn’t  cause an increase in 

for confounding by illness severity, a researcher wants to match patients with the syndrome to similar patients 

imperfect severity score, the syndrome-attributable mortality appears to be 11%, while full characterization of 
the underlying (syndrome-independent) mortality risk reveals that the syndrome-attributable risk is negligible.
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treatment effects and an underestimation of required sample sizes. Taking into account 
the difficulties of large RCTs in terms of patient recruitment and data collection, it may 
seem tempting to consider large ‘pragmatic’ trials a reasonable solution. These multicenter 
(often international) trials have broad inclusion criteria and relatively sparse data collection 
requirements for the participating centers. Aside from the decreased resources needed per 
recruited patient, pragmatic trials have the additional advantage of good external validity 
by investigating the ‘real world’ effectiveness of an intervention. But we will show that this 
is also not the way to go. Recent data on ARDS help us to make the point.

Since the publication of the landmark ARMA trial, low tidal volume ventilation has been 
unequivocally accepted as the standard of care for patients with ARDS 5, but the history of 
ARDS could have been different: The 1991 edition of Harrison’s classic medical stated that 
the goal of ventilation in patients with ARDS was to increase lung volume by applying tidal 
volumes of 10-15 ml/kg. What if, instead of the ARMA trial, low tidal volume ventilation 
would have been tested in the same manner as recent large pragmatic trials? For example, 
what would be the results of a trial that tested the benefit of low tidal volume ventilation 
in all mechanically ventilated patients using a cluster-randomized design? Could a large 
pragmatic trial ever demonstrate a beneficial effect of low tidal volume ventilation?

We can answer this thought experiment with the help of the recent Protective Ventila-
tion in Patients Without ARDS (PReVENT) trial, in which 961 patients without ARDS were 
randomized to mechanical ventilation with tidal volumes of 6 ml/kg versus 10 ml/kg 6. 
No meaningful differences were found between the treatment arms for any of the clinical 
outcomes, including ventilator-free days, length of stay and mortality. We now know the 
efficacy of low tidal volume ventilation in two complementary populations: In the ARMA 
trial, care was taken to include only patients with ARDS, whereas in PReVENT trial those 
patients were strictly excluded. By combining the populations and results of both trials, we 
can begin to see what a pragmatic trial including all mechanically ventilated patients would 
look like.

To do so, we ran a Monte Carlo simulation of trials by letting software generate trials 
with either 1,500 or 4,000 included patients, with a varying proportion of patients with 
ARDS. Using the results of the ARMA and PReVENT trials, patients with and without 
ARDS were assigned baseline mortality risks of 40% and 32%, respectively 5,6. Patients were 
then randomly assigned either treatment or control. Again using the ARMA and PReVENT 
results, the effect of treatment on patients with ARDS was set as a relative risk of 0.78 
(95%CI 0.65-0.93), and the treatment effect on patients without ARDS was a relative risk of 
1.09 (95%CI 0.90-1.33) (Figure 4A) 5,6. Finally, an outcome of death or survival was gener-
ated for each patient using a binomial random generator, with the probability of death a 
function of baseline mortality risk (dependent on ARDS status) multiplied by the treatment 
effect (depending on ARDS status and assignment to treatment or control). We ran the 
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simulation 10,000 times with 1,500 patients per trial and 10,000 times with 4,000 patients 
per trial (Figure 4B).

Figure 4C shows the probability of finding a significant benefit from low tidal volumes 
in 1,500 and 4,000 patient trial as a function of the proportion of patients with ARDS in 
those trials. At the worldwide average ARDS prevalence of 23% 7, the probability that a 
1,500-patient or 4,000-patient trial would find a benefit from low tidal volume ventilation 
is 7% or 11%, respectively (Figure 4C). Only at an ARDS prevalence above 70% does a 
4,000-patients trial have reasonable power (80%) to find a benefit from low tidal volumes.

We can then ask whether low tidal volume ventilation can at least be identified as 
beneficial in the subgroup of ARDS patients within such a large pragmatic trial. To answer 
this question, we have to evaluate how accurately ARDS is diagnosed in practice. The ten 
clinical sites of the ARMA trial who collaborated in the ARDS network were likely much 
better than averagely trained in the recognition of ARDS. The ARMA trial itself will have 
increased the focus of the participating clinicians and researchers to the precise diagnosis of 
ARDS. Real-world data paint a bleaker picture 8. A large study in 459 intensive care units in 
50 countries indicated that ARDS is severely underdiagnosed, with clinician-recognition of 
only 60% of cases 7. Even in the context a hypothetical pragmatic trial with increased checks 
on patient data the diagnostic accuracy may well be less than perfect, for example due to 
the large interobserver variability in interpreting the radiographic diagnosis of ARDS 9,10.

Figure 4D shows that discovering a significant beneficial effect on the ARDS subset 
of patients with >80% power requires ARDS to be diagnosed with perfect sensitivity and 
specificity. With diagnostic sensitivity and specificity of 0.80 the power to discover a signifi-
cant interaction is only 43% at an ARDS incidence of 23%. With a sensitivity and specificity 
of 0.60 so many patients with ARDS are confused for no ARDS (and vice versa) that the 
probability of discovering a beneficial effect remains negligible no matter how high the 
prevalence.

In summary, this tells us that a large pragmatic trial with unselected ventilated patients 
would be unlikely to ever demonstrate a beneficial effect of low tidal volumes. Many real-
world factors will further decrease the likelihood of discovering a significant effect. For 
example, we’ve not considered that even within a target population larger trials tend to 
demonstrate smaller effects, possibly due to less vigorous protocol adherence 11–13. A recent 
study found that the limited number of multicenter trials reporting a significant mortality 
effect had only moderate sample sizes and few participating centers (median 199 patients 
and 10 centers) 14.

how to proceed: a renewed focus on understanding
Over the past half century, there has been an epistemological shift away from physiology- 
and pathophysiology-based medicine towards knowledge acquisition through clinical tri-
als. In critical care research, this has gone hand in hand with mortality as the gold-standard 
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Figure 4. Simulation of hypothetical 
large ‘pragmatic’ trials investigating 

fects of low tidal volume ventilation 
in patients with ARDS and without 
ARDS were based on two large RCTs 
(A). We simulated hypothetical large 
‘pragmatic’ trials investigating low 
tidal volume ventilation in popula-

ARDS and with (B, C) and with 
changing diagnostic precision (D). 
ARDS, acute respiratory distress syn-
drome.
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endpoint. But we must acknowledge that the yield of this research paradigm has been 
abysmally poor: More than 2,000 randomized controlled trials with sepsis patients have 
been performed 15, all of which have not resulted in a single beneficial intervention  1,14. 
Meanwhile, the mechanisms behind organ dysfunction in sepsis remain very much a mys-
tery, as we have only recently discarded the simplistic model of sepsis as a purely unhinged 
hyperinflammatory reaction to infection  16,17. The cart has been put before the horse by 
investing heavily in randomized trials without adequately understanding the syndromal 
pathophysiology. We wonder how far our understanding of sepsis could have come if the 
resources dedicated to the many randomized trials had been spent on preclinical and clini-
cal mechanistic investigations.

We believe a rigorous rebalancing of research priorities is needed. Only if we properly 
understand the harmful processes in our complexly ill patients can we hope to distill com-
mon pathways. An acute sepsis patient in the hyperinflammatory phase may share more 
pathophysiological characteristics with a patient with uninfected severe pancreatitis 18 than 
with another sepsis patient in the immunoparalytic phase 19. Lumping together patients 
because they fit a consensus definition decreases the proportion of shared pathways and 
reduces the chance of finding a therapy that benefits all.

We do not advocate a return to mere pathophysiology-based or ‘eminence-based’ medi-
cine but rather propose that randomized clinical trials with a mortality endpoint should be 
a final keystone in the chain of evidence when true equipoise remains after the effects of a 
therapy are properly understood. Such has also been the history of high versus low tidal 
volume ventilation, the pros and cons of which were already understood before the ARMA 
trial 20. What remained was uncertainty about the net balance of effects – for which the 
ARMA trial provided the answer. A trial, we note, which appears to have been decidedly 
unpragmatic with very tight protocol adherence (attained tidal volumes 6.2 vs. 11.8 ml/
kg on protocolized tidal volumes of 6.0 vs. 12 ml/kg) 5 compared to real-world scenarios 7.

In adopting the valuable principles of evidence-base medicine the pendulum has swung 
too far towards large randomized trials as the preferred method of knowledge mining in 
critical care. A renewed focus on understanding requires the critical care community and 
funding institutions to re-incentivize basic and translational mechanistic research.

Conclusion
Mortality is an insensitive trial endpoint because heterogeneous patients pigeonholed into a 
critical care diagnosis do not share to a large enough extent the pathways that independently 
lead to death. Ever larger and larger pragmatic trials are not the solution because an increase 
in ‘pragmatism’ goes hand in hand with a decreased therapeutic and diagnostic precision, 
thereby reducing the attributable risk, the therapeutic effect size and the probability of find-
ing a beneficial subgroup effect. The way out of this impasse is to direct more resources to 
basic and translational research to improve our understanding of the mechanisms of illness.
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teChnICAl suPPleMent
sample size calculations
The sample size required to demonstrate a 20% relative risk reduction with a 35% control-
group rate, 80% power and 5% type-I error rate is 689 per group or 1,379 for a two-group 
trial.

For an attributable fraction of mortality of 0.25, and a relative reduction of the attribut-
able fraction of 0.20, the absolute effect on a 35% control group mortality rate will be 1.75%: 
0.35 × 0.25 × 0.20 = 0.0175.  Therefore, the expected intervention-group mortality rate 
would be 33.25%: 0.35 – ( 0.35 × 0.25 × 0.20 = 0.0175 ) = 0.3325. The required sample size 
to compare a control-group rate of 35% to an intervention-group rate of 33.25% is 23,042 
(80% power, 5% type-I error rate).

Similarly, for an attributable fraction of mortality of 0.50 and a relative reduction of the 
attributable fraction of 0.20, the absolute effect on a 35% control group mortality rate will be 
3.5%: 0.35 × 0.25 × 0.20 = 0.035. Therefore, the expected intervention-group mortality rate 
would be 31.50%: 0.35 – ( 0.35 × 0.50 × 0.20 = 0.035 ) = 0.315. The required sample size to 
compare a control-group rate of 35% to an intervention-group rate of 31.5% is 5,685 (80% 
power, 5% type-I error rate).

In example of sepsis with an attributable fraction of 0.15, at an “optimal” 50% control-
group mortality rate and a relative reduction of the attributable fraction of 0.20, the absolute 
effect will be 1.5%: 0.50 × 0.15 × 0.20 = 0.015. A reduction from 50% to 48.5% would require 
a sample size of 34,873 (80% power, 5% type-I error rate).

simulated estimation of syndrome-attributable risk, explaining paper figure 3
To demonstrate how syndrome-attributable risks are overestimated when the syndrome and 
the underlying illness severity are correlated, we present a computer simulated example 
wherein the actual syndrome-attributable risk of a hypothetical syndrome is zero.

We generated a simulated cohort of 4,000 patients with a heterogeneous (randomly 
generated) mortality risk distribution, with a median mortality risk of 7% (IQR 2-23%) 
(Figure 3A). The risk of developing a hypothetical critical illness syndrome was generated 
semi-randomly to correlate with baseline mortality risk (r=0.80). Using a random binomial 
generator, each patient was then assigned with a syndrome diagnosis (absent or present, 
based on the risk of developing a syndrome) and an outcome (dead or alive, based on the 
true mortality risk). Importantly, the mortality risk didn’t shift depending on the presence 
of the syndrome so that the presence of the syndrome didn’t cause an increase in mortality 
risk (the true attributable risk was zero) (Figure 3A).

To simulate how syndrome-attributable risks can be estimated by investigators, we 
constructed three scenarios (Figure 3B). In the first scenario, a hypothetical researcher 
makes a crude mortality comparison between those with the syndrome and those without. 
The researcher will observe that the crude mortality rate of patients with the syndrome is 
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41% versus 13% for those without it, so that the crude syndrome-attributable mortality is 
estimated as 28% (p<0.0001) (Figure 3C).

In the second scenario, the researcher makes use of a severity of illness score to match 
each patient with the syndrome to a patient without the syndrome but with a similar sever-
ity score. The severity score is not a perfect reflection of the true mortality risk, but is well-
calibrated and has an Area Under the Receiver Operating Characteristics (AUROC) curve 
of 0.84 to discriminate between survival and death (Figure 3B). In this matched cohort, the 
mortality rate of the patients with the syndrome is 37% versus 26% for those without it, so 
that the adjusted attributable risk is estimated to be 11% (p=0.0006) (Figure 3C).

In the final scenario, the researcher has full information and perfect characterization 
of the underlying diseases, so that he can make use of a perfect severity score (or any other 
distance metric) to match each patient with the syndrome to a patient without the syn-
drome. The theoretically maximum attainable AUROC for the underlying risk distribution 
is 0.88 (Figure 3B). Using full information about the underlying illness risks to construct 
a matched cohort, the mortality rate of the patients with the syndrome is found to be 30% 
versus 29% for those without it, so that the accurate adjusted attributable risk is estimated 
to be a negligible 1.1% (p=0.0006) (Figure 3C).

This simulation shows that, conditional on an association between the risk of developing 
a syndrome and the underlying mortality risk, the syndrome-attributable mortality risk can 
only be accurately estimated when there is perfect risk information (or disease characteriza-
tion) of the underlying pathological conditions.

The full code for this simulation study in the R language is available on request from 
h.degrooth@amsterdamumc.nl.
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AbstRACt
objective: In critically ill patients, treatment dose or intensity is often related to severity of 
illness and mortality risk, while overtreatment or undertreatment (relative to the individual 
need) may further increase the odds of death. We aimed to investigate how these relation-
ships impact the results of common statistical methods used in observational studies.

design: Using Monte Carlo simulation methods, we generated data for 5,000 patients with 
a treatment dose related to the pre-treatment mortality risk but with randomly distributed 
overtreatment or undertreatment. Significant overtreatment or undertreatment (relative to 
the optimal dose) further increased the mortality risk. A prognostic score with a good but 
imperfect reflection of the mortality risk (area under the receiver operating characteristics 
curve 0.75) and outcome of death or survival were then generated.
The study was analyzed 1) using logistic regression to estimate the effect of treatment dose 
on outcome while controlling for prognostic score; 2) using propensity score matching 
of the effect of high treatment dose on outcome. The data generation and analyses were 
repeated 1,500 times over sample sizes between 200 and 30,000 patients and with increasing 
accuracy of the prognostic score.

setting: Computer-simulated studies.

Measurements and main results: In the simulated 5,000-patient observational study, higher 
treatment dose was found to be associated with increased odds of death (p=0.00001) while 
controlling for the prognostic score with logistic regression. Propensity-matched analysis 
led to similar results. Larger sample sizes led to equally biased estimates with narrower 
confidence intervals. A perfect risk predictor negated the bias.

Conclusions: When a treatment dose is associated with severity of illness and should be 
dosed ‘enough’, logistic regression or propensity score matching to adjust for confounding 
by severity of illness leads to biased results under conditions of imperfect risk adjustment. 
Larger sample sizes lead to more precisely wrong estimates.
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IntRoduCtIon
Observational studies are important building blocks in the current evidence base of in-
tensive care medicine 1. In the 2016 Surviving Sepsis Campaign Guidelines, 58 of the 93 
statements (62%) were based on low or very low-level evidence 2,3. The body of evidence 
of the 2016 Brain Trauma Foundation Severe Traumatic Brain Injury guidelines contained 
50% more observational studies than randomized trials, and recommendations in 6 out of 
its 18 main subject areas were based solely on observational evidence 4.

At best, observational studies are ‘well-controlled’, meaning that high-quality data and 
appropriate statistical methods are used to control for factors that confound the association 
between the investigated treatment and outcomes. When no randomized evidence is avail-
able, well-controlled observational studies may be the best available indication of a possible 
causal relation between a treatment and a clinical effect. As such, these studies are justifiably 
used to make clinical guideline recommendations.

Researchers have warned for a caveat of observational studies especially relevant to 
critical care: The combination of confounding by indication and imperfect risk adjustment 
causes a high likelihood of falsely detecting ineffectiveness or harm from interventions 5. 
Unfortunately, both of these preconditions are prevalent in critical care research: Confound-
ing by indication is common as many therapies are started as severity of illness increases, 
and the available risk adjusters such as the Acute Physiology and Chronic Health Evaluation 
(APACHE) score have been found to be poorly calibrated in external validation studies and 
poorly discriminating in different subpopulations 6,7. Together, this can give a false impres-
sion of harm, potentially leading to beneficial therapies being withheld from patients.

In this paper, we aimed to investigate the reliability of observational research in another 
confounding scenario often encountered in critical care. While earlier studies have focused 
on dichotomous confounding (treatment vs. no treatment), we set out to investigate dose-
confounding by indication.

When a treatment is titrated to effect, the dose or treatment intensity can be strongly 
associated with the mortality risk. Yet both undertreatment and overtreatment – relative to 
the patient’s needs – can cause additional harm and increase the mortality risk. Examples are 
resuscitation fluid dose, vasopressor dose, driving pressure or fraction of inspired oxygen. 
For such titrated therapies where dosing is intrinsically associated with severity of illness 
and should be dosed ‘enough’, we asked whether it is possible to estimate the right dose or 
treatment intensity using observational data and commonly used statistical methods.

Methods
data generation
Using random data generation, we constructed a hypothetical observational study with 
5,000 patients. Each patient was assigned a random pre-treatment mortality risk (which 
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is hidden in true clinical situations), distributed normally on the log-odds scale so that 
95% of the included patients had a true mortality risk between 0.10 and 0.90. Each patient 
was assigned a prognostic score, which was based on the pre-treatment mortality risk, but 
with a randomly distributed error. The magnitude of the error was determined by the noise 
parameter (the standard deviation of the random error on the log-odds scale), which was 
set at 0.5.

Each patient was then assigned a treatment dose in arbitrary units, which can be 
thought of as a drug or therapy (e.g. norepinephrine, fluids, PEEP or enteral nutrition dose). 
The value of the optimal treatment dose was constructed to be related to the pre-treatment 
mortality risk (linear on the log-odds scale), so that there is an optimal treatment dose 
associated with each disease severity state. However, each treatment dose had a normally 
distributed random deviation, and, importantly, we let the post-treatment mortality risk 
increase for both overtreatment and undertreatment (i.e. for deviations from the optimal 
dose given a disease state). The limit for overtreatment or undertreatment was 1 dose unit, 
resulting in 25% overtreated patients, 25% undertreated patients and 50% appropriately 
treated patients. In summary, higher treatment doses were used in sicker patients, but a too 
high or too low dose - given a level of illness - increased the (post-treatment) mortality risk.

Finally, each patient was assigned an outcome of death or survival using a random bino-
mial generator, with the post-treatment mortality risk (as determined by the pre-treatment 
mortality risk multiplied by increased risk of death in case of over- or undertreatment) as 
the input probability.

The data generation framework is summarized in Figure 1.

study analysis framework
This simulated observational study data was then analyzed as in a real study. Firstly, the 
validity of the prognostic score was tested using a logistic regression model with the 
outcome of death as a function of the prognostic score. The discrimination of the model-
predicted mortality risk was tested with a receiver operating characteristics (ROC) curve 
and corresponding area under the ROC curve (AUROC). Calibration was evaluated using 
the Hosmer-Lemeshow test on the predicted vs. observed mortality rates in 10 deciles and 
a corresponding calibration plot.

The effect of treatment dose on mortality was first investigated using logistic regression 
by modeling the outcome of death as a function of treatment dose, the predicted mortal-
ity risk (on the log-odds scale) and an interaction between treatment dose and prognostic 
score-predicted mortality risk. Model goodness-of-fit improvement versus a reduced model 
without treatment dose as a covariate was evaluated with Akaike’s Information Criterion 
(AIC). A model with a quadratic term for treatment dose was tested for improved fit.

A second analysis was based on propensity score matching 8. Treatment dose was di-
chotomized into higher than average dose vs. lower than average dose, and for each patient 
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the propensity for higher than average dose was calculated using a logistic regression model 
with the prognostic score as independent variable. Th en, for each propensity decile the 
eff ect on mortality of higher than average dose vs. lower than average dose was calculated. 
In other words, we tested whether among patients with similar propensity for high treat-
ment dose, actual treatment with a high dose aff ected the mortality rate. Th e overall eff ect 
along the 10 deciles was calculated using a restricted maximum likelihood random eff ects 
estimator.

Repeated (Monte Carlo) simulations
To evaluate the results of the analyses over a range of sample sizes and the precision of the 
prognostic score, the data generation and study analyses were repeated 1,500 times over a 
range of sample sizes (200 to 30,000) and with three levels of accuracy of the prognostic 
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figure 1. Simulation framework for the Monte Carlo data generation. For each simulated patient, the value of 
each variable was generated randomly or as a (semi-random) function of another variable. Only three variables 
(prognostic score, treatment dose and outcome) are observable to a hypothetical clinical researcher. By generat-
ing the variable data according to prespecifi ed relations, we can evaluate whether the observable variables can 
reveal the true relationships using common statistical methods.
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score (constructed by changing the noise parameter (standard deviation) of the random 
error in the association between true mortality risk and prognostic score). We constructed 
plots of the estimated effect sizes of the effect of treatment dose on mortality and the prob-
ability of falsely finding a significant effect over the range of sample sizes and prognostic 
accuracies.

When interpreting AUROC values, readers should be aware that the mathematically 
maximum attainable AUROC for a predictor depends on the risk distribution. With the risk 
distribution modeled here, the maximum attainable AUROC for a perfect prognostic score 
is approximately 0.77 9–11.

software and code availability
All simulations and analyses were done in the R language for statistical computing with the 
tidyverse suite of packages and the metafor package 12–14. The full code is available on request 
from the corresponding author.

Results
Results of the single study simulation
In the simulated cohort of 5,000 patients, the median pre-treatment mortality risk was 0.50 
with 5th and 95th percentiles at 0.097 and 0.90. The optimal treatment dose (constructed 
to depended on the pre-treatment mortality risk) and the actual administered treatment 
dose are shown in Figure 2A. Substantial overtreatment occurred in 1,303 patients (26%) 
and substantial undertreatment occurred in 1,312 patients (26%), leading to an increased 
mortality risk in these patients (Figure 2B). The constructed prognostic score corresponded 
closely – but not perfectly – to the pre-treatment mortality risk (correlation coefficient 0.92, 
Figure 2C).

We proceeded to analyze the data with the information available to potential researchers 
(prognostic score, treatment dose and mortality outcome). After fitting a logistic model, the 
prognostic score was observed to be a good discriminator for death (with an AUROC of 
0.75) and excellently calibrated to predict the risk of death in all 10 deciles of predicted risk 
(Figure 2D, Hosmer-Lemeshow p=0.52).

Treatment dose was observed to be independently associated with the odds of death 
after adjusting for the prognostic score in a logistic regression model (Table 1). There was 
no interaction between treatment dose and prognostic score. Figure 2E depicts the apparent 
association between higher treatment dose and increased observed mortality after adjust-
ing for predicted risk. A quadratic model did not improve the fit and did not change the 
observed association.

For each patient the propensity to be treated with a higher than average dose (>10 dose 
units) was calculated based on the prognostic score. For each propensity decile, patients 
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who were treated with the higher dose were compared to patients treated with the lower 

low dose (Figure 2
2 was 41%, indicating heterogene-

Figure 2.

pre-treatment mortality risk, the treatment dose and post-treatment mortality risk and the prognostic score. 

leading, as in fact both overtreatment and undertreatment increase the risk of death.
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Repeated simulations
When repeating the random data generation and analyses with a prognostic score noise 
parameter of 0.5 (used in the single study described above), the area under the ROC curve 
was 0.75. With a noise parameter of 0.3, the AUROC improved to 0.76. With a noise pa-
rameter of 0.0, the prognostic score and predicted mortality rate was perfectly equal to the 
actual mortality risk, and the AUROC improved to 0.77 (the theoretical maximum for the 
underlying risk distribution).

The true linear effect of treatment dose on mortality (no effect, an OR of 1) was only 
observed with the perfect prognostic score. More inaccurate prognostic scores led to 
significant overestimation of the effect. Over a large range of sample sizes, the estimated 
treatment effect remained stable (Figure 3A). When the prognostic score was imperfect, the 
probability of (misleadingly) observing a significant effect of dose on outcome increased 
with the sample size (Figure 3B).

table 1. Logistic regression model estimates of the effect of treatment dose on the odds of mortality, with ad-
justment for predicted mortality.

Variable Coefficient estimate (95% CI) Odds ratio (95% CI) P-value

Intercept -0.87 (-1.26 – -0.47) 0.00001

Treatment dose (per unit) 0.08 (0.05 – 0.13) 1.09 (1.05 – 1.14) 0.00001

Prognostic score-based predicted risk 
(log-odds scale)

1.02 (0.64 – 1.40) 2.76 (1.89 – 4.05) < 0.00001

Interaction term: dose · predicted risk -0.01 (-0.05 – 0.028) 0.98 (0.953 – 1.03) 0.592
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figure 3. Repeated simulations and analyses (1,500x) indicate that the bias in the estimated treatment effect 
is not decreased with larger sample sizes, but only with more precise adjustment for underlying mortality risk 
(panel A). Consequently, larger studies are more likely to show a spurious significant treatment effect (panel B).
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dIsCussIon
In this Monte Carlo simulation study evaluating the observational association between a 
severity of illness-dependent treatment dose and mortality adjusted for a less-than-perfect 
severity of illness score, we found that both logistic regression and propensity score match-
ing led to biased results. Both methods pointed to a positive association between higher 
treatment dose and odds of death, while in fact both overtreatment and undertreatment 
increased the mortality risk. In short, logistic regression and propensity score matching 
cannot be used to find an optimal dose for treatments that should be dosed ‘enough’.

We simulated a cohort of patients with characteristics regularly found in critical care: 
The treatment dose of interest was constructed to be associated with the underlying sever-
ity of illness. Increased disease severity required a higher treatment dose and vice versa. 
But given any level of illness severity, both substantial undertreatment and overtreatment 
was constructed to increase the mortality risk. We then took the position of a researcher 
and analyzed the effect of the treatment dose on mortality with commonly used statistical 
methods. We controlled for confounding by severity of illness with an accurate (but not 
perfect) prognostic score and still observed a strong association between a higher treatment 
dose and increased odds of death using both a multivariate logistic regression model and a 
propensity-decile adjusted model. An investigator could reasonably infer that a high treat-
ment dose is harmful, but this would be an incorrect conclusion as both overtreatment and 
undertreatment relative to the optimal dose were constructed to be harmful.

By running the data generation and analyses many times through different sample sizes, 
we demonstrated that large sample sizes did not lead to a better estimation of the true effect, 
but rather to a more precisely wrong estimation. Even though the analyses of the association 
between dose and outcome ‘controlled for’ severity of illness, there was significant residual 
confounding – not by an exogeneous confounding factor but rather because the prognostic 
score was an imperfect surrogate for the true confounder (pre-treatment mortality risk). 
Only a perfect prognostic score negated the spurious association between high treatment 
dose and increased odds of death.

It has previously been shown that ‘well-controlled’ observational studies are likely to 
arrive at misleading results if the treatment of interest is correlated with the severity of 
illness (confounding by indication) and the risk adjuster that is used to control for severity 
of illness is not a perfect reflection of the true mortality risk  5. In such cases, therapies that 
are beneficial or inactive are mistaken for harmful, or vice versa. We have expanded on this 
research by investigating dose-confounding and have found that therapies that should be 
administered in a patient-tailored dose are likely to be erroneously found harmful with a 
higher dose in observational studies using logistic regression or propensity score matching.

It appears that the conditions for these misleading results arise frequently in critical 
care research. The factors under investigation in this field are often positively or negatively 
associated with the severity of illness and prognosis. Indeed, many such therapies (e.g. fluid 
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balance 15–17, transfusion dose 18, vasopressor dose 19–21, and fraction of inspired oxygen 22,23) 
have been found to be independently associated with mortality after correcting for severity 
of illness. As none of the prognostic scores used can be thought to perfectly reflect underly-
ing mortality risk, these kinds of studies are at risk of finding spurious associations.

The authors of observational studies are often forthright about the caveats of their 
results and generally recommend that their findings should be further investigated using 
other study designs before clinical recommendations can be made. In practice however, 
a 50,000-patient study that reports that “a high dose of treatment X is associated with in-
creased mortality risk after adjusting for severity of illness” can for many readers be a cue 
to change practice. Consistent associations across multiple observational studies can even 
lead to Level II guideline recommendations 24,25. This may cause patient harm if a beneficial 
therapy is withheld or under-dosed. Clinicians, researchers and guideline authors should 
therefore be familiar with the potential bias described here.

It is well known that, all other things equal, smaller studies are more prone to misleading 
results than large studies 26,27. But it is important to note that the relationships outlined 
in this paper cause a systematic bias that is not resolved by increasing the sample size. In 
fact, when we repeated our simulations with increased sample sizes, the estimates of the 
association between high dose and increased mortality odds were roughly unchanged. The 
estimate was equally wrong but now carried a smaller p-value and a narrower confidence 
interval, giving the impression of higher statistical certainty.

When interpreting the results from observational studies, readers should be aware that 
large sample sizes do decrease the probability of false results arising from random chance 
but cannot exclude systematic errors. Biases that are intrinsic to the data and analytical 
methods cause misleading results regardless of the sample size. In these cases, larger studies 
are more likely to show a spurious effect.

This work has important limitations. We have focused here on multivariate regres-
sion and propensity score matching, the two most-used statistical methods to adjust for 
confounding in observational critical care studies. However, other methods specifically 
tuned to causal inference have become more prominent in the past years 28–30. The abil-
ity of such methods to accurately capture the causal effect between treatment dose and 
outcome remains to be investigated. In the repeated analyses, we did not vary simulation 
parameters such as the mean or variance of the true mortality risk, nor did we try to find an 
optimal cutoff precision for the prognostic score, because in reality such factors cannot be 
known or are too dependent on unobservable characteristics. For example, the maximum 
attainable AUROC for any predictor depends on the underlying risk distribution (which is 
always unobservable), so that a predictor with an AUROC of 0.75 in one population may in 
fact be more accurate than a predictor with an AUROC of 0.85 in another population 9–11. 
Instead, we chose parameters that were neutral (mean mortality rate of 50%) and realistic 
(a mortality predictor with an AUROC of 0.75), as our overall aim was to improve our 
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conceptual understanding of how relationships that we perceive to be common in critical 
care are reflected in statistical results. The simulations presented here are therefore highly 
stylized and should not be interpreted as a critique of any real study.

ConClusIons
In observational studies investigating a therapy titrated higher in more severely ill patients, 
common statistical methods will misleadingly demonstrate a positive association between 
higher treatment dose and odds of death when the risk adjuster is an imperfect marker of 
severity of illness. The probability of detecting a biased association increased with larger 
sample sizes and the true effect of treatment dose on mortality (no effect, an OR of 1) was 
only observed with a perfect mortality risk predictor. Researchers, clinicians and guideline 
authors should be aware of this form of residual confounding and interpret studies on 
interventions that may be prone to this bias with caution.
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An important controversy and uncertainty still exists around the optimal timing to start 
renal replacement therapy (RRT) in ICU patients with acute kidney injury (AKI) that do 
not present with absolute indications for RRT. Recent RCT’s comparing “early” and “late” 
initiation of RRT provided contradictory messages, potentially related to the difference 
in study population, design (single- versus multicenter), illness severity, modality of RRT 
and definitions of early and late 1–3. Reliable quantitative tools that predict whether AKI 
patients will recover would allow avoiding unnecessary RRT. Moreover, by identifying a 
more severe subset of patients with AKI, an evaluation of the advantages and disadvantages 
of early starting of RRT could be performed in an enriched population that would probably 
need RRT sooner or later during their ICU stay. Biomarkers of kidney damage have been 
extensively studied for their accuracy in early diagnosis of AKI. Their role in distinguishing 
patients with high versus low likelihood of renal recovery is less clear.

In a recent article in this journal, Klein et al. report the results of a systematic review 
which meta-analyzed the ability of biomarkers to identify patients with and without sub-
sequent need for RRT 4. The largest body of evidence exists for NGAL that showed only 
fair discrimination. The markers of cell cycle arrest, the product of [TIMP-2]·[IGFBP-7], 
showed the best discrimination with a pooled area under the ROC curve (AUROC) of 0.857 
(0.789–0.925). This result (based on four studies with 280 patients and 50 RRT received) 
was rather homogeneous (I2 = 24.9%), increasing the confidence of this estimate. On the 
other hand, the homogeneity of this result probably relates to the more homogeneous 
patient populations with clearly defined insult (mainly surgery) in the included studies 
whereas studies on NGAL included more heterogeneous populations where the timing of 
the renal insult is less clear. A summary of the most important findings can be found in the 
Supplementary Table (Table S).

This enormous amount of work, for which the authors are to be congratulated, cannot 
overcome the limitations of the included original studies. The most important limitation is 
the absence of a gold standard for the endpoint (RRT): substantial practice variation exists 
in the initiation of RRT and many of the included studies did not use predefined indications. 
In 85% of the studies, the prediction of RRT was not the main purpose. The study popula-
tions are heterogeneous and not all patients had AKI at the time of biomarker sampling, 
which could explain the large variability of RRT need (Table S). The delay between sampling 
of the biomarker and the start of RRT, when reported, was variable, increasing the observed 
between-study heterogeneity and biomarker performance. Biomarkers were not compared 
with readily available clinical parameters nor was their additive value assessed, for example 
with the net reclassification index.

Finally, we share the authors’ interpretation that the use of biomarkers to discriminate 
patients requiring RRT has currently no implication in routine clinical decision-making at 
the bedside because the benefit of early RRT initiation remains to be demonstrated, and the 
predictive accuracy of biomarkers is at best fair. Such discrimination is particularly useful 
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when the disease state is already determined but not directly observable (for example the 
use of d-dimer for a pulmonary embolism diagnostic). However, an important purpose of 
AKI biomarkers is to predict future states that are not yet determined, such as the future 
risk of AKI or the need for RRT. AUCs are of limited value for this type of risk stratifi cation 
under stochastic uncertainty. Diff erences in population risk distribution may contribute to 
an increase between study heterogeneity regarding discrimination (Figure 1).

discrimination vs. risk stratifi cation
When trying to guess a future event, two statistical predictions can be applied: “black or 
white” (discrimination) versus “several shades of gray” (risk stratifi cation). Th is dichotomy 
can be illustrated with a simple example. Suppose that among 1,000 patients, 100 have a 10% 
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chance of needing RRT, 800 have a 50% chance and 100 have a 90% chance. Also, suppose 
that a biomarker perfectly predicts RRT need: It reads ‘10’, ‘50’ and ‘90’ for the patients with 
10, 50 and 90% risk, respectively. This biomarker has obvious clinical potential, as it can be 
used to stratify low-, intermediate- and high-risk patients with great fidelity. Yet the cal-
culated AUC of this biomarker in this population is only 0.60, which would be commonly 
interpreted as ‘poor’ (0.60–0.70) discrimination. The counterintuitive disparity between 
excellent risk prediction and poor discrimination is a well-proven phenomenon 5–7. In a 
population with normally distributed risk characteristics, any biomarker that is perfectly 
calibrated for risk stratification will be a poor discriminant. Conversely, a biomarker can 
achieve perfect discrimination only when the predicted risks are 0 and 100%—i.e., when the 
outcomes are already determined but not yet known (Figure 1).

In spite of these limitations, most AKI biomarker studies report discriminant statistics. 
Consequently, Klein et al. had to rely on AUCs as the common denominator to compare 
the performance of biomarkers for prediction of the need for RRT 4. This has some validity, 
as the future need for RRT is contingent on renal failure that may already be present at the 
time of biomarker sampling.

how biomarkers may help identify patients that can benefit from treatment
AKI biomarkers are only useful if they can be proven to influence treatment decisions 
that result in patient-oriented benefit 8,9. In the PrevAKI study 10 cardiac surgery patients 
at increased risk of AKI were identified by a product of [TIMP-2]·[IGFBP-7] above 0.3. 
Although a renal protective treatment bundle was shown to reduce the incidence of AKI, 
the protective effect was not observed in the subgroup of patients with the highest [TIMP-
2]·[IGFBP7] (above 2.0). This underscores the importance of risk stratification over dis-
crimination: outcomes in patients with very high or very low risk may not be amenable to 
therapy. It is often intermediate risk patients in the “grey zone” that benefit from protective 
interventions, as is now widely recognized in sepsis research 11–13. Generating and validating 
biomarker-based risk predictions using logistic regression models and decision-tree models 
are more suitable than AUCs for this purpose 5,11,14.

Readers should bear in mind that poor discriminatory performance does not neces-
sarily disqualify these biomarkers as risk predictors. In the future, AKI biomarker studies 
should complement AUCs with risk prediction parameters, such as odds ratio, relative 
risks or hazard ratios. Although sensitivity and specificity are familiar to most clinicians 
and appear readily interpretable, their clinical applications may be limited. Instead, early 
identification of patients that can benefit from protective therapies requires more focus on 
risk stratification.
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AbstRACt
Purpose of review: Early warnings scores are designed to detect clinical deterioration and 
promote intervention at the earliest possible moment. Although the ultimate effects on 
patient outcomes are unclear, early warning scores are now legally mandated in several 
countries. Here, we review the performance of early warning scores in surgical and periop-
erative populations.

Recent findings: Early warning scores can be used to screen for postoperative deteriora-
tion and surgical complications. We describe a framework to evaluate the balance between 
missed events and warning signals that are not followed by an adverse event (non-events). 
In large surgical cohort studies, the missed event rates ranged between 19% to 69% and the 
non-event rates ranged between 72% and 99% for ‘optimal’ threshold early warning sores. 
Recent investigations have shown that there may be a substantial discrepancy between the 
theoretical benefits shown in validation studies and the practical clinical implementation 
of early warning scores, which may partly explain the absence of measurable benefit from 
these systems.

summary: Early warning scores may facilitate protocolized escalation of care for patients 
at risk of adverse events and can be used in surgical and postoperative patients, but high 
non-event rates and practical implementation problems can restrict their usefulness.
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IntRoduCtIon
Patients are approximately 1000 times more likely to die in the 30 days after surgery than 
during surgery itself 1. This justifies the significant efforts that have gone into the develop-
ment and validation of early warning and intervention systems to identify patients with 
clinical deterioration in general wards. Ideally, such a system should warn clinicians early, 
with appropriate risk stratification and with minimal false alarms.

Several track-and-trigger early warning scores are now in use, most of which are modifi-
cations of a basic scoring system in which deviations in heart rate, blood pressure, respiratory 
rate, oxygen saturation, temperature, and/or neurological function are weighted and ag-
gregated into a single number 2. Depending on local protocols, specific score thresholds lead 
to escalating care such as repeated scoring after one hour, warning of the attending physician 
or the activation of a medical emergency team or a critical care outreach team. In some 
cases, early intervention can reverse the negative clinical trajectory, and, at the minimum, 
early warning scores can help identify patients who may benefit from closer monitoring, 
increased attention from the medical staff, or a higher nurse-to-patient ratio. Together, these 
warning scores and intervention systems (often termed the afferent and efferent arms) are 
designed to facilitate early recognition and treatment of life-threatening problems.

However, the ultimate effects of these early warning and intervention systems on patient 
outcomes are unclear. Early before-after studies and a single-center ward-randomized trials 
showed promising effects on hospital mortality, cardiac arrests and unplanned ICU admis-
sions 3–6. But the MERIT study, a landmark cluster-randomized trial, failed to demonstrate 
any positive effect of the introduction of a comprehensive medical emergency system 7. 
Both a 2007 Cochrane review 8 and a 2014 systematic review 9 concluded that there was 
insufficient high-quality evidence to support the hypothesis that early warning and inter-
vention systems improve patient outcomes. Most recently, a cluster-randomized trial of 21 
hospitals in 7 countries tested the effect of a pediatric early warning system on all-cause 
hospital mortality 10. Among 144,539 hospitalized children, there was no difference between 
control vs. early warning score hospitals in mortality rates (adjusted odds ratio 1.01 (95% 
CI 0.61-1.96), leading the authors to conclude that their findings do not support the use of 
this system to reduce mortality 10.

Many extraneous factors may influence the relationship between early warning scores 
and measurable improvements in outcomes. The patient-oriented effects of the early warn-
ing systems cannot be evaluated separately from the intervention system, making every 
system only as effective as the treatments that follow the alarms. We therefore believe that 
early warning scores merit a review that evaluates these scores on the terms that they were 
designed for: The ability to detect patients at high risk for future adverse events.

In this review, we provide an overview of the current state of early warning score 
research. We focus on the clinical operating characteristics of the scores rather than on 
the effect of early-warning and intervention systems on patient outcomes, which has been 
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reviewed before 8,9. We review the performance of several widely-used early warning score 
iterations with special attention to perioperative patients and we present a framework to 
evaluate the performance of early warning scores in a clinically interpretable manner.

Available early warning scores for perioperative patients
Many different early warning scores have been developed, each suiting a specific hospital 
situation or tailored to the availability of data in a specific cohort. Single-parameter scoring 
systems have been shown to uniformly underperform multiparameter scores 11,12. Of the 
multiparameter scores, almost all include heart rate, respiratory rate and blood pressure. 
Most scores include temperature and oxygen saturation, and some scores include supple-
mental oxygen, urine output, impaired cognition and a ‘nurse concerned’ parameter 13. In 
Table 1 we present an overview of score validation studies that have been performed in 
surgical or postoperative patients.

The nomenclature of the different scores is not completely uniform, and several valida-
tion studies have left out specific parameters from scores due to the unavailability of data 
(such as mental status) in the study database. Nevertheless, multiple studies have found that 
the National Early Warning Score (NEWS)and the Vitalpac™ Early Warning Score (ViEWS)
appear to predict cardiac arrest within 24 hours better than other scores with a similar 
scoring structure 12,13,19. In-depth analyses of the exact differences between various scores 
can be found elsewhere 13.

Most early warning score validation studies have been performed in medical or mixed 
populations 13, but two large studies have shown that the ViEWS and NEWS perform 
similarly in medical and surgical patients in terms of discrimination (equal AUROCs in 
both subpopulations) 14,15. However, as the adverse event rate is generally lower in surgical 
patients, the false alarm rate will tend to be higher in this population 14,15.

Only one large study 12 has compared different scores in postoperative patients and 
found that the 7-item NEWS outperforms the 6-item MEWS, and that both scores are out-
performed by the 16-item electronic cardiac arrest triage (eCART) score (see Bartkowiak et 
al. in Table 2), a logistic-regression derived function that incorporates both vital signs and 
laboratory results 20.

More complex tools to identify at-risk patients are currently being developed. A recent 
study has shown that machine learning algorithms such as random forests or gradient boost-
ing machines are significantly better at discriminating patients at risk of adverse events 21. 
These systems are not yet readily available at the bedside as their complexity requires com-
puterized implementation.

Automated early warning devices may provide yet another tool to identify at-risk 
patients. Although an overview of the current developments in the field of remote monitor-
ing is beyond the scope of this review, we highlight two studies with specific relevance to 
early warning scores. In a multinational before-after study including almost 20,000 patients 
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an ‘automated advisory vital sign monitor’ based of the ViEWS was implemented in 10 
hospitals 22. Deployment of the device was not associated with an increase in the calling rate 
to the emergency team, but was associated with improved survival in the patients receiv-
ing an emergency team intervention. The clinical significance of these results has yet to 
be determined. In a feasibility study, an automated MEWS-scoring device incorporating 
end-tidal capnography and wireless nurse alerts was deployed in postoperative patients at 
risk of respiratory depression 23. This resulted in 3.3 alarms per hour of monitoring, the ma-
jority of which were technical errors or measurement errors. This high rate of false alarms is 
compounded by the intrinsic non-event rate of the MEWS described below.

Resource utilization and score protocol adherence
A recent large Australian multicenter observational study with more than 3 million patients 
showed that there was a substantial increase in emergency calling rates from 2008 to 2016 
and a concurrent decrease in hospital mortality during the same period 24. However, the 
association between calling rates and mortality disappeared after correction for patient 
factors, illness and comorbidities, leading the authors to conclude that increased medical 
emergency calls do not reduce mortality.

Similarly, in the cluster-randomized MERIT study the calling rate to the medical emer-
gency team increased 2.8-fold in the intervention vs. control hospitals, but this was almost 
completely due to an increase in calls that were not subsequently associated with an adverse 
event 7. Only 9% of the additional calls were followed by an adverse event.

In combination with the uncertain patient-oriented benefit, these data give rise to the 
concern that early warning scores lead to deskilling of ward staff and to reduced attention to 
the patients for whom the emergency response teams are primarily responsible. A relatively 
small single-center study reported that for every medical emergency call there occurred on 
average 1.1 incidents as a consequence of staff leaving normal duties, although all of these 
incidents were minor and none led to patient-oriented adverse events 25.

In addition, several investigations suggest that there may be an important discordance 
between score validation studies and clinical practice. An analysis of more than 2.5 million 
NEWS records from multiple hospitals revealed statistically unlikely accumulations of heart 
rate records just below the threshold of 91 beats per minute and temperature records just 
above the threshold of 36.0°C 26. An in-depth investigation into 67 patients who suffered 
an in-hospital cardiac arrest or unexpected death in a Danish hospital uncovered several 
problems with application of the protocolized (NEWS-based) early warning score 27. The 
monitoring frequency in the 24 hours prior to the events was correct in only 27% of cases 
and an elevated score was followed by an appropriate clinical response (alerting the correct 
staff member) in only 29% to 58% of cases.

Together, these data may explain to some extent the absence of measurable patient-
oriented benefit from the implementation of early warning scores.
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early warning scores from the clinician’s perspective: The balance between 
missed events and non-events
The performance of an EWS is generally described in terms of the area under the receiver 
operating characteristics curve (AUROC), a value between 0.50 (no discrimination) and 1.00 
(perfect discrimination). The AUROC can be interpreted as the probability that a patient 
with a future adverse event has a higher score than a patient without a future adverse event. 
As a summary measure of discrimination, the AUROC can be used to broadly compare the 
performance of different scoring systems, but it has no practical clinical value. Many studies 
therefore describe the sensitivity and specificity of one or more score thresholds. Sensitivity 
has direct patient-level relevance as it can be interpreted as the detection probability of a 
future adverse event. But the specificity of a score threshold is only meaningful in relation 
to the incidence of adverse events, as we will demonstrate below.

We propose that the missed event rate and the non-event rate are more clinically relevant 
and directly interpretable performance measures of early warning systems. The missed 
event rate (the complement of sensitivity) is the proportion of all adverse events that is 
not prospectively detected by an early warning score threshold. The non-event rate is the 
proportion of early warning score alarms that are not followed by an adverse event and 
is calculated as the complement of the positive predictive value (Table 2). An ideal early 
warning system has a missed event rate and non-event rate both close to 0%.

The relevance of the missed event rate and the non-event rate can be illustrated 
by evaluating the NEWS used in 70% of UK National Health Service institutions 2. In a 
landmark analysis that lead to the implementation of the NEWS, the performances of 34 
scoring systems were compared using 198,755 observation sets from 35,585 acute medical 
admissions 19,28. The NEWS was found to have the highest AUROC (0.873) to predict death 
within 24 hours. A NEWS of 5 or more, which had an approximate sensitivity of 82% and 
specificity of 80% 19,28, was chosen as the threshold to activate a “response by a clinician 
or team with competence in the assessment and treatment of acutely ill patients” 2. This 
threshold had a missed event rate of 18% and a non-event rate of 96% (at a 24-hour mortal-
ity rate of 1%). A higher NEWS of 7 was chosen as the threshold necessitating an escalated 
emergency response by “staff with critical care skills including airway management” 2. 
Compared to the lower activation threshold of 5, the threshold at 7 had a missed event rate 
that increased from 18% to 33%, but despite substantially higher specificity (92% vs. 80%), 
the non-event rate improved only marginally from 96% to 92%.

Similarly, in a cohort of 59,301 mixed medical and surgical admissions, the ViEWS was 
shown to have an AUROC of 0.78 to predict cardiac arrest within 24 hours 20. At a threshold 
score of 8, the missed event rate was 28% and the non-event rate was 99% (at a cardiac arrest 
incidence of only 0.21%).

This shows that the discriminatory characteristics of early warning scores (quantified 
with the AUROC, sensitivity and specificity) do not necessarily reflect practical usefulness. 
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The low incidence of adverse events causes a disparity between apparently good discrimina-
tion (high AUROC) and poor non-event rates.

For the surgical population, this is illustrated by a study that investigated the perfor-
mance of the admission ViEWS to predict subsequent in-hospital mortality among 30,485 
consecutive surgical admissions to a Canadian regional hospital 14. The AUROC for mortal-
ity within 48 hours after admission was 0.89, but the 48-hour mortality rate was only 0.04%. 
At a threshold score of 7, the missed event rate was 69% and the non-event rate was 99%. In 
other words, despite a good AUROC almost none of the alarms raised by this system were 
followed by an event within 48 hours, while the large majority of actual adverse events were 
not detected.

Similarly, a recent study investigated the accuracy of the ViEWS to predict complica-
tions associated with end-organ damage or critical care admission among 552 postoperative 
patients 17. The score had good to excellent ability to discriminate patients who developed a 
severe complication within 24 hours from those who did not (AUCROC 0.90). But because 
the incidence of severe complications was relatively low (6.4%), only a high threshold of 
8 points was deemed by the authors to “yield alerts at an acceptable rate” 17. Practically, 
this means that a patient with a heart rate of 140/min, a respiratory rate of 35/min and a 
systolic blood pressure of 105mmHg – but with normal temperature, oxygen saturation and 
alertness – would not reach the alarm threshold (7 EWS points).

Figure 1 shows that between-study and between-score differences in non-event rates 
depend less on discriminatory power than on the incidence of adverse events.
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figure 1. The relationship between the proportion of alarms not followed by an adverse event (the non-event 
rate) and the area under the receiver operating characteristics (ROC) curve (left) and the adverse event rate 
(right) for different early warning scores in different cohorts of surgical and perioperative patients. Data from 
table 2, circle sizes are proportional to the log of study sample sizes. This figure shows that differences in non-
event rates are more related to the incidence of adverse events in the population (right) than to the discrimina-
tory power of the early warning scores as summarized by the AUROC (left). eCART, electronic cardiac arrest 
triage; EEWS, expanded early warning score; MEWS, modified early warning score; NEWS, National Early 
Warning Score; ViEWS, Vitalpac™ Early Warning Score.
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Conclusion
Early warning scores can provide a structured evaluation of ward patients who are at risk 
of clinical deterioration or imminent adverse events and who may benefit from specific 
interventions or closer monitoring. These scores have been developed and validated in 
large cohorts of medical patients, but recent studies show that the discriminating ability 
of the most widely used scores (ViEWS and NEWS) is similar in both medical and surgi-
cal populations. However, the advantage of broad usability in different (sub)populations 
necessarily leads to limited specificity. Patients admitted with acute leukemia and patients 
admitted after hip replacement surgery have very different sequences of events that lead to 
ICU admission, cardiac arrest or death. Yet in a given hospital both patients are monitored 
using the same early warning score, which may explain why these scores don’t perform 
well over time horizons longer than 24 to 48 hours: These patients only share the final 
common pathway to cardiac arrest or death. When the incidence of adverse events is low, 
this lack of specificity causes missed event rates that are marginally acceptable and high or 
very high non-event rates. In the future, machine learning algorithms using many situation-
tailored variables may significantly lengthen the screening horizon and improve the balance 
between missed events and alarms that are not followed by an event. Until such advanced 
screening systems become widely available clinicians and administrators should take care 
not to overinterpret validations studies, as the implementation of these scores appears to be 
so complex that patient-oriented benefits are difficult to measure at best, or nonexistent at 
worst.
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soMe endPoInts ARe MoRe eQuAl thAn otheRs
Part I of this thesis is concerned with questions surrounding the validity of study endpoints 
and the important distinction between ‘disease-oriented’ or ‘surrogate’ endpoints versus 
‘patient-oriented’ or ‘clinical’ endpoints. The gold standard patient-oriented endpoint in 
critical care research is mortality, as improving the medium- and long-term quality of life of 
critically ill patients requires, of course, that patients survive their intensive care admission. 
Although improving the quality and dignity of dying is one of the core responsibilities in 
providing critical care, the vast majority of research is understandably focused on increas-
ing the chances of survival. The overall in-hospital mortality rate of patients admitted 
emergently to an intensive care unit is 10% to 20% in developed countries 1,2. The mortality 
rate of ARDS is approximately 40% 3 and the mortality rate sepsis or septic shock ranges 
from 20% to more than 80% 1,2,4,5. It is therefore no surprise that mortality was the primary 
endpoint in 9 out of the 10 largest septic shock trials evaluated in chapter 6 5. There are, 
however, three major problems with mortality as the gold standard endpoint: It is statisti-
cally inefficient, it is mechanistically uninformative, and it can be biologically insensitive.

The statistical inefficiency of mortality is apparent to any investigator designing a ran-
domized controlled trial: A two-group trial to reduce a hypothetical mortality rate from 
30% to 25% requires 2500 patients. This sample size requires inter-hospital and probable 
international coordination and a very large budget. As a consequence, many trials with a 
primary mortality endpoint are underpowered or based on unrealistic hypothesized effect 
sizes 6,7. Mortality is a mechanistically uninformative endpoint in randomized trials because 
it can merely establish whether a treatment caused a mortality effect, but not how it does 
so (or fails to do so) 8–11. In principle, this shouldn’t be a problem since randomized trials 
often report multiple secondary outcome measures. However, the currently prevailing null-
hypothesis significance testing approach to trial design (the Neyman-Pearson paradigm) 
demands that only the primary endpoint can really be ‘significantly’ related to the random-
ized intervention. At least, this is often how trial results are interpreted in practice. The most 
important problem with mortality is, in my opinion, its biological insensitivity to any single 
intervention in critically ill patients. An instructive way of understanding this problem is 
through the concept of attributable mortality risk, as we explained in chapter 9.

Because of these problems with mortality endpoints, researchers have tried to make 
clinical trials more informative and more efficient by choosing primary endpoints that are 
disease-specific, mechanistically informative and strongly correlate to the risk of death. 
The occurrence of such surrogate or disease-oriented endpoints has increased 4- to 6-fold 
between 2001 and 2016, as we showed in chapter 3 12. We found that in moderate to large 
critical care trials, surrogate endpoints are now much more commonly used than mortality, 
while the opposite was the case in 2001.

Importantly, we also found that randomized controlled trials with disease-oriented 
primary endpoints were more than twice as likely to demonstrate statistically significant 
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‘positive’ effects than trials with mortality endpoints (57% versus 27% of trials). An optimis-
tic interpretation of this finding is that disease-oriented endpoints are more efficient, and 
therefore, more useful. But perhaps a more realistic interpretation is that the ‘positive’ re-
sults on disease-oriented endpoints do not necessarily translate to patient-oriented benefit.

To make inferences about patient benefit based on a disease-oriented endpoint, the 
endpoint must satisfy three criteria (as we explained in chapter 3): There must be biological 
plausibility that improvement in the disease-oriented endpoint will cause improvement 
in true patient benefit; There must be a well-established observational association with a 
patient-oriented endpoint, and; There must be evidence from intervention studies that the 
disease-oriented endpoint captures the treatment effects on patient-oriented outcomes 13. 
The capture criterion disqualifies any single measure of organ function (such as an oxygen-
ation index or a blood pressure) because all organ systems are interdependent and can each 
be manipulated at the expense of another (for example, aggressive treatment of heart failure 
can come at the expense of kidney dysfunction). This is why an aggregated continuous 
measure of multi-organ function could be a useful solution.

The Sequential Organ Failure Assessment (SOFA) score tallies the dysfunction of 6 
organ systems, each on a scale from 0 (no dysfunction) to 4 (severe organ failure). The 
aggregated score (from 0 to 24) is strongly associated with the risk of death, but, more 
importantly, the trajectory of the SOFA score after admission is strongly associated with 
mortality independent of admission score 14–16. This made it attractive as a study endpoint: 
If an intervention could decrease the SOFA trajectory, and if a lower SOFA trajectory was 
strongly associated with lower mortality, then, by the logic of transitivity, the intervention 
would likely lower the mortality risk. The continuous distribution of SOFA scores means 
that the required sample size for a SOFA endpoint would be orders of magnitude smaller 
than for a mortality endpoint.

In chapter 4 we investigated the validity of different SOFA score derivatives as study 
endpoints. We found that since its introduction in 1996, increasingly more randomized 
controlled trials have used a SOFA score endpoint each year, mirroring the overall increase 
in the use of disease-oriented endpoints [chapter 3] 12. Using meta-regression techniques 
on data from all published randomized trials that reported a SOFA and mortality endpoint, 
we aimed to quantify how well different SOFA score derivatives capture between-group 
treatment effects on mortality. In contrast to general expectations, we found that treatment 
effects on the SOFA score measured on a fixed day after randomization did not adequately 
reflect the treatment effects on mortality. Only delta-SOFA derivatives corrected for baseline 
scores – used in a minority of trials – were sufficiently responsive and reliable to be valid as 
a surrogate for mortality.

Our findings on the reliability of SOFA endpoints have consequences for the interpreta-
tion of trials and the design of future studies. In a more general perspective, these findings 
reiterate the necessity of thorough endpoint validation: SOFA score on a fixed day after 
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randomization as an endpoint is both mechanistically sensible and strongly associated with 
mortality but did not adequately capture treatment effects on mortality.

In chapter 5 we applied the methods used for the SOFA endpoint validation and used 
them to evaluate the validity of different endpoints used in studies aiming to reduce the 
infectious complications of central venous catheters. We took catheter-related bloodstream 
infection to be the gold standard endpoint to which various surrogates were compared. 
Using individual-catheter data from 9428 catheters and study-level data from 70 published 
randomized controlled trials, we found that two oft-used proxies (catheter tip colonization 
and central line-associated bloodstream infection) were unreliable surrogates for catheter-
related bloodstream infection.

Just like in the SOFA study, endpoints that were sensible and statistically associated with 
the gold standard were not necessarily found to be valid surrogates. These results again dem-
onstrate that reasonable endpoints are not automatically useful and should be thoroughly 
tested. Yet it would be a waste if the results from Part I of this thesis are interpreted in the 
bleakest way: As more evidence that the results from critical care trials are often unreliable. 
In contrast, I think it’s important to stress that we have found surrogate endpoints that 
do reliably capture treatment effects on the gold standard endpoint. For moderately-sized 
trials, a treatment effect on a delta-SOFA derivative (with adequate provision for death 
and discharge) or catheter-associated infection indicated a very high likelihood of a treat-
ment effect on mortality or on catheter-related bloodstream infection, respectively. More 
generally, I hope that we have shown that a total distrust of ‘soft’ endpoints as unreliable 
or misleading is not justified 17. We can empirically find out which endpoints have broad 
validity and which ones don’t. Now, we should try to find a larger set of valid and sensitive 
surrogate or disease-oriented endpoints.

A sCePtIC VIeW of sePtIC shoCk
Part II is this thesis is concerned with questions surrounding study populations, which 
originate from the problem of poor study reproducibility. Positive results from large critical 
care trials published in the highest-ranked journals are often not reproduced by subsequent 
trials. Well-known interventions with conflicting results 18 from large trials are tight glucose 
control  19,20, drotrecogin alpha in severe sepsis 21,22, early goal-directed therapy in septic 
shock 23,24, mild hypothermia after cardiac arrest 25,26 and neuromuscular blockade in severe 
ARDS 27,28. A recent study of critical care trials published in the three most prestigious medi-
cal journals found that, among 66 practices with a reproduction attempt, the reproduced 
results were inconsistent with the original results in a majority of cases (56%) 29.

We hypothesized that the poor reproducibility of critical care trials is caused for an 
important part by ‘silent’ differences in study populations. A typical critical care study 
population in this respect is septic shock. Two patients with septic shock can have very 
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different diseases: One can be a 43-year old neutropenic patient with invasive aspergil-
losis and the other can be 76-year old with an isolated urinary tract infection. Through 
regional differences in public health, access to care, hospital standards and interpretation of 
diagnostic definitions, the population of septic shock patients in one ICU is very different 
from the population of septic shock patients in another ICU 30. Magnified by between-trial 
differences in inclusion criteria, septic shock patients in one trial may be very different from 
septic shock patients in another trial.

In chapter 6 we aimed to measure the similarity or dissimilarity of the study populations 
in septic shock trials published between 2006 and 2018 (the era of the sepsis-II consensus 
definitions) 5,31. We used the 28-day control-group mortality rate as a common anchor point 
by which we could start a between-study comparison. We found that there was extreme 
dissimilarity in outcomes between 65 trials that all included patients with septic shock ac-
cording to the consensus definition: The control-group mortality rates ranged between 14% 
and 85%.

We then investigated which trial inclusion characteristics or reported baseline charac-
teristics of the trial populations could ‘explain away’ the heterogeneity in outcomes. To our 
surprise, many baseline variables commonly considered useful were not associated with 
outcomes. Between-study differences in the oft-used The Acute Physiology and Chronic 
Health Evaluation (APACHE) II score or the Simplified Acute Physiology (SAPS) I and II 
scores explained virtually none of the between-trial differences in outcomes. Even the best 
multivariate combinations of trial- and baseline characteristics explained only 41% to 42% 
of the outcome heterogeneity. We had to conclude that the majority of the between-trial 
heterogeneity in outcomes was unexplained by reported trial and population characteris-
tics. This has important consequences for the generalizability and external validity of septic 
shock trials and for the reporting of patient characteristic in clinical trials.

When there are large unexplained differences in the relationship between reported 
population characteristics and outcomes, how can a clinician judge whether a trial result 
is relevant for the patient under his care? Should he trust the recent large randomized 
controlled trial that showed that septic shock patients benefit from corticosteroids  32 or 
the recent large randomized controlled trial that showed that septic shock patients do not 
benefit from corticosteroids 33?

This confusion from the clinician’s perspective is echoed by more formal investiga-
tions. For example, a recent systematic review and meta-analysis investigating 42 trials 
with 10,194 patients concluded that corticosteroids possibly result in a small reduction in 
mortality. Forty-two studies and more than 10,000 patients who volunteered to participate 
should reasonably have resulted in a more definite answer than a possible benefit. The ‘si-
lent’ unexplained differences between study populations uncovered in chapter 6 probably 
contribute significantly to the conflicting trial results of this meta-analysis, as we argue in a 
letter in chapter 7 34.



205

General discussion

In chapter 8 we investigated whether between-study differences in control-group mor-
tality rates were associated with treatment effects, and we found that high control-group 
mortality rates were strongly associated with ‘positive’ (p<0.05) study outcomes. This could 
be caused by differential treatment effects along the severity of illness spectrum 35,36: Perhaps 
more severely ill patients benefit more from experimental therapies. To test this assumption, 
we controlled for the predicted mortality rates based on reported population characteristics. 
Disconcertingly, we found that the association between the control-group mortality rate and 
significant treatment effects remained significant: ‘Positive’ trials were more likely to have 
higher than expected control-group mortality rates. In addition, we found strong evidence 
of publication bias among published septic shock trials.

In chapter 9 our aim was to find out if – in theory – we can ever accurately estimate 
the attributable fraction of mortality risk of any critical care phenomenon or syndrome. 
Patients in the intensive care unit are not only critically ill, but also complexly ill. Uncount-
able biological pathways are simultaneously and profoundly altered, both observably and 
less visibly in the transcriptomic, proteomic and metabolomic domains. The key question 
to ask from the perspective of a novel intervention is: How much does the target pathway 
contribute to the total mortality risk? What fraction of the total mortality risk is attributable 
to the process modified by the therapy?

Using Monte Carlo simulation methods, we demonstrated that the attributable fraction 
of mortality risk is significantly overestimated with standard regression methods when the 
incidence of a phenomenon is associated with the underlying mortality risk – as is often the 
case with critical care syndromes such as acute kidney injury or delirium. As many criti-
cal illness phenomena and syndromes are strongly associated with mortality risk we may 
frequently overestimate how much these phenomena truly contribute to the mortality risk, 
both informally and using regression methods 37,38. Analyses with rigorous causal inference 
methods may provide a more realistic assessment of attributable risks, as has been shown 
for example in delirium, where contrary to earlier estimates the attributable mortality risk 
was found to be negligibly small 39. If only a small part of the mortality risk is conferred 
through syndrome-specific pathways, then interventions can only lead to infinitesimally 
small mortality effects. This would partly explain the surfeit of null mortality results from 
critical care trials. We also demonstrated that increasing the sample size by performing large 
‘pragmatic’ trials appears not to be the solution, as this decreases therapeutic and diagnostic 
precision.

In all, our meta-epidemiological investigations into septic shock trials uncovered several 
problems that contribute to poorly reproducible research. The most fundamental problem is 
that the septic shock syndrome is so inherently heterogeneous that the consensus diagnostic 
definitions do not – at all – ensure comparability of populations across studies or institutes. 
Unfortunately, neither trial inclusion criteria nor currently reported baseline characteristics 
reduce this heterogeneity to an acceptable degree. So, when a therapy works in one study 
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but appears to be useless in another study, we do not know whether the study populations 
differed in some essential way – even if the inclusion criteria and baseline characteristics 
are comparable. The problem is exacerbated by the fact that excess control-group mortality 
(spurious or not) increases the likelihood of finding a significant beneficial treatment effect. 
Compounded by the mechanisms of publication bias, this leads to a potentially very skewed 
record of published trial results.

A relatively simple solution can be sought in more homogenous reporting standards. 
The Swiss-cheese-like heatmap in chapter 6 (Figure 2) tells us that it would help if all trials 
reported the same baseline characteristics 40,41. This ‘core baseline set’ should include at least 
the variables that we found to be independently reflective of the baseline risk across trials: 
The mean SOFA score, the proportion of ventilated patients, and mean serum creatinine.

More ambitiously, we should reconsider the practice of basing study populations on 
syndrome diagnoses. The title of chapter 9 (“time to stop randomized trials”) is of course 
deliberately provocative, but I do believe that the current research paradigm for the gold-
standard clinical trial may be flawed. History has shown that large mortality-powered trials 
with patients who conform to a syndrome diagnosis are extremely unlikely to show solid and 
reproducible benefit 42–44. Why continue along this path? It seems to me that the logical way 
to making critical care trials more successful is by increasing the proportion of mechanistic 
pathways that all participants have in common. Therapy-naïve clustering (where patients 
are subclassified based on a combination of clinical or laboratory markers using latent class 
analyses or other methods) is showing some promise in this regard 45, as for example ARDS 
patient with a hyperinflammatory subphenotype appear to respond much more favorably 
to immune modulation with simvastatin than patients with a hypo-inflammatory subphe-
notype 46,47. At a more fundamental level, increasing the attributable mortality risk of trial 
participants to a specific intervention requires a better understanding of the mechanisms 
of disease in our very complexly ill patients, where the difference between adaptive changes 
and maladaptive derangements is seldom clear. This requires a renewed focus on basic and 
translational research.

sIGnIfICAnt (P<0.05) ClInICAl-stAtIstICAl 
dIsCoRdAnCe
In Part III of this thesis I have turned away from questions surrounding the design and 
conduct of randomized controlled trials towards issues on the interface between statistical 
significance and clinical relevance.

The rationale for performing the O2-ICU trial was to a large extent based on large obser-
vational studies that demonstrated an association between high inspired oxygen concentra-
tions, high arterial oxygen pressures and increased mortality 48,49. This led us to question 
how titrated therapies are reflected in statistical tests for observational studies. Instead of 
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evaluating this question through statistical mathematics – with foreseeable difficulties for 
understanding by an audience not initiated in such theory – we chose a different approach:  
In chapter 10 we constructed an observational study (or actually, thousands of observa-
tional studies) with patients with differing illness severity, where a treatment dose needs 
to be titrated higher with more severe illness but a dose too high or too low (for any illness 
severity) increases the mortality risk. This is, in all likelihood, a phenomenon often true in 
critical care, where dosing should be just ‘enough’. We showed that, when a hypothetical re-
searcher analyzes the observable data using common methods such as logistic regression to 
control for severity of illness, he will falsely discover a significant (p<0.05) overall increased 
risk from a higher treatment dose. Because this false discovery is based on a systematic 
bias rather than stochastic coincidence, a larger sample size will only further increase the 
risk of spurious findings. Only a perfect severity of illness score or risk adjuster was able 
to correctly ‘control for’ confounding by severity of illness. Unfortunately, such perfect risk 
adjusters do not exist, as many severity of illness scores are either outdated our found to be 
poorly calibrated in external validation studies 50,51. This puts many observational studies at 
risk of detecting confounded associations between treatments and outcomes. These findings 
have important consequences for the investigation of many therapies titrated to effect, such 
as fluid administration 52–54, transfusion dose 55, vasopressor dose 56–58, fraction of inspired 
oxygen 48,49, and other such therapies.

In chapters 11 and 12 we turned our attention to the evaluation of diagnostic or predic-
tive tools, where the statistical signal doesn’t always seem to fully cover clinical reality. In 
chapter 11, an editorial on biomarkers for the diagnosis of Acute Kidney Injury, we focused 
on an important caveat of studies assessing diagnostic or predictive tools: Their discriminat-
ing ability is often quantified using the area under the receiver operating characteristics 
curve (AUROC), between 0.5 (no discrimination) and 1 (perfect discrimination), but this 
number is far more difficult to interpret than is commonly assumed. When a future outcome 
is yet undetermined and follows a normal probability distribution, the AUROC can never 
be higher than approximately 0.68 – even with a biomarker that is perfectly calibrated to 
predict the outcome 59,60. In the case of critical care, the prognostic power is almost always 
more important than discriminative power, but only the latter is reflected in the AUROC.

Chapter 12 is focused on another case where the AUROC has caused much confusion: 
The discordance between Early Warning Score systems that show good to excellent dis-
criminating ability based on the AUROC versus a string of negative trials 61,62 and skeptical 
signals from clinicians 63.

Early warning scores were developed to provide a simple and structured approach to de-
tecting clinical deterioration in general ward patients. The performance of these scores was 
tested in very large retrospective databases, with the AUROC as the most used summary 
measure to describe how well the score discriminates between a future adverse event and 
no event. From this retrospective research, it appears that most scores perform very well 
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to excellently, with AUROC values between 0.80 to more than 0.90 64. But in spite of these 
promising numbers, large cluster-randomized controlled trials have failed to demonstrate 
any benefit from the implementation of these Early Warning Scores 61,62, and two systematic 
reviews concluded that there is no high-quality evidence that early warning and interven-
tion systems improve outcomes 65,66.

In most Early Warning Score development and validation studies, the AUROC is re-
ported as the primary performance metric. As the AUROC is a mathematical construct (the 
integral of the true positive rate over the false positive rate) it is not directly interpretable 
for clinical purposes. It can even be misleading when the incidence of the outcome is very 
low – as is the case with Early Warning Scores 67. The incidence of death or unplanned 
ICU admission in the general ward populations is around 0.5% to 5%. This means that 
any instrument (such as an Early Warning Score) can make correct predictions 95% to 
99.5% of the time by only predicting ‘no adverse event’. Of course, Early Warning Scores 
are not calibrated in this way, but the ROC curves and AUROC values are still artificially 
improved by the severe class imbalance between events and non-events. For this reason, it 
has been generally accepted that precision-recall curves (and the area under the precision-
recall curve) provide a much more realistic view of discriminating instrument performance 
in such cases 67,68. Frustration with its frequent misinterpretation has led one influential 
biostatistician to recommend that ROC curves should be drawn with invisible ink, so that 
“the visibility would then match its utility” 69.

The performance of Early Warning Scores may therefore have appeared too optimis-
tic to many lay readers. Alternative reporting methods such as a precision-recall curve, 
a sensitivity-activity curve 70 or an ‘efficiency curve’ 64 are formally more correct but also 
require serious effort to interpret. We chose to reformulate the performance into what Early 
Warnings Scores are supposed to do: detect future adverse events with the least number of 
false alarms. Hopefully, we’ve been able to leave readers with a realistic evaluation of the 
performance of these scores. Reporting that “the AUROC was 0.76” conveys a completely 
different meaning than reporting that “at an optimal cutoff, 95% of the elevated scores were 
false alarms while the 25% of the true adverse events were missed” 71,72.

Here again, like in the case of biomarkers for Acute Kidney Injury, the AUROC is used 
to evaluate the quality of a diagnostic test or prediction model, while in reality it is greatly 
affected by the underlying risk distribution rather than the test it supposed to evaluate. This 
leads to confusion between those who understand exactly what the AUROC means and 
those who (understandably) think a test with an AUROC of 0.80 is superior to a test with an 
AUROC of 0.70 in another study. In fact, it could be the study population (and not the test) 
that makes all the difference.

The chapters in Part III of this thesis raise a broader dilemma: Should clinicians improve 
their biostatistical knowledge or should authors and journals put more emphasis on trans-
lating their statistical results into more clinically interpretable terms? A recent paper found 
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that in the randomized trials published in between 2011 and 2015 in the top-ten critical 
care journals, no less than 580 statistical tests were used, described by 48 unique statistical 
terms or phrases, with 12 complex sets underlying statistical assumptions and an increase in 
complex statistical methods compared to earlier research 73. This casts serious doubt on the 
question of whether clinicians can keep up with the speed of technical statistical progress.

I hope to have shown in Part III of this thesis that an algorithmic application of sta-
tistical methods is seldom a good idea. Many websites (and, unfortunately, some statistics 
textbooks) provide statistical ‘help’ by guiding students through a flowchart-like “if your 
data looks like this, then use this or that test”.  This can only lead to confusion when such 
tests are used by clinician-researchers without proper understanding of the assumptions 
and limitations. Statisticians, on the other hand, are highly aware of the limitations of their 
methods but may underestimate how little-understood these limitations are among clini-
cian readers – a phenomenon known as the curse of expertise 74. Importantly, statisticians 
can only properly model the statistical associations if they understand the hypothesized 
causal processes (which clinician-researchers need to tell them).

futuRe PeRsPeCtIVes: toWARds A betteR toolkIt foR 
CRItICAl CARe ReseARCh
This thesis is about research ‘instruments’, a term I used liberally to mean any inferential 
method or demarcating definition used in clinical studies. We have shown that several of 
these instruments do not hold up to validation using real-world data or realistic clinical 
scenarios, as some were found to be less useful than was commonly assumed. But most 
importantly I hope to have shown that, using relatively simple methodological analyses, we 
can improve our toolkit of clinical research instruments. I hope this work will contribute to 
more efficient and more effective clinical research for critically ill patients. Yet much work 
remains to be done, as can be illustrated by the challenges facing a hypothetical investigator 
who aims to design a study with critically ill patients.

The investigator must first try to match a proposed therapy to a target study popula-
tion in order to prevent extreme between-patient heterogeneity of treatment effect. This 
is perhaps the most difficult part of study design and requires a deep understanding of the 
mechanisms of disease (adaptive or maladaptive) so that the mortality risk attributable to 
the proposed treatment target is as high as possible. In doing so, we should acknowledge 
the limitations of syndrome diagnosis-defined trial populations. If anything can be safely 
concluded from Part II of this thesis, it is that something is amiss with septic shock tri-
als. The patients in these trials have unexplainably disparate outcomes in different trials, 
therapies have unexplainably heterogenous effects in different trials, and unexplainably high 
control-group mortality rates are associated with ‘significant’ positive trial results. These 
findings may be due to some extent to differences in co-interventions, but in my opinion 
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these findings at the trial level are reflections of a fundamental problem at the individual 
patient level: Septic shock is not a disease but a syndrome, a common phenotype for many 
different, heterogenous and unmeasured disturbances at the cellular level. We are measur-
ing unexplained variation between trials because, in essence, different trials include patients 
with different diseases. As we understand better how severe infections cause both excessive 
inflammation and immune paralysis 75,76, we can see why giving steroids to sepsis patients 
has not improved outcomes for all. A renewed focus on basic research and understanding 
the mechanisms of disease will hopefully lead to much more tailored clinical trials with 
mechanism-defined populations rather than syndrome diagnosis-defined populations.

The investigator then needs to choose an endpoint that is both sensitive to the interven-
tion and a robust marker of patient-oriented benefit – either directly or as a surrogate. 
We should abandon the perspective that only large trials with mortality endpoints can be 
the gold standard foundations for evidence based critical care medicine, as I have argued 
above that mortality is statistically inefficient, mechanistically uninformative and biologi-
cally insensitive. On the other hand we cannot be completely agnostic about the choice of 
endpoints, as an improvement in a surrogate can paradoxically increase mortality 17,77. I 
hope our work on trial endpoints presented in Part I of this thesis (and similar future work 
by myself and others) can help elucidate which endpoints are mechanistically informative, 
sensitive to treatment effects and valid proxies for patient-oriented outcomes. I see many 
more opportunities to improve endpoint validation, both in the fields described here and in 
other areas. I think we can still significantly improve on the best organ function endpoint 
now available (delta SOFA score), as every component of the SOFA score is not specifically 
calibrated to represent the same mortality risk increase. This will require a recalibration 
using individual-patient data from many centers and studies. In addition, I hope to further 
investigate the relation between catheter-related bloodstream infection and mortality using 
thorough causal inference methods.

Finally, much clinical research can be improved if the statistical methods become more 
tailored to the hypothesized biological mechanisms: Asking the data whether there is an 
overall association between dose and outcome is unhelpful when the dose is titrated higher 
in more severely ill patients; Asking the data whether a biomarker is a good discriminator 
is unhelpful when the goal is prognostication; And calculating AUC’s is unhelpful when 
there is extreme class imbalance in the data. Instead, a close collaboration between a clinical 
expert and a statistician sensitive to the appropriate clinical question can prevent much 
confusion on the interface between clinical relevance and statistical significance. I hope to 
bridge this clinical-statistical gap in many more years to come.



211

General discussion

RefeRenCes
 1.  Kaukonen K-M, Bailey M, Suzuki S, Pilcher D, Bellomo R. Mortality related to severe sepsis 

and septic shock among critically ill patients in Australia and New Zealand, 2000-2012. JAMA 
2014;311(13):1308–16.

 2.  Stichting Nationale Intensive Care Evaluatie. Jaarboek 2018.
 3.  Bellani G, Laffey JG, Pham T, et al. Epidemiology, Patterns of Care, and Mortality for Patients With 

Acute Respiratory Distress Syndrome in Intensive Care Units in 50 Countries. JAMA 2016;315(8):788.
 4.  Gaieski DF, Edwards JM, Kallan MJ, Carr BG. Benchmarking the incidence and mortality of severe 

sepsis in the United States. Crit Care Med 2013;41(5):1167–74.
 5.  de Grooth H-J, Postema J, Loer SA, Parienti J-J, Oudemans-van Straaten HM, Girbes AR. Unexplained 

mortality differences between septic shock trials: a systematic analysis of population characteristics 
and control-group mortality rates. Intensive Care Med 2018;44(3):311–22.

 6.  Ridgeon EE, Bellomo R, Aberegg SK, et al. Effect sizes in ongoing randomized controlled critical care 
trials. Crit Care 2017;21(1):1–9.

 7.  Aberegg SK, Richards DR, O’Brien JM. Delta inflation: a bias in the design of randomized controlled 
trials in critical care medicine. Crit Care 2010;14(2):R77.

 8.  Petros AJ, Marshall JC, van Saene HK. Should morbidity replace mortality as an endpoint for clinical 
trials in intensive care? Lancet (London, England) 1995;345(8946):369–71.

 9.  Marshall JC. Organ dysfunction as an outcome measure in clinical trials. Eur J Surg Suppl 
1999;26(584):62–7.

 10.  Vincent J-L. Endpoints in sepsis trials: More than just 28-day mortality? Crit Care Med 
2004;32(Supplement):S209–13.

 11.  Spragg RG, Bernard GR, Checkley W, et al. Beyond Mortality. Am J Respir Crit Care Med 
2010;181(10):1121–7.

 12.  de Grooth H-J, Parienti J-J, Oudemans-van Straaten HM. Should we rely on trials with disease- rather 
than patient-oriented endpoints? Intensive Care Med 2018;44(4):464–6.

 13.  International Conference on Harmonisation of Technical Requirements for Registration of Pharma-
ceuticals for Human Use. ICH Harmonized Tripartite Guideline: Statistical Principles for Clinical 
Trials E9. 1998;

 14.  Moreno R, Vincent JL, Matos R, et al. The use of maximum SOFA score to quantify organ dysfunc-
tion/failure in intensive care. Results of a prospective, multicentre study. Working Group on Sepsis 
related Problems of the ESICM. Intensive Care Med 1999;25(7):686–96.

 15.  Ferreira FL, Bota DP, Bross A, Mélot C, Vincent JL. Serial evaluation of the SOFA score to predict 
outcome in critically ill patients. JAMA 2001;286(14):1754–8.

 16.  Minne L, Abu-Hanna A, de Jonge E. Evaluation of SOFA-based models for predicting mortality in the 
ICU: A systematic review. Crit Care 2008;12(6):R161.

 17.  Fleming TR, DeMets DL. Surrogate end points in clinical trials: are we being misled? Ann Intern Med 
1996;125(7):605–13.

 18.  Perner A, Myburgh J. Ten “short-lived” beliefs in intensive care medicine. Intensive Care Med 
2015;41(9):1703–6.

 19.  van den Berghe G, Wouters P, Weekers F, et al. Intensive insulin therapy in critically ill patients. N 
Engl J Med 2001;345(19):1359–67.

 20.  The NICE-SUGAR Study Investigators. Intensive versus Conventional Glucose Control in Critically 
Ill Patients. N Engl J Med 2009;360(13):1283–97.



212

  

 21.  Bernard GR, Vincent J-L, Laterre P-F, et al. Efficacy and Safety of Recombinant Human Activated 
Protein C for Severe Sepsis. N Engl J Med 2001;344(10):699–709.

 22.  Ranieri VM, Thompson BT, Barie PS, et al. Drotrecogin alfa (activated) in adults with septic shock. 
N Engl J Med 2012;366(22):2055–64.

 23.  Rivers E, Nguyen B, Havstad S, et al. Early Goal-Directed Therapy in the Treatment of Severe Sepsis 
and Septic Shock. N Engl J Med 2001;345(19):1368–77.

 24.  PRISM Investigators, Rowan KM, Angus DC, et al. Early, Goal-Directed Therapy for Septic Shock - A 
Patient-Level Meta-Analysis. N Engl J Med 2017;376(23):2223–34.

 25.  Bernard SA, Gray TW, Buist MD, et al. Treatment of Comatose Survivors of Out-of-Hospital Cardiac 
Arrest with Induced Hypothermia. N Engl J Med 2002;346(8):557–63.

 26.  Nielsen N, Wetterslev J, Cronberg T, et al. Targeted Temperature Management at 33°C versus 36°C 
after Cardiac Arrest. N Engl J Med 2013;369(23):2197–206.

 27.  Papazian L, Forel J-M, Gacouin A, et al. Neuromuscular Blockers in Early Acute Respiratory Distress 
Syndrome. N Engl J Med 2010;363(12):1107–16.

 28.  Moss M, Huang DT, Brower RG, et al. Early Neuromuscular Blockade in the Acute Respiratory 
Distress Syndrome. N Engl J Med 2019;380(21):1997–2008.

 29.  Niven DJ, McCormick TJ, Straus SE, et al. Reproducibility of clinical research in critical care: a scop-
ing review. BMC Med 2018;16(1):26.

 30.  Klein Klouwenberg PMC, Ong DSY, Bonten MJM, Cremer OL. Classification of sepsis, severe sepsis 
and septic shock: the impact of minor variations in data capture and definition of SIRS criteria. 
Intensive Care Med 2012;38(5):811–9.

 31.  Levy MM, Fink MP, Marshall JC, et al. 2001 SCCM/ESICM/ACCP/ATS/SIS International Sepsis 
Definitions Conference. Intensive Care Med 2003;29(4):530–8.

 32.  Annane D, Renault A, Brun-Buisson C, et al. Hydrocortisone plus Fludrocortisone for Adults with 
Septic Shock. N Engl J Med 2018;378(9):809–18.

 33.  Venkatesh B, Finfer S, Cohen J, et al. Adjunctive Glucocorticoid Therapy in Patients with Septic 
Shock. N Engl J Med 2018;NEJMoa1705835.

 34.  de Grooth H-J, Girbes AR. Corticosteroids in Sepsis: Clouded by Heterogeneity. Crit Care Med 
2019;47(2):e163–4.

 35.  Iwashyna TJ, Burke JF, Sussman JB, Prescott HC, Hayward RA, Angus DC. Implications of Hetero-
geneity of Treatment Effect for Reporting and Analysis of Randomized Trials in Critical Care. Am J 
Respir Crit Care Med 2015;192(9):1045–51.

 36.  Moran JL, Graham PL. Risk related therapy in meta-analyses of critical care interventions: Bayesian 
meta-regression analysis. J Crit Care 2019;53:114–9.

 37.  Vaara ST, Pettilä V, Kaukonen K-M, et al. The Attributable Mortality of Acute Kidney Injury. Crit 
Care Med 2014;42(4):878–85.

 38.  Shankar-Hari M, Harrison DA, Rowan KM, Rubenfeld GD. Estimating attributable fraction of 
mortality from sepsis to inform clinical trials. J Crit Care 2018;45:33–9.

 39.  Klein Klouwenberg PMC, Zaal IJ, Spitoni C, et al. The attributable mortality of delirium in critically 
ill patients: prospective cohort study. BMJ 2014;349(nov24 16):g6652–g6652.

 40.  Pettilä V, Hjortrup PB, Jakob SM, Wilkman E, Perner A, Takala J. Control groups in recent septic 
shock trials: a systematic review. Intensive Care Med 2016;42(12):1912–21.

 41.  Vincent JJ-L, Martin-Loeches I, Annane D. What patient data should be collected in this randomized 
controlled trial in sepsis? Intensive Care Med 2016;42(12):2011–3.

 42.  Ospina-Tascón GA, Büchele GL, Vincent J-L. Multicenter, randomized, controlled trials evaluating 
mortality in intensive care: doomed to fail? Crit Care Med 2008;36(4):1311–22.



213

General discussion

 43.  Landoni G, Comis M, Conte M, et al. Mortality in Multicenter Critical Care Trials: An Analysis of 
Interventions With a Significant Effect. Crit Care Med 2015;43(8):1559–68.

 44.  Laffey JG, Kavanagh BP. Negative trials in critical care: why most research is probably wrong. Lancet 
Respir Med 2018;6(9):659–60.

 45.  Seymour CW, Kennedy JN, Wang S, et al. Derivation, Validation, and Potential Treatment Implica-
tions of Novel Clinical Phenotypes for Sepsis. JAMA 2019;15261.

 46.  Calfee CS, Delucchi K, Parsons PE, et al. Subphenotypes in acute respiratory distress syndrome: latent 
class analysis of data from two randomised controlled trials. Lancet Respir Med 2014;2(8):611–20.

 47.  Calfee CS, Delucchi KL, Sinha P, et al. Acute respiratory distress syndrome subphenotypes and dif-
ferential response to simvastatin: secondary analysis of a randomised controlled trial. Lancet Respir 
Med 2018;0(0).

 48.  de Jonge E, Peelen L, Keijzers PJ, et al. Association between administered oxygen, arterial partial 
oxygen pressure and mortality in mechanically ventilated intensive care unit patients. Crit Care 
2008;12(6):R156.

 49.  Helmerhorst HJF, Roos-Blom M-J, van Westerloo DJ, Abu-Hanna A, de Keizer NF, de Jonge E. As-
sociations of arterial carbon dioxide and arterial oxygen concentrations with hospital mortality after 
resuscitation from cardiac arrest. Crit Care 2015;19(1):348.

 50.  Salluh JIF, Soares M. ICU severity of illness scores. Curr Opin Crit Care 2014;20(5):557–65.
 51.  Kuzniewicz MW, Vasilevskis EE, Lane R, et al. Variation in ICU Risk-Adjusted Mortality. Chest 

2008;133(6):1319–27.
 52.  Teixeira C, Garzotto F, Piccinni P, et al. Fluid balance and urine volume are independent predictors 

of mortality in acute kidney injury. Crit Care 2013;17(1):R14.
 53.  Payen D, de Pont A-CJM, Sakr Y, Spies C, Reinhart K, Vincent J-L. A positive fluid balance is associ-

ated with a worse outcome in patients with acute renal failure. Crit Care 2008;12(3):R74.
 54.  Marik PE, Linde-Zwirble WT, Bittner EA, Sahatjian J, Hansell D. Fluid administration in severe 

sepsis and septic shock, patterns and outcomes: an analysis of a large national database. Intensive 
Care Med 2017;43(5):625–32.

 55.  Malone DL, Dunne J, Tracy JK, Putnam AT, Scalea TM, Napolitano LM. Blood Transfusion, Indepen-
dent of Shock Severity, Is Associated with Worse Outcome in Trauma. J Trauma Inj Infect Crit Care 
2003;54(5):898–907.

 56.  Martin C, Viviand X, Leone M, Thirion X. Effect of norepinephrine on the outcome of septic shock. 
Crit Care Med 2000;28(8):2758–65.

 57.  Martin C, Medam S, Antonini F, et al. Norepinephrine: Not too much, not too long. Shock 
2015;44(4):305–9.

 58.  Behringer W. Cumulative Epinephrine Dose during Cardiopulmonary Resuscitation and Neurologic 
Outcome. Ann Intern Med 1998;129(6):450.

 59.  Diamond GA. What price perfection? Calibration and discrimination of clinical prediction models. 
J Clin Epidemiol 1992;45(1):85–9.

 60.  Cook NR. Use and Misuse of the Receiver Operating Characteristic Curve in Risk Prediction. Circu-
lation 2007;115(7):928–35.

 61.  Hillman K, Chen J, Cretikos M, et al. Introduction of the medical emergency team (MET) system: a 
cluster-randomised controlled trial. Lancet (London, England) 2005;365(9477):2091–7.

 62.  Parshuram CS, Dryden-Palmer K, Farrell C, et al. Effect of a Pediatric Early Warning System on All-
Cause Mortality in Hospitalized Pediatric Patients: The EPOCH Randomized Clinical Trial. JAMA 
2018;319(10):1002–12.

 63.  Cuthbertson BH, Smith GB. A warning on early-warning scores! Br J Anaesth 2007;98(6):704–6.



214

  

 64.  Prytherch DR, Smith GB, Schmidt PE, Featherstone PI. ViEWS--Towards a national early warning 
score for detecting adult inpatient deterioration. Resuscitation 2010;81(8):932–7.

 65.  McGaughey J, Alderdice F, Fowler R, Kapila A, Mayhew A, Moutray M. Outreach and Early Warning 
Systems (EWS) for the prevention of intensive care admission and death of critically ill adult patients 
on general hospital wards. Cochrane database Syst Rev 2007;(3):CD005529.

 66.  Alam N, Hobbelink ELL, van Tienhoven AJJ, van de Ven PMM, Jansma EPP, Nanayakkara PWBWB. 
The impact of the use of the Early Warning Score (EWS) on patient outcomes: a systematic review. 
Resuscitation 2014;85(5):587–94.

 67.  Saito T, Rehmsmeier M. The Precision-Recall Plot Is More Informative than the ROC Plot When 
Evaluating Binary Classifiers on Imbalanced Datasets. PLoS One 2015;10(3):e0118432.

 68.  Ozenne B, Subtil F, Maucort-Boulch D. The precision–recall curve overcame the optimism of the 
receiver operating characteristic curve in rare diseases. J Clin Epidemiol 2015;68(8):855–9.

 69.  Harrell F. Best advice for drawing an ROC curve: use invisible ink. The visibility would then match its 
utility. [Internet]. Twitter. Available from: https://twitter.com/f2harrell/status/1101595033382326273

 70.  Kovacs C, Jarvis SW, Prytherch DR, et al. Comparison of the National Early Warning Score in non-
elective medical and surgical patients. Br J Surg 2016;103(10):1385–93.

 71.  Bartkowiak B, Snyder AM, Benjamin A, et al. Validating the Electronic Cardiac Arrest Risk Triage 
(eCART) Score for Risk Stratification of Surgical Inpatients in the Postoperative Setting: Retrospec-
tive Cohort Study. Ann Surg 2018;

 72.  de Grooth H-J, Girbes AR, Loer SA. Early warning scores in the perioperative period: applications 
and clinical operating characteristics. Curr Opin Anaesthesiol 2018;31(6):732–8.

 73.  McCullough JPA, Lipman J, Presneill JJ. The Statistical Curriculum Within Randomized Controlled 
Trials in Critical Illness*. Crit Care Med 2018;46(12):1985–90.

 74.  Fisher M, Keil FC. The Curse of Expertise: When More Knowledge Leads to Miscalibrated Explana-
tory Insight. Cogn Sci 2016;40(5):1251–69.

 75.  Leentjens J, Kox M, van der Hoeven JG, Netea MG, Pickkers P. Immunotherapy for the Adjunc-
tive Treatment of Sepsis: From Immunosuppression to Immunostimulation. Time for a Paradigm 
Change? Am J Respir Crit Care Med 2013;187(12):1287–93.

 76.  McConnell KW, Coopersmith CM. Pathophysiology of septic shock: From bench to bedside. Presse 
Med 2016;45(4):e93–8.

 77.  Ma L, Yin Y, Liu L, Geng Z. On the Individual Surrogate Paradox. 2017;







Epilogue





219

Epilogue

ACknoWledGeMents
In an era where medical education and scientific training are increasingly formalized and 
granulated into checkable boxes, the work in this thesis was performed without such for-
malities. While this can be a recipe for a disastrous PhD track, it has been nothing but a 
phenomenal experience for me. This would not have been possible without a stellar team 
of supervisors. 

Prof. dr. Heleen Oudemans-van Straaten has been the best role model of a clinician-
researcher I could have wanted. Passionate enough to pursue a subject against the tide of 
current opinion, yet rational enough to abandon a favorite hypothesis when new evidence 
overwhelmingly weighs against it. She taught me to question our own research habits rather 
than violate the principles of good science. I’m saddened that the start of my working life 
coincided with the end of her clinical career (I deny any causality).

The influence of prof. dr. Armand Girbes has been essential in my research work, as 
well as in the development of my career as a medical professional. Many readers will have 
recognized ideas by his hand, and many central papers would not have existed without his 
efforts to provide me with ample time and opportunity to pursue my own ideas. 

My PhD track was jumpstarted by the trust dr. Angélique de Man put in me to coor-
dinate the O2-ICU trial. Her propensity for exactitude and diligence has improved every 
single protocol, report, analysis and manuscript that passed her desk. 

It has been a great honor to collaborate intensively with prof. dr. Jean-Jacques Parienti. 
His help and expertise ranged from study design and statistical details to writing and pub-
lishing. I hope this thesis has laid the groundwork for many more projects together.

I am very grateful to the doctorate committee for their time and effort as external 
reviewers.  Prof. dr. Stephan Loer, prof. dr. Jan Zijlstra, prof. dr. Jozef Kesecioglu, prof. dr. 
Jean-Louis Vincent, prof. dr. Luciano Gattinoni and dr. Olaf Cremer were kind enough to 
provide a timely and favorable review of this thesis. 

My research is grounded in the clinical work in the intensive care department of VUmc. 
Drs. Hans van der Spoel, dr. Jan Jaap Spijkstra, dr. Pieter Roel Tuinman, dr. Paul Elbers, drs. 
Eveline van der Heiden, drs. Harry Gelissen, drs. Patrick Thoral, dr. Sandra Stapel, prof. dr. 
Leo Heunks, drs. Birkitt ten Tusscher, drs. Sabine Evelein and drs. Erik Lust supervised my 
very first decisions as an unexperienced medical doctor and coached me along the path to 
become a better clinician. Erna Alberts and Ingrid van den Hul provided invaluable support 
for the clinical studies. 

I am grateful for the fantastic years of training (past and yet to come) with the anesthesi-
ologists of VUmc and Zaans Medisch Centrum. I am especially indebted to prof. dr. Stephan 
Loer, who has had a pivotal role in both the development of this thesis and my training as 
an anesthesiologist. 

My paranymphs have provided essential moral support. Without officemate, housemate 
and partner-in-PhD-distress dr. Bob Smit the past years would have been decidedly less 



220

 

enjoyable. By his uniquely levelheaded outlook on life, drs. Pieter de Waard provided the 
necessary perspective on how quickly our reference of ‘normal’ can be warped.

Without the support of my parents and my sister I would plainly not have become a 
medical doctor. I will be eternally thankful for their perseverance in pushing me through 
my most stubborn years. I am happy to also be a part of the Zaal family, where chemistry, 
medicine, business and farmers’ wisdom go hand in hand with good food and bad jokes. 

From dr. Esther Zaal I have learnt more than I can possibly estimate. I can scarcely 
imagine what course my life would have taken if we had not spent the past 13 years together. 

Over the years I have been helped along by countless more people in matters big and 
small. I am indebted to all these students, colleagues, teachers and collaborators – for with-
out their help this thesis would not exist. 



221

Curriculum vitae

CuRRICuluM VItAe
After secondary education at Marnix Gymnasium in Rotterdam I earned a bachelor’s degree 
in International Economics and master’s degree in Medicine from the University of Gronin-
gen. From 2013 to 2017 I worked at the Department of Intensive Care of AmsterdamUMC, 
location VUmc, as a part-time researcher and part-time junior resident. From 2017, I have 
been in training to become an anesthesiologist at the departments of anesthesiology of 
VUmc and Zaans Medisch Centrum and at the department of Intensive Care of VUmc. 

lIst of PublICAtIons

de Grooth HJ, Elbers PWG, Vincent J-L. Vitamin C for Sepsis and Acute Respiratory Fail-
ure. JAMA 2020;323(8):792.

Girbes ARJ, de Grooth HJ. Time to stop randomized and large pragmatic trials for intensive 
care medicine syndromes: the case of sepsis and acute respiratory distress syndrome. J 
Thorac Dis. 2020 Feb;12(S1):S101–9.

de Grooth HJ, Timsit JF, Mermel L, Mimoz O, Buetti N, du Cheyron D, Oudemans-van 
Straaten HM, Parienti JJ. Validity of surrogate endpoints assessing central venous 
catheter-related infection: evidence from individual- and study-level analyses. Clin 
Microbiology and Infection 2019, in press. 

de Grooth HJ, Girbes AR. Corticosteroids in Sepsis: Clouded by Heterogeneity. Crit Care 
Med 2019;47:e163–e164

de Grooth HJ, Schraverus P, Elbers PWG. Chapter 64 - Laboratory Tests: Blood Gases, An-
ion Gap, and Strong Ion Gap. In: Ronco C, Bellomo R, Kellum JA, et al., editors. Critical 
Care Nephrology (Third Edition). Elsevier; 2019. p. 374–378.

Roggeveen LF, Fleuren LM, Guo T, Thoral P, de Grooth HJ et al. Right Dose Right Now: 
bedside data-driven personalized antibiotic dosing in severe sepsis and septic shock 
— rationale and design of a multicenter randomized controlled superiority trial. Trials 
2019;20(1):745.

Zwager CL, Tuinman PR, de Grooth HJ, Kooter J, Ket H, Fleuren LM, Elbers PWG. Why 
physiology will continue to guide the choice between balanced crystalloids and normal 
saline: a systematic review and meta-analysis. Crit Care 2019 Dec 21;23(1):366.

Rozemeijer S, Spoelstra-de Man AME, Coenen S, Smit B, Elbers PWG, de Grooth HJ, Girbes 
ARJ, Oudemans-van Straaten HM. Estimating Vitamin C Status in Critically Ill Patients 
with a Novel Point-of-Care Oxidation-Reduction Potential Measurement. Nutrients. 
2019;11(5):1031

Girbes ARJ, de Grooth HJ, Zijlstra JG, Hein L. Invalid methods lead to inappropriate con-
clusions. Int J Qual Health Care 2019;31(1):72



222

 

de Grooth HJ, Vos JJ, Scheeren TWL, van Beest PA. Minimally invasive prediction of ScvO2 
in high-risk surgery. Nederlands Tijdschrift voor Anesthesiologie 2018;31(4):106-114.

de Grooth HJ, Girbes AR, Loer SA. Early warning scores in the perioperative period: applica-
tions and clinical operating characteristics. Curr Opin Anaesthesiol 2018;31(6):732-738.

de Grooth HJ, Parienti JJ, Postema J, Loer SA, Oudemans-van Straaten HM, Girbes AR. 
Positive outcomes, mortality rates, and publication bias in septic shock trials. Intensive 
Care Med 2018;44(9):1584-1585.

de Grooth HJ, Manubulu-Choo W-P, Zandvliet AS, Spoelstra-de Man AME, Girbes AR, 
Swart EL, Oudemans-van Straaten HM. Vitamin C Pharmacokinetics in Critically Ill 
Patients: A Randomized Trial of Four IV Regimens. Chest 2018;153(6):1368-1377.

de Grooth HJ, Postema J, Loer SA, Parienti JJ, Oudemans-van Straaten HM, Girbes AR. 
Unexplained mortality differences between septic shock trials: a systematic analysis 
of population characteristics and control-group mortality rates. Intensive Care Med 
2018;44(3):311-322.

de Grooth HJ, Parienti JJ, Schetz M. AKI biomarkers are poor discriminants for subsequent 
need for renal replacement therapy, but do not disqualify them yet. Intensive Care Med 
2018;44(7):1156-1158.

de Grooth HJ, Parienti JJ, Oudemans-van Straaten HM. Should we rely on trials with dis-
ease- rather than patient-oriented endpoints? Intensive Care Med 2018;44(4):464-466.

Spoelstra – de Man AME, de Grooth HJ, Elbers PWG, et al.: Response to “Adjuvant vitamin 
C in cardiac arrest patients undergoing renal replacement therapy: an appeal for a higher 
high-dose.” Crit Care 2018; 22(1):350

Smit B, Smulders YM, Eringa EC, Gelissen HPPM, Girbes ARJ, de Grooth HJ, Schotman 
HHM, Scheffer PG, Oudemans-van Straaten HM, Spoelstra – de Man AME. Hyperoxia 
does not affect oxygen delivery in healthy volunteers while causing a decrease in sublin-
gual perfusion. Microcirculation 2018;25:e12433. 

de Grooth HJ, Geenen IL, Girbes AR, Vincent JL, Parienti JJ, Oudemans-van Straaten HM. 
SOFA and mortality endpoints in Randomized Controlled Trials: a systematic review 
and meta-regression analysis. Crit Care 2017;21(1):38.

Panka BA, de Grooth HJ, Spoelstra-de Man AME, Looney MR, Tuinman P-R. Prevention or 
Treatment of ARDS with Aspirin: A Review of Preclinical Models and Meta-Analysis of 
Clinical Studies. Shock 2017;47(1):13–21.

Durlinger EMJ, Spoelstra-de Man AME, Smit B, de Grooth HJ, Girbes AR, Oudemans-van 
Straaten HM, Smulders YM. Hyperoxia: At what level of SpO2 is a patient safe? A study 
in mechanically ventilated ICU patients. J Crit Care 2017;39:199–204.

Ten Tusscher B, Gudden C, van Vliet S, Smit B, Ince C, Boerma EC, de Grooth HJ, Elbers 
PWG. Focus on focus: lack of coherence between systemic and microvascular indices of 
oedema formation. Anaesthesiol Intensive Ther 2017 49:350–357. 



223

List of publications

Smit B, Smulders YM, de Waard MC, Boer C, Vonk AB, Veerhoek D, Kamminga S, de 
Grooth HJ, Garcia-Vallejo JJ, Musters RJP, Girbes ARJ, Oudemans-van Straaten HM, 
Spoelstra-de Man AME. Moderate hyperoxic versus near-physiological oxygen targets 
during and after coronary artery bypass surgery: a randomised controlled trial. Crit Care. 
2016;20(1):55.

Stapel SN, de Grooth HJ, Alimohamad H, Elbers PWG, Girbes ARJ, Weijs PMJ, Oudemans-
van Straaten HM. Ventilator-derived carbon dioxide production to assess energy expen-
diture in critically ill patients: proof of concept. Crit Care. 2015;19(1):370. 

Armstrong E, de Waard MC, de Grooth HJ, Heymans MW, Reis Miranda D, Girbes ARJ, 
Spijkstra JJ. Using Nursing Activities Score to Assess Nursing Workload on a Medium 
Care Unit. Anesth Analg. 2015;121(5):1274-1280. 

de Grooth HJ, Girbes AR, Tuinman PR. Intravenous furosemide in decompensated heart 
failure: do not protocolize dosing but the desired effect! Crit Care. 2014;18(6):709. 



[0471] Omslag:Harm-jan de Grooth 
FC

Formaat: 170 x 240 mm
Rugdikte: 11,5mm

Boekenlegger: 60 x 230 mm
Datum:  09-03-2020

UITNODIGING

voor het bijwonen van de 
openbare verdediging van 
het proefschrift

Research methods 
for critical care: 
Empirical tests of 
commonly used 
clinical research 
instruments

op donderdag 23 april 2020 
om 13.45 uur in de aula 
van de Vrije Universiteit, 
De Boelelaan 1105 te 
Amsterdam.

Aansluitend bent u van 
harte welkom op de 
receptie ter plaatse. 

Harm-Jan de Grooth

Noorderstraat 1B
3512 VW, Utrecht

Paranimfen

Bob Smit
Pieter de Waard

Harm-Jan de Grooth

Research methods for critical care:
Empirical tests of commonly used 
clinical research instruments

Research m
ethods for critical care: Em

pirical tests of com
m

only used clinical research instrum
ents

H
arm

-Jan de G
rooth

529984  PbEva 170x240 Mat lam.  Spine:12


