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Context 

The Intensive Care Unit (ICU) is a department of the hospital with highly trained medical 

staff and special equipment for the treatment of severely ill patients who need close moni-

toring and life-support. Intensive care is very expensive and ICUs repeatedly ask the ques-

tions whether their care is effective (are we saving lives?) and efficient (are we using our 

resources wisely?). To help answer both types of questions it is important to be able to 

predict the probability that a patient will survive his or her hospital stay. In particular 

mortality prediction is essential in benchmarking and in informing decisions about individual 

patients. In benchmarking, one compares the quality of care among different centres 

(ICUs) by using a predictive model as reference. Specifically, one compares the observed 

to the predicted mortality in each centre by calculating Standardized Mortality Ratios 

(SMR; i.e. observed mortality divided by predicted mortality). The severity of illness of 

each patient at his or her admission must be considered in this prediction (this is called 

case-mix-adjusted prediction). When the observed mortality exceeds the case-mix adjust-

ed predicted mortality in a centre (SMR>1) then the centre is said to be performing worse 

than expected; when the observed and predicted mortality are equal (SMR=1) then quality 

of care is as expected; and when the observed mortality is less than predicted (SMR<1) 

then quality of care is said to exceed what is expected. Benchmarking is hence related to 

the question whether ICUs are effective. Individual predictions of mortality can also be 

used to inform decisions about treatments. An important treatment decision is whether to 

continue or withdraw intensive care treatment for a patient: Although intensive life sus-

taining treatments may save lives, critically ill patients do not always prefer to undergo 

these treatments. Patient preferences highly depend on their chances of survival; in fact, if 

these chances are very low, patients often prefer palliative care aiming at comfort and re-

lief of pain [1,2]. Supporting individual decisions is hence related to the efficiency of the 

ICU and to whether the provided care meets patients’ wishes. 

 

Objective versus subjective predictions of mortality chances 

Several prognostic models have been devised to predict mortality in the ICU. For bench-

marking, we are interested in the severity of illness at admission, so we can measure the 

effect of ICU treatment on patient outcomes by comparing case-mix adjusted predicted 

mortality to observed outcomes. Commonly known admission models are the Acute Physi-

ology and Chronic Health Evaluation (APACHE) I-IV [3], the Simplified Acute Physiol-

ogy Assessment (SAPS) I-III [4] and the Mortality Prediction Model (MPM) I-II [5] which 

rely on physiologic data from the first 24 hours of ICU admission.  

For the support of informed individual decisions it is important to have models that 

provide mortality prediction at any day of ICU stay. Such prediction models, refereed to 

as temporal models, can capitalize on all the information available during ICU stay, up and 

until the moment the prediction is made. Recently, our research group introduced a 

method to build such models that incorporate specific patterns of sequential data (e.g. the 

transition from normal renal function to renal failure) as predictors. These models were 

shown to have better predictive performance than the present admission models [6].  

While clinicians’ perceptions of mortality risks may be inexact or even inconsistent 

[7,8], objective mathematical models are extremely consistent and able to optimally com-

bine information into a global judgment [9]. Clinicians, however, have important implicit 

knowledge outside the scope of these models and can react more quickly to changing sit-
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uations [9]. Previous studies on expert opinion report good discriminative ability [10-21], 

superior to the current admission models [22]. They also report reasonable calibration, 

although objective models may still be better calibrated [12,13]. However, these studies 

did not compare daily predictions of physicians and temporal models.  

 

Problem 

In this PhD dissertation, we tackle three main problems related to prognostic models and 

their role in benchmarking and individual decision-making.  

First, there is little in literature about the validity of prognostic models of mortality for 

use in clinical practice. Specifically, there are no reviews describing these models for the 

elderly (ICU) population. Elderly patients form a particularly interesting target group in 

which concerns regarding withholding therapy and end-of-life decisions are common, and 

comfort-focused end-of-life care may be preferred when chances of survival are low. 

Second, the validity of benchmarking when using a model over time is not well under-

stood. We hypothesized that model performance decreases over time due to changes in 

patient mix (e.g. different prevalence of diseases) and the arrival of new technologies in 

healthcare. This will outdate the model, which will no longer fit the data well and, im-

portantly, jeopardizes the quality of care assessments that are made based on the model. 

Therefore there is a need to understand model behaviour over time, its effect on quality 

of care assessment, and if continuous updating of models can alleviate this problem. 

Third, although prognostic models may have the potential to improve individual deci-

sion-making, there is still considerable resistance against their use in clinical practice 

[23,24]. The focus is too much on the development of models rather than their applica-

tion and impact on clinical decisions and patient outcomes. Clinicians often do not trust 

the models due to lack of evidence about: their clinical credibility (e.g. the use of clinically 

relevant variables and refraining from adding unnecessary complexity); external validity 

(i.e. accuracy and generality) especially for their use in individual patients [25]; and clinical 

effectiveness (i.e. their impact on patient outcomes). In addition, for modelling at the in-

dividual patient level it is important to incorporate daily patient information (e.g. degree 

of organ failure) rather than admission data only, because the patient’s condition may 

change during ICU stay for either better or worse. There are few models that provide a 

prediction on each day of stay [6] and not much is known about how their predictions 

compare to those of physicians. There is a need for a better understanding of clinicians’ 

subjective predictions, (the need for) individual mathematical predictions, their validity on 

prospective data and their (possible) impact on the decision-making process and patient 

outcomes.  

 

Goals 

Given the problems stated above, the goals of this PhD dissertation is to better under-

stand characteristics of current prognostic models in the ICU, the implications for their 

use over time in benchmarking, and the role they can play in supporting decision-making 

for individual patients. Specifically, we: 

 

1) Identify and characterize prognostic models of mortality or survival for elderly (ICU) 

patients, their validity and their use in clinical practice (Chapters 2 and 3); 

 



Chapter 1 

10 

2) Investigate the behaviour of prognostic model performance over time and the effect of 

this behaviour on quality of care assessment (Chapters 4, 5, and 6); 

 

3) Investigate clinicians’ subjective predictions, (the external validity of) individual math-

ematical predictions and how these compare to each other (Chapters 7-10). 

 

General approach and outline 

This PhD dissertation consists of three parts corresponding to the three goals described 

in the previous section. 

 

Part 1: 

Due to the increasing relevance of the elderly population to the ICU, the first part of this 

PhD dissertation contains two systematic literature reviews on prognostic models of mor-

tality or survival for elderly patients. Chapter 2 presents all available prognostic models 

for elderly patients in different domains of healthcare, their characteristics, reported po-

tential use, and the actual level of their (external) validity. Chapter 3 describes in-depth the 

characteristics of the ICU prediction models for the elderly patients and their validity for 

clinical use. In order to extract and assess relevant descriptors, we resorted to literature on 

barriers to the implementation of prognostic models in practice to identify the relevant 

descriptor types.  

 

Part 2: 

The second part contains a set of prospective temporal validation studies in which we 

assessed the validity of prognostic models over the course of time using techniques based 

on Statistical Process Control (SPC). SPC techniques combine rigorous time series analy-

sis and graphical data presentation to identify structural changes in a process [26]. In vari-

ous SPC charts, a statistic, such as mortality risk or SMR, is plotted over time for (patient) 

groups, and rules are used to judge whether the deviations of the statistic over time is due 

to chance or otherwise are structural. We used, among others, predictive performance 

measures as the statistics to be monitored with SPC, which is an innovation in validation 

studies. Specifically, we conducted validation studies for various statistics pertaining to a 

logistic regression model, which is a parametric model in which the form of the relation-

ship between predictors and outcome is pre-specified, as well as a binary classification 

tree model, which is a non-parametric model with little assumptions about this relation-

ship. A binary classification tree repeatedly partitions the sample data into two groups 

(hence “binary”) based on values of the given predictors.  For example, the variable “sex” 

separates instances for men and women. End-nodes or “leaves” are obtained when a sub-

group is not partitioned any more, based on some stopping criterion. 

The validation of the logistic regression model is described in chapter 4. Specifically, 

we assessed the effect of changes in mortality prediction performance of an existing 

SAPS-II model for very elderly ICU patients on quality of care assessment. The validation 

of the classification tree model is described in chapter 5. Here we used a similar technique 

as described in chapter 4 to assess the validity over time of the tree. We assessed changes 

in case-mix in the population by estimating the percentage of patients falling in each end-

node of the classification tree over time. In chapter 6, the parametric SAPS-II model and 
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the non-parametric classification tree are compared based on their prognostic perfor-

mance over time in terms of discrimination and calibration. 

 

Part 3: 

The third part contains a set of studies related to mortality prediction for individual deci-

sion-making. As we need models that provide mortality prediction at any day of ICU stay, 

we first wanted to understand the predictive value of daily scores of the degree of organ 

failure. An organ failure score that is commonly used in the ICU is the Sequential Organ 

Failure Assessment (SOFA) score. We conducted a systematic review of the literature on 

SOFA-based prognostic models of mortality or survival in the ICU. In chapter 7, we de-

scribe the characteristics and the validity of these models.  

Second, we wanted to understand the reliability of subjective predictions of survival 

probabilities by clinicians. We conducted a prospective study in the ICU of the Academic 

Medical Center in which we collected daily predictions of survival by nurses and physi-

cians. In the prospective cohort study described in chapter 8, we assessed their general 

characteristics and predictive value in terms of discrimination and precision. Chapter 9 

describes the consistency of nurses’ daily predictions of survival in terms of inter-observer 

variance and variance of observers’ assessments over time.  

Finally, we built temporal prognostic models which provide a prediction of mortality at 

each day of ICU stay. We use two strategies described in literature (chapter 7) to incorpo-

rate SOFA-based predictors in the logistic regression model: A) SOFA derivatives (e.g. 

maximum or mean SOFA score) and B) frequent sequential patterns of SOFA (e.g. a low 

score on day 2 followed by a high score on day 3). We study in a real world setting how 

these models perform compared to physicians, who are exposed to additional information 

than the models. The findings of this study are described in chapter 10. 

Chapter 11 describes a general discussion of this PhD dissertation. 
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Abstract 

Objectives: To systematically identify and characterize prognostic models of mortality for 

older adults, their reported potential use, and the actual level of their (external) validity. 

Design: The Scopus database until January 2010 was searched for articles that developed 

and validated new models or validated existing prognostic models of mortality or survival 

in older adults. 

Setting: All domains of health care. 

Participants: Adults aged 50 and older. 

Measurements: Study and model characteristics were summarized, including the model’s 

development method and degree of validation, data types used, and outcomes. 

Results: One hundred three articles describing 193 models in 10 domains and mostly origi-

nating from the United States were included. These domains were mostly secondary or 

tertiary care settings (54%) such as intensive care (7%) or geriatric units (8%). Half of the 

studies (50%) were not disease specific. Heart failure–related diseases (9%) and pneumo-

nia (9%) constituted the major disease specific subgroups. Most studies (67%) reported 

support of clinical individual (treatment) decisions as use of prognostic models, but only 

34% were externally validated, and only four models (2%) were validated in more than 

two studies. Most studies (68%) developed at least one new model, but they did not often 

go beyond addressing their apparent validation (49%). 

Conclusion: Although prognostic models are regularly developed to support clinical indi-

vidual decisions and could be useful for this purpose, their use is premature. Because clin-

ical credibility and evidence of external validity build trust in prognostic models, both re-

quire much more consideration to enhance model acceptance in the future. 

 

Introduction 

Prognostic models of mortality are developed on the premise that they can be useful for 

various purposes. At present, researchers use them mainly for comparing differences in 

performance between hospitals and for risk stratification in clinical trials (e.g., to enroll or 

exclude high- or low-risk participants conform the study’s inclusion criteria, to compare 

treatment effects between different risk strata, or to adjust for imbalances across treat-

ment groups) [1,2], but prognostic models can be useful for informing individual treat-

ment decisions [3,4]. To be of utility for this purpose, these models should at least be ac-

ceptable by clinicians, who may have various reasons for not trusting them [5]. Trust is 

gained by evidence showing that models ‘‘work’’ (are valid) and ‘‘help’’ (improve the deci-

sion-making process or the outcome), although in general, external validation, and espe-

cially studies pertaining to the model’s effect on clinical practice, have not often been at-

tempted [6-9]. 

Prognostic models of mortality have been developed for various populations. One par-

ticularly interesting population is older adults (usually defined as aged ≥ 65). This popula-

tion represents a rapidly growing distinctive subgroup in health care [10]. Within this sub-

group, concerns regarding withholding therapy and end-of-life decisions are common and 

comfort-focused end-of-life care may be preferred when chances of survival are low 

[11,12]. There is no review in the literature focusing on prognostic models of mortality in 

older adults. 

The aim of this literature review was to identify and characterize all prognostic models 

of mortality developed for older adults in different domains of health care, with specific 
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F 

C 

A B E D 1. Prognos* 

2. Predict* 

3. Forecast 

4. 1 or 2 or 3 

1. Model* 

2. Sore* 

3. Index 

4. Rule* 

5. Tree* 

6. Network* 

7. 1 or 2 or 3 or 
4 or 5 or 6 

1. Elder* 

2. Frail* 

3. Geriatric* 

4. Octogenarian* 

5. Senior* 

6. “older adults” 

7. “older patients” 
8. “older people” 

9. 1 or 2 or 3 or 4 or 

5 or 6 or 7 or 8 or 9 

1. Document type 

is article 

2. Document type 

is review 

1. Mortality 

2. Death 
3. Survival 

4. Dying 

5. 1 or 2 or 3 or 4 

1. Language is 

English 

emphasis on model validation. In particular this review addresses the following questions: 

Which models are developed and in which domains? What is the reported use of prog-

nostic models? What is the level of their (external) validity and their use in daily practice? 

 

Methods 

Search strategy and Data Sources 

The Scopus database (from January 1966 to January 2010) was searched based on title, 

abstract, and key words for research articles and reviews using the query shown in Figure 

2.1. Scopus comprises, among others, large bibliographic databases such as Medline and 

Embase. In addition to the articles retrieved by the electronic search, references of all in-

cluded articles and the references of articles citing them were screened. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

Figure 2.1. Search strategy. * All terms starting with the stated term are searched (e.g., prognos* includes prognosis 

and prognostic). † Main reasons for rejection: Description of disease course or specific population rather than pre-

dicting participant outcomes, no specific focus on a population of older adults, predicted outcome is not the desired 

one (e.g., falls, functional decline, time to death) 

Included (N=103) 

Excluded Duplication 

(N=2) 

 

Excluded Research Note 

(N=1) 

Excluded Review (N=1) 

 

Rejected (N=10) 

Reasons for rejection: 

Language is Spanish (N=2), 

German (N=1), Italian (N=1) 

Doctype is Editorial (N=1), 

Short Survey (N=1), Letter 

(N=1), Case report (N=1) 
Criterion 1 not met (N=1) 

Criterion 3 not met (N=3) 

Scopus (Jan ‘66-Dec ‘09) 

A.4 and B.7 and C.5 and 

C.9 and E.1 and F.1 

(N=3.562)  

Rejected on title & abstract 

review (N=3406) † 

Article requested and 

screened (N=156) 

Rejected (N=53) 

Reasons for rejection: 

Criterion 1 not met (N=18) 

Criterion 2 not met (N=16) 

Criterion 3 not met (N=19) 

Scopus (Jan ‘66-Dec ‘09) 

A.4 and B.7 and C.5 and 

C.9 and E.2 and F.1 

(N=315)  

 

Included (N=99) Potentially relevant after cross 

referencing (N=14) 

Included (N=4) 

Relevant Reviews (N=6) 

 

Articles indexed as re-

views (N=2) 

Included (N=2) 
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To determine the level of validation and use in daily practice, the frequency of other 

studies validating it are reported for each model. In addition, the following classifications 

of model, validation, and study types were created: 

1) Model types. Existing models refer to earlier reported models (these can be validated in 

their original or recalibrated structure to account for differences in case mix). Adapted 

models concern derivations from existing ones, essentially using a slightly different set of 

covariates. Implicit models constitute physician subjective ratings of survival or mortality 

chances. Newly developed models are models reported for the first time in the study. 

2) Degree of model validation. Degree of validation is described for each type of model, 

based partly on [8]: 

a) Apparent validation: Validation of model on the developmental set itself. 

b) Internal validation: Validation on a separate set obtained from the same data. This 

category includes split sample, cross-validation, and bootstrapping. 

c) Temporal validation: Validation on a separate set obtained on similar data of new, 

prospective participants. 

d) External validation by same research group: Validation attempted on a separate set 

obtained from new data of participants admitted to a different setting, conducted by the 

same research group that developed the model. 

e) External validation: Validation conducted by other, independent researchers. 

3) Study types. Developmental studies include at least one newly developed model. They 

may include other, existing models for comparison. Validation studies are studies in which 

all included models are (explicit) existing models or implicit models (subjective assess-

ments by physicians). 

 

Results 

Study Characteristics 

Of 3,562 studies initially identified, 103 met the inclusion criteria and were included in 

this review. The summary characteristics of these studies are given in Table 2.1. More 

detailed information and a complete reference set of the included articles can be found in 

Appendix 2.1. The number of participants ranged from 31 to 6,07,955 (median 557). The 

minimum age threshold ranged from 50 to 100 (median 65). Fifty-eight percent of the 

studies had a prospective design, and 42% had a retrospective design. Most studies were 

conducted in a secondary or tertiary care setting (54%), followed by primary care or popu-

lation based (33%), and post acute care (13%). Secondary and tertiary care settings were 

mostly intensive care (7%) or geriatric hospitals or units (8%). Most studies came from 

the United States (47%), followed by three European countries (the Netherlands (10%), 

Italy (9%), and the United Kingdom (8%). Almost half of the studies (47%) did not study 

a specified subgroup of participants suffering from a specific disease or disorder. Of the 

studies that investigated specific subgroups of older adults, most studied participants with 

a disease related to heart failure (9%) or pneumonia (9%). 

 

Model Characteristics 

One hundred ninety-three models (161 unique ones) were evaluated in the 103 included 

studies. The summary characteristics of these models are described in Table 2.2, with a 

more-detailed summary presented in Appendix 2.1. The development of the majority of 

the models relied largely on regression analysis (61%) (sometimes in combination with 
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other techniques, such as the selection of relevant variables by experts). Most models in-

cluded clinical data (90%) or demographic and environmental data (53%). Functional and 

cognitive status was included in 32% of the models, intervention data in 25%, and subjec-

tive data in 4%. The predicted outcome was mostly defined for a prespecified period of 

time (e.g., long-term mortality in 53% of the studies and short-term mortality in 28%) or 

based on an event (e.g., hospital mortality in 16% of the studies). 

 

Table 2.1. Study Characteristics (N=103) 

Patients, N, median (range) 557 (31-607,955) 

Minimum age, median (range) 65 (50-100) 

Age, mean (range) 78.5 (67-102) 

Design, % 

Prospective 

Retrospective 

 

58 

42 

Setting, % 

Primary care or population based 

Secondary and tertiary care 

General  

Specialized hospital or unit 

Geriatric hospital or unit 

Intensive care 

Emergency care 

Postacute care 

Nursing home 

Intermediate care 

Long-term care 

Unspecified geriatric setting 

 

33 

54 

26 

9 

8 

7 

4 

13 

6 

4 

2 

1 

Country, % 

United States of 

America 

Netherlands 

Italy 

United Kingdom 

China 

Canada 

France 

Sweden 

Other 

 

47 

 

10 

9 

8 

6 

5 

4 

4 

12 

Subgroup, % 

None 

Diseases related to heart failure 

Diseases related to pneumonia 

(Acute) myocardial infarction 

Acute or emergent admissions 

Frail older adult 

Hip fracture 

Dementia 

Oncological diseases 

Other 

 

50 

9 

9 

5 

4 

4 

4 

3 

3 

9 

Reported use of prognostic models, (%)* 

Comparing case-mix adjusted hospital outcomes 

Support of clinical decisions 

Risk stratification or identification for other purposes 

Other purposes 

Unclear or unavailable 

In general 

12 

67 

18 

4 

8 

In developmental studies (N=70) 

17 

74 

13 

0 

4 

* Sum is more than 100% because some studies are conducted in more than one country, and multiple uses of prog-

nostic models can be reported 

 

Reported Use of Prognostic Models 

Aside from a few exceptions, such as a study in intensive care [14], the intended use of 

the specific models addressed in the studies was not reported. The general reported use of 

prognostic models, for justifying their use in practice, was individual participant risk strati-

fication for the support of clinical decisions in 67% of all studies and in 74% of the subset 

of developmental studies. Case mix–corrected benchmarking was reported in 12% of all 

studies and in 17% of the developmental studies. In 18% of all studies and 13% of the 

developmental studies, the models were intended for risk stratification. It remained un-
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clear what the potential use of the models was in 8% of all studies and in 4% of the de-

velopmental studies. 
 

Table 2.2. Model Characteristics (N=103) 

Percentage (%) of 

 

Models 

N=193 

Studies  

N=103 

 Models  

N=193 

Studies  

N=103 

Development method 

Regression-based analysis 

Expert opinion 

Not applicable (e.g., factor) 

Not available (i.e. not reported) 

Derivation of existing model 

Other (e.g., discriminant analysis, 

artificial neural network) 

 

61 

9 

7 

7 

9 

7 

 

74 

10 

8 

7 

7 

13 

Data type* 

Clinical data 

Functional and cognitive status 

Demographical and environmental data 

Intervention data 

Subjective data (e.g., expert opinion, 

self-rated health) 

 

90 

32 

53 

 

25 

4 

 

96 

46 

62 

 

32 

5 

Outcome* 

Long-term mortality 

Short-term mortality 

Hospital mortality 

Long-term survival 

Short-term survival 

Ward or unit mortality 

 

53 

28 

16 

5 

3 

1 

 Frequency of models (evaluated in ≥ 3 

studies 

Charlson Index 

Simplified Acute Physiology Score II 

Deyo Score 

Multidimensional Prediction Index 

 

 

2 

2 

2 

2 

 

 

3 

3 

3 

3 

Degree of validation* 

Developmental study 

Newly developed model 

Apparent validation* 

Internal validation* 

Temporal validation* 

External validation by develop-

ers of model* 

Use of existing model as compari-

son model 

Use of adapted model as compari-

son model 

 

 

 

64 

45 

22 

21 

5 

4 

 

14 

 

5 

 

68 

68 

33 

32 

6 

7 

 

11 

 

3 

Validation study based on earlier  

reported model(s) 

Validation of existing model 

Internal validation* 

External validation by developers of 

model 

External validation by other, inde-

pendent researchers 

Validation of adapted model 

Apparent validation* 

External validation by other, inde-

pendent researchers* 

Validation study based on implicit 

model 

35 

 

30 

1 

1 

 

29 

 

4 

3 

1 

 

1 

30 

 

28 

1 

2 

 

26 

 

4 

2 

2 

 

2 

* Sum is more than 100% because multiple data types can be included, multiple outcomes can be evaluated, and 

multiple types of validations can be conducted. Long-term is defined as >6 months and short-term as ≤6 months. 

 

Frequency and Degree of Model Validation 

Only four models were evaluated in at least three studies other than the ones in which 

they were developed: the Charlson Index [15], the Simplified Acute Physiology Score-II 

(SAPS-II) [16], the Deyo Score (an adaptation of the Charlson Index) [17], and the Multi-

dimensional Prediction Index [18]. 

Sixty-eight percent of the studies were developmental studies, versus 32% of validation 

studies. Forty-five percent of the validated models were newly developed, 19% were used 
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for model comparison, and 36% were validated in a validation study. Other, independent 

researchers validated 29% of the models externally in their original structure. Of the new-

ly developed models, 49% were validated on the same set used for the development of 

the model. Forty-seven percent (21% of all models) were validated on a separate, internal 

validation set. The remainder was validated in a temporal (11%) or external data set (9%). 
 

Discussion 

This literature review constructed a detailed overview of all available prognostic models of 

mortality for older adults (Appendix 2.1). The studies and models included are heteroge-

neous, but some general remarks can be made. Studies were mostly conducted in a sec-

ondary or tertiary care setting, generally intensive care or geriatric hospitals or units. Mod-

el development usually relies largely on regression analysis. The models are usually based 

on clinical or demographic and environmental data designed to predict long-term or 

short-term mortality. The intended use of the specific models under investigation is often 

not reported. Instead, general potential uses of prognostic models are mentioned. These 

models most frequently include support of clinical individual decisions, but others rarely 

use the models. To a certain degree, the fact that, although researchers are developing 

new models (68% of the studies), the degree of model validation is only moderate and 

study samples are often small (mean number of participants is 557). Surprisingly, even the 

more-common models developed some 20 years ago (e.g., the Charlson Index, Deyo 

Score, SAPS-II, and Acute Physiology and Chronic Health Evaluation (APACHE) II) 

have not been frequently validated in an older subgroup. Not a single article on 

APACHE-II was encountered in the search. The applicability of these models in this in-

creasingly important population merits special attention. 

The current study has the following strengths. First, to the knowledge of the authors, 

this is the first systematic review providing a summary of mortality prediction model 

characteristics in older adults in different domains of healthcare. Second, a detailed over-

view is provided of all studies included (Appendix 2.1). Third, extensive search criteria 

were used to identify relevant studies. The broad scope is a strength and a main limitation 

of this study. The many, heterogeneous studies included made it impossible to meta ana-

lyze them. Moreover, to limit the already greater heterogeneity of the studies included and 

focus on studies treating mortality as a dichotomous outcome, time-to-event models that 

do not also treat mortality as a dichotomous variable (by using a specific cut-off point 

over time) or do not use a standard performance measure of the model’s predictive ability 

were excluded. 

There are other (systematic) reviews on mortality prediction in older adults, but they 

address only prognostic factors (instead of prognostic models) in a specific setting [19-

21]. This article provides a systematic literature review on prognostic models of mortality 

for older adults in all fields of medicine. The validity and actual use of these models were 

also investigated.  

Although prognostic models are being developed regularly for individual participant 

risk stratification to support clinical decisions and might be useful for this purpose, the 

use of these models is limited and premature. A main problem seems to be the limited 

number of external validation studies. Large external validation studies need to be con-

ducted to provide evidence of a prognostic model’s ability to accurately stratify individual 

participant risk and its generalizability to a new participant population [5,8], not only in a 
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general, but also in a specific subpopulation of older adults. Moreover, effect studies are 

needed that evaluate a model’s clinical effectiveness in supporting individual participant 

decisions (whether it has a positive effect on the decision-making process or participant 

outcomes) [9]. 

If their goal is to employ a clinically useful model, researchers ought to take into ac-

count the model’s clinical credibility during development. This includes using large data 

sets for developing the model, committing to high methodological quality standards, and 

including clinically relevant variables for the older adult population [5,22]. In the majority 

of the studies reviewed, the clinical value of the models was not considered. As a conse-

quence, the clinical use of these models is not well supported. Although data sets were 

large in half of the studies (> 1,000 in 46.6% and > 5,000 in 21.4% of the studies), they 

were small in the rest of the studies (< 500 in 44.7% and < 200 in 16.5%). Variables that 

could have specific clinical relevance in an elderly subpopulation include data on func-

tional and cognitive status [19], which were included in only 32% of the models, although 

most of the models reviewed used routinely collected data. Exceptions include the few 

models based on subjective data such as expert opinion on the participant’s probability to 

survive. Finally, approximately half of the studies reviewed validated a disease-specific 

model, whereas models predicting all-cause mortality that are not restricted to a particular 

primary disease process have important advantages for clinical management. 

Focus for future research should be directed specifically toward the development of 

clinically useful models for predicting mortality in the individual older adult or relevant 

subgroups. All current models (including the APACHE and SAPS families) have not been 

sufficiently validated in older adults. At present, for these prognostic models to be appro-

priate for clinical usage, extensive work has to be performed. First, the earlier-mentioned 

external validation on large cohorts should be performed, after which only models with 

high predictive abilities would remain [8,23]. Second, the face validity of these models 

should be tested, for example in a panel of (multidisciplinary) experts. Important con-

cerns that should be addressed in this step include routine collection and availability of 

necessary information and the understanding of individual predictions and their uncer-

tainty. Third, large clinical trials should be conducted in which the way prognostic infor-

mation is provided to participants and their families is investigated and the effect of this 

information (e.g., on the decision-making process) is assessed. Ultimately, meta-analysis of 

all three types of studies could inform the applicability of the clinical models for the bed-

side. Moreover, one should be aware of the danger of self-fulfilling prophecy if one 

makes decisions based solely on model predictions. At present, clinicians treating older 

adults should be cautious and transparent about uncertainty when providing model-based 

prognostic information to participants or families regarding survival because unequivocal 

scientific evidence of the validity of the models is lacking. 

 

Conclusion 

Prognostic models are regularly developed in different domains of health care aimed at 

supporting clinical individual decisions. Although they could be useful for this purpose, 

their use is premature and their validity for use only moderate. Because clinical credibility 

and evidence of external validity build trust in prognostic models, both require much 

more consideration to enhance model acceptance in the future. 
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Appendices 

Appendix 2.1 – Study characteristics (available online) 

Appendix 2.2 – Full reference list (available by request) 
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Abstract 

Purpose: To systematically review prognostic research literature on development and/or 

validation of mortality predictive models in elderly patients. 

Methods: We searched the Scopus database until June 2010 for articles aimed at validating 

prognostic models for survival or mortality in elderly intensive care unit (ICU) patients. 

We assessed the models’ fitness for their intended purpose on the basis of barriers for use 

reported in the literature, using the following categories: (1) clinical credibility, (2) meth-

odological quality (based on an existing quality assessment framework), (3) external validi-

ty, (4) model performance, and (5) clinical effectiveness. 

Results: Seven studies were identified which met our inclusion criteria, one of which was 

an external validation study. In total, 17 models were found of which six were developed 

for the general adult ICU population and eleven specifically for elderly patients. Cohorts 

ranged from 148 to 12,993 patients and only smaller ones were obtained prospectively. 

The area under the receiver operating characteristic curve (AUC) was most commonly 

used to measure performance (range 0.71–0.88). The median number of criteria met for 

clinical credibility was 4.5 out of 7 (range 2.5–5.5) and 17 out of 20 for methodological 

quality (range 15–20). 

Conclusions: Although the models scored relatively well on methodological quality, none of 

them can be currently considered sufficiently credible or valid to be applicable in clinical 

practice for elderly patients. Future research should focus on external validation, address-

ing performance measures relevant for their intended use, and on clinical credibility in-

cluding the incorporation of factors specific for the elderly population. 

 

Introduction 

Prognostic models may serve different purposes in the intensive care unit (ICU) [1, 2]. 

First, they may be used for risk adjustment in benchmarking when comparing outcomes 

of patients admitted to different ICUs. Second, identification of high-risk or low-risk sub-

groups may be used for triage or for risk stratification of patients in clinical trials. Finally, 

prognostic models could be used to support individual decision-making (e.g. end-of-life 

decisions or informing patients and their families). The simplified acute physiology score 

(SAPS) [3], acute physiology and chronic health evaluation (APACHE) [4], and mortality 

prediction model (MPM) [5] families are commonly used models originally designed to 

predict mortality in a general adult ICU population. These ‘‘general’’ models, however, 

have also been applied in elderly and very elderly populations (defined by various thresh-

olds on age starting from 65 years) [6]. 

Elderly people represent a rapidly growing distinctive subgroup of patients admitted to 

ICUs with higher prevalence of co-morbidity, cognitive and functional impairment, and 

mortality [7]. Several studies found that in elderly people not age per se, but other factors 

related to old age are predictive of mortality, including diagnosis, co-morbidity, and pre-

morbid cognitive and functional status [8–13]. Although general models use age as a 

proxy of these factors, they may not sufficiently correct for them as calendar age and bio-

logical age diverge at older age. In addition, elderly patients, who are usually excluded 

from clinical trials, react differently to diagnostic procedures and medication than the 

younger population [14]. Moreover, there is some evidence suggesting that older patients 

in the ICU are treated differently from younger ones even when they have the same se-

verity of illness [15]. For these reasons, new, more ‘‘specific’’ models incorporating these 
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factors have been developed specifically to predict outcome in elderly and very elderly 

ICU patients.  

There is no literature review, however, narrative or systematic, that describes these 

models. Of special interest is what is known about the validity of these models and 

whether they can be used in clinical practice. In this systematic review we aimed to answer 

the following research questions: (1) which prognostic models (general or specific) are 

validated in an elderly or very elderly ICU population, and (2) to what extent can these 

models reliably be used for the purpose they were developed for? Aside from describing 

the general characteristics of such studies we resort to the literature on barriers to the im-

plementation of prognostic models in practice in order to extract and assess relevant de-

scriptors. 

 

Materials and methods 

Search strategy and data sources 

The Scopus database (from January 1966 to June 2010) was searched on the basis of title, 

abstract, and keywords for research articles and reviews using the query shown in Figure 

3.1. Scopus comprises, among others, large bibliographic databases such as Medline and 

Embase. In addition to the articles retrieved by the electronic search, references of all in-

cluded articles as well as the references of articles citing them were screened. 

 

Inclusion criteria 

Two reviewers (LM and JL) independently screened all titles and abstracts of research 

articles and reviews written in English, and applied the following inclusion criteria: (1) the 

study aimed to validate the performance of a prognostic model in predicting mortality 

and/or survival; (2) mortality and/or survival was defined for a specific endpoint (e.g. 30 

days); (3) patients were admitted to the ICU; and (4) patients were at least 65 years old, 

termed ‘elderly patients’ in this review. Possible differences were resolved by consulting a 

third independent reviewer (AAH). Review articles were only used for reference in our 

discussion. 

 

Extracted information 

Each study was described by general descriptors (study design, number of included pa-

tients, age subgroups, mortality rate, model type, and stated purpose of the model) and 

descriptors relevant for assessing the fitness of the model for its intended use. The stated 

purpose of a model was described by using the following categories: (1) benchmarking, 

(2) identification of high- or low-risk subgroups, (3) individual decision-making.  

For assessing the models’ fitness for use, we took into account the main barriers re-

ported in the literature for using prognostic models [1, 16]; these are model complexity 

and lack of trust in the models due to clinical (in)credibility and lack of evidence (e.g. lack 

of external validation). These imply the following prerequisites for useful models as re-

ported elsewhere [17–19]: clinical credibility and clinical  effectiveness, good methodolog-

ical quality, external validation, and good performance. We summarized these aspects in 

the following categories: (1) clinical credibility (including model complexity), (2) methodo-

logical quality, (3) external validation, (4) model performance, and (5) clinical effectiveness 

(evidence that the model has a positive impact in practice). The same two reviewers who 
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conducted the screening process (LM and JL) together scored the included studies on 

these categories. These reviewers were not involved in any of these reviewed studies. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.1. Search strategy. The items within the boxes A, B, C, D and E are connected by the OR operator. 

 

Clinical credibility 

To measure clinical credibility, we used the following criteria based on those reported 

elsewhere [1, 16]: (1) elderly-specific factors (e.g. co-morbidity, pre-morbid cognitive and 

functional status) are included, (2) there are no abrupt risk changes due to the use of 

thresholds to categorize continuous data, (3) data are obtained in a timely fashion (i.e. 

available before a decision is to be made), (4) data are obtained reliably (i.e. variables are 

not subjective), (5) predictions are easy to generate, (6) predictions are obtained in an un-

derstandable fashion (i.e. the described model is not a ‘‘black box’’). We added to this list 

the following criterion from 2000 [19]: (7) the range of predictions (minimum and maxi-

mum) in the sample is described (if the maximal prediction is low or the range of predic-

tions is small, the prognostic information provided by the model may be too weak to in-

fluence individual treatment decisions). Although clinical credibility is influenced by 

methodological quality, we describe methodological quality separately because it is also 

meaningful to consider it on its own. 

 

Methodological quality 

A checklist with quality criteria for prognostic studies, described by us [20] and based on 

work by Hayden et al. [21], was used to appraise the methodological quality of the includ-

ed studies (Appendix 3.1). The checklist addresses the following components: study par-
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ticipation (e.g. study population described and representing source population), prognos-

tic factor measurement (e.g. prognostic factors defined and measured appropriately), out-

come measurement (e.g. outcome defined), and analysis (e.g. appropriate description and 

implementation of analysis). 

 

External validation 

To assess the extent to which newly developed models are being used or validated by oth-

ers, we reported (1) whether the study developed a new model or externally validated an 

existing model, (2) whether newly developed models were validated by others, and (3) the 

number of times studies were cited by others (as a proxy, albeit weak, for the relevance of 

the models). 

 

Model performance 

We reported the performance of each model as described in the original study. An expla-

nation of the meaning and interpretation of the performance measures used to describe 

model performance can be found in Appendix 3.2. 

 

Clinical effectiveness 

This relates to whether there is evidence, obtained by impact studies, showing that the 

models brought positive change in either the process (e.g. how decisions are made) or 

patient outcome. We checked whether there were (positive) impact studies reported for 

the given models. To this end we searched all articles referring to the respective models 

for impact studies. 

 

Results 

Search results 

Of 3,865 articles initially identified, seven met the inclusion criteria and were included in 

this review (Figure 3.1). No additional articles were found after cross-referencing. Two 

relevant reviews were found that were used for reference in our discussion. No differ-

ences in inclusion decisions between the two reviewers arose, and they were always able 

to reach consensus in scoring the included studies. 

 

Study characteristics 

The characteristics of the included studies were heterogeneous (Table 3.1). In three pro-

spective [6, 22, 23] and four retrospective [24–27] studies, cohorts ranged from 148 to 

12,993 patients, minimum age of participants from 65 to 85 years, and hospital mortality 

from 6.3 to 54.8%. Two studies did not define outcome as hospital mortality, but used 

30-day mortality [24] and 1-year survival [23] instead. Finally, two studies focused on a 

subgroup of elderly ICU patients, Clostridium difficile-associated disease (CDAD) [24] and 

pneumonia [23]. 

 

Reported models 

In the seven included studies, a total of 17 models are validated. Of these, six models 

were developed for a general ICU population [6, 25, 26] and 11 models specifically for an 

elderly ICU population. [22–27] One of the general models was adjusted for the elderly 

population in which it was validated. [26] In two studies general and specific models were  
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Table 3.1. Summary of included studies 
Study/Country Study design 

Period 
N/Age 
(Sub-
group) 

Mor-
tality 
(%) 

Outcome Model 
type 

Model description Model validation Own 
model 

Validat-
ed by 
others 

Number of 
Times Cited 
by othersa 

(per year) 

Stated purpose 

Zilberberg et al. 
(24)/USA 

Retrospective  
Jan-04 to Dec-05 

148/65+ 
(CDAD) 

45.3 30-day 
Mortality 

LR age 75+A, lack of history of CRD, lack of leukocytosis, 
presence septic shock, APACHE-II 20+B 

Internal validation 
using bootstrapping 

Yes No 3 (3) 
 

Individual decision-
making 

Nannings  et al. 
(25)/NL 

Retrospective  
Jan-97 to Oct-05 

12993/ 
80+ 

34.5 Hospital 
Mortality 

PRIM Subgroup A: 24 h urine production < 0.83l, mechanical 
ventilation at 24 h after admission, lowest systolic 
blood pressure during first 24 h <75 mmHg, lowest pH 
during first 24 h <7.3 and medical or unscheduled 
surgical reason for admission C 

Internal validation 
using an independent 
validation set 

Yes No 3 (1.5) Benchmarking 
Identification of 
high-risk subgroups 
Individual decision-
making 

      Subgroup B: lowest systolic blood pressure during first 
24 h <70 mmHg, 24 h urine production <0.9 l and 
lowest pH value during first 24 h <7.3 or >7.6 C 

 Yes No  

      Subgroup C: GCS <5 C  Yes No  

     LR SAPS-IID on all subgroups  No -  

De Rooij et al. 
(26)/NL 

Retrospective  
Jan-97 to Dec-03 

6867/ 
80+ 

31.3 Hospital 
Mortality 

Classifi-
cation 
Tree 

GCS, planned/unplanned surgery, 24h urine, bicar-
bonate, urea, syst ABP, mechanical ventilation 24h after 
admission, pHC 

Internal validation 
using an independent 
validation set 

Yes No 3 (1) Benchmarking 
Identification of 
high-risk subgroups 
Individual decision-
making 

LR SAPS-IID No -  

LR Recalibrated SAPS-IID No -  

Torres et al. (22)/ 
ES 

Prospective 
Mar-00 to Oct-00 

412/ 
65-,65-
80,80+ 

7.8 IMCU 
Mortality 

LR APACHE-IIB, TISS-28, Barthel Index, diagnosis, 
stroke 

Apparent validation on 
training set 

Yes No 16 (4) Individual decision-
making 

6.3 Hospital 
Mortality 

LR APACHE-IIB, TISS-28, diagnosis, stroke Yes No  

25 2-year 
Mortality 
after 
discharge 

LR Charlson Index, ageE Yes No  

33.5 2-year + 
Hospital 
Mortality 

LR AgeE, APACHE-II, Barthel Index, Charlson Index, 
TISS-28 

Yes No  

Nierman et al. 
(27)/USA 

Retrospective 
Jan-96 to Dec-97 

455/85+ 24.6 Hospital 
Mortality 

LR AgeE, gender, independent ADL, assistance with ADL, 
type of ICU, heart rate at ICU admission, count of 
organ system failures, count of ICU procedures 

Internal validation 
using an independent 
validation set 

Yes No 35 (3.89) Individual decision-
making 

Sikka  et al. (6)/ 
USA 

Prospective  
Jun-96 to Sep-99 

253/75+ 
(pneu-
monia 

54.8 Hospital 
Mortality 

LR SAPS-IID External validation No - 16 (1.6) Individual decision-
making APACHE-IIB  No - 

MPM-IIE  No - 

Jandziol et al. 
(23)/UK 

Prospective 
Apr-95 to Sep-96 

555/70+ 43 1-year 
Survival 

LR extreme age (> 85 years)A, diagnostic category, acute 
physiological derangement 

External validation Yes - 3 (0.3) Individual decision-
making 

USA United States, NL The Netherlands, ES Spain, UK United Kingdom, N Number of participants, CDAD Clostridium Difficile-Associated Disease, IMCU intermediate care unit, LR Logistic 
Regression, PRIM Patient Rule Induction Method, CRD Chronic Respiratory Disease, APACHE Acute Physiology And Chronic Health Evaluation, GCS Glascow Coma Score, SAPS Simplified Acute 
Physiology Score, Syst ABP Systolic arterial blood pressure, TISS Therapeutic Intervention Scoring System, ADL Activities of Daily Living, ICU Intensive Care Unit, MPM Mortality Prediction Model. a 
Scopus, date 20-07-2010. Superscript capitals in the column model description denote the way in which age is represented in the model; A Age is represented as a dichotomous variable by using a specif-
ic cut-off point. B Age is represented as a discrete variable by the following 5 categories: ≤ 44, 45–54, 55–64, 65–74, ≥75. C Age is not included in the model itself, but the model is restricted to patients 
aged 80 years and older. D Age is represented as a discrete variable using the following 6 categories: < 40, 40–59, 60–69, 70–74, 75–79,  ≥80. E Age is represented as a continuous variable.
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directly compared to each other [25, 26], in one study only general models were validated 

[6], and in four studies only specific models. [22–24, 27] Six general and seven specific 

models were developed by logistic regression [6, 22–27], one specific model by recursive 

partitioning [26], and three by PRIM [25] (for an explanation of these techniques see 

Online Resource 2). 

The stated purpose of the models was benchmarking in two studies [25, 26], identifica-

tion of high-risk subgroups in five studies [6, 22, 23, 25, 26], and support of individual 

decision-making in seven studies [6, 22–27]. 

 

Clinical credibility  

None of the 17 models fulfilled all 7 criteria for clinical credibility (Table 3.2). The median 

score was 4.5 (out of 7), the highest score was 5.5 in three models, and the lowest was 2.5 

in one model. Fifteen models met less than five criteria, and two models less than four. 

Criterion 1 (inclusion of elderly-specific factors) was the least often met (only in five 

models), followed by criterion 2 (no use of arbitrary thresholds to categorize continuous 

data; met in 6 models). 

 

Methodological quality 

Table 3.3 shows the results of checking the included studies against a set of 20 quality 

criteria. The number of criteria that were met ranged from 15 to 20; the median was 17. 

Although all studies fulfilled most criteria in the other three components, two studies [22, 

27] did not meet three or more criteria in the analysis component. Low scores in method-

ological quality mainly concerned validation performed on the developmental set itself 

[22], lack of comparison to a reference model [22, 24–27], and not measuring perfor-

mance in terms of both discrimination and calibration [22, 24, 25, 27]. 

 

External validation 

One study externally validated existing models, e.g. SAPS-II, APACHE-II, and MPM-II. 

[6] The other six studies either developed one or more new specific models [22, 24–27] or 

internally validated a model they developed earlier. [23] Newly developed models were 

never validated by others. The number of times models were cited by others ranged from 

0.3 to 4 per year. 

 

Model performance 

Model performance is summarized in Table 3.4. Most studies [6, 22–24, 26] measured 

performance in terms of discrimination by calculating the area under the receiver operat-

ing characteristic curve (AUC; five studies), whereas one study [27] used the Goodman–

Kruskal c statistic to measure discrimination. Moreover, three studies [6, 23, 26] measured 

calibration using the Hosmer–Lemeshow statistics, two studies [25, 26] calculated the 

positive predictive value (PPV), and one study [26] measured accuracy by calculating Brier 

scores. Note that the PPV is dependent on the cut-off point used. 

 

Clinical effectiveness 

There were no reported studies on the impact of any of the models on either clinical pro-

cess or patient outcomes. 
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Table 3.2. Criteria for clinical credibility 
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Zilberberg et al. (24)  LR  - - +/- +/- + +/- - 

Nannings  et al. (25)  Subgroup A 
Subgroup B 
Subgroup C 
SAPS-II 

- 
- 
- 
- 

- 
- 
- 
- 

+ 
+ 
+ 
+ 

+ 
+ 
+/- 
+ 

+ 
+ 
+ 
+ 

+ 
+ 
+ 
+/- 

NA 
NA 
NA 
+ 

De Rooij et al. (26)  Classification tree 
SAPS-II 
Recalibrated SAPS-II 

- 
- 
- 

- 
- 
- 

+ 
+ 
+ 

+/- 
+ 
+ 

+ 
+ 
+ 

+ 
+/- 
+/- 

+ 
+ 
+ 

Torres et al. (22)  LR 1 
LR 2 
LR 3 
LR 4 

+ 
+ 
+ 
+ 

+ 
+ 
+ 
+ 

+ 
+ 
+ 
+ 

- 
+/- 
- 
- 

+ 
+ 
+ 
+ 

+/- 
+/- 
+/- 
+/- 

- 
- 
- 
- 

Nierman et al. (27) LR  + + + - + +/- - 

Sikka  et al. (6)  SAPS-II 
APACHE-II 
MPM-II 

- 
- 
- 

- 
- 
+ 

+ 
+ 
+ 

+ 
+ 
+ 

+ 
+ 
+ 

+/- 
+/- 
+/- 

+ 
+ 
+ 

Jandziol et. al (23) LR  - - + + + +/- + 

APACHE acute physiology and chronic health evaluation, LR logistic regression, MPM mortality prediction model, 

NA not applicable, SAPS simplified acute physiology score. a + for symbolic models, +/- for (generalized) linear 

models, - for non-linear “black box”models. 

 

Table 3.3. Quality criteria 
 Zilber-

ber-
berg et 
al. (24) 

Nan-
nings 
et al. 
(25) 

De 
Rooij 
et al. 
(26) 

Torres 
et al. 
(22) 

Nier-
man et 
al. (27) 

Sikka 
et al. 
(6) 

Jan-
dziol 
et al. 
(23) 

1. Study participation        

Description of setting and study period + + + + + + + 
Description of inclusion and exclusion criteria + + + + + + + 
Description of patient mix + + + +/- + +/- + 
Number of patients reported + + + + + + + 
Number of patients > 100 + + + + + + + 
Mortality rate reported + + + + + + + 
Description of patient characteristics + + + + + + + 
Study population represents source population + + + + + +/- + 

2. Prognostic factor measurement        

Definition of all prognostic factor(s) evaluated + + + + + + +/- 
Description of type of model(s) + + + + + + +/- 
Description of % of participants with complete data 
and handling of missing values 

- - + - - + - 

3. Outcome measurement a        

Definition of outcome of interest + + + + + + + 

4. Analysis        

Description of all evaluation measures + + + + + + + 
Description of model building strategy + + + + + + +/- 
Description of test method + + + +/- + + + 
Both discrimination and calibration evaluated - - + - - + + 
Separate test set used for testing + + + - - + + 
Sufficient presentation of data to assess adequacy of 
the analysis 

+ + + + + + +/- 

No selective reporting of results + + + + + + + 
Comparison to reference model - + + - - + - 

aAs a result of our inclusion criteria in this review all studies score one point in this component 
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Table 3.4. Model performance 

  AUC/ 

AUC ± SD/ 

AUC (95% CI) 

Brier PPV/ 

PPV (95% CI) 

Hosmer-Lemeshow 

statistics/ Goodman 

Kruskal γ statistic 

Zilberberg 
et al. (24)  

LR 0.74 (0.66-0.82)    

Nannings  
et al. (25)  

Subgroups 
 
 
SAPS-II 

  Subgroup A: 0.92 
Subgroup B: 0.90 
Subgroup C: 0.87 
Subgroup A: 0.92 
Subgroup B: 0.90 
Subgroup C: 0.87 

 

De Rooij 
et al. (26)  

Classification 
tree 
 
SAPS-II 
 
 
Recalibrated 
SAPS-II 

0.77 ± 0.01 
 
 
0.77 ± 0.01 
 
 
0.77 ± 0.01 

0.16 
 
 
0.16 
 
 
0.16 

T0.5: 0.69 (0.64–0.73) 
T0.7: 0.85 (0.8–0.89) 
T0.8: 0.88 (0.83–0.91) 
T0.5: 0.68 (0.64–0.72) 
T0.7: 0.78 (0.73–0.82) 
T0.8: 0.83 (0.77–0.87) 
T0.5: 0.71 (0.67–0.76) 
T0.7: 0.81 (0.76–0.86) 
T0.8: 0.88 (0.81–0.92) 

 
 
 
H-statistic: 64.3 
(p<0.001) 
C-statistic: 89 (p<0.001) 
H-statistic: 9.5 (p=0.49) 
C-statistic: 21.6 (p=0.02) 

Torres et 
al. (22)  

LR 1 
LR 2 
LR 3 
LR 4 

0.88 (0.82–0.93) 
0.81 (0.75–0.87) 
0.77 (0.71–0.82) 
0.79 (0.74–0.84) 

   

Nierman 
et al. (27) 

LR    γ statistic: Min -2.557, 
mean -0.487, max 2.502 

Sikka  et 
al. (6)  

SAPS-II 
APACHE-II 
MPM-II 

0.75 ± 0.05 
0.71 ± 0.05 
0.75 ± 0.05 

  H-statistic: 16.4 (p<0.05) 
H-statistic: 19.0 (p<0.01) 
H-statistic: 9.9 (p>0.1) 

Jandziol 
et. al (23) 

LR 0.75   H-statistic: p<0.05 

APACHE acute physiology and chronic health evaluation, LR logistic regression, MPM mortality prediction model, 

SAPS simplified acute physiology score, AUC area under the receiver operating characteristic curve, CI confidence 

interval, PPV positive predictive value, T threshold, e.g. T0.5 means the threshold used for calculating the PPV is 

0.5, min minimum, max maximum, SD standard deviation. 

 

Discussion 

In the seven included studies, 17 models were found that were subject to validation for 

risk estimation in an elderly or very elderly ICU population (defined by different age 

thresholds starting from 65 years). Of these, six are general (i.e. developed for a general 

adult ICU population) and 11 are specific models (i.e. developed specifically for an elderly 

ICU population). The added value of specific models with respect to general ones is ad-

dressed in only two studies that did not find differences. [25, 26] The specific models ad-

dressed in these two studies did not include elderly-specific factors, such as pre-morbid 

cognitive and functional status or co-morbidity, however. 

To assess whether models could be used for the purpose they were developed for, we 

focused on clinical credibility of the model, methodological quality of the study, external 

validity, the model’s reported performance, and clinical effectiveness. Generally, although 

the studies score relatively well on methodological quality (most quality criteria are met by 

most studies with a median of 17 out of 20), there are opportunities for improvement in 

clinical credibility (median number of criteria met is 4.5 out of 7). In addition, external 
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validation is scarce and done only for the general models in small patient samples. More-

over, most model development studies were rarely cited by others and there are no stud-

ies about the impact of models on either clinical practice or patient outcomes. 

The performance of models can be considered reasonable, but most studies did not 

apply a set of performance measures covering more than one aspect of model perfor-

mance. All studies reported individual decision making as a possible use of prognostic 

models, of which one study only measured discrimination, whereas another only meas-

ured positive predictive values. Although the importance of calibration and accuracy may 

be debatable in individual decision-making, discrimination between survivors and non-

survivors is obviously essential. Two studies intended to use prognostic models for 

benchmarking, but only one of them measured performance in terms of discrimination, 

calibration, and accuracy. Moreover, three studies did not describe the range of predicted 

probabilities, and none of them used the R2 measure. R2, which is equal to 1 - Brier 

score/ [M * (1 - M)], where M is the overall mortality risk, adjusts the Brier score to the 

prevalence of mortality. For these reasons, there is still no sufficient evidence that these 

models can be used for these purposes. Exceptions are the models evaluated by de Rooij 

et al. [26] and Sikka et al. [6] (APACHE-II, SAPS-II, MPM-II and a classification-tree 

model), but extensive external validation of these models is still needed in the elderly pa-

tient population. 

Our study has the following strengths. First, to our knowledge, this is the first system-

atic review providing an overview of prognostic models used to predict mortality or sur-

vival in an elderly ICU population. Second, we focused on what we believe are prerequi-

sites for appropriate choice and use of prognostic models in clinical practice: methodolog-

ical quality of the study, clinical credibility and external validity of the model, whether per-

formance measures relevant to the intended use were reported, and model performance. 

Third, we used extensive search criteria to identify relevant studies. Finally, a comprehen-

sive set of quality criteria was used for methodological appraisal of studies. Limitations of 

our study include the fact that, although based on literature, our checklist for clinical cred-

ibility and methodological quality inevitably suffers a certain degree of subjectivity. We 

provided, however, a comprehensive overview of how prognostic research can be im-

proved in order to support the wider acceptance of prognostic models. Another limitation 

is that model use in practice may be influenced not only by methodological quality and 

credibility but also by various implicit social, organizational, or other aspects which can-

not be assessed from the published studies themselves. 

Two other studies reviewed the literature about prognostic tools or variables for out-

come prediction in critically ill elderly patients. However, these studies either focused on 

risk factors alone [9] or focused on scoring systems predicting outcome in patients that 

are not yet admitted to the ICU [28]. Two recent reviews by Mallett et al. [17] assessed the 

reporting of methods in studies developing prognostic models in cancer (no age re-

strictions) and the reporting of their performance [18]. Although they studied a different 

patient population, they also found that external validation of models is scarce. They also 

reported on findings that do not concord with ours. Using quality criteria comparable to 

those used in our checklist, they found that methodology and reporting of methods and 

model performance were generally poor. Apparently, reporting of prognostic models is of 

higher quality in the field of critical care than in the field of cancer. 
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Accepting any of the included models in clinical practice for either benchmarking, 

high-risk subgroup selection, or individual decision-making in the elderly ICU population 

is still premature as both external validation and evidence for the validity of the models 

for their intended use are very scarce. To help alleviate these problems, assuming the goal 

is to employ the models in practice, researchers should better consider the model’s in-

tended use and report on the appropriate performance measures, but preferably also using 

a set of performance measures covering aspects of accuracy (e.g. Brier score, R2), discrim-

ination (e.g. AUC), as well as calibration (e.g. Hosmer–Lemeshow statistics). Moreover, 

there is a need for external validation studies (preferably conducted independently by dif-

ferent researchers in a different research setting as authors tend to confirm the validity of 

their own models [19]) and studies on model acceptance and their impact on clinical prac-

tice (i.e. are they clinically effective?). These kinds of studies could increase physicians’ 

trust and knowledge on how to use prognostic models, and thereby reduce barriers for 

using models in clinical practice [1]. It should be noted, however, that the older the indi-

vidual patient becomes, the smaller their proportion is in the developmental and/or vali-

dation samples. Thus the predictions for these patients will be less reliable. 

Besides lack of validation studies, lack of physicians’ trust in the models is also caused 

by lack of clinical credibility [16]. Indeed, we found caveats in elements that determine 

clinical credibility. First, most models did not include elderly-specific factors (e.g. premor-

bid cognitive and functional status or co-morbidity), although there is increasing evidence 

that in elderly patients not age per se, but elderly-specific factors are predictive of mortali-

ty [8–13]. Useful instruments to measure these include the Katz [29] or Barthel [30] activi-

ties of daily living (ADL) index, the informant questionnaire on cognitive decline in the 

elderly, short form (IQCODE-sf) [31], and the Charlson co-morbidity index [32], alt-

hough these may be hard to collect accurately for all patients, especially in an ICU envi-

ronment. Moreover, predictions may improve when including information arising during 

ICU stay, such as the sequential organ failure assessment (SOFA) scores [20]. Second, 

more than half of the models used arbitrary thresholds for categorizing continuous varia-

bles, such as age, even though, for example, it would be unlikely that the prognosis for 

someone aged 75 years and 0 days would be very different from someone aged 74 years 

and 364 days, but they would fall in different categories if the threshold is 75 years [16]. 

Third, some data are obtained subjectively, but admittedly these mostly include elderly-

specific factors that are sometimes hard to measure objectively. Fourth, most studies did 

not report the range of probabilities provided by their models, although, for example, 

there is no use for a model providing a range of probabilities between 0.1 and 0.3 if the 

intention is to inform individual treatment decisions pertaining to survival [19]. In addi-

tion, predictions that markedly deviate from the overall risk are more useful than proba-

bilities that are close to it.  

Focus of future research should include external validation and improving existing 

models, and not only the development of new models. Models for the elderly patients 

may, however, be improved by adding pre-morbid cognitive and physical status as addi-

tional predictors, and/or short-term post-discharge cognitive and physical status as addi-

tional outcome measures [9, 33]. In addition, for purposes of supporting individual deci-

sion-making at the ICU, it could be beneficial to use information (e.g. SOFA scores) 

about patients during their entire stay (as physicians do) rather than using data collected 
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only in the first 24 h of admission, which are collected mainly for risk adjustment when 

comparing patient outcomes in different ICUs. 

Previous research has shown that patients’ preferences towards life-sustaining treat-

ments are highly dependent on their probabilities on a good outcome [34, 35]. In fact, 

patients often prefer palliative care aiming at comfort and relief of pain if chances for sur-

vival are very low or if survival is associated with high burden. Future research should 

focus on the acceptability by doctors, patients, and their families of different forms of 

prognostic information and whether this might influence the process and outcome of 

decision-making. 

 

Conclusion 

Current prognostic models predicting mortality in the elderly and very elderly ICU popu-

lations are not mature enough for use in clinical practice either because they are not cred-

ible enough and/or not yet extensively validated. This applies for any of their reported 

uses: benchmarking, high-risk subgroup selection, or individual decision-making. There is 

no evidence that elderly- specific models (e.g. models developed specifically for an elderly 

or very elderly ICU population) perform better than general models (e.g. models devel-

oped for a general adult ICU population), but direct comparison of specific and general 

models is scarce. Moreover, elderly specific factors (e.g. co-morbidity, and cognitive and 

functional status) are not included in these elderly specific models, although there is in-

creasing evidence that these, and not age per se, are predictive of mortality in elderly peo-

ple. 

To obtain wider acceptance of prognostic models the focus of future research should 

be on external validation, addressing the performance measures relevant for their intend-

ed use, and on models’ clinical credibility, including the incorporation of factors specific 

for the elderly population. In addition, it might be useful to use information about pa-

tients during their entire stay (e.g. SOFA scores) and to predict cognitive and physical 

status next to survival. Finally, future research could focus on the question whether doc-

tors, patients, and their families value receiving more tailored prognostic information, in 

which form, and whether provision of this information influences the process and out-

come of their decision making. 

 

Appendices 

Appendix 3.1 – Quality Assessment Framework (available online) 

Appendix 3.2 – Performance Measures (available online) 
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Abstract  

Purpose: The aim of our study was to explore, using an innovative method, the effect of 

temporal changes in the mortality prediction performance of an existing model on the 

quality of care assessment. The prognostic model (rSAPSII) was a recalibrated Simplified 

Acute Physiology Score-II model developed for very elderly Intensive Care Unit (ICU) 

patients.  

Methods: The study population comprised all 12,143 consecutive patients aged 80 years 

and older admitted between January 2004 and July 2009 to one of the ICUs of 21 Dutch 

hospitals. The prospective dataset was split into 30 equally sized consecutive subsets. Per 

subset, we measured the model’s discrimination [area under the curve (AUC)], accuracy 

(Brier score), and standardized mortality ratio (SMR), both without and after repeated 

recalibration. All performance measures were considered to be stable if >2 consecutive 

points fell outside the green zone [mean ± 2 standard deviation (SD)] and none fell out-

side the yellow zone (mean ± 4SD) of pre-control charts. We compared proportions of 

hospitals with SMR>1 without and after repeated recalibration for the year 2009.  

Results: For all subsets, the AUCs were stable, but the Brier scores and SMRs were not. 

The SMR was downtrending, achieving levels significantly below 1. Repeated recalibration 

rendered it stable again. The proportions of hospitals with SMR>1 and SMR<1 changed 

from 15 versus 85% to 35 versus 65%.  

Conclusions: Variability over time may markedly vary among different performance 

measures, and infrequent model recalibration can result in improper assessment of the 

quality of care in many hospitals. We stress the importance of the timely recalibration and 

repeated validation of prognostic models over time. 

 

Introduction 

Prognostic models have been promoted as helpful tools to support health care profes-

sionals in the clinical management of their patients, both as individuals and as groups 

[1,2]. In the field of intensive care, there is a long tradition of developing prognostic mod-

els of mortality for benchmarking among Intensive Care Units (ICU) for purposes of 

quality of care assessment [3, 4]. For the purpose of benchmarking, the model’s predic-

tions are adjusted for the severity of the illness of the patients in each unit and compared 

to the respective observed mortality rates. 

The use of prognostic models in clinical practice requires that the user trusts the mod-

els. This trust is in turn dependent upon external validation of the model’s performance. 

However, external validation studies are scarce, thereby jeopardizing the use of these 

models in clinical practice [5–7]. In addition, the external validation of a model’s perfor-

mance often relies on a single validation dataset, while changes in population and treat-

ment over time may change the prognosis of patients and thereby limit the applicability of 

prognostic models.  

The aim of this paper is to explore the effect of variability of the performance 

measures over time of an earlier published model [8] on the quality of care assessment, 

with and without repeated recalibration of the model. The model, referred to as rSAPS-II, 

was obtained as a customization of the popular Simplified Acute Physiology Score (SAPS) 

II model for predicting mortality in ICU patients aged 80 years or older [8, 9]. 
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Materials and methods 

In this prospective cohort study we monitored, over the course of time, the predictive 

performance of the rSAPSII model by partitioning the prospective data into 30 time-

ordered equally-sized groups and calculating the performance measures per group. 

 

Model 

In 2007 we reported on a prognostic model that predicts the mortality risk for ICU pa-

tients aged 80 years and older [8]. The dataset consisted of 6,867 ICU admissions between 

January 1997 and December 2003, of which two-thirds (N = 4,578) and one-third (N = 

2,289) were randomly selected with the aim of developing and validating, respectively, the 

model. The admissions originated from mixed medical and surgical ICU of 21 university, 

teaching, and non-teaching hospitals in the Netherlands that participated in the National 

Intensive Care Evaluation (NICE) registry [10]. 

This rSAPS-II model was obtained by recalibrating the SAPS-II model [9], which was 

developed for a general adult ICU population, using the developmental dataset. The 

model was recalibrated by refitting its coefficients [8]. The linear predictor of the rSAPS-

II model is: -3.623 + 0.073 * SAPS-II - 0.089 * log(SAPS-II + 1) where SAPS-II indicates 

the severity score. The model’s performance in terms of the area under the receiver oper-

ating characteristic curve (AUC) and Brier score [± standard deviation (SD)] on the vali-

dation set are 0.77 (±0.01) and 0.16 (±0.01), respectively. 

 

Prospective data for temporal validation 

Data for prospectively validating the model over time included all 12,143 consecutive ad-

missions of patients aged 80 years and older between January 2004 and July 2009 (at 

which time the number of beds and of patient admissions had increased) (Table 4.1). 

These data were obtained from the 21 original ICUs. Because the model was already pub-

lished, the timing of temporal validation was naturally set, and at the same time we had 

total access to the data in the previous period [11]. The NICE registry, which incorpo-

rates a framework for maintaining a high quality of data [10], includes demographic data 

and data necessary to calculate SAPS-II, as well as survival status in the ICU and hospital. 

 

Performance measures 

We used the AUC as a discrimination measure between survivors and non-survivors (the 

larger the AUC the better) and the Brier score as a measure of inaccuracy (the lower the 

score the better) [Appendix 4.1] [12]. Our third measure was the standardized mortality 

ratio (SMR) [13], which is the observed number of deaths divided by the case mix adjust-

ed predicted number of deaths. As the SMR indicates how close predicted mortality is to 

the observed mortality, it can be applied in two ways: (1) the overall SMR of all hospitals 

is a measure of model calibration (1.0 = perfect calibration; <1.0 = over-prediction of 

mortality; >1.0 = under-prediction of mortality), and (2) the individual SMR of each hos-

pital is a measure of the hospital’s delivered quality of care (1.0 = expected quality of care; 

<1.0 = better care than expected; >1.0 = poorer care than expected). As time passes, the 

SMR can be influenced by changes over time in both the quality of care delivered and in 

patient mix. Therefore, the overall SMR will tend to be closer to 1 in the immediately pro-

spectively collected validation sets than those collected later in time. However, if we use a 

model with an overall SMR that deviates from 1.0 (meaning the model is poorly calibrat-
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ed), the individual SMRs calculated on the basis of this model will provide an incorrect 

view of the delivered quality of care. 

 

Table 4.1. Patient characteristics in the internal and temporal validation sets. 

 Internal validation seta Temporal validation set 

N 2,289 12,143 

Age (range) 80-103 80-108 

Age (mean +- sd) 83.5+-3.6 82.5+-13.7 

Male(%) 48.0 50.2 

Died (%) 30.5 32.0 

APACHE II score (mean +- sd) 18.4+-7.2 19.1+-7.4 

SAPS II score (mean +- sd) 41.6+-17.2 43.9+-17.4 

LOS ICU, days (median (IQR)) 1.1 (0.8-3.2) 1.4 (0.8-3.7) 

Admission type (%)   

          Medical 33.8 38.7 

          Unplanned surgery 19.3 20.0 

          Planned surgery 46.8 41.3 

a used in de Rooij et al. (2007) [8] 

b sd = standard deviation; APACHE = Acute Physiology And Chronic Health Evaluation; SAPS = Simplified Acute 

Physiology Score; LOS ICU = Length Of Stay in the Intensive Care Unit; IQR = Inter-Quartile Range. 

 

Time-series analysis 

Performance measures were scrutinized using statistical process control (SPC; Appendix 

4.1). We split our dataset into 30 consecutive subsets of equal size Ng and calculated the 

performance measures described above for each set. The number of groups was chosen 

to be 30 because (1) the groups were still of sufficient size (≥400 admissions per group) 

and (2) the series was large enough to allow performance measures to be scrutinized over 

time. Group sizes were fixed such that their means were based on the same numbers of 

patients (time periods were still similar between 2 and 3 months in each group). We used 

pre-control charts (also known as zone charts) which allow users to pre-specify the limits 

of three zones and which are intuitive by their ‘‘traffic light’’ design: the process is said to 

be stable if all points fall within the green (safe) zone, no two consecutive points fall with-

in the yellow (warning) zone, and no points fall within the red (critical) zone [14]. An un-

stable process in SPC refers to a statistically significant change at the 0.05 level [14]. We 

defined our zones by mean values ± 2 SD (green zone), 2–4 SD (yellow zone), and [4 SD 

(red zone). Mean values and standard deviations of the performance measures were calcu-

lated based on the internal validation set (N = 2,289) from the previous period. Specifical-

ly, the performance measure statistics were calculated by taking 3,000, possibly overlap-

ping, samples of size Ng from this dataset. For each sample we first calculated the per-

formance measure of interest and then calculated the mean and standard deviation of 

these 3,000 values. These values were used to determine the central and control limits in 

the pre-control charts. In addition, to obtain insight into changes in the case-mix over 

time we plotted a regular graph of the original SAPS-II score, mean age, and mortality 

rates in the 30 groups. 
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Effect on quality of care assessment and recalibration  

In the NICE registry [10], hospitals are annually ranked based on their individual SMR, 

which is used as a key measure of their delivered quality of care. To estimate the effect of 

prognostic model performance on the quality of care assessment, we calculated the indi-

vidual SMR of each hospital for the last year, 2009, based on several rSAPS-II models 

that had been recalibrated on data of earlier years. Specifically, we obtained five models by 

using first-level recalibration (Appendix 4.1) of the rSAPS-II model on the following da-

tasets, but now used as developmental sets: 1997–2004, 1997–2005, 1997–2006, 1997–

2007, and 1997–2008. To explore the effect of repeated recalibration on the overall SMR, 

we recalibrated rSAPS-II for each time point p in the 30-point time-series on the dataset 

from 1997 until the period just preceding p. The model was then prospectively evaluated 

on the dataset at time point p. 

 

Results 

Figures 4.1 and 4.2 show the behavior of the performance measures over the course of 

time. The AUC and Brier graphs in Figures 4.1 and 4.2 both show no signs of instability: 

with the exception of two non-consecutive measurements in the yellow zone, all meas-

urements remain inside the green zone. In the SMR graph shown at the top of Figure 4.3, 

all measurements until the 23rd measurement remain inside the green zone; thereafter, 

however, the SMR is clearly unstable: four consecutive measurements fall within the low-

er yellow zone and after two consecutive measurements in the green zone, two consecu-

tive measurements once again fall within the yellow zone. A downward trend is clearly 

visible, and eight measurements are significantly < 1.0, as illustrated by their 95% confi-

dence intervals. Although fluctuating around their mean values, AUCs, Brier scores, and 

SMRs all show some relatively large jumps in consequent values. For example, the AUC 

changed from 0.75 at measurement 25 to 0.81 at the following measurement. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.1. Area under the receiver operating characteristic curve (AUC) of rSAPS-II over time. Means and standard 

deviations (SD) are based on the bootstrap sample distribution obtained by taking 3000 samples of size 405 from the 

internal validation set.  
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Figure 4.2. Brier scores of rSAPS-II over time. Means and standard deviations (SD) are based on the bootstrap 

sample distribution obtained by taking 3000 samples of size 405 from the internal validation set.  

 

The graph at the bottom of Figure 4.3 shows that after repeated recalibration of rSAPS-

II, all overall SMRs from the 23rd measurement onward remain inside the green zone, 

with none significantly < 1. The graph at the middle of Figure 4.3 shows the behavior of 

the original SAPS-II score over time. On the whole, the series of severity of illness score 

shows a positive trend, while mortality and mean age do not show any trend over time 

(Figures 4.4, 4.5). The implications of repeated recalibration can be shown by measuring 

its effects on the SMRs of individual hospitals. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.3. Standardized mortality ratio (SMR) of rSAPS-II over time. Means and standard deviations (SD) are 

based on the bootstrap sample distribution obtained by taking 3000 samples of size 405 from the internal validation 

set.  
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Figure 4.4. Mortality over time.      Figure 4.5. Mean age over time. 

 

Based on the rSAPS-II model without any further recalibration, three of 20 hospitals in 

2009 (15%) were assessed to deliver poorer care than expected according to their SMR 

(SMR > 1), while the other 17 (85%) were assessed to deliver better care than average 

(SMR < 1). After recalibration of the rSAPS-II model on data until 2004, 2005, 2006, 

2007, and 2008, the percentage of hospitals with SMR >1 and SMR < 1 gradually 

changed to 35 and 65%, respectively (Table 4.2). 

 

Table 4.2. Percentage of hospitals with SMR above or below 1.0 after recalibration. 

Data used for recalibration % of hospitals with SMR > 1.0 % of hospitals with SMR < 1.0 

1997-2003 15 85 

1997-2004 20 80 

1997-2005 25 75 

1997-2006 25 75 

1997-2007 30 70 

1997-2008 35 65 

 

Discussion 

The temporal validation of an earlier published model for predicting mortality risk in el-

derly ICU patients revealed that significant differences appeared over time between the 

expected and observed values of the SMR, while the AUC and Brier score did not show 

this behavior. One may expect a gradual deterioration of model performance, but this 

trend was only visible in the overall SMR [15,16]. There was a slight increase in illness 

severity, as demonstrated by the original SAPS-II score, but in an ideal model the overall 

SMR should not be affected. A steady decrease of the overall SMR is caused by the over-

estimation of mortality, indicating that the model is outdated. When the quality of care 

provided by ICUs is assessed by such a model, a significant proportion of the ICUs would 

appear to be performing better (SMR < 1) than the norm (SMR = 1), whereas in practice 

they may actually be underperforming. Repeated recalibration of models adequately allevi-

ates these problems. 

To the best of our knowledge, this is the first published study exploring a prognostic 

model’s prospective performance repeatedly over the course of time. In an earlier study 

[17], Harrison et al. measured the prospective performance of SAPS-II, Acute Physiology 

Score And Chronic Health Evaluation (APACHE) II and III, and the Mortality Predic-
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tion Model (MPM) II at three different moments; however, they did not repeat any meas-

urements nor did they address the policy implications of using the SMR for assessing the 

quality of care. We scrutinized the behavior of three different measures (AUC, Brier 

score, and SMR) covering discrimination, accuracy, and calibration performance aspects, 

but used fewer measures than Harrison et al. [17]. Mean values and standard deviations 

(for setting the zone limits) were obtained from the previous period, such that all of the 

prospective data can be used. Our sampling approach showed no marked deviations from 

normality in the performance measure distributions. Pseudo R2 measures [1 - Brier 

score/overall mortality * (1 - overall mortality)], which adjust for mortality percentage per 

group, yielded the same pattern as the Brier score (data not shown). We used 30 prospec-

tive groups for analysis, which are firmly within the acceptable range of 12–36 groups 

[14]. We validated the robustness of our approach by using different numbers (and hence 

sizes) of groups, which all yielded the same patterns (data not shown). The model we in-

vestigated was already published so the start of the temporal validation was not subject to 

arbitrary choices. The number of patients in the temporal validation set was large, and 

prospective data collection covered a period of 6 years. 

A main limitation of our study is the restriction of the population to elderly ICU pa-

tients. However, this is an important and growing population, and the rSAPS-II model 

was already recalibrated for this population and had good performance when it was inter-

nally validated. Moreover, our work addresses the applicability of prognostic models in 

general. The robustness of our approach could have also been validated more extensively 

by other means. For example, it is possible to investigate the model’s behavior on differ-

ent proportions of randomly selected patients in each time interval to inspect the sensitiv-

ity of the results to the specific case-mixes. These kinds of sensitivity analyses merit future 

research. 

Our findings signify the caveats of not timely calibrating prognostic models and the 

importance of assessing prognostic model performance over the course of time. Routine 

recalibration is imperative to adjust for a changing environment [16, 18, 19]. In their eval-

uation of risk models, Harrison et al. [17] found a ‘‘shelf life’’ of about 3 years before re-

calibration was required, which is similar to the approximately 4 years between recalibra-

tion in our study. We advise for the continuous monitoring of risk models and subse-

quent recalibration when an overall recalibration is observed to be worsening. Pre-control 

charts provide a comprehensive way to distinguish genuine worsening from considerable 

noise by using yellow (warning) and red (critical) zones. Although we succeeded in ren-

dering our model stable again by using the simplest form of recalibration, more rigorous 

techniques may sometimes be needed, from recalculating the coefficients of each individ-

ual variable to removing or adding new variables [18, 19]. While refraining from repeated 

model recalibration may not extensively change the relative ranking among hospitals [20], 

we have demonstrated that the percentage of hospitals with poorer care than expected 

(SMR > 1) changed markedly after recalibration from 15 to 35%. 

An increased number of temporal (and external) validation studies are needed for users 

to acquire an understanding of a model’s behavior over the course of time in various do-

mains. Important questions to address include deciding on the required frequency for 

recalibrating models, various approaches for recalibration, and ways to determine the ex-

tent of influence that older observations should exert when recalibrating models in a dy-

namically changing environment. In all of these efforts, policy implications of model’s 
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performance should play a central role because the use of these models requires trust and, 

in turn, this trust requires an extensive understanding of the effect of models’ perfor-

mance on policy decisions. 

 

Conclusion 

The Brier scores and SMR of rSAPS-II showed statistically significant differences be-

tween expected and observed values over time, but the AUC did not show this behavior. 

Thus, variability patterns over time may markedly vary among different performance 

measures, thereby illustrating the importance of using a set of measures covering both 

aspects of model discrimination and calibration. The worsening of the overall SMR re-

sulted in an improper assessment of quality of care for many hospitals. Repeated recali-

bration of models adequately alleviated these problems. Our findings stress the im-

portance of timely recalibrating prognostic models and the assessment of its performance 

repeatedly over the course of time. More temporal (and external) validation studies are 

needed to understand models’ behavior over the course of time in various domains. 

 

Appendices 

Appendix 4.1 – Additional background information (available online) 
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Abstract 

Prediction models are postulated as useful tools to support tasks such as clinical decision 

making and benchmarking. In particular, classification tree models have enjoyed much 

interest in the Biomedical Informatics literature. However, their prospective predictive 

performance over the course of time has not been investigated. In this paper we suggest 

and apply statistical process control methods to monitor over more than 5 years the pro-

spective predictive performance of TM80+, one of the few classification tree models pub-

lished in the clinical literature. TM80+ is a model for predicting mortality among very 

elderly patients in the intensive care based on a multi-center dataset. We also inspect the 

predictive performance at the tree’s leaves. This study provides important insights into 

patterns of (in)stability of the tree’s performance and its ‘‘shelf life’’. The study underlies 

the importance of continuous validation of prognostic models over time using statistical 

tools and the timely recalibration of tree models. 

 

Introduction 

Prognostic models are postulated as useful tools in medicine to support tasks such as 

benchmarking, identification of patients at risk, workload planning and even individual 

clinical decision making [1–3]. For example in benchmarking, which has a long tradition 

in the intensive care [8,9], hospitals are compared to each other on the quality of delivered 

care. In this task prognostic models are first used to provide mortality predictions that are 

adjusted for the severity of illness of individual patients in each hospital. Then for each 

hospital the total predicted mortality is compared to the actual observed mortality propor-

tion. The lower the observed mortality (compared to the predicted one), the better the 

quality of care. 

The actual use of prognostic models for any application, however, requires trust in it 

and this trust is in turn influenced by the clinical credibility and the validity of the models 

[3,4]. There are different methods and types of prognostic models including logistic re-

gression, neural networks, and classification trees (also called decision trees) [2]. Ideally a 

model is easily  interpretable, clinically credible and statistically valid. In terms of inter-

pretability, the collection of symbolic ‘if-then rules’ that the classification tree represents 

can provide easier interpretation of the model than purely quantitative models such as 

neural networks, or even logistic regression. One should however note that the inherent 

hierarchical structure of classification trees may also limit the interpretability of some 

rules (for example when predicting adverse events the terms in a rule do not have to nec-

essarily correspond to risk factors and there is a need to simplify the rules first) [5]. On 

the whole, however, the interpretability of the tree has the potential to support the clinical 

credibility of the model especially when it provides transparency in the nature and reason 

of a prediction [6]. 

In contrast to clinical credibility, which is essentially subjective, there are standard per-

formance measures to assess model  validity in terms of discrimination, calibration and 

accuracy of the predictions [7]. Although performance of developed models is often re-

ported on a held out test set from the available dataset to researchers, there is little work 

on model validation on prospectively collected data from the same source [3] and we are 

unaware of work describing prospective validation over the course of time of any pub-

lished tree-based prognostic model. 
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Temporal validation is important in medicine due to the effects of population drift [8] 

implying changes in patient mix, technologies and treatment policies. These changes can 

affect model future performance [9,10]. This is especially relevant for classification trees 

as their non-parametric nature renders them more sensitive to overfitting than parametric 

models, and their performance is affected by variations in the training and test sets [11]. 

Investigating the temporal performance of prognostic models is often performed once 

on a prospective data set. An important added value to this can be the continuous moni-

toring of performance over time. Insights obtained into the continuous temporal valida-

tion of classification trees forms an important contribution to prognostic research in Bi-

omedical Informatics.  

The aim of this study was to assess and scrutinize the temporal validity of various per-

formance aspects of a classification tree model developed on multi-center data, over the 

course of a long period of time. The tree-model [6], here referred to as TM80+, was de-

signed to predict mortality in patients aged 80 years and older admitted to the Intensive 

Care Unit (ICU) and also to identify patient subgroups at very high risk. TM80+ was de-

veloped on 6867 consecutive patients of 21 ICUs of university, teaching, and nonteaching 

hospitals in the Netherlands and is the only mortality prediction model designed specifi-

cally for all types of ICU patients aged 80 years and older available in literature [12]. 

For monitoring predictive performance over time we propose and make use of meth-

ods originating from the statistical process control (SPC) methodology. SPC is attractive 

because it combines intuitive graphical tools for inspecting changes and variation over 

time with rigorous statistical inference capabilities. We resort to the predictive perfor-

mance measures of the area under the ROC curve (AUC) and the Brier score. In addition 

we monitor the mean mortality in patients assigned to the tree’s leaves especially those 

indentified as very high-risk groups by TM80+. This addresses the question of the validity 

of using the model for the identification of high-risk patients. Finally we also inspect the 

changes over time in the proportion of patients falling in the leaf nodes. This proportion 

is not indicative of the validity of the model, but is solely directed towards understanding 

the fluctuations in the population over time.  

In particular in this paper we address the following research questions: (1) What is the 

behavior over the course over time of the predictive performance of TM80+? (2) What is 

the behaviour over time of the proportions of patients classified in the tree leaves and the 

mortality rate in each leaf? and (3) Can TM80+ reliably identify high risk subgroups? 

Based on this case-study we reflect on the implications for the use of classification tree 

models as prognostic instruments in biomedical research. 

 

Background 

Classification trees 

A classification tree is a non-parametric, data-driven model obtained by recursive parti-

tioning of instances in a training data sample into mutually exclusive subsets. An internal 

node in the tree represents a predictor variable, and each value of this variable is repre-

sented as a branch along which instances are sorted (e.g. for the variable ‘‘sex’’, instances 

for men and women are sorted apart, rendering a partition). Tree-models classify new 

instances by sorting them from the root to some leaf. At the leaf the instance is either 

assigned the majority class of the training instances (e.g. ‘‘survivor’’ or ‘‘non-survivor’’) or 

the instance is assigned a probability estimate of that class. Algorithms to fit tree-models 
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(such as the commonly known ID3 algorithm [13]) grow their branches in an attempt to 

perfectly classify the training instances. If the size of the tree (e.g. in terms of number of 

splits) is not controlled, however, the tree model can easily overfit the data. This is espe-

cially the case when there is noise in the data (e.g. measurement errors) or when the train-

ing set is small. Overfitting occurs when there exists some alternative tree model that may 

have worse performance (e.g. classification error) than the final tree on the training sam-

ple, but better performance in the entire population. Strategies to control the size of the 

tree vary from deciding on preventing specific nodes to branch out during fitting the tree, 

to post-pruning an overfitted tree based on a measure of the estimated optimal tree com-

plexity. 

Tree-models can easily be represented as sets of if-then rules to improve human reada-

bility (a rule represents a path in the tree). Tree-models enjoy a wide popularity in Bio-

medical Informatics and Machine Learning, partly due to their symbolic representation 

that facilitates their easy interpretability. 

 

Validation of prognostic models 

For assessing a model’s performance one may distinguish between four validation de-

signs: apparent, internal, temporal, and external performance validation [3,9]. In apparent 

validation the performance of the model is measured on the training set itself. However, 

this performance tends to be overly optimistic [11] due to overfitting the data. To evalu-

ate the ability of a prognostic model to generalize beyond the training sample, its perfor-

mance needs to be validated on other data than the set used to develop the model (i.e. the 

training set). In internal validation, data from the sample available to the researchers is ran-

domly selected and held out for performance evaluation; it is hence not used for develop-

ing the model. When data are scarce, resampling techniques like cross-validation or boot-

strapping are used instead [3]. Internal validation itself may still be optimistic in the sense 

that it disregards the population drift that may have occurred over time and hence the 

model may not generalize beyond the temporal frame it was developed in. Temporal valida-

tion refers to evaluating the performance on subsequent data, collected later in time, but 

from the same data sources that provided the training sample. External validation is defined 

as validation on a test sample obtained from other sources of data (e.g. other hospitals) 

than those providing the training sample. 

Which validation design is most useful depends on the intended use of the model. In 

health care, if one intends to use a model for a specific set of participating centers, then 

temporal validation probably strikes the best balance between the desired generalizability 

over time and the specificity for the participating centers. In this study we address a new 

variant of temporal validation: not only that the performance of the model is evaluated on 

a prospectively collected sample from the participating centers, the performance is also 

continuously monitored. The advantage of this design is that it allows for inspecting the 

variability of the performance measures over the course of time, allowing for detecting 

behavioral patterns over time and indicating a model’s ‘‘shelf-life’’. We will refer to this 

design as cTEMP in the sequel. In literature, several studies are available that attempted 

internal [14–18], temporal [19], or external validation [14,20,21] of classification trees, but 

to the best of our knowledge there are no studies monitoring model performance contin-

uously over time. 
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Performance measures 

Predictive performance of prognostic models can be measured in terms of discrimination, 

calibration and/or accuracy. These performance measures will be explained here for the 

outcome denoting patients’ non-survival. Discrimination, usually measured by the area 

under the receiver operating characteristic curve (AUC; which is equivalent to the c-

index), refers to a model’s ability to distinguish survivors from non-survivors. The AUC is 

a normalized Mann–Whitney U statistic applied to the model’s predictions, grouped by 

observed outcomes. It is the probability that an arbitrary patient who died was indeed 

assigned a higher predicted risk than an arbitrary patient who survived. An AUC of 0.5 

indicates that the model does not predict better than chance. An AUC of 1 indicates that 

the model discriminates perfectly between survivors and non-survivors. The AUC, how-

ever, is a non-strictly proper scoring rule [22] meaning that its optimal value can be ob-

tained even if predicted probabilities are not close to the true ones (estimated by the ob-

served proportion of death). Calibration refers to the agreement between predicted and 

true probabilities. (Mis)calibration is sometimes measured by the Hosmer–Lemeshow 

statistics, which rely on creating probability groups and measuring the difference between 

the mean probability in each group with the actual proportion of death in that group of 

patients. However these statistics are strongly influenced by sample size and by the distri-

bution of the probabilities around the cutoff points used to group the probabilities [23]. 

Instead, the Brier score is often used, which is the mean squared individual residuals (be-

tween each actual outcome and the predicted probability of this outcome):  

 

 

 

where N is the number of instances, pi is the predicted probability for instance i to have 

the true outcome oi (0 for survivals and 1 for non-survivals). The Brier score is technically 

an accuracy measure because it contrasts actual outcomes with predicted probabilities but 

it includes both discrimination and calibration aspects. In addition it is a strictly proper 

scoring rule meaning that it gets its minimal (best) value only when the predicted proba-

bility equals the actual one. 

Another measure of accuracy is the positive predictive value PPV, which is the per-

centage of patients that died among those predicted to die (because their predicted prob-

ability of non-survival exceeds a given threshold probability). 

 

Statistical process control 

Statistical process control (SPC) combines rigorous time series analysis and graphical data 

presentation, which is used to identify structural changes in a process [24]. Its primary 

tool, the process control chart, is a plot of the data over time with three additional lines; 

the center line (usually the mean) and upper and lower control limits, typically set at ±3 

adjusted standard deviations (called sigma) from the mean. When the process has only 

inherent variation then the data points exhibit no special patterns and are within the con-

trol limits. The process is said to be ‘‘in-control’’ and stable (e.g. the process is predictable 

within certain limits). Special cause variation, on the other hand, signifies that the process 

is no longer stable or predictable and has changed either for better or for worse [25]. The 

most common type of control chart used for individual measurement (i.e. continuous) 

data is the XMR (Individual Moving Range) chart. XMR is suited for normally distributed 
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data and detects large sudden changes in processes. The exponentially weighted moving 

average (EWMA) control chart, in contrast, is more adequate for handling non-normally 

distributed data [26] and accentuates trends rather than individual points because it 

smoothes the data points over time, ameliorating the effects of outliers. 

 

Exponentially weighted moving average (EWMA) control charts 

Exponentially weighted moving average (EWMA) control charts smooth data by combin-

ing current and historical observations to rapidly detect possibly small changes in the 

mean of the monitored statistic [27]. A weighting factor w between 0 and 1, determines 

the weight (importance) of each observation (xt), where more weight is provided to the 

more recent observations and then decays when moving ‘‘backwards’’ in time. The 

weighted average for the tth period t = 1, 2, ... is given by the equation 1(1 )t t ty wx w y      

where y0 = m0 which is the mean (this will be the centerline). The weights sum to unity 

and decrease geometrically. 
The upper and lower control limits (UCL and LCL) are defined by  
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where s denotes sigma, L is a multiplier that depends on w and the desirable in-control 

chart performance. The term [1 – (1 – w)2t] converges to 1 with increasing t. Therefore, 

the control limits approach [27]:  
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In EWMA charts, a process is defined as unstable if one or more points fall above or be-

low the process control limits (called outliers) [28]. 

Commonly, the values of m0 and s are calculated based on the mean and sequential 

changes, respectively, of the time-series that is monitored. However, one may also deter-

mine m0 and s based on ‘‘external’’ factors (for example one may use some industrial 

standards). In the context of our work, the prognostic model TM80+ has been proposed 

including an estimation of its performance and its variability. An important question that 

potential prospective users of TM80+ should pose is how TM80+ would fare in compari-

son to the reported mean and variability of TM80+’s performance. To address this ques-

tion, m0 and s should be calculated from the retrospective period when the model was 

first internally validated. 

 

Material and methods 

Statistical analysis 

In this study we assessed the temporal validity of a classification tree over the course of 

time in terms of its AUC and Brier score using SPC control charts. As the AUC and Brier 
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score are both non-normally distributed and because we were interested in structural per-

sistent changes, rather than in sporadic maxima or minima of performance, we used 

EWMA control charts. We split our dataset in 20 consecutive subsets of equal size Ng, 

which is adequate for valid SPC analysis (the number of groups should be between 12 and 

36 [29]). The number of groups was chosen to be 20 because it still results in sizable 

groups (≥600 admissions per group) and in long enough series of performance measures 

to be scrutinized over time. Group sizes were fixed such that their means were based on 

the same numbers of patients (the resulting time periods were still similar though, be-

tween three to four months in each group). Centerlines and control limits in the SPC 

chart were estimated from the original internal validation set of the tree-model based on 

m0 and s (sigma), where m0 is the mean performance and s was taken as the standard devi-

ation. These values should however be calculated for sample size of Ng. Hence we took 

1000 random samples of size Ng obtained from this original internal validation set and 

then calculated for each sample the performance measure of interest (this also allows for 

inspecting the distribution of these statistics). Next, the mean (m0) and sigma (s) of these 

1000 values were calculated, averaged, and then used in the formulas for UCL and LCL 

described above to derive the control limits. We selected the commonly used default val-

ues for w (which is 0.2) and the desired performance level L (which is 3) [29]. Previous 

research showed that setting the performance level at 3 sigma (L = 3) works best for 

EWMA [29] and that, in order that small shifts be handily detected, w should lie some-

where between 0.2 and 0.5 [30]. The most frequent choices are 0.25 and 0.33 [31–33]. We 

assess the robustness of our approach by using different values for L (2, 2.5 and 3) and w 

(0.2, 0.25, 0.3, 0.33, 0.4 and 0.5). Aside from the AUC and Brier score of the whole tree, 

we also assessed, in the same manner, the behavior over time of each of the tree-model’s 

leaves. This is done by calculating the proportion of patients assigned to each leaf and the 

mean mortality rate assigned to it. 

To assess the tree-model’s ability to identify high-risk subgroups, we were specifically 

interested in the mean observed mortality in the three leaves corresponding to the high-

risk subgroups identified in de Rooij et al. [6]: G1) GCS > 6, planned surgery, 24 h urine 

production < 1.25 liter and bicarbonate < 16.7 mmol per liter (mean mortality in this 

group was 78%); G2) GCS > 6, unplanned surgery or medical reason of admission, 24 h 

urine production < 0.75 liter and systolic arterial blood pressure < 72 mm Hg (mean mor-

tality in this group was 88%); G3) Glasgow Coma Score (GCS) < 7 (mean mortality in 

this group was 89%). When the threshold on non-survival is taken to be lower than the 

observed mean mortality in a leaf then all patients in the leaf are predicted to die. Hence 

the mean mortality in a leaf is equivalent to the PPV. We both monitored mortality in 

each of these subgroups individually and in the three of them combined. All analyses were 

conducted in the statistical environment R version 2.10.1 [34]. 

 

Case study 

The TM80+ tree-model [6] (Appendix 5.1) was developed on the data of the 21 universi-

ty, teaching and non-teaching hospitals in the Netherlands participating in the National 

Intensive Care Evaluation (NICE) registry [35] from January 1997 to December 2003. 

The data consisted of 6867 patient records aged 80 years and older admitted between 

January 1997 and December 2003. TM80+ was internally validated by randomly selecting 

two thirds of the dataset for training and one third for testing [6]. Its performance in the 
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internal validation set in terms of AUC and Brier score (± standard deviation) was 0.77 ± 

0.01 and 0.16 ± 0.005, respectively. Our temporal validation set, used in this paper, con-

sisted of all consecutive patients aged 80 years and older admitted from January 2004 to 

July 2009 to the same 21 ICUs which data were used for model development. 

 

Results of the case study 

During our study period 12,143 patients were admitted to the participating centers and 

included in this study. Patient characteristics are summarized in Table 5.1. The overall 

AUC and Brier score ± standard deviation of the classification-tree model in this set of 

patients were 0.76 ± 0.005 and 0.17 ± 0.002, respectively. 

 

Table 5.1. Patient characteristics in the developmental, temporal and external sets. 

 
Internal validation seta Temporal validation set 

N 2,289 12,143 

Age (range) 80-103 80-108 

Age (mean +- sd) 83.5+-3.6 82.5+-13.7 

Male(%) 48.0 50.2 

Died (%) 30.5 32.0 

APACHE II score (mean +- sd) 18.4+-7.2 19.1+-7.4 

SAPS II score (mean +- sd) 41.6+-17.2 43.9+-17.4 

LOS ICU, days (median (IQR)) 1.1 (0.8-3.2) 1.4 (0.8-3.7) 

Admission type (%)   

          Medical 33.8 38.7 

          Unplanned surgery 19.3 20.0 

          Planned surgery 46.8 41.3 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5.1. Temporal validation of tree-model: A: AUC of tree-model (all points fall within the upper and lower 

limits, hence the process is stable); B: Brier score of tree-model (process is unstable as some points fall above the 

upper limit, indicating increased inaccuracy). Each of the 20 (time) groups consists of about 607 consecutively admit-

ted patients (points 1-3 [2004]; points 3-7 [2005]; points 7-11 [2006]; points 11-14 [2007]; points 14-18 [2008]; points 

18-20 [2009]. The plus-signs represent the original (non-smoothed) data points. 
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Figure 5.1 demonstrates that although the AUC of the tree-model was stable, its Brier 

score was not (the Brier chart showing 9 outliers). Table 5.2 shows the results of sensitivi-

ty analyses with different values for w and L = 3. The AUC was stable for each value of 

w, while the Brier score was unstable for each w except for w = 0.5. We repeated the anal-

yses for L = 2 and L = 2.5 (data not shown). For L = 2.5 the results were essentially the 

same as in the table. For L = 2, as may be expected, more instability was encountered. 

This was however only the case for the AUC, but not for the Brier score, and only for the 

lower w values. Smaller values of L (which narrow the control limits) and smaller values 

of w (which give more weigh to past data and thus more smoothed data points) result in 

more sensitive charts but increase the risk of false-positives. 

 

Table 5.2. Sensitivity Analysis, based on the recommended value of L=3 [29]. 

 w = 0.2 w = 0.25 w = 0.3 w = 0.33 w = 0.4 w = 0.5 

Brier score Unstable Unstable Unstable Unstable Unstable Stable 

AUC Stable Stable Stable Stable Stable Stable 

Mortality in combined 
high-risk subgroup 

Stable Stable Stable Stable Stable Stable 

 

Table 5.3. Stability in tree-model’s leaves. 

Leaf Description Orig
. N 

Obs. 
N 

GS Sta-
ble 

Orig. 
P 

Obs. 
O 

GS Sta-
ble 

1 GCS > 6 AND planned surgery AND 24h urine 
>= 1.25 L 

38.7 32 [25-
38] 

607 No 12 [10-
13] 

10 [5-
13] 

195 Yes 

2 GCS > 6 AND urgent surgery AND 24h urine 
>= 750 ml AND urea < 10.8 mmol/L 

19.2 22 [19-
27] 

607 No 24 [21-
27] 

30 [18-
37] 

134 Yes 

3 GCS > 6 AND planned surgery AND 24h urine 
< 1.25 L AND bicarbonate >= 16.7 mmol/L 

6.4 8 [5-
11] 

607 No 26 [21-
31] 

21 [13-
31] 

48 Yes 

4 GCS > 6 AND urgent surgery AND 24h urine 
< 750 ml AND Systolic ABP >= 72 mmHG 
AND pH >= 7.35 

1.6 2 [0-4] 607 No 29 [20-
40] 

44 [14-
62] 

14 Yes
* 

5 GCS > 6 AND urgent surgery AND 24h urine 
>= 750 ml AND urea >= 10.8 mmol/L AND 
no mechanical ventilation 24h after adm 

8.7 10 [7-
13] 

607 No 33 [28-
38] 

31 [22-
41] 

63 Yes 

6 GCS > 6 AND urgent surgery AND 24h urine 
>= 750 ml AND urea < 10.8 mmol/L AND 
mechanical ventilation 24h after adm AND 
bicarbonate >= 22.6 mmol/L 

4.1 4 [2-6] 607 No 34 [28-
42] 

49 [35-
74] 

23 Yes 

7 GCS > 6 AND urgent surgery AND 24h urine 
>= 750 ml AND urea < 10.8 mmol/L AND 
mechanical ventilation 24h after adm AND 
bicarbonate < 22.6 mmol/L 

8.5 9 [6-
11] 

607 No 57 [52-
62] 

57 [45-
69] 

52 Yes 

8 GCS > 6 AND urgent surgery AND 24h urine 
< 750 ml AND Systolic ABP >= 72 mmHG 
AND pH < 7.35 

7.2 4 [3-6] 607 No 67 [58-
75] 

61 [40-
77] 

26 Yes 

9 GCS > 6 AND planned surgery AND 24h urine 
< 1.25 L AND bicarbonate < 16.7 mmol/L 

1.1 1 [0-2] 607 No 78 [64-
87] 

59 [17-
100] 

6 Yes
* 

10 GCS > 6 AND urgent surgery AND 24h urine 
< 750 ml AND Systolic ABP < 72 mmHG 

3.0 4 [2-6] 607 No 88 [81-
92] 

87 [77-
96] 

26 Yes 

11 GCS < 7 6.5 3 [1-8] 607 No 89 [85-
92] 

84 [67-
95] 

21 Yes 

ABP = Arterial Blood Pressure; adm = admission; GCS = Glascow Coma Scale. Orig. N = proportion % of patients 

classified to leaf in original study. Obs. N = proportion % of patients classified to leaf in this study; mean [range]. 

GS = Group size of SPC data points. Orig. P = predicted mortality % from original study; mean [inter quartile 

range]. Obs. P = observed mortality %  in this study; mean [range]. 

* The group size was too low to reliably assess the stability of this leaf 
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All leaves of the tree-model had an unstable proportion of patients over the course of 

time, but stable mortality means (Table 5.3; Appendix 5.2). Mortality means were stable in 

all three leaves corresponding to the three high-risk subgroups, and remained high in 

leaves 10 and 11 (G2 and G3 in Figure 5.2). Mean mortality in the combined high-risk 

subgroup in the temporal validation set was 83% (significantly higher than in the total 

sample of 32.0% (p < 0.01), but significantly lower than the mean estimated risk by the 

tree-model of 87% (p < 0.01) and stable (Figure 5.2). Sensitivity analysis (Table 5.2) 

shows that mean mortality in the combined high-risk subgroup was stable for each value 

of w between 0.2 and 0.5. For L = 2 and L = 2.5, however, instability was found in the 

lower values of w (data not shown). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5.2. Mortality in high-risk subgroup of the tree-model. There are no indications of instability in the process 

but note the wide ranges between the upper and lower limits. Each of the 20 (time) groups consists of about 6 pa-

tients in G1; 26 patients in G2; and 21 patients in leaf G3. In the combined graph, each group consists of about 53 

patients. The plus-signs represent the original (non-smoothed) data points. 

 

Discussion 

Our work demonstrates the intricacy involved in validating prognostic models, in this 

case classification tree models, once the dimension of time is taken into account. In par-

ticular our findings show that, in a large temporal validation set, the performance of the 

tree-model in predicting hospital mortality in ICU patients aged 80 years and older is sta-

ble over time in terms of discriminative ability, but at the same time unstable in terms of 
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accuracy. Although the actual mean mortality was lower than predicted, mortality was 

stable and the tree-model was still able to identify subgroups of patients with high risk of 

hospital mortality. Mortality was stable in all three individual high-risk subgroups and also 

in the combined one, although the ranges between their upper and lower limits were very 

wide (0.18–1.00 for G1, 0.65–1.00 for G2 and 0.80–1.00 for G3). In terms of case-mix, 

we saw that the proportion of patients assigned to the tree’s leaves was not stable. This in 

itself is not indicative of model performance but of case-mix changes over time. 

This study has the following strengths. It is a large study with real-world data obtained 

from many participating centers. The model refers to an already published model (and the 

only model in this population) with a natural starting moment of the temporal validation. 

We use both discrimination as well as accuracy performance measures (including a cali-

bration element). While various studies internally validate tree-models [14–18], temporal 

[19] and external validations [14,20,21] are less often conducted [3]. One study assessed 

the stability of an existing tree-model in pneumonia patients (by comparing its structure 

to a newly developed model with the same predictor variables but on a different training 

set) [14]. In general, these studies used smaller datasets and more restrictive case-mix, and 

none of them monitored model behaviour over the course of time. 

As far as we know, there is no published work of other groups using statistical process 

control (SPC) methodology for tracking predictive ability of prognostic models over the 

course of time. In a master’s thesis [26], SPC was used in combination with prognostic 

model performance in a neonatal ICU environment. Instead of validating model perfor-

mance over time, however, the authors aimed to use SPC for risk adjustment to assess a 

model’s ability (in terms of the AUC) to recover from conditions in a manipulated sample 

(e.g. changing predictor or outcome values, deleting predictors from the model or intro-

ducing new ones). Moreover, we conducted sensitivity analysis with different values for w 

and L to assess the robustness of our choices, which showed the stability of the patterns 

found. Using different numbers of groups (in the range of 12–36) and fixed time intervals 

instead of fixed number of patients per group also yielded the same patterns (data not 

shown). Note that in cases unlike ours, where the number of patients may sharply fluctu-

ate among time intervals and one uses the approach prospectively then the analysis should 

be adapted because the EWMA limits are based on a specific sample size while the ob-

tained statistic (AUC or Brier) will be based on a different number of patients. One 

should use fixed time intervals because when there is a very large number of patients in 

one period it is not realistic to view them as associated with a sequence of points evolving 

over time: it just happened that we had many samples in one time period reflecting the 

sate of the process at that time. This time interval should be chosen to allow for some 

minimal number of patients, M, which is used to calculate the upper and lower control 

limits of the EWMA chart. For any fixed-time interval i containing Si patients one can take 

Ri (re-)samples of M out of S patients to calculate the statistic of interest (AUC or Brier). 

A practical resampling strategy is to decide on the maximum tolerated overlap between 

resamples for calculating Ri. If this maximum is set to zero then all resamples are disjoint, 

for as much as Si allows for. In this strategy one uses the EWMA formulas with the varia-

ble number of observations, specifically Ri observations (e.g. number of AUC values) in 

time interval i, as described in [36]. 

Our study has also limitations. We used one case study validating a classification tree. 

Therefore we were not able to compare our findings to other types of prognostic models 
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(e.g. logistic regression) or even other tree-models. Recent work showing the abilities of 

probabilistic models [37] merits future work on the monitoring of these and other types 

of prediction models. We considered one strategy to use SPC, while it is not known 

which strategy (e.g. choice of number and size of groups, applied rules, type of chart and 

calculation of upper and lower limits) is the most reliable in our situation. However, our 

sensitivity analysis demonstrated the robustness of our results. Other SPC procedures, 

such as Cumulative Sum Chart (CUSUM), may be considered, but we chose EWMA be-

cause it intuitively appeals to the idea that the immediate past merits more weight than the 

distant one when one monitors change. Although we used a large number of participating 

centers, the generalizability of our findings to other (non-Dutch) ICUs may be limited. 

The lesson learned in this paper however pertains to behavior of prognostic models in 

general. Finally, in some leaves, the number of patients was insufficient to reliably assess 

the stability of the particular leaf.  

A recent series of publications on prognostic models [3] stated that temporal and ex-

ternal validations of prognostic models are lacking in general and that this forms one of 

the main barriers for using prognostic models in practice. Our findings show on a large 

real-world dataset obtained from clinical practice the instability and variable predictive 

performance of the tree-model in terms of accuracy. This implies that the tree cannot be 

reliably used over time for benchmarking purposes and underlines the importance of con-

tinuous temporal validation. 

However for the purpose of the identification of high-risk subgroups at least two sub-

groups of the three pre-identified subgroups could be used. Identification of high-risk 

subgroups might be useful for selecting patients in clinical trials’ arms or for comparing 

the size of these groups in case mix among ICUs. Tree-models have the advantage that 

these subgroups are explicitly defined by patient characteristics rather than solely by se-

verity of illness scores, thus making the communication about prognosis more transpar-

ent. 

This study also shows the added value of time series analyses in providing insights in 

‘‘concept drifts’’, i.e. the changes in the underlying data distribution [8,10]. We found in-

stabilities in the proportion of patients falling in almost half of the leaves and in their out-

comes. Many of these changes can probably be explained by changes over time in either 

healthcare policies or medical technologies (e.g. admittance policy to the ICU, medication 

prescriptions, and surgical procedures in older age). At least the SPC approach can allow 

for informed discussions about changes over time. Instead of lumping up a long period of 

time in one category, by using SPC one is able to scrutinize patterns in performance be-

havior. 

This can also be used to help inspect the ‘‘shelf-life’’ of a model due to concept drift 

and identify the need for model recalibration or redevelopment [38,39]. Two general ap-

proaches may be followed to identify the need for recalibration. In the ‘‘reactive ap-

proach’’ one may check whether model performance is stable for the new data before 

applying the model (e.g. for quality assessment). If model performance is stable, one can 

continue using the original model, but if it is unstable the model should be recalibrated on 

the old data before its application for the new data. In contrast, the ‘‘pro-active approach’’ 

implies monitoring warning signs of performance over time. For example one may rely on 

variants of the common rules of instability of the general run-chart [27] by e.g. inspecting 

the number of points trending up or down, or the number of points at the same side of 
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the center line. In general, p-values associated with the EWMA points will not be exact 

(as their values are correlated), but the general strategy to re-calibrate in the face of such 

warnings is valid. 

Future research should address questions regarding (a) how different types of predic-

tion models (e.g. parametric probabilistic models) will fare when monitored over the 

course of time; (b) what would be the optimal strategy of using SPC for tracking a prog-

nostic model’s performance over time (i.e. number of points, type of chart and calculation 

of upper and lower limits); (c) how to decide when a prognostic model has reached its 

expiry date and needs to be recalibrated; and (d) what is the best approach for recalibrat-

ing models (including the amount of data required for recalibration, weighting of recent 

and older data, and level of recalibration). 

 

Conclusions 

Our findings show that tree-models can show different contemporaneous patters of be-

havior: they can have stable discrimination, instable accuracy and stable high risk means in 

high risk subgroups. This means that the adequacy of the models depends on their in-

tended use. The instable accuracy indicates insufficient ability to react to a changed envi-

ronment (e.g. changes in patient case mix). We stress the importance of validating a (tree-) 

model in new, independent data sets, preferably over the course of time. Statistical pro-

cess control appeared useful for this purpose, as one is able to scrutinize patterns in per-

formance behavior and concept drift, and thereby identify the need for model recalibra-

tion or redevelopment. Tree leaves provide a natural unit for close inspection, and we 

hence advocate assessing performance behavior, and incidence of subgroup membership, 

at the leaves over time, which may provide useful insights in concept drifts. 

 

Appendices 

Appendix 5.1 – Classification-tree model of the Rooij et. al (2007) (available online) 

Appendix 5.2 – Stability of the tree-model’s leaves (available online) 
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Abstract 

Objectives: The ratio of observed to expected mortality (standardized mortality ratio, SMR), 

is a key indicator of quality of care. We use PreControl Charts to investigate SMR behav-

iour over time of an existing tree-model for predicting mortality in intensive care units 

(ICUs) and its implications for hospital ranking. We compare the results to those of a lo-

gistic regression model. 

Methods: We calculated SMRs of 30 equally-sized consecutive subsets from a total of 

12,143 ICU patients aged 80 years or older and plotted them on a PreControl Chart. We 

calculated individual hospital SMRs in 2009, with and without repeated recalibration of 

the models on earlier data. 

Results: The overall SMR of the tree-model was stable over time, in contrast to logistic 

regression. Both models were stable after repeated recalibration. The overall SMR of the 

tree on the whole validation set was statistically significantly different (SMR 1.00 ± 0.012 

vs. 0.94 ± 0.01) and worse in performance than the logistic regression model (AUC 0.76 

± 0.005 vs. 0.79 ± 0.004; Brier score 0.17 ± 0.012 vs. 0.16 ± 0.010).The individual SMRs’ 

range in 2009 was 0.53–1.31 for the tree and 0.64–1.27 for logistic regression. The pro-

portion of individual hospitals with SMR >1, hinting at poor quality of care, reduced 

from 38% to 29% after recalibration for the tree, and increased from 15% to 35% for 

logistic regression. 

Conclusions: Although the tree-model has seemingly a longer shelf life than the logistic 

regression model, its SMR may be less useful for quality of care assessment as it insuffi-

ciently responds to changes in the population over time. 

 

Introduction 

The standardized mortality ratio (SMR) is a key indicator in quality of care assessment 

programs [1, 2] enabling risk-adjusted comparison of hospitals [3]. The SMR is the ratio 

of the observed number of deaths to the (case mix-adjusted) predicted number of deaths 

[4]. There are two uses of the SMR. The first pertains to calculating the global SMR of the 

whole group of patients from all units, while the second pertains to calculating the indi-

vidual SMR of each unit. 

The global SMR provides a measure of calibration of the underlying prognostic model 

(i.e. the model used to obtain the predicted number of deaths). For a well-calibrated mod-

el the global SMR is expected to be 1 regardless of the dataset for which prediction is per-

formed. To illustrate, models developed using logistic regression will always result in SMR 

= 1 on the developmental dataset itself, but not necessarily on other validation sets. This 

global SMR will tend to be closer to 1 in the immediately prospectively collected valida-

tion sets than those collected later in time. When time elapses, the SMR can be influenced 

by changes over time in both the quality of care delivered and in patient mix. Values devi-

ating from 1 indicate poorer global calibration. If a model corrects perfectly for patient 

mix, however, a change in the population without a change in the quality of care should 

still result in a global SMR of 1. In this case, a global SMR ≠ 1 would indicate a change in 

quality of care. 

The individual SMR is used to regularly rank the units among themselves against the 

reference standard (i.e. the global SMR) [5]. In this setting SMR = 1 indicates that the de-

livered quality of care of that unit is equivalent to the expected quality of care of the 

“standard unit”; SMR >1 indicates poorer than expected quality of care, and SMR <1 
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indicates better than expected quality of care. If individual SMRs are calculated on the 

basis of a poorly calibrated model (global SMR ≠ 1) however, they will provide an incor-

rect view of the delivered quality of care. 

Although there is much work on developing and internally validating prognostic mod-

els [6] there is very little work on monitoring SMR behavior and its implications over 

time, especially for non-parametric models. There are several reasons that limit the “shelf-

life” of prognostic models, including population drift and the introduction of new medi-

cal technologies [7]. A stable SMR over time can be indicative of stability of the popula-

tion and environment, or, worse, of the non-responsiveness of the model to changes over 

time. Models are useful if they are sufficiently responsive to changes over time, but they 

should be timely recalibrated to reflect these changes. 

In this paper we use a statistical process control (SPC) method to investigate the SMR 

behavior over time and its implications on ranking hospitals for an already published tree-

model, and compare the results to those obtained by a logistic regression predictive mod-

el. SPC originates from industry, but its graphical and statistical orientation for studying 

variations over time formed our motivation for using it in monitoring SMR behavior and 

analyzing its implication on hospital ranking. 

 

Methods 

In this prospective cohort study, we monitored the SMR of a tree-model over the course 

of time by partitioning the prospective data in 30 time-ordered equally-sized and mutually 

exclusive groups and calculating the global SMR for each group. These SMRs were then 

scrutinized by the SPC-method described below, and then compared to the results based 

on the logistic regression model. The results of the logistic regression model were ob-

tained in the same way as for the tree-model and are described in [8]. All statistical anal-

yses were conducted in the R statistical environment [9]. We tested for statistical signifi-

cant differences between the models by calculating differences in their performance in 

1000 bootstrap samples and checking whether the interval between the 2.5 and 97.5 per-

centiles of the 1000 differences does not include zero. Exact p-values were obtained from 

the bootstrap distribution of the differences centered around their mean. 

 

Model Development and Internal Validation 

In 2007 we developed a classification tree-model to predict mortality risks for Intensive 

Care Unit (ICU) patients aged 80 years and older, and compared its predictive perfor-

mance to that of a logistic regression model [10]. The dataset consisted of 6,867 ICU ad-

missions of 21 ICUs between January 1997 to December 2003, of which two thirds (N = 

4,578) was randomly selected for development and one third (N = 2,289) for internal val-

idation of both models. The patient characteristics are described in [10]. 

The tree-model was built by means of binary recursive partitioning (RPA) using the 

CART algorithm [11]. The tree structure and underlying data variables are shown in Fig-

ure 6.1. The splits in the tree are based on information gain. And the tree was completely 

over-grown to overfit the data. Then the tree was pruned back based on the complexity 

that resulted in the minimum 10 cross-validated error. The cross-validation error will usu-

ally first decrease with tree size, then reach a minimum which is associated with the opti-

mal tree size, but then start increasing again due to overfitting. The package used for RPA 

was Rpart, which is an implementation of CART in the R statistical environment [9]. The 
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performance of the tree-model in the internal validation set in terms of the area under the 

receiver operating characteristic curve (AUC) [12] and Brier score (± standard deviation) 

[13] were 0.77 ± 0.01 and 0.16 ± 0.005, respectively. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6.1. Classification tree-model for predicting mortality in ICU patients aged 80 years and older as reported in 

[6]. 

 

The logistic regression model was obtained by first-level recalibration of the Simplified 

Acute Physiology Score-II (SAPS-II) model on the developmental set. The SAPS-II score 

is the sole covariate in the model and it is based on a set of 12 physiological variables (e.g. 

age, type of admission: scheduled surgical, unscheduled surgical, or medical) and underly-

ing disease variables (i.e. AIDS, metastatic cancer and hematological malignancy) collected 

in the first 24 hours of admission [14]. The SAPS-II score is a commonly used measure of 

severity of illness in the ICU. First-level recalibration refers to fitting a new logistic regres-

sion model using the outcome from the new dataset and the (log odds of the) original 

probabilities as the sole input variable. The recalibrated SAPS-II model (i.e. rSAPS-II) had 

the following linear predictor (LP): –3.623 + 0.073 × SAPS-II – 0.089 × log(SAPS-II + 

1). The probability of death is simply exp(LP)/exp(1 + LP). The performance of rSAPS-

II in the internal validation set in terms of the AUC and Brier score (± standard devia-

tion) were 0.77 ± 0.01 and 0.16 ± 0.01, respectively. 

 

Statistical Process Control 

SPC is a rigorous time series analysis and graphical data presentation (often yielding in-

sights into the data more quickly and in a more understandable way than other statistical 

techniques) that can identify structural changes in a process [15]. Its primary tool, the 

process control chart, is a plot of the data over time with three additional lines; the center 

line (usually the mean) and upper and lower control limits, typically set at ±3 adjusted 
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standard deviations (called sigma) from the mean. When the process has only inherent 

variation then the data points exhibit no special patterns and are within the control limits. 

The process is then said to be “in control” or “stable” as the process is predictable within 

certain limits. Special cause variation, on the other hand, refers to variation caused by a 

structural, external change in the process, such as a change in quality of care. This signi-

fies that the process is no longer stable or predictable and has changed, either for better 

or worse [16]. 

One type of control chart is the PreControl Chart. While the limits of control charts 

are usually data driven, PreControl Charts distinguish themselves from other charts by 

allowing users to pre-specify the limits of multiple zones [17]. As described in [8], we de-

fined these zones by mean ± 2 standard deviations (green/safe zone), 4 standard devia-

tions (yellow/warning zone) and 6 standard deviations (red/critical zone) of the moni-

tored statistic, here the SMR. For each of the 30 consecutive equally-sized subsets of size 

405, we computed the global SMR and its 95% confidence interval based on 1000 boot-

strap samples. Confidence intervals were only shown if the SMR was significantly above 

or below 1.0. The number of groups was chosen to be 30 because it still results in sizable 

groups and long enough series of performance measures to be scrutinized over time. Any 

number between 12 and 36 is acceptable in SPC. As is customary, we considered the pro-

cess unstable when either two consecutive values fell in the yellow zone or one value fell 

in the red zone. To calculate the limits we obtained the bootstrap sampling distribution of 

the SMR in the internal validation set, based on 1000 bootstrap samples of size 405. 

 

Effects of Repeated Recalibration 

Similar to [8] we calculated the individual SMR of each ICU for the last year, 2009, based 

on five recalibrated models, where a model’s predicted probabilities are updated based on 

new data. Specifically, patients in 2009 were assigned to the original tree leaves, but the 

mortality probability in a leaf was calculated as the mean mortality of the patients in that 

leaf for each of the datasets of the following years: 1997–2004, 1997–2005, 1997–2006, 

1997–2007 and 1997–2008. Note that this is equivalent to first level recalibration as the 

structure of the tree is not changed. To explore the effect of repeated recalibration on the 

global SMR, we updated in the same way the probabilities for each time point p in the 30-

point time series on the dataset from 1997 until the period just preceding p. Then the 

model was prospectively evaluated on the dataset at time-point p. 

 

Case Study 

We used prospective data of all 12,143 consecutive admissions of 21 Dutch ICUs of pa-

tients aged 80 years and older between January 2004 and July 2009, which were the same 

ICUs that participated in the developmental study of the tree-model. This is the same 

dataset used for the previously published validation of the rSAPS-II model. Patient char-

acteristics are described in [8]. 

 

Additional Analyses 

We conducted sensitivity analyses in which we changed the number (and hence size) of 

the groups and stratified the analyses for medical and surgical admissions. In addition, we 

compared our models to the logistic regression Acute Physiology And Chronic Health 

Evaluation-II (APACHE-II) model and an alternative classification tree development 
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strategy. The APACHE-II model was recalibrated on the internal validation set in the 

same way as the rSAPS-II model. The alternative tree-model was obtained by pruning the 

tree not based on its minimal 10 cross-validated error, but based on the minimal error 

plus its standard deviation. This results in trees that are smaller in size than the original 

tree. Data of these additional analyses are not shown but addressed below. 

 

Results 

Overall performance of the tree-model on the prospective dataset in terms of the AUC 

(0.76 ± 0.005) and Brier score (0.17 ± 0.012) was statistically significantly worse (p = 

0.0001) than the overall performance of rSAPS-II in this dataset (AUC = 0.79 ± 0.004, 

Brier score = 0.16 ± 0.010). The overall standard mortality ratio (SMR) of the tree-model 

(1.00 ± 0.012) was statistically significantly different (p = 0.0001) than that of rSAPS-II 

(0.94 ± 0.01). Figure 6.2 shows the PreControl Chart of the global SMR based on the 

tree-model.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6.2. SMR of the original tree-model over time in subsets of the temporal validation set (N = 12,143). Each of 

the 30 consecutive time sets consists of 404 or 405 patient records. Means and standard deviations (sd) are based on 

the bootstrap sampling distribution based on 1000 bootstrap samples of the internal validation set (N = 2,289). 

 

Only two non-consecutive points fall in the yellow zone, indicating that the SMR is stable. 

As shown by its 95% confidence interval, the SMR at point 11 was statistically significant-

ly larger than 1. After repeated recalibration of the tree-model, only one point remains in 

the yellow zone of the PreControl Chart. In addition, none of the points are significantly 

higher or lower than 1. Contrary to these findings, the SMR based on the rSAPS-II model 

was instable, although this instability was adequately alleviated by repeated recalibration of 

the model [8]. The SMR of the rSAPS-II model was lower than the SMR based on the 

tree-model in 28 of the 30 time-points (starting at SMR rSAPS-II = 1.01 vs. SMR tree = 

1.05 in the first time-point, and reducing to SMR rSAPS-II = 0.86 vs. SMR tree = 0.96 in 

the last one), and equal in time-points 4 (SMR = 1.00) and 7 (SMR = 1.09). The differ-

ences were statistically significant (p < 0.05) in 12 time-points. The recalibrated 
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APACHE-II model showed the same pattern as the rSAPS-II model (i.e. a run of the last 

8 points below the mean; data not shown). Although the alternative tree-model generally 

had a higher error than the original one, it still remained stable over time (data not 

shown). 

The implications of repeated recalibration can be adequately investigated by assessing 

the effects of recalibration on the SMRs of individual hospitals. The SMR of the tree-

model without any recalibration ranged between 0.64 and 1.27, yielding 8 out of 21 hospi-

tals (38%) in 2009 with SMR >1 (assessed as performing worse than average), and 13 

(62% of hospitals) with SMR < 1 (assessed to deliver better care than average). Compared 

to the tree-model, the SMR of the rSAPS-II model, ranging from 0.53 to 1.31, was smaller 

in 16 out of 21 hospitals (76%). In four cases, the SMR was >1 for the tree-model while 

< 1 for rSAPS-II. After recalibration of the tree-model on data from 1997–2004, 1997–

2005, 1997–2006, 1997–2007 and 1997–2008, the percentage of hospitals with SMR >1 

reduced from 38% to 29% and the percentage with SMR < 1 increased from 62% to 

71%. This is in contrast to the increase (from 15% to 35%) of hospitals with SMR >1 

found for the recalibrated rSAPS-II model [8]. 

 

Discussion 

The standardized mortality ratio (SMR) based on the tree-model showed a stable course 

over time, in contrast to the instability of the SMR found in the logistic regression model. 

Repeated recalibration positively affected the stability of the SMR of both models allow-

ing them to better reflect changes in the patient population and treatment over time. 

The SMRs of the tree-model were, on average, higher than the SMRs of the logistic re-

gression model. This means that the quality of care is considered lower according to the 

tree-model than when employing the logistic regression model. After recalibration, the 

percentage of hospitals with SMR > 1 in 2009 reduced from 38% to 29% for the tree-

model, and increased from 15% to 35% for the logistic regression model. 

Although there are studies describing changes of SMR over time when comparing 

hospitals as a whole [18, 19], to our knowledge there are no other published studies that 

explore the implications on quality of care assessment of SMR behavior over the course 

of time, let alone for nonparametric models like classification trees. The SPC based strat-

egy enables visualization and intuitive monitoring over time. The number of patients in 

the temporal validation set was large, and prospective data collection covered a period of 

six successive years. We conducted sensitivity analysis in which we changed the number 

(and hence size) of the groups and stratified the analyses for medical and surgical admis-

sions. All yielded the same patterns (data not shown). In addition, we compared our mod-

els to another logistic regression model and another tree-model, which also showed the 

same patterns (data not shown). Our study has also limitations, however. First, we used 

data of an elderly ICU population. We believe however that our findings would extrapo-

late to a general adult ICU population. We chose this subpopulation for the following 

reasons: 1) the model was already published [10], and 2) because we have access to the 

data of the entire period (developmental and temporal validation). Second, we did not 

attempt second level recalibration of the models, which implies adapting each item of the 

SAPS-II score and changing the structure of the tree-model. 

Our findings provide important insights in how SMRs based on parametric and non-

parametric models respond to a changing environment (e.g. treatments, new technologies) 
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and case-mix [20 –22]. In our earlier study [8], we found that observed mortality was sta-

ble over time, while there was an increasing trend in the patients’ severity of illness. This 

indicates changes in the patient population and suggests an overall improvement in the 

provided quality of care of the ICUs as a whole. Although the tree-model did not pick up 

on these changes, the SMR of the logistic regression model gradually decreased, and even-

tually unstable (which indicates that the logistic regression model has a shorter “shelf-life” 

[23]). Importantly, the instability of the global SMR of a model is not necessarily bad; it is 

an indication that the model is sensing change and requires recalibration. We believe that 

for comparative audit, where ICUs are compared among each other at a given time-point, 

it is better to use a more sensitive model that needs to be updated frequently, than using a 

more stable model that is unable to timely detect change (such as the global improvement 

in the quality of care over time). Different prognostic models yield different interpreta-

tions of the SMR and the interpretation of the delivered quality of care depends on which 

model is chosen [24].  

The differences between the tree-model and the logistic regression model can be ex-

plained as follows. First, the tree-model uses different thresholds for the included varia-

bles and each of them has only two categories, while the included variables in the logistic 

regression models are continuous or categorical with multiple categories. This may explain 

why it takes the tree-model a longer time to adjust its expected mortality in a changing 

environment (as the probabilities will only alter when the changes in e.g. the physiologic 

parameters are large enough for patients to fall in the “other” category of a split). Second, 

the models are based on a different set of variables (for example, Glasgow Coma Scale is 

used, as such, as the root of the tree-model while it is not explicitly present as a separate 

covariate in the logistic regression model). 

The SPC based strategy proposed in this work provides important insight in SMR be-

havior over time, which is not otherwise obtainable with traditional statistical methods. 

Moreover, PreControl Charts provide a systematic way to distinguish between genuine 

change (e.g. worsening) from inherent noise by using the yellow and red zones and the 

associated inference rules. Although recalibration is strictly necessary when an out of con-

trol situation occurs, we would suggest to use warning signs (e.g. when one point falls 

either in the yellow zone or is significantly above or below 1) to trigger recalibration. 
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Abstract 

Introduction: To systematically review studies evaluating the performance of Sequential Or-

gan Failure Assessment (SOFA)-based models for predicting mortality in patients in the 

intensive care unit (ICU). 

Methods: Medline, EMBASE and other databases were searched for English-language arti-

cles with the major objective of evaluating the prognostic performance of SOFA-based 

models in predicting mortality in surgical and/or medical ICU admissions. The quality of 

each study was assessed based on a quality framework for prognostic models. 

Results: Eighteen articles met all inclusion criteria. The studies differed widely in the 

SOFA derivatives used and in their methods of evaluation. Ten studies reported about 

developing a probabilistic prognostic model, only five of which used an independent vali-

dation data set. The other studies used the SOFA-based score directly to discriminate be-

tween survivors and non-survivors without fitting a probabilistic model. In five of the six 

studies, admission-based models (Acute Physiology and Chronic Health Evaluation 

(APACHE) II/III) were reported to have a slightly better discrimination ability than 

SOFA-based models at admission (the receiver operating characteristic curve (AUC) of 

SOFA-based models ranged between 0.61 and 0.88), and in one study a SOFA model had 

higher AUC than the Simplified Acute Physiology Score (SAPS) II model. Four of these 

studies used the Hosmer-Lemeshow tests for calibration, none of which reported a lack 

of fit for the SOFA models. Models based on sequential SOFA scores were described in 

11 studies including maximum SOFA scores and maximum sum of individual compo-

nents of the SOFA score (AUC range: 0.69 to 0.92) and delta SOFA (AUC range: 0.51 to 

0.83). Studies comparing SOFA with other organ failure scores did not consistently show 

superiority of one scoring system to another. Four studies combined SOFA-based deriva-

tives with admission severity of illness scores, and they all reported on improved predic-

tions for the combination. Quality of studies ranged from 11.5 to 19.5 points on a 20-

point scale. 

Conclusions: Models based on SOFA scores at admission had only slightly worse perfor-

mance than APACHE II/III and were competitive with SAPS II models in predicting 

mortality in patients in the general medical and/or surgical ICU. Models with sequential 

SOFA scores seem to have a comparable performance with other organ failure scores. 

The combination of sequential SOFA derivatives with APACHE II/III and SAPS II 

models clearly improved prognostic performance of either model alone. Due to the het-

erogeneity of the studies, it is impossible to draw general conclusions on the optimal 

mathematical model and optimal derivatives of SOFA scores. Future studies should use a 

standard evaluation methodology with a standard set of outcome measures covering dis-

crimination, calibration and accuracy. 

 

Introduction 

The development of the Sepsis-related Organ Failure Assessment (SOFA) score was an 

attempt to objectively and quantitatively describe the degree of organ dysfunction over 

time and to evaluate morbidity in intensive care unit (ICU) septic patients [1]. Later, when 

it was realised that it could be applied equally well in non-septic patients, the acronym 

'SOFA' was taken to refer to Sequential Organ Failure Assessment [2]. The SOFA scoring 

scheme daily assigns 1 to 4 points to each of the following six organ systems depending 

on the level of dysfunction: respiratory, circulatory, renal, haematology, hepatic and cen-
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tral nervous system. Since its introduction, the SOFA score has also been used for pre-

dicting mortality, although it was not developed for this purpose.  

The aim of this paper was to systematically review, identify research themes and assess 

studies evaluating the prognostic performance of SOFA-based models (including proba-

bilistic models and simple scores) for predicting mortality in adult patients in medical 

and/or surgical ICUs. 

 

Materials and methods 

Search strategy 

Two reviewers independently screened the titles and abstracts of articles obtained by the 

following search procedure. The Scopus database (Jan 1966 to February 2008) was 

searched for research articles and reviews using the following query: (critical OR intensive) 

AND (mortality OR survival) AND (sofa OR "sepsis-related organ failure" OR "sepsis related organ 

failure" OR "sequential organ failure") in title, abstract and keywords. 

Scopus comprises, among others, clinical databases such as Medline and Embase. Only 

English language journal articles were considered. In addition, the references of all includ-

ed articles as well as articles citing them were screened, and authors were approached 

about follow-up studies in progress. Follow-up studies were only included if they had al-

ready been accepted for publication. 

 

Inclusion criteria 

The following inclusion criteria were applied: (1) the study aimed to evaluate a SOFA-

based model (probabilistic or as a score); (2) it assessed the statistical performance of the 

model in terms of accuracy and/or discrimination and/or calibration (studies reporting 

only on odds ratios and/or standardised mortality ratios were excluded); (3) the predicted 

outcome of the study was mortality or survival of the patient; and (4) the patient sample 

was not restricted to a specific diagnosis (e.g. diabetes) but taken from the surgical and/or 

medical adult ICU population. Two reviewers conducted the search and differences were 

resolved by consensus after including a third reviewer. 

 

Quality assessment 

The quality of the included studies was assessed based on an adaptation of a quality as-

sessment framework for systematic reviews of prognostic studies [3] (Appendix 1). This 

framework includes the following six areas of potential study biases: study participation; 

study attrition; measurement of prognostic factors; measurement of and controlling for 

confounding variables; measurement of outcomes; and analysis approach. Two reviewers 

conducted the quality assessment independently from each other and discrepancies were 

resolved by involving the third reviewer. 

 

Missing data 

Authors were contacted by email to complete missing data that were required for charac-

terising the studies. When the authors did not reply or their answer was still unclear, emp-

ty fields were marked with 'Not Reported (NR)'. 
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Prognostic performance measures 

For each included study we describe the reported discrimination of the model (or score) 

and if available the reported calibration and accuracy. Discrimination, usually measured in 

terms of the Area Under the Receiver Operating Characteristic Curve (AUC), refers to a 

model's ability to assign a higher probability to non-survivors than to survivors. The 

AUC, however, gives no indication of how close the predicted probabilities are to the true 

ones (estimated by the observed proportion of death). Calibration refers to this agreement 

between predicted and true probabilities and is most often measured by the Hosmer-

Lemeshow H or C goodness-of-fit statistics (these are based on the chi-squared test). 

These statistics suggest good fit when the associated p values are greater than 0.05, but 

they are strongly influenced by sample size. Accuracy is a measure of the average distance 

(residual) between the observed outcome and its predicted probability for each individual 

patient. A popular accuracy measure is the Brier score, which is the squared mean of the 

residual values. The Brier score is sensitive to both discrimination as well as calibration of 

the predicted probabilities. 

 

Results 

Search results 

Of 200 studies initially identified, 18 met the inclusion criteria and were included in this 

study (Figure 7.1). Inter-observer agreement measured by Kappa was 0.94. 

By scanning the reference lists of included articles and those citing them, seven addi-

tional articles were rendered potentially relevant. Nevertheless, assessment of their ab-

stracts demonstrated that they did not match our inclusion criteria (six studies did not 

provide data on discrimination, calibration or accuracy, and one study did not use SOFA 

to predict mortality). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Search flow chart. N=Number of studies. 

 

Study characteristics 

Table 7.1 shows the characteristics of the included studies. The studies evaluated different 

types of SOFA derivatives (e.g. mean, maximum) and compared them with different 

models and covariates. Six studies combined SOFA with other models or covariates [4-9].  
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Table 7.1. Summary of included studies 

 Study design Population Models Variables Comparison 

 Setting 
(Location)a 

Study 
periodb 

Nc/ICU 
Type/ 
Mortality %e 

Mod-
el/Vali
-
dationf 

SOFA Abstrac-
tionsg 

Othersh Standard 
Modeli 

Mj 

Toma et al 
(2008) [9] 

1 ICU (NL) Jul 98 to 
Aug 05 

2928/Mix/ 
H=24 

LR/Ind Seq of IOF1 SAPS II SAPS II H 

Toma et al 
(2007) [8] 

1 ICU (NL) Jul 98 to 
Aug 05 

6276/Mix/ 
H=11 

LR/Ind Seq of SOFA2 SAPS II SAPS II H 

Ho et al 
(2007) [4] 

1 multidisc 
ICU (AU) 

Jan 05 to 
Dec 05 

1311/Mix/ 
H=14.5 

LR/Ind TMS, Adm, Delta 
(TMS-Adm) 

APACHE II APACHE II H 

Ho et al 
(2007) [11] 

1 multidisc 
ICU (AU) 

Jan 05 to 
Dec 05 

1311/Mix/ 
H=14.5 

No TMS, Adm, Delta 
(TMS-Adm) 

No APACHE II, 
APS, RPH 

H 

Holtfreter et 
al (2006) [12] 

1 ICU (DE) 42 months 933/Mix/ 
H=25/I=23.9 

No Adm No 16 variables, 
APACHE II 

H
/I 

Zygun et al 
(2005) [14] 

3 ICUs (CA) May 00 to 
Apr 01 

1436/Mix/ 
H=35.1/I=27 
 

LR/NR Adm TMS, Mean 
(ICU stay), Delta 
(TMS-Adm), Adm 
(i) 

No MODS H
/I 

Cabré et al 
(2005) [6] 
 

79 ICUs (75 
ES, 4 L-Am) 

Feb 01 to 
Mar 01 

1324/Mix/ 
H=44.6/I=37.3 

LR/NR Min (MODS 
period), Max 
(MODS period), 
5-day trends 

Age No H 

Timsit et al 
(2002) [15] 

6 ICUs (FR) 24 months 1685/Mix/ 
H=30.3/I=22.5 

LR/ 
Ind* 

D1-7, D1-7 (mod) No LODS H 

Pettilä et al 
(2002) [17] 

1 med-surg 
ICU (FI) 

NR 520/Mix/ 
H=30/I=16.5 

No Adm, D5, Max 
(5d), 
Delta (d5-d1), 
TMS 

No APACHE 
III, MODS, 
LODS 

H 

Janssens et al 
(2000) [20] 

1 med ICU 
(DE) 

Nov 97 to 
Feb 98 

303/Med/ 
H=14.5/I=6.3 

LR/NR Adm, TMS, Delta 
(TMS-Adm) 

No No H 

Khwannimit 
(2007) [10] 

1 ICU (TH) Jul 04 to 
Mar 06 

1782/Mix/ 
H=22/I=16.4 

No Adm No MODS, 
SOFA, 
LODS 

I 

Rivera- 
Fernández et 
al 
(2007) [5] 

55 ICUs EU) 2 months 
in 97/98  

6409/Mix/ 
H=20.6/I=13.9 

LR/Ind  Mean (ICU stay), 
Max 
(ICU stay) 

SAPS II, 
diagnosis 
events 

SAPS II I 

Gosling et al 
(2006) [13] 

1 general 
ICU (UK) 

Nov 02 to 
Oct 03 

431/Mix/ 
I=20.9 

No Adm SOFA No APACHE II, 
urine albu-
min and 5 
other factors 

I 

Kajdacsy- 
Balla 
Amaral et al 
(2005) [7] 

40 ICUs (1 
AU, 35 EU, 
1 N-Am, 3 
S-Am) 

1 May 95 
to 31 
May 95 

748 (6 coun-
tries)/Mix/ 
I=21.5 
 

LR/NR Adm, TMS, Delta 
(48 h-Adm), Delta 
(TMS-Adm) 

Different 
parameters 

No I 

Junger et al 
(2002) [18] 

1 operative 
ICU (DE) 

Apr 99 to 
Mar 00 

524/Surg/ 
I=12.4 

No  Max (ICU stay), 
TMS, Delta 
(TMSAdm), 
Adm (mod) 

No No I 

Ferreira et al 
(2001) [19] 

1 med-surg 
ICU (BE) 

Apr 99 to 
Jul 99 

352/Mix/ 
I=23 

No Adm, 48 h, 96 h, 
Delta (48 h-Adm), 
Delta (96 h-Adm), 
Max (ICU stay), 
Mean (ICU stay), 
Total 

No No I 

Moreno et al 
(1999) [21] 

40 ICUs (1 
AU, 35 EU, 
1 N-Am, 
3 S-Am) 

May 95  1449/Mix/ 
H=26/I=22 

LR/NR Adm, TMS, Delta 
(TMS-Adm), Adm 
(i) 

No No I 

Bota et al 
(2002) 
[16] 

1 ICU (BE) Apr to 
Jul99, Oct 
to Nov99, 
Jul to 
Sep00 

949/Mix/ 
U=29.1 

No Adm, 48 h, 96 h, 
Dis, Max (24 h), 
Adm (c), 48 h (c), 
96 h (c), Dis 
(c), Max (c, 24 h) 

No APACHE II, 
MODS 

U 
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a: AU = Australia, BE = Belgium, CA = Canada, DE = Germany, EU = European Union, ES = Spain, FR = 
France, FI = Finland, ICU = Intensive Care Unit, L-Am = Latin-America, med = medical, multidisc = multidiscipli-
nary, N-Am = North-America, NL = The Netherlands, S-Am = South-America, surg = surgical, TH = Thailand, 
UK = United Kingdom. 
b: NR = Not reported. 
c: N = Number of patients. 
d: Med = medical, Mix = Mixed, Surg = surgical. 
e: H = Hospital mortality, I = ICU mortality, U = Unspecified mortality. 
f: Ind. = Independent validation set used (*indicates the use of bootstrapping), LR = Logistic Regression, Model = 
Model type reported, No = No model was used, NR = Not Reported, Valid. = Validation method. 
g: 1 = Sequences of categorised individual components of SOFA (Failure-Non failure), 2 = Sequences of categorised 
SOFA scores (High- 
Medium-Low), 3 = SOFA trend over 5 days (-1 if SOFA is decreased, 0 if SOFA is unchanged, 1 if SOFA is in-
creased), Adm = Admission, c = cardiovascular component of SOFA, cust = customised, Dis = Discharge, Dx = 
Day x (x = day number), i = individual components of SOFA, IOF = individual Organ Failure scores, Max = Max-
imum, mod = modified, seq = sequences, SOFA = Sequential Organ Failure Assessment, TMS = Total Maximum 
SOFA, xd = x days (x = number of days), xh = x hours (x = number of hours). 
h: APACHE = Acute Physiology And Chronic Health Evaluation, SAPS = Simplified Acute Physiology Score. 
i: APACHE = Acute Physiology And Chronic Health Evaluation, APS = Acute Physiology Score, LODS = Logistic 
Organ Dysfunction System, MODS = Multiple Organ Dysfunction Score, RPH = Royal Perth Hospital Intensive 
Care Unit, SAPS = Simplified Acute Physiology Score, SOFA = Sequential Organ Failure Assessment. 
j: H = Hospital mortality, I = ICU mortality, M = Mortality, U = Unspecified mortality. 

 

Seventeen studies (94%) measured the AUC [4-7,9-21], four studies (22%) measured 

the Brier score [4,8,9,11] and six studies (33%) calculated Hosmer-Lemeshow (HL) statis-

tics [4,5,7,11,14,15] (two studies used the C-statistic [4,11], one used the H-statistic [5], 

one used both [7] and the rest [14,15] did not specify which of the two statistics were 

used). 

Studies were not always clear about the kind of model used to evaluate SOFA. Only 10 

studies (56%) reported the use of a logistic regression model [4-9,14,15,20,21]. The mod-

els in these studies were fitted on local developmental data sets. Five of these ten studies 

validated the model on an independent test set [4,5,8,9,15] and five studies did not report 

how the model was validated [6,7,14,20,21]. Hospital mortality was the outcome in 10 

studies [4,6,8,9,11,12,14,15,17,20], ICU mortality in eight studies [5,7,10,13,14,18,19,21] 

and in one study mortality type was unspecified [16]. One study evaluated both ICU and 

hospital mortality [14]. 

 

Missing data 

Study characteristics that were most often missing were: type of patient population (surgi-

cal/medical/mix); type of model (e.g. logistic regression); and whether the model was 

validated on the developmental or independent validation set. Emailing the authors con-

firmed the type of ICU outcome (hospital or ICU mortality) used in one study. 

 

Study quality 

We used four of the six main quality aspects in the framework of Hayden and colleagues 

[3] leaving 'study attrition' (such as loss to follow-up) and 'confounding measurement and 

account' out. The former is irrelevant in our analysis and the latter falls outside the scope 

of this review. The maximum quality score is 20. The results of the quality assessment of 

the included studies are shown in Table 7.2. 
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Table 7.2. Quality score of included studies 

 Study participa-
tion max 8 pts 

Prognostic factor 
max 3 pts 

Outcome meas-
urement max 1 pt 

Analysis  
max 8 pts 

Total score  
max 20 pts 

Toma et al (2008) [9] 8 3 1 7.5 19 

Toma et al (2007) [8] 8 2.5 1 8 19.5 

Khwannimit (2007) [10] 8 1 1 3.5 13.5 

Ho (2007) [4] 8 3 1 7 19 

Ho et al (2007) [11] 8 2 1 5 16 

Rivera-Fernándex et al 
(2007) [5] 

7 1 1 7.5 16.5 

Holtfreter et al (2006) [12] 8 1.5 1 5 15.5 

Gosling et al (2006) [13] 8 1.5 1 4 14.5 

Zygun et al (2005) [14] 8 2 1 5.5 16.5 

Cabré et al (2005) [6] 8 2 1 4 15 

Kajdacsy-Balla Amaral 
et al (2005) [7] 

8 3 1 5 17 

Timsit et al (2002) [15] 8 2.5 1 7.5 19 

Bota et al (2002) [16] 7.5 1 0 3 11.5 

Pettilä et al (2002) [17] 8 1 1 7.5 17.5 

Junger et al (2002) [18] 7 2 1 3 13 

Ferreira et al (2001) [19] 8 2.5 1 3 14.5 

Janssens et al (2000) [20] 8 2 1 3.5 14.5 

Moreno et al (1999) [21] 8 2.5 1 3.5 15 

max = maximum score (criteria for quality assessment are based on a 20 item list [see Additional data file 1]) 

 

Study results 

The cohort size ranged from 303 to 6409 patients. Mean age was 53 to 62 years in com-

plete cohorts and there was a median age of 66 years in one study [15]. The percentage of 

males was 52% to 71%. Hospital mortality ranged from 11% to 45% and ICU mortality 

from 6.3% to 37%. 

Studies were heterogeneous in the way they used SOFA. The major themes identified 

in the evaluation studies were investigating the performance of: single SOFA scores at 

admission or at a fixed time after admission; sequential measurements of SOFA (e.g. 

mean SOFA score); individual components of SOFA (e.g. cardiovascular component); 

combination of SOFA with other covariates; and temporal models using patterns discov-

ered in the SOFA scores. 

 

Performance of single SOFA scores at a fixed time on and after admission 

Eleven studies (61%) evaluated the SOFA score on admission (Table 7.3) [10-17,19-21]. 

In seven studies, SOFA on admission was calculated using the most abnormal values 

from the first 24 hours after admission [10,12,14,16,17,19,20]. Discrimination, measured 

by the AUC, ranged between 0.61 and 0.88. P values of HL-statistics ranged from 0.17 to 

0.8. Four studies (22%) evaluated SOFA on days other than the day of admission [15-

17,19]. In these studies, AUCs ranged between 0.727 and 0.897 and p values of HL-

statistics ranged between 0.09 and 0.27 for days 2 to 7 after admission and at the day of 

ICU discharge. Six studies (33%) compared admission SOFA with traditional admission-

based models [11-13,16,17,20]. The comparison is more meaningful in the first four stud-

ies [11,12,17,20] which, in line with the admission-based models, were developed to pre-

dict hospital mortality. Two of those studies reported that the Acute Physiology And 

Chronic Health Condition (APACHE) II score had better or slightly better discrimination 

than admission SOFA [11-13]. Furthermore, one study found better calibration for the 

APACHE II score [11]. This same study also found that the Simplified Acute Physiology 
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Score (SAPS; defined as the APACHE II score without age and chronic health condi-

tions) had comparable discriminative ability to admission SOFA and better calibration. 

One study reported comparable discrimination (AUC = 0.776 and 0.825 for SOFA and 

APACHE III, respectively) and comparable calibration for SOFA and APACHE III on 

admission [17]. Finally, one study reported that admission SOFA had a higher AUC (0.82) 

than SAPS II (0.77) [20]. In the other two studies that compared admission SOFA with 

traditional admission-based models, the outcome was either ICU mortality [13] or unspec-

ified [16]. In these two studies the APACHE II score was reported to have slightly better 

discrimination than, but in essence comparable with, admission SOFA (0.62 versus 0.61 

[13] and 0.88 versus 0.872 [16]). 

Five studies (28%) compared SOFA with other organ failure scores [10,14-17]. Gener-

ally, no clear differences were found in calibration or discrimination (Table 7.3). 

 

Table 7.3. Performance at admission or a fixed time thereafter 

Admission SOFA AUC BS H/C-statistics Compared AUC BS H/C-statistics M 

Ho et al (2007) [11] 0.791 0.1 C=7.97, p=0.437 APACHEII 
APS 
RPHICU 

0.858 
0.839 
0.822 

0.09 
0.09 
0.09 

 
C=2.9, p=0.890 
C=4.7, p=0.198 

H 
H 
H 

Holtfreter et al (2006) [12] 0.72   APACHEII 0.785   H 

Zygun et al (2005) [14] 0.67  U=8.8, p=0.38 MODS 0.62  U=10.28, p=0.17 H 

Timsit et al (2002) [15] 0.72  U=4.55, p=0.8 LODS 0.726  U=10.4, p=0.16 H 

Pettilä et al (2002) [17] 0.776   APACHEII 
LODS 
MODS 

0.825 
0.805 
0.695 

  H 
H 
H 

Janssens et al (2000) [20] 0.82   SAPSII 0.77   H 

Khwannimit (2007) [10] 0.8786   LODS 
MODS 

0.8802 
0.8606 

  H 
H 

Gosling et al (2006) [13] 0.61   APACHEII 0.62   I 

Zygun et al (2005) [14] 0.67  U=11.66, p=0.17 MODS 0.63  U=14.29, p=0.05 I 

Moreno et al (1999) [21] 0.772       I 

Ferreira et al (2001) [19] 0.79       I 

Bota et al (2002) [16] 0.872   APACHEII 
MODS 

0.88 
0.856 

  U 
U 

Other scoring moments AUC BS H/C-statistics Compared AUC BS H/C-statistics M 

Bota et al (2002) [16] 48 hrs 0.844   MODS 0.834   U 

Ferreira et al (2001) [19] 48 
hrs 

0.78       I 

Bota et al (2002) [16] 96 hrs 0.847   MODS 0.861   U 

Ferreira et al (2001) [19] 96 
hrs 

0.82       I 

Timsit et al (2002) [15] d2 0.742  U=11.1, p=0.2 LODS 0.742   H 

Timsit et al (2002) [15] d3 0.762  U=9.94, p=0.27 LODS 0.762   H 

Timsit et al (2002) [15] d4 0.766  U=10.4, p=0.23 LODS 0.766   H 

Timsit et al (2002) [15] d5 0.746  U=13.6, p=0.09 LODS 0.746   H 

Pettilä et al (2002) [17] d5 0.727   LODS 
MODS 

0.76 
0.744 

  H 

Timsit et al (2002) [15] d6 0.763  U=12.2, p=0.14 LODS 0.763   H 

Timsit et al (2002) [15] d7 0.746   LODS 0.764   H 

Bota et al (2002) [16] final 0.897   MODS 0.869   H 

APACHE = Acute Physiology and Chronic Health Evaluation, APS = Acute Physiology Score (APACHE without 
chronic health and age condition), AUC = Area Under the Receiver Operating Characteristic Curve, BS = Brier 
score, dx = day x, H = Hospital, hrs = hours, I = Intensive care unit, LODS = Logistic Organ Dysfunction System, 
M = Mortality, MODS = Multiple Organ Dysfunction Score, RPHICU = Royal Perth Hospital Intensive Care Unit, 
SAPS = Simplified Acute Physiology Score, SOFA = Sequential Organ Failure Assessment, U = Unspecified (mor-
tality type or H/C statistic). 
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Performance of sequential measurements of SOFA 

Eleven studies (61%) evaluated sequential measurements of SOFA [7,11,14-21]. The de-

rivatives evaluated were: max SOFA (four studies), total max SOFA (seven studies), delta 

SOFA (seven studies), mean SOFA (two studies), total SOFA (one study) and modified 

SOFA (two studies) (Table 7.4). 

 

Table 7.4. Performance for sequential SOFA 

Max SOFA AUC BS H/C-statistics Comp. AUC H/C-statistics M 

Pettilä et al (2002) [17] 5 days 0.792   LODS 
MODS 

0.827 
0.795 

 H 

Junger et al (2002) [18] ICU stay 0.922      I 

Bota et al (2002) [16], 24 hrs period 0.898   MODS 0.9  U 

Ferreira et al (2001) [19], ICU stay 0.9      I 

Total Max SOFA AUC BS H/C-statistics Comp. AUC H/C-statistics M 

Ho et al (2007) [11] ICU stay 0.829 0.1 C=7.4, p=0.496    H 

Zygun et al (2005) [14] ICU stay 0.7  U=9.2, p=0.33 MODS 0.65 U=8.07, p=0.43 H 

Pettilä et al (2002) [17] ICU stay 0.816   LODS 
MODS 

0.839 
0.817 

 H 

Janssens et al (2000) [20] ICU stay 0.86      H 

Zygun et al (2005) [14] ICU stay 0.69  U=7.30, p=0.50 MODS 0.64 U=9.09, p=0.33 I 

Kajdacsy-Balla Amaral et al (2005) [7] 
ICU stay 

0.84  H: p=0.95, C: 
p=0.54 

   I 

Junger et al (2002) [18] ICU stay 0.921      I 

Moreno et al (1999) [21] ICU stay 0.847      I 

Delta SOFA AUC BS H/C-statistics Comp. AUC H/C-statistics M 

Ho et al (2007) [11] TMS-Adm 0.635 0.12 C=20.2, p=0.001    H 

Zygun et al (2005) [14] TMS-Adm 0.54  U=53.48, p<0.01 MODS 0.55 U=31.2, p<0.01 H 

Pettilä et al (2002) [17] day 5–Adm 0.6   LODS 
MODS 

0.633 
0.653 

 H 

Janssens et al (2000) [20] TMS-Adm 0.62      H 

Zygun et al (2005) [14] TMS-Adm 0.51  U=98.01, p<0.01 MODS 0.52 U=70.52, p<0.01 I 

Junger et al (2002) [18] TMS-Adm 0.828      I 

Moreno et al (1999) [21] TMS-Adm 0.742      I 

Ferreira et al (2001) [19] 48 hrs-Adm 0.69      I 

Ferreira et al (2001) [19] 96 hrs-Adm 0.62      I 

Mean SOFA AUC BS H/C-statistics Comp. AUC H/C-statistics M 

Zygun et al (2005) [14] ICU stay 0.77  U=22.66, p<0.01 MODS 0.74 U=46.13, p<0.01 H 

Zygun et al (2005) [14] ICU stay 0.79  U=28.92, p<0.01 MODS 0.75 U=42.72, p<0.01 I 

Ferreira et al (2001) [19] ICU stay 0.88      I 

Total SOFA AUC BS H/C-statistics Comp. AUC H/C-statistics M 

Ferreira et al (2001) [19] ICU stay 0.85      I 

Modified SOFA AUC BS H/C-statistics Comp. AUC H/C-statistics M 

Timsit et al (2002) [15] Adm 0.729  U=11, p=0.2 LODS 0.733  H 

Timsit et al (2002) [15] day 2 0.752  U=8.3, p=0.4 LODS 0.748  H 

Timsit et al (2002) [15] day 3 0.773  U=11.3, p=0.19 LODS 0.761  H 

Timsit et al (2002) [15] day 4 0.779  U=7.3, p=0.5 LODS 0.76  H 

Timsit et al (2002) [15] day 5 0.763  U=14.4, p=0.07 LODS 0.749  H 

Timsit et al (2002) [15] day 6 0.784  U=11, p=0.17 LODS 0.79  H 

Timsit et al (2002) [15] day 7 0.768  U=6.3, p=0.62 LODS 0.746  H 

Junger et al (2002) [18] Adm 0.799      I 

APACHE = Acute Physiology and Chronic Health Evaluation, APS = Acute Physiology Score, AUC = Area Under the Receiver 
Operating Characteristic Curve, BS = Brier score, comp. = compared to, dx = day x, H = Hospital, hrs = hours, I = Intensive 
care unit, LODS = Logistic Organ Dysfunction System, M = Mortality, MODS = Multiple Organ Dysfunction Score, RPHICU 
= Royal Perth Hospital Intensive Care Unit, SAPS = Simplified Acute Physiology Score, SOFA = Sequential Organ Failure As-
sessment, U = Unspecified (mortality type or H/C statistic). 

 

Total max SOFA was always defined as the sum of the highest scores per individual 

organ system (e.g. cardiovascular) during the entire ICU stay. Max SOFA always referred 

to the highest total SOFA score measured in a prespecified time interval, and mean 

SOFA was always calculated by taking the average of all total SOFA scores in the pre-
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specified time interval. These intervals varied in length, but generally they were equal to 

the complete ICU stay. Definitions of delta SOFA were not consistent. Generally, delta 

SOFA was defined as total max minus admission SOFA [4,7,11,14,18,20,21], but some 

studies used different definitions [7,17,19]. Modified SOFA scores were adapted SOFA 

scores (e.g. by using a surrogate of the Glasgow Coma Scale). 

Best AUCs were found for max SOFA (range = 0.792 to 0.922) and total max SOFA 

(range = 0.69 to 0.921), and the lowest AUC was found for delta SOFA (range = 0.51 to 

0.828). P values of HL-statistics ranged from 0.33 to 0.95 for total max SOFA and were 

all beneath 0.05, indicating poor fit, for delta SOFA and mean SOFA. 

 

Performance of individual components of SOFA 

Four studies (22%) evaluated individual components of SOFA [10,14,16,21] (Table 

7.5). The cardiovascular component performed best in one study [21] and the neurologi-

cal component in another [10], while the hepatic component did worst in both [10,21]. In 

one study [16], the max cardiovascular component had a higher AUC than the other de-

rivatives of the cardiovascular component. 

 

Table 7.5. Performance for individual components of SOFA 

Cardiovascular SOFA AUC Compared to AUC Mortality 

Zygun et al (2005) [14] Adm 0.68 MODS 0.63 Hospital 

Khwannimit (2007) [10] Adm 0.725 LODS 
MODS 

0.772 
0.726 

ICU 

Zygun et al (2005) [14] Adm 0.74 MODS 0.64 ICU 

Moreno et al (1999) [21] Adm 0.802   ICU 

Bota et al (2002) [16] Adm 0.75 MODS 0.694 Unspecified 

Bota et al (2002) [16] 48 hours 0.732 MODS 0.675 Unspecified 

Bota et al (2002) [16] 96 hours 0.739 MODS 0.674 Unspecified 

Bota et al (2002) [16] discharge 0.781 MODS 0.75 Unspecified 

Bota et al (2002) [16] max 0.821 MODS 0.75 Unspecified 

Respiratory SOFA AUC Compared to AUC Mortality 

Khwannimit (2007) [10] Adm 0.725 LODS 
MODS 

0.704 
0.71 

ICU 

Moreno et al (1999) [21] Adm 0.736   ICU 

Hepatic SOFA AUC Compared to AUC Mortality 

Khwannimit (2007) [10] Adm 0.539 LODS 
MODS 

0.563 
0.539 

ICU 

Moreno et al (1999) [21] Adm 0.655   ICU 

Renal SOFA AUC Compared to AUC Mortality 

Khwannimit (2007) [10] Adm 0.678 LODS 
MODS 

0.727 
0.659 

ICU 

Moreno et al (1999) [21] Adm 0.739   ICU 

Neurological SOFA AUC Compared to AUC Mortality 

Khwannimit (2007) [10] Adm 0.84 LODS 
MODS 

0.822 
0.839 

ICU 

Moreno et al (1999) [21] Adm 0.727   ICU 

Coagulation SOFA AUC Compared to AUC Mortality 

Khwannimit (2007) [10] Adm 0.623 LODS 
MODS 

0.59 
0.632 

ICU 

Moreno et al (1999) [21] Adm 0.684   ICU 

Adm = admission, AUC = Area Under the Receiver Operating Characteristic Curve, ICU = Intensive care unit, 
LODS = Logistic Organ Dysfunction System, max = maximum, MODS = Multiple Organ Dysfunction Score, 
SOFA = Sequential Organ Failure Assessment 
 

Studies comparing derivatives of SOFA with similar derivatives of the Logistic Organ 
Dysfunction System (LODS) score and/or the Multiple Organ Dysfunction Score 
(MODS) found good, comparable discrimination, showing a similar pattern of perfor-
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mance of the different derivatives [10,14-17]. In one study, however, all derivatives of the 
cardiovascular component of SOFA did better than that of MODS [16]. 

 

Performance of SOFA combined with other models and/or covariates 

Six studies (33%) evaluated SOFA combined with other models and covariates [[4-7] (Ta-

ble 7.6); [8,9] (Table 7.7)]. 

 

Table 7.6. Performance for combined models 

APACHE II Given by AUC Brier H/C-statistics M 

APACHE II Ho (2007) [4] 0.859 0.09 C=10, p=0.189 H 

APACHE II + Total Max SOFA Ho (2007) [4] 0.875 0.086 C=10.1, p=0.261 H 

APACHE II + Delta SOFA Ho (2007) [4] 0.874 0.086 C=7.5, p=0.485 H 

APACHE II + Admission SOFA Ho (2007) [4] 0.861 0.09 C=9.3, p=0.318 H 

SAPS II Given by AUC Brier H/C-statistics M 

SAPS II Rivera-Fernández et al (2007) [5] 0.8   I 

SAPS II + Diagnosis Rivera-Fernández et al (2007) [5] 0.84   I 

SAPS II + Diagnosis + Events Rivera-Fernández et al (2007) [5] 0.91   I 

SAPS II + Mean SOFA+ Max SOFA 
+ Events 

Rivera-Fernández et al (2007) [5] 0.93   I 

SAPS II + Mean SOFA+ Max SOFA 
+ Events + Diagnosis 

Rivera-Fernández et al (2007) [5] 0.95  H=12.02, p>0.05 I 

Other covariates Given by AUC Brier H/C-statistics M 

Min SOFA + Max SOFA+ SOFA 
trend over 5 days + Age 

Cabré et al (2005) [6] 0.807   H 

Max SOFA > 13 + Min SOFA > 10 
+ Positive SOFA trend + Age > 60 

Cabré et al (2005) [6] 0.750   H 

Max SOFA > 10 + Min SOFA > 10 
+ Positive SOFA trend + Age > 60 

Cabré et al (2005) [6] 0.758   H 

Total Max SOFA Kajdacsy-Balla Amaral et al (2005) [7] 0.841   I 

Total Max SOFA + Infection Kajdacsy-Balla Amaral et al (2005) [7] 0.845   I 

Total Max SOFA + Infection + Age Kajdacsy-Balla Amaral et al (2005) [7] 0.853  C: p=0.37 
H: p=0.73 

I 

APACHE = Acute Physiology and Chronic Health Evaluation, AUC = Area Under the Receiver Operating Charac-
teristic Curve, ICU = Intensive care unit, max = maximum, min = minimum, SAPS = Simplified Acute Physiology 
Score, SOFA = Sequential Organ Failure Assessment. 
 

Table 7.7. Performance for combined models 

  Brier 
SAPS II + SOFA Given by Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 Day 7 

Recalibrated SAPS II Toma et al (2007) [8] 0.059 0.132 0.17 0.18 0.182   

Recalibrated SAPS II Toma et al (2008) [9]  0.175 0.168 0.198 0.199 0.215 0.23 

Temporal SOFA model Toma et al (2007) [8] 0.058 0.128 0.161 0.171 0.166   

Temporal SOFA model Toma et al (2008) [9]  0.168 0.17 0.195 0.183 0.206 0.211 

Temporal wSOFA model Toma et al (2008) [9]  0.166 0.175 0.199 0.19 0.21 0.224 

Temporal IOF model Toma et al (2008) [9]  0.161 0.166 0.187 0.175 0.195 0.216 

  AUC 
SAPS II + SOFA Given by Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 Day 7 

Recalibrated SAPS II Toma et al (2008) [9]  0.761 0.746 0.692 0.66 0.643 0.645 

Temporal SOFA model Toma et al (2008) [9]  0.786 0.780 0.713 0.737 0.690 0.722 

Temporal wSOFA model Toma et al (2008) [9]  0.794 0.771 0.699 0.709 0.672 0.664 

Temporal IOF model Toma et al (2008) [9]  0.794 0.785 0.727 0.740 0.738 0.715 

 

One study compared the APACHE II model alone to APACHE II combined with 

each one of total max SOFA, delta SOFA and admission SOFA [4]. Overall performance 

and discrimination were both improved by the addition of total max SOFA and of the 

delta SOFA, especially in emergency ICU admissions. Three studies compared the SAPS 

II model to the SAPS II model when combined with additional information [5,8,9]. One 

study found that the discriminative ability of SAPS II could be improved by combining it 
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with mean and max SOFA scores, event information and diagnosis information [5]. Two 

studies built temporal SOFA models and are described in the next section [8,9]. 

Two studies combined SOFA with other covariates [6,7]. The first study evaluated dif-

ferent combinations of SOFA derivatives and age [6]. Highest discriminative ability (AUC 

= 0.807) was found with the combination of age, min SOFA, max SOFA and SOFA 

trend (using the categories increased, unchanged and decreased) over five days. The sec-

ond study compared a model based on max SOFA alone with a model including max 

SOFA and infection, and a model including max SOFA, infection and age [7]. The last 

model had very good calibration and discrimination, and outperformed the model based 

on max SOFA alone. 

 

Performance of temporal SOFA models using pattern discovery 

Two studies (11%) by the same research group used pattern discovery to develop tem-

poral models including SAPS II and SOFA data [8,9] (Table 7.7). The first study used a 

data-driven algorithm to discover frequent sequences of SOFA scores, categorised as low, 

medium and high [8]. On all days examined (the first five days) the temporal SAPS II 

model including the frequent SOFA patterns (called episodes) had better accuracy, indi-

cated by lower Brier scores, than the original model. On days 2, 4 and 5 these differences 

were statistically significant. In the second study the same algorithm was used to discover 

frequent patterns of individual organ failure (IOF) scores (categorised as failure or non-

failure) [9] for days 2 to 7. A temporal SAPS II model including the frequent IOF pat-

terns was compared with the original (recalibrated) model, the temporal SAPS II model 

[8] and a temporal SAPS II model including a weighted average of the SOFA scores. Ex-

cept for day 7 the model including frequent IOF patterns performed best in terms of 

both discrimination and accuracy as measured by the AUC and the Brier score [9]. 

 

Discussion 

To our knowledge this is the first systematic review on the use of SOFA-based models to 

predict the risk of mortality in ICU patients. In this review, we show that although the 18 

identified studies all focused on evaluating a SOFA-based score or model in predicting 

mortality they widely differed in the SOFA derivatives used, the time after admission on 

which the prediction was made, the outcome (hospital or ICU mortality), the prognostic 

performance measures considered, the way a study was reported and the way the models 

were validated. This hampers the quantitative comparability of study results. Despite the 

fact that most studies scored well on most methodological quality dimensions, model val-

idation still formed a weak spot: in some studies there was no report on how performance 

measures were obtained and in others there was no independent validation set used. The 

AUC of SOFA-based models was good to very good and did not lag much behind 

APACHE II/III and was competitive with a SAPS II model. When reported, the Hos-

mer-Lemeshow tests did not indicate poor fit (i.e. there were no significant departures 

between the predicted probabilities and the respective observed mortality proportions). 

Models with sequential SOFA seem to have comparable performance with other organ 

failure scores. Combining SOFA-based derivatives with admission severity of illness 

scores clearly improved predictions. 

Among the used SOFA derivatives are the SOFA score on admission, maximum 

SOFA score over the entire ICU stay or the sum of highest SOFA components over ICU 
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stay. Only 10 studies reported on the use of SOFA derivatives as covariates in a logistic 

regression model, the other eight studies did not use models or did not report on such 

use. The score itself, without using a probabilistic model would allow for obtaining an 

AUC representing the likelihood that a non-surviving patient would have a higher SOFA 

score than a patient that would survive. As the SOFA score itself does not give a quantita-

tive estimation of the risk of mortality, calibration and accuracy cannot be assessed for the 

SOFA score itself. Remarkably, only 5 of the 10 studies fitting a logistic regression model 

reported on the use of an independent data set to validate the model. Due to these differ-

ences in the use of SOFA scores and in the methodological approach and quality, results 

of individual studies are very difficult to compare and meta-analyse. 

Most studies evaluated prognosis based on SOFA scores in the first 24 hours after 

ICU admission. Good to excellent discrimination between survivors and non-survivors 

were reported, which did not markedly differ from that of traditional models such as 

APACHE II or SAPS II. This relatively good performance of SOFA is remarkable, given 

the fact that SOFA is based on fewer physiological parameters and that it does not in-

clude information on reason for admission or co-morbidity. On the other hand, infor-

mation on instituted treatments, such as vasopressors and mechanical ventilation, is in-

cluded in SOFA but not in APACHE II or SAPS II. We would like to stress that SAPS 

and APACHE models were developed for predicting hospital mortality, hence when 

comparing SOFA-based models to this family of admission-based models it is more ap-

propriate to use hospital mortality rather than ICU mortality as the outcome. Table 7.1 

shows that this design principle was not always followed. 

It can be expected that adding information on the course of the ICU treatment, as re-

flected by sequential SOFA scores, will improve the accuracy of predicting the likelihood 

of survival. Indeed, studies that evaluated the prognostic value of highest SOFA scores 

during ICU stay found excellent discrimination as reflected in high AUCs. It should be 

stressed, however, that most severe IOF and highest SOFA scores might well be found 

just before death. The clinical relevance of predicting a high likelihood of dying just be-

fore actual death is limited. Interestingly, the one study that evaluated max SOFA over the 

first five days of admission instead of over the entire ICU stay found an AUC of 0.79, 

which was almost the same as the AUC for a single SOFA-score at admission [17]. 

A high delta SOFA indicates increasing organ dysfunction during ICU stay, and was 

expected to be highly predictive of mortality. In contrast, discrimination of survivors 

from non-survivors by delta SOFA alone appeared to be poor. This may be explained by 

the fact that delta SOFA may be relatively low in patients with an already very high SOFA 

score at admission. Furthermore, delta SOFA does not take into account whether organ 

functioning improves after the SOFA score reaches a peak value. 

Combining information of severity of illness at admission and information on the 

course of illness during treatment, in contrast to comparing them, seems promising and 

two strategies have been adopted. In the first strategy a prognostic model at admission 

was combined with a pre-specified SOFA derivative such as delta SOFA or max SOFA. 

Indeed, in our review we found that the studies combining delta SOFA or max SOFA 

with APACHE II or SAPS II reported on better discrimination between survivors and 

non-survivors for the combined models than for either APACHE II or SAPS II alone 

[4,5]. A second strategy is to combine severity of admission scores with data-driven pat-

terns of SOFA or individual organ failure scores (e.g. two days of renal failure accompa-
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nied with recovery of the neurological system) instead of using pre-specified SOFA deriv-

atives. Two studies adopted this strategy and showed that models based on SAPS II and 

temporal patterns outperformed models using the SAPS II score alone but recalibrated 

per day [8,9]. 

 

Conclusion 

Interest in models based on the SOFA score, introduced a decade ago, is increasing in 

recent years. Although the heterogeneity of published studies hampers drawing precise 

conclusions about the optimal derivatives of SOFA scores, the following general conclu-

sions may be drawn. Models based on SOFA scores at admission seem to be competitive 

with severity of illness models limited to the first 24 hours of admission. Performance of 

models based on sequential SOFA scores is comparable with that of other organ failure 

scores. Based on current evidence we advocate the combination of a traditional model 

based on data from the first 24 hours after ICU admission (e.g. APACHE IV) with se-

quential SOFA scores (e.g. max SOFA or a SOFA score pattern over a specified time in-

terval). Such a model should be validated in a large independent dataset. 

 

Appendices 

Appendix 7.1 – Quality assessment framework (available online) 
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Abstract 

Purpose: To evaluate 1) characteristics of daily predictions of hospital survival of nurses 

and physicians in the ICU, and 2) their daily predictive value in terms of discrimination 

and precision. 

Methods: We prospectively collected and validated nurses’ and physicians daily predictions 

of hospital survival of all consecutive patients admitted between January 23rd 2008 and 

June 14th 2010 to a 28-bed multidisciplinary mixed adult ICU of a university hospital in 

Amsterdam.  

Results: The data included 7955 predictions for 2221 patients. Mortality was 17.9%. Inter-

observer agreement by Cohen’s weighted kappa between nurses and physicians was fair to 

moderate (ranged 20.4-56.1%). Mean inter-observer variance of different nurses was 2.22 

categories. Variance over time was higher for physicians (0.69-0.81 categories) than for 

nurses (0.61-0.68 categories). On the day of admission, both nurses and physicians per-

formed statistically significantly better (p<0.05) than SAPS-II in terms of discriminative 

ability (AUC = 0.889 for nurses, 0.882 for physicians and 0.801 for SAPS-II) and preci-

sion (Brier = 0.085 for nurses, 0.082 for physicians and 0.112 for SAPS-II). There were 

no significant differences in performance between nurses and physicians, but their per-

formance gradually decreased over time, although this increased in patients with a mini-

mum stay of 8 days. 

Conclusion: Although nurses and physicians have good predictive ability which is superior 

to the SAPS-II model, they do not always agree and are not always consistent over time. 

Future work should assess the possible role of nurses and objective prognostic models in 

the end-of-life decision-making process. 

 

Introduction  

In the Intensive Care Unit (ICU), clinicians are continuously faced with the difficult task 

of prognosis, which is the part of medical practice physicians feel most insecure about [1,2]. 

Prognosis is the prediction of (the probability of) an event, such as death, before its pos-

sible occurrence [3,4]. Prediction of survival status is important because it influences clini-

cal decision-making including provision of life support, as well as patient preferences to 

undergo or continue intensive life sustaining treatments [5,6]. In fact, patients often prefer 

palliative care aiming at comfort and relief of pain if their chances of survival are very low 

[7,8]. The relevant prognostic question to ICU clinicians is to predict hospital survival 

chances of their patients, which is the probability that a particular patient will eventually 

be discharged alive from the hospital. This means that a patient that was discharged alive 

from the ICU to a hospital ward but died in the ward will be considered as a non-

survivor. Survival until ICU discharge is hence included within hospital survival. 

On the first day of ICU admission, nurses and physicians’ predictions of patient sur-

vival seem to have a good discrimination (between survivors and non-survivors) and 

moderate calibration (between predictions and observed outcomes) [9-22]. There is how-

ever substantial disagreement between different physicians [15]. Their predictions are in-

fluenced by several factors, such as ego bias (i.e. more trust in self than in others), reverse 

ego bias (i.e. less trust in self than in others) and level of experience [13,15-18,21-24], and 

they are hypothesized to be inconsistent [15,19]. The term consistency in this context re-

fers to either 1) consistency between assessments made by different (types of) observers 

of the same phenomenon (inter-observer reliability) or 2) consistency of assessments 
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made by the same (type of) observer at different times of the same phenomenon (test-

retest or intra-observer reliability) [11]. Knowledge in the literature about clinicians’ (nurs-

es and physicians) predictions on hospital survival is however mostly confined to the first 

day of ICU admission. The consistency of their daily predictions of survival and their daily 

predictive performance in terms of discrimination and precision (i.e. calibration) have not 

been investigated yet. Such investigation increases our understanding of clinicians’ prog-

nostic behaviour over time and sheds light on opportunities for improving the decision 

making process. Therefore, the aim of this paper is to evaluate 1) characteristics of daily 

predictions of hospital survival of nurses and physicians in the ICU, and 2) their daily 

predictive value in terms of discrimination and precision. 

 

Materials and Methods 

Data collection 

In this prospective study, our cohort consisted of all consecutive patients admitted be-

tween January 23rd 2008 and June 14th 2010 to a 28-bed multidisciplinary mixed adult ICU 

of a university hospital in Amsterdam. We included only patients for whom both nurse 

and physician predictions were available from their day of admission. We extracted de-

mographics, patient outcomes and data necessary to calculate severity of illness scores 

(e.g. SAPS-II; Simplified Acute Physiology Score-II) from the Dutch National Intensive 

Care Evaluation (NICE) registry [25]. SAPS-II is an integer quantifying the severity of 

illness of the patient based on data collected in the first 24 hours of admission to the ICU. 

 

Intervention 

We developed a software module that elicits clinicians’ estimates of the likelihood of pa-

tient survival until hospital discharge. This module was integrated into the Patient Data 

Management System (PDMS) that is used in the ICU. Triggering of this module was 

seamlessly intertwined in the clinician’s workflow: after entry of the daily routine clinical 

patient data, a self-explaining question popped up automatically in a window on the com-

puter screen for which nurses and physicians could choose between 10 probability cate-

gories: 1) 0-10%; 2) 10-20%; 3) 20-30%; 4) 30-40%; 5) 40-50%; 6) 50-60%; 7) 60-70%; 8) 

70-80%; 9) 80-90%; and 10) 90-100%. Or they could state that they had no idea regarding 

the survival chance of a particular patient. Categories were indicated with red (low surviv-

al probabilities) and green (high survival probabilities) color-scales. Eliciting these survival 

probability categories took typically place between 9 and 12 am, but estimates could be 

changed until midnight (12 pm). We estimated that this set up would result in one physi-

cian and three nurses’ predictions of a patient’s hospital survival every 24 hours. Our in-

stitutional medical ethical committee waived the need for informed consent from individ-

ual patients, as no patients are subjected to additional actions.  

 

Clinicians 

Our ICU employs 120 nurses, 10 intensive care attendings, 8 fellows and approximately 

14 residents whom all participated in this study. Critical care attendings are medical spe-

cialists (e.g. anaesthesiologists, internists or cardiologists) who have completed an addi-

tional intensive care specialization of 2 years. Fellows and residents have completed at 

least 2 years of post-MD training. Fellows are in training for an intensive care specializa-

tion and residents are in training for anaesthesiologist or another specialization. Clinicians 
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were unaware of their colleagues' assessments. They were not trained to estimate survival 

probabilities and did not receive feedback on their estimates. They were blinded for sever-

ity of illness scores, but not for scores on the degree of organ failure. Clinicians were noti-

fied of this study by email and by a single announcement (by EdJ) during their staff meet-

ing.  

 

Statistical analysis 

The statistical analysis was conducted, for all patients and in a subset of patients with a 

minimum stay of eight days, in two steps as described below. Missing predictions of phy-

sicians and nurses were imputed by taking the mean value of the adjacent predictions of 

the previous and next day. When these were not available, the complete patient record 

was excluded. A second reason for patient exclusion was not having at least one predic-

tion from a physician and one from a nurse for the same patient. We analysed the data 

using the statistical environment R version 2.10.1 [34]. For part of the analyses, we con-

ducted subgroup analyses on admission type (planned vs. unplanned), survival status and 

minimum ICU stay of 8 days. The latter is important to get insight into changes over time 

for the same cohort of patients over time (because in general the length of stay varies 

among all patients).   

 

1) Characteristics of daily survival predictions 

The first step in our analysis was to assess general characteristics of daily survival predic-

tions by nurses and physicians, irrespective of the true patient outcome. We started by 

visualizing frequency graphs of the two prediction distributions, of nurses and physicians, 

among survivors and non-survivors. Next, we assessed consistency of physicians’ and 

nurses’ predictions by using the following measures (explained in Table 8.1 and Appendix 

8.1). First, we measured inter-observer reliability between nurses and physicians, and 

among nurses. Inter-observer agreement between nurses and physicians was obtained by 

Cohen’s weighted kappa coefficient [26] for each of the first eight days of prediction. In 

addition, we measured inter-observer variance among nurses. Inter-observer variance 

among physicians cannot be obtained, as only one physician prediction was available on 

each day. Note that higher inter-observer variance means higher agreement and vice ver-

sa. Second, we assessed intra-observer reliability by measuring 1) intra-observer variance 

over time for both nurses and physicians separately, and 2) mean pairwise correlation and 

mean pairwise absolute difference between the predictions of the first eight prediction 

days. Note that variance over time is not necessarily bad or illogical  as the patient’s con-

dition may change. Finally, the overall standard deviation of the predictions (σπ) was used 

as a measure of model sharpness, where larger values indicate a greater level of sharpness 

than small values [27,28]. For example, the standard deviation would be large if predic-

tions fell in either category 1 or 10, while it would be minimal if all predictions fell in the 

same category. 

 

2) Predictive value of daily survival predictions 

The above-mentioned measures are properties of the predictions only. The second step of 

our analysis was to assess the prediction-observation pairs, i.e. assessing the predictive 

value of the daily predictions by comparing them to the actual patient outcome (e.g. death 

or alive at hospital discharge). We measured performance by the Area Under the receiver 



 

 

Table 8.1. Measurements of consistency 

Between observers 

Measure Groups and unit of time Calculation Interpretation 

Inter-observer agree-
ment 

Nurse versus physician 
on a given day d 

Cohen’s Weighted Kappa for day d: 1 – ij(wijOij)/ij(wijEij) 
wij: (Pni - Ppj)/(Nc-1) a 
Pni: prediction by nurse i 
Ppj: prediction by physician j 

Observed agreement Oij = ij((Pni==i & Ppj==j)/Npr) b 

Expected agreement Eij = ij(Pni==i/Npr) * ij(Ppj==j/Npr) 

0% : no more agreement than chance, 
<20%: poor agreement, 20-40%: fair agreement, 
40-60%: moderate agreement, 60-80%: good 
agreement, >80%: very good agreement [35], 
100%: complete agreement 

Inter-observer variance Nurse versus other 
nurses over all days 

1) Vid = Variance of nurse predictions for each patient i (1, …Np) 
for each day d (1, …Nd) c 

2) Vi = Mean Vid for each patient i  
3) IOV = Mean Vi for all patients 

IOV = 0 : predictions are identical 
High value indicates large spread around the mean 

Within an observer group over time d 

Measure Group Calculation Interpretation 

Intra-observer variance 1) Nurse over all days 
2) Physician over all days 

1) Vij = Variance of nurse or physician predictions for each patient 
i (1, …Np) for each observer j (1, …Nd) 
2) Vi = Mean Vij for each patient j 
3) IOV = Mean Vi for all patients 

IOV = 0: predictions are identical 
High value indicates large spread around the mean 

Mean pairwise correla-
tion 

1) Nurse over all days 
2) Physician over all days 

1) Mid = Mean nurse or physician prediction for each patient i (1, 
…N) for each day d (1, …N) 
2) Cdd = Pairwise correlations of Mid between any two days 
3) MPC = Mean of Cdd for all patients 

MPC = 0 : no correlation between different pre-
diction days 
1 : perfect positive correlation 
-1 : perfect negative correlation 

Mean absolute differ-
ence 

1) Nurse over all days 
2) Physician over all days 

1) Mid = Mean nurse or physician prediction for each patient i (1, 
…N) for each day d (1, …N) 
2) Dddi = Pairwise absolute differences in Mid between any two 
days per patient 
3) Ddd = Mean Dddi for all patients 
3) MAD = Mean of Ddd for all days 

MAD = 0 : no differences between different pre-
diction days 
High values indicate large difference (max. differ-
ence is 9 categories) 

a Nc refers to the number of probability categories. For example, if on a given day the nurses selected category 4, while the physicians chose category 6 for the same patient, then the 

weight for this observation is (6-4)/(10-1) = 2/9. 

b Npr refers to the total number of predictions. 

c Np refers to the total number of patients. Nd refers to the number of prediction days. 

d These measures are calculated separately for both groups. 
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operating characteristic Curve (AUC), the Brier score, and positive predictive values 

(PPV) at cut-off points 1, 2 and 3, i.e. the three lowest probability categories (the PPV is 

the percentage of non-survivors among those who were predicted to die).  The AUC is a 

measure of discrimination (i.e. the ability to distinguish survivors from non-survivors) and 

is equivalent to the probability that a randomly selected patient who died had a higher 

predicted risk assigned to him/her than another randomly selected patient who survived. 

An AUC of 0.5 indicates that the model does not predict better than flipping a fair coin. 

An AUC of 1 indicates that the model discriminates perfectly between survivors and non-

survivors. The Brier score contains information on both discrimination as well as preci-

sion [29]. The lower the Brier score the better. We subtracted the Brier score of the phy-

sicians’ predictions from the Brier score of the nurses’ predictions for the same patients 

to measure the pure difference in imprecision between the two [29]. We calculated 1) the 

Brier score of the nurses, BSN, and the Brier score of the physicians BSP, per patient per 

day, 2) the mean of the difference BSN - BSP for each patient, and 3) the mean of the 

means of the total population. Finally, on the day of admission, nurses’ and physicians’ 

predictions were compared to those obtained by an objective mathematical model based 

on a recalibrated SAPS-II model obtained by first-level recalibration. First-level recalibra-

tion refers to fitting a new logistic regression model using the outcome from the new da-

taset and the (log odds of the) original probabilities as the sole input variable. We tested if 

outcome measures were statistically significantly different between nurses and physicians 

by calculating the differences in 1000 bootstrap samples and examined whether their 95% 

confidence interval contains zero. 

 

Results 

Of 4953 patients admitted during our study period, 3837 patients (77.5%) had at least one 

nurse and one physician prediction. After imputation and removal of cases with at least 

two consecutive missing values 2221 patients (57.9%) were included (Figure 8.1). For 

these patients, 7955 prediction days were available (including 4% imputed nurse predic-

tions and 1% imputed physician predictions). Mortality was 17.9%. Patient characteristics 

of included and excluded patients, for either of the two reasons above, are summarized in 

Table 8.2. No significant differences between included and excluded patients were found. 

 

Table 8.2. Patient characteristics. 

 
Validation set (study cohort) Excluded patients due to missing 

values 

N 2,221 2,732 

Age (median [range]) 64 [17-97] 64 [0-111] 

Age (mean +- sd) 61.2 +- 16.2 61.2 +- 16.7 

Male(%) 63.4 63.2 

Died (%) 17.1 16.8 

APACHE II score (mean +- sd) 18 +- 7.1 17.7 +- 7.1 

SAPS II score (mean +- sd) 47.2 +- 16.8 47.0 +- 17.3 

Admission type (%)   

          Medical 41.8 41.8 

          Unplanned surgery 16.3 15.8 

          Planned surgery 41.9 42.4 
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Figure 8.1. Data collection. NPat = number of patients, NNP = Number of nurse predictions, NPP = Number of 

physician predictions, NA1 = missing values in dataset, NA2 = missing records of days (including sofa) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 8.2. Frequency of use (y-axis) of probability categories (x-axis) by nurses and physicians. 

Matched 
NPat = 3837 
NNP = 51796 
NPP = 17679 

 

PP and NP at adm 
NPat = 3787 
NNP = 50335 
NPP = 17055 

 

PP at adm 
NPat = 3812 
NPP = 17348 

 

NP at adm 
NPat = 3807 
NNP = 50705 

 

Missings NP 
NA1 = 0 
NA2 = 63 
No idea = 1942 

 

Missings PP 
NA1= 3737 
NA2 = 3505 
No idea = 124 

 

After imputation 
NPP = 20560 
NA = 3652 

 

No missing values 
NPat = 2221 
NNP = 21837 
NPP = 9181 
 
After taking means 
NNP = 7955 
NPP = 7955 

After imputation 
NNP = 50398 
NA = 66 

 

After removal 
NPP = 9205 
NPat = 2227 

 

After removal 
NNP = 50061 
NPat = 3773 

 

Admitted patients 
NPat = 4953 

Patients with PP 
NPat = 4067 

 

Patients with NP 
NPat = 4723 
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1) Characteristics of daily survival predictions 

Figure 8.2 shows the distribution of probabilities given by nurses and physicians in survi-

vors and non-survivors. For survivors, both nurses and physicians often chose the three 

highest survival probability categories (category 8, 9 or 10 was chosen in approximately 

76% of the survivors). For non-survivors, physicians more often selected the lowest 

probability category (i.e. category 1) than nurses. The probability distribution followed a 

similar pattern in planned admissions (Figure 8.3a). In unplanned admissions (Figure 

8.3b), nurses and physicians selected the lowest probability category for almost half of the 

non-survivors. 

 

 

 

 

 

 

 

 
 

 

 

 

 

Figure 8.3. Frequency of use (y-axis) of probability categories (x-axis) by nurses and physicians. A: Planned admis-

sions. B: Unplanned admissions. 

 

Inter-observer agreement between nurses and physicians ranged from 20.4% in long 

term non-survivors on day 1 to 56.1% in non-survivors on day 2 (Table 8.3). Although 

inter-observer agreement decreased over time in non-survivors (49.7% on day 1 to 42.3% 

on day 8), it increased in survivors (33.7% on day 1 to 37.5% on day 8) and in long term 

patients (29.7% on day 1 to 49.7% on day 8). Mean inter-observer variance of different 

nurses was 2.22 categories. If predictions of different observers would be perfectly con-

sistent, the inter-observer agreement would be 100% and the variance would be 0 (Table 

8.1; Appendix 8.1). 

 

Table 8.3. Kappa agreement between nurses and physicians. 

 Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 Day 7 Day 8 

All 52.6 55.1 54.0 52.7 50.1 49.6 47.3 49.7 

Survivors 33.7 33.4 35.6 35.0 37.2 37.6 32.6 37.5 

Non-survivors 49.7 56.1 54.4 51.4 45.5 45.0 45.0 42.3 

Long term 29.7 37.1 38.1 43.2 38.3 40.7 45.9 49.7 

Long term survivors 29.5 31.9 30.6 37.1 31.0 33.1 35.0 37.5 

Long term non-
survivors 

20.4 35.5 35.6 36.9 36.0 36.5 41.1 42.3 

 

Variance over time was higher for physicians (0.69-0.81 categories) than for nurses 

(0.61-0.68 categories), higher in non-survivors compared to survivors, and higher in pa-

tients with a minimum stay of 8 days compared to the total population (Table 8.4). Mean 
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pairwise correlation of nurse predictions between different days was 0.65; mean pairwise 

absolute difference was 1.5 categories. For physicians the mean pairwise correlation be-

tween different days was 0.62 and the mean absolute difference 1.61 categories (Table 

8.5). The standard deviation, i.e. sharpness of the predictions was 2.6 categories for nurses 

and 2.8 categories for physicians. Although nurses and physicians agreed in most patients 

with very high or very low chances of survival, there were 62 cases (0.01%) in which one 

of them thought the chance of survival was lower than 30%, while the other thought it 

was higher than 70% (Figure 8.4). Overall patterns were the same in planned admissions 

and unplanned admissions, but inter-observer variance and variance over time were gen-

erally lower in planned admissions, while inter-observer agreement was generally higher 

(data not shown).   
 

Table 8.4. Variance of individual observers over time. 

Nurse Day 3 Day 4 Day 5 Day 6 Day 7 Day 8 

All 0.64 0.61 0.62 0.64 0.63 0.61 

Survivors 0.60 0.58 0.60 0.61 0.62 0.59 

Non-survivors 0.75 0.70 0.68 0.69 0.64 0.64 

Long term 0.68 0.64 0.65 0.64 0.63 0.61 

Long term survivors 0.64 0.61 0.61 0.61 0.62 0.59 

Long term non-survivors 0.76 0.71 0.71 0.69 0.64 0.64 

Physician Day 3 Day 4 Day 5 Day 6 Day 7 Day 8 

All 0.71 0.69 0.70 0.72 0.75 0.77 

Survivors 0.77 0.77 0.78 0.70 0.75 0.73 

Non-survivors 0.89 0.76 0.75 0.78 0.76 0.84 

Long term 0.81 0.77 0.77 0.72 0.75 0.77 

Long term survivors 0.65 0.68 0.70 0.70 0.75 0.73 

Long term non-survivors 0.89 0.73 0.70 0.78 0.76 0.84 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 8.4. Estimated survival probabilities by nurses and physicians for survivors (blue) and non-survivors (red). 

The sizes of the circles indicate the number of observations.  
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Table 8.5. Mean pairwise correlation and absolute difference between first 8 days. 

Correlation All Survivors Non-
survivors 

Long 
term 

Long term 
survivors 

Long term non-
survivors 

Nurse 0.65 0.54 0.57 0.61 0.57 0.49 

Physician 0.62 0.53 0.51 0.54 0.46 0.45 

Abs. diff. All Survivors Non-
survivors 

Long 
term 

Long term 
survivors 

Long term non-
survivors 

Nurse  1.5 1.79 1.38 1.52 1.40 1.77 

Physician 1.61 1.92 1.5 1.81 1.72 2.00 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 8.5. Predictive performance (y-axis) at first 8 days of admission (x-axis). A: AUC. B: Brier Score. 

 

2) Predictive value of daily survival predictions 

Figure 8.5 shows the Brier scores and AUCs on the first 8 days of admission. Predictive 

performance gradually decreased during admission showing the same pattern for nurses 
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and physicians for both the Brier score and AUC. There were no statistically significant 

differences in Brier scores and AUCs between nurses and physicians. The combined pre-

dictions of nurses and physicians (by taking their mean) achieved better Brier scores 

(range 0.08-0.15) and AUCs (range 0.84-0.91). These differences were significant (p<0.05) 

for day 1-5 (AUC) and day 1-6 (Brier score) compared to nurses alone, and for day 1-8 

(AUC) an days 1-3, 6 and 7 (Brier score) compared to physicians alone. In patients with a 

minimum stay of 8 days these patterns were however exactly the other way around, show-

ing increasing predictive performance over the course of admission. These patterns were 

the same for planned and unplanned admissions (data not shown). Discriminative ability 

decreased most and increased least for unplanned admissions, especially for nurses. For 

the cut-off point of category 1, the positive predictive values of nurses ranged from 0.75 

(day 8) to 1.0 (days 3 and 7), which means that on day 8, 75% of the patients predicted to 

have a survival probability of at most 10% by nurses actually died. For physicians, this 

range was from 0.78 (days 7 and 8) to 0.95 (day 1). Median positive predictive values for 

nurses at cut-off points 1, 2, and 3, were 0.95, 0.87 and 0.8, respectively. For physicians, 

these were 0.88, 0.82, and 0.76. 

On the day of admission, both nurses and physicians performed statistically significant-

ly better (p<0.05) than the recalibrated SAPS-II model in terms of discriminative ability 

(AUC = 0.889 for nurses, 0.882 for physicians and 0.801 for the recalibrated SAPS-II 

model) and precision (Brier = 0.085 for nurses, 0.082 for physicians and 0.112 for the 

recalibrated SAPS-II model). The mean difference between the physicians’ Brier score 

and the nurses’ Brier score was -0.004 for the total population (-0.006 for survivors and 

0.008 for non-survivors). This means that nurse predictions are slightly closer to the ob-

served mortality risk in non-survivors, while physician predictions are slightly closer to the 

observed risk in survivors and in the total population.  

 

Discussion 

In the Intensive Care, daily survival predictions by nurses and physicians showed the 

same general characteristics, but physicians were more inclined to give very low probabili-

ties of survival in non-survivors than nurses. There is fair to moderate agreement between 

nurses and physicians. Physicians’ predictions were generally less consistent over time (i.e. 

there was more variance) than those of nurses, but they both had more difficulties with 

estimating survival probabilities in non-survivors and in the first couple of days of pa-

tients with a longer ICU stay (≥ 8 days). 

 Physicians and nurses generally had good, comparable predictive ability in terms of 

discrimination and precision, which was statistically significantly better than SAPS-II on 

the day of admission. We obtained similar results when correcting for inter-observer vari-

ation by calculating the Brier score per observer per patient, taking the mean per patient 

and then the mean of the total sample (data not shown). Although predictive ability of 

physicians and nurses in the overall population decreased over time, it in fact improved 

over time for patients with an ICU stay of at least 8 days. The decrease in their predictive 

ability in the overall population was conforming expected as patients with shorter ICU 

stay (which are presumably easier to predict) are already discharged or death. In general, 

the predictive ability of both nurses and physicians on the last eight days before discharge 

improved over days (the closer to the day of discharge the better; data not shown). For 

example, for a patient who stayed at the ICU for 22 days this would be from day 16 to 
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day 22. A possible explanation for the better predictions the closer to patient discharge is 

that predictions are influenced by knowledge about planned intervention decisions. For 

example there is little challenge in predicting the outcome on the day that a decision has 

been made to stop treatment or discharge a patient to the ward. In addition, actions and 

discussions undertaken in preceding days to the decision facilitate making the predictions. 

Additional sensitivity analysis in which we excluded predictions at day of discharge 

showed indeed that clinicians performed slightly worse but confirmed the same patterns 

described above (data not shown). 

To our knowledge this is the first study assessing and comparing characteristics of daily 

predictions of survival in the ICU by nurses and physicians, and their predictive value in 

terms of discrimination, precision and accuracy. We included a large number of patients 

and used various complementary measures to assess different aspects of inter-observer 

reliability, variance over time and predictive performance. We conducted additional sensi-

tivity analyses showing the robustness of our results. Our study has some limitations. Our 

exclusion criterion of observations with at least two consecutive missing values lead to 

discarding a considerable number of patients. We compared the characteristics of exclud-

ed and included patients and found no statistically significant differences. Nurses had 

however slightly worse predictive ability in the group for which physician predictions 

were missing (data not shown). We had insufficient data to compare inexperienced with 

experienced physicians. Our dataset mainly consisted of predictions of less experienced 

physicians (<2 years of experience) and more experienced nurses (+/- 20 years of experi-

ence). Since in general experienced physicians are the ones taking decisions on withhold-

ing or withdrawal of treatment they may perform better than inexperienced ones. We pre-

sume that decisions on withholding or withdrawal of treatment are in general taken as a 

team. Team decisions were not taken into account in our analysis since it is unclear which 

specific team discussed which specific patient. In any case the teams making predictions 

and those making decisions are not necessarily the same. Although we may have used 

some sophisticated statistical techniques that are uneasy to understand, these techniques 

are necessary for a thorough understanding of daily subjective predictions. For example, 

rather than selecting arbitrary cut-off points to calculate sensitivity and specificity, the 

AUC includes all possible cut-off points. In addition, we used techniques that provide 

insight in levels of agreement and consistency (or variance) over time. Finally, we used 10 

probability categories, while more specific predictions might be needed in clinical practice.   

Very few studies assessed daily predictions of survival in the ICU [5,6,30], and these 

did not measure characteristics of daily predictions or predictive performance in terms of 

discrimination, precision and accuracy, and were based on small patient cohorts. Most of 

the studies that validated the inter-observer reliability of survival predictions by nurses 

and/or physicians with different levels of experience were based solely on the day of ad-

mission [6,15-18,23]. These studies generally found the same levels of intra- and inter-

observer variance between groups of different types of clinicians as in our study, but none 

of them assessed inter-observer variance within a group of only nurses. In addition, it was 

shown that clinicians’ prognoses are influenced by several external factors, such as ego 

bias, reverse ego bias and level of experience [13,15-18,21-24]. No studies measured vari-

ance of individual observers over time. 

In general, previous studies validating nurses’ and physicians’ predictions on the day of 

admission also found good, comparable predictive ability [10-21,30], although physicians 
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were more precise [14,21,31]. In our study, nurses did slightly better than physicians, but 

the differences were not statistically significant. Similar to the findings in this study, earlier 

studies found superior predictive ability of physicians over objective mathematical models 

on the day of admission [32], although one study found better precision in the objective 

model [12]. Combining the predictions of different sources (e.g. by taking the mean of 

different clinicians or combining subjective with objective information) however yields 

superior discriminative ability and precision over either source alone 

[5,12,14,17,19,20,23,30,33,34].  

Serious clinical decisions regarding the withdrawal or continuation of intensive medical 

treatment are based on subjective predictions of patient survival. Although physicians and 

nurses have good predictive ability, this study shows that their perceptions of survival 

status are not always consistent over time and there is only fair to moderate agreement 

between them (range inter-observer agreement = 20.4-56.1%). These inconsistencies are 

not necessarily bad, but illustrate the difficulties of prognostication and stress the im-

portance of inter-collegial communication, as “two know more than one” (significant bet-

ter performance was found after combining the predictions from two sources). One 

should carefully think about how to improve the end-of-life decision-making process and 

communication of survival probabilities in the ICU. As nurses have similar predictive 

ability compared to physicians, but may view the patient from a different perspective, 

there may be room for improvement in the communication between nurses and physi-

cians in end-of-life decision-making. In addition, although still very premature, there may 

be a future role for objective prognostic models in supporting inter-collegial communica-

tion and communication with patients and their families. We presented the results of this 

study in our clinical practice to stimulate awareness and self-reflection and used it as a 

starting point for structuring the end-of-life decision-making process. 

Future research should focus on 1) understanding the process of end-of-life decision-

making, inter-collegial communication, and communication with patients and their fami-

lies, 2) identification of areas of improvement, and 3) the possible role of nurses and 4) 

role of objective prognostic information in this decision-making process. 

 

Conclusions 

Although nurses and physicians have good predictive ability which is superior to the 

SAPS-II model, they do not always agree and are not always consistent over time. This is 

not necessarily bad, but illustrates the difficulties of prognostication and stresses the im-

portance of inter-collegial communication. (Experienced) nurses have similar predictive 

ability compared to (less experienced) physicians, but may view the patient from a differ-

ent perspective. Although still very premature, future work should assess the possible role 

of nurses in the end-of-life decision-making process and for objective prognostic models 

in supporting inter-collegial communication and communication with patients and their 

families 

 

Appendices 

Appendix 8.1 – Explanation of measures and their interpretation (available by request) 
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Abstract 

In the Intensive Care Unit, clinicians are continuously faced with the difficult task of 

prognosis, but their predictions of patient survival status may not always be consistent. 

Specifically very little is known about consistency of predictions over time. The aim of 

this paper is to assess the consistency of nurses’ daily predictions of survival in terms of 

inter-observer variance and variance of observers over time. We found a low consistency 

of these predictions between observers and over time, even though changes in the pa-

tients’ condition are considered. Our findings have implications to the process of end-of-

life decision-making, which pertains to withholding or withdrawing intensive care treat-

ment.  

 

Introduction 

In the Intensive Care Unit (ICU), clinicians are continuously faced with the difficult task 

of prognosis. The relevant prognostic question in this setting is to predict hospital survival 

chances of their patients, which is the probability that a particular patient will eventually 

be discharged alive from the hospital. Although prognosis of survival status strongly in-

fluences clinical actions such as provision of life support [1], it is the part of medical prac-

tice clinicians feel most insecure about [2,3]. 

Previous research shows that, on the first day of ICU admission, both nurses and phy-

sicians’ predictions have good discriminative ability (i.e. ability to distinguish between sur-

vivors and non-survivors) [4]. There could however be substantial disagreement between 

different clinicians, even among very experienced ones and their predictions are influ-

enced by several external factors, such as ego bias (i.e. more trust in self than in others), 

reverse ego bias (i.e. less trust in self than in others) and level of experience [5-9]. There-

fore, it is often hypothesized [2,3] that their predictions, or those of humans in general 

[10], are not consistent.  

The term consistency in this context refers to either 1) consistency between different 

observers assessing the same phenomenon (inter-observer reliability) or 2) consistency of 

the same observer assessing the same phenomenon more than once from one time to 

another (test-retest reliability) [11]. Knowledge in this area is however restricted to the 

inter-observer reliability of physicians with different levels of experience and little is 

known on the consistency of nurses’ predictions of survival in the ICU. More important, 

there are no published studies that assess the consistency of daily predictions of survival 

over time, which is closely related to the concept of test-retest reliability, although the 

predictions over time should be expected to change due to change in the condition of the 

patient. The aim of this paper is to assess the consistency of nurses’ daily predictions of 

survival in terms of 1) inter-observer variance and 2) variance of observers over time. 

 

Methods 

In this prospective cohort study we included all consecutive patients admitted between 

March 2009 and June 2010 to a 28-bed multidisciplinary mixed adult ICU of a 1002-bed 

university hospital in Amsterdam. We extracted demographics, patient outcomes and all 

data necessary to calculate severity of illness scores from the Dutch National Intensive 

Care Evaluation (NICE) registry [12], which is officially registered according to the Dutch 

Personal Data Protection Act. 
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In addition, we developed a software module to elicit nurses’ estimates of the likeli-

hood of patient survival until hospital discharge. This module was integrated into the Pa-

tient Data Management System (PDMS) that is used in the ICU. After entry of daily rou-

tine clinical patient data, a self-explaining question popped up automatically in which 

nurses could choose between 10 probability categories (from 1 to 10) or state that they 

had no clue regarding the survival chance of a particular patient. Categories were indicat-

ed with red (low survival probabilities) and green (high survival probabilities) color-scales. 

Eliciting these survival probability categories took typically place between 9.00 and 12.00, 

but estimates could be changed until 0.00. We estimated that this set up would result in 

three nurses’ estimates of a patient’s hospital survival every 24 hours. Our ICU employs 

120 nurses whom were not trained to estimate survival probabilities and did not receive 

feedback. They were notified of this study by email and a single announcement (EdJ) dur-

ing a staff meeting and they are unaware of their colleagues’ assessments. Ethical consent 

for this study was waived by the Institutional Review Board (IRB).  

Data were analysed using the statistical environment R version 2.10.1 [13]. Missing 

predictions were imputed by taking the mean value of the predictions of the previous and 

next day. When these were not available, the complete patient record was excluded. The 

consistency of the predictions was assessed in the following ways. First, inter-rater vari-

ance was measured by calculating 1) the variance Vij per patient i per day j, 2) taking the 

mean value per patient MeanVj of all prediction days, and 3) taking the mean value for all 

patients MeanV. Second, variance over time was obtained by 1) taking for each patient i 

the mean prediction MeanPri per day, e.g. <0.2, 0.6, 0.4>, 2) calculating for each observer 

k the distances between prediction MeanPrik and MeanPri, e.g. when the predictions of ob-

server 1 are <0.3, 0.6, 0.2> then the distances between this observer and MeanPrj are 

<0.1, 0.0, -0.2>, 3) taking the variance Vi of these distances, and 4) taking the mean vari-

ance MeanV for all patients. Third, the inter-rater variance was calculated for each of the 

first 7 days, to assess if there is a correlation between inter-rater variance and the day of 

prediction. These analyses were conducted for the entire patient cohort as well as patients 

with an ICU stay of at least 7 days. The strategy described above is robust for changes in 

the patient’s condition, because the mean of the predictions per day reflect these changes. 

 

Results 

During our study period, 2,629 patients were admitted. The database contained 29,018 

records with nurses’ predictions of survival. 16 (0.0006%) values were missing and in 

1,481 (0.05%) of the cases, nurses recorded that they had no idea regarding a patient’s 

chance of survival. Data of 12 patients (0.005%) could not be completed by imputation 

resulting in the removal of 25 records (0.001%) of these patients. The remaining 28,993 

records of 2,617 patients were included in the analyses. Patient characteristics are shown 

in Table 9.1. Overall severity of illness by the mean Acute Physiology And Chronic 

Health Evaluation-II (APACHE-II) score was 17.3 and 45.9 by the mean Simplified 

Acute Physiology Score-II (SAPS-II) score. The median length of stay was 2 days and 

mortality was 16%. 

The mean inter-rater variance between different nurses was 1.95 for the entire patient 

cohort (which also includes very short stays) and 3.16 for patients with an ICU stay of at 

least 7 days. This means that the spread around the mean prediction of a particular patient 

on a particular day is 1.95 categories and even 3.16 categories for patients with a longer 
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ICU stay. The mean variance over time was 1.52 in the entire cohort and 2.11 in patients 

with an ICU stay of at least 7 days. For the entire cohort, this refers to a mean spread of 

1.52 categories of each observer around the mean predictions of all observers over time. 

 

Table 9.1. Patient characteristics. 

Age (median [range]) 64 [52-74] 

Male (%) 62.6 

Died (%) 16.0 

Length of stay (median [inter-quartile range])  2 [1-4] 

APACHE II score (mean (standard deviation)) 17.3 (6.8) 

SAPS II score (mean (standard deviation)) 45.9 (16.8) 

Admission type (%)  

Medical 40.7 

Unplanned surgery 16.4 

Planned surgery 42.9 

 

Figure 9.1 shows the inter-rater variance for each of the first 7 days of prediction in the 

entire patient cohort. It can be observed that during the first 7 days of ICU stay, inter-

rater variance is closely correlated to the day of prediction (correlation coefficient = 0.93, 

p<0.01). For patients with a minimum stay of 7 days this relation is less clear as it remains 

high at a similar level as the last observation of day 7 (data not shown).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 9.1. Inter-rater variance in entire cohort. 

 

Discussion 

Nurses have a low level of consistency in predicting patient survival status in the ICU. 

The variance between predictions of different nurses (inter-rater variance = 1.95) was 

higher than the variance within observers over time (variance over time = 1.52), especially 

in long term patients (inter-rater variance = 3.16 vs. variance over time = 2.11). Patients 

with a longer ICU stay may be more difficult to assess, resulting in more divergent opin-

ions of different nurses. Indeed, while inter-rater variance was closely related to the day of 

admission in the entire cohort, it was already at about its highest value at the first day of 

admission in patients with a stay of at least 7 days.  
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To the best of our knowledge, this is the first study assessing the consistency of nurses’ 

daily predictions of patient survival status in the ICU. We included a large patient cohort 

for whom three nurse predictions were available at each day of ICU stay with very few 

missing values (0.0006%). The main limitation of this study is that the predictions are not 

always provided by the same nurses, which may bias estimates of inter-observer variance 

and variance of observers over time. We mitigated this bias, however, by first calculating 

variance at patient level before taking the mean of all patients. Note also that, although 

survival status is important, other outcomes (such as functional status) should also be 

considered in the end-of-life decision-making process. 

Previous studies that assessed inter-rater variance in the ICU between physicians and 

nurses or physicians with different levels of experience generally found the same levels of 

intra- and inter-rater variance [5-9,14]. Those studies did not assess inter-rater agreement 

of different nurses, however, and most of them were based solely on the day of admis-

sion.  

Important clinical decisions regarding the withdrawal or continuation of intensive med-

ical treatment are for a major part based on subjective interpretations of patient survival 

status. This study shows however that these subjective predictions of survival status by 

humans are not always consistent. Therefore, one should carefully think about how to 

improve the end-of-life decision-making process and communication of survival probabil-

ities in the ICU. Future research should focus on this improvement and the possible 

(supportive) role of objective mathematical models.  
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Abstract 

Objective: Recently, we devised a method to develop prognostic models incorporating pat-

terns of sequential organ failure to predict the eventual hospital mortality at each day of 

intensive care unit (ICU) stay. In this study, we investigate using a real world setting how 

these models perform compared to physicians, who are exposed to additional information 

than the models. 

Methods: We developed prognostic models for days 2-7 of ICU stay by data-driven discov-

ery of patterns of sequential qualitative organ failure (SOFA) scores and embedding the 

patterns as binary variables in three types of logistic regression models. Type A models 

include the severity of illness score at admission (SAPS-II) and the SOFA patterns. Type 

B models add to these covariates the mean, max and delta (increments) of SOFA scores. 

Type C models include, in addition, the mean, max and delta in expert opinion (i.e. the 

physicians' prediction of mortality). 

Results: Physicians had a statistically significantly better discriminative ability compared to 

the models without subjective information (AUC range over days: 0.78-0.79 vs. 0.71-0.74) 

and comparable accuracy (Brier score range: 0.15-0.18 vs. 0.16-0.18). However when we 

combined both sources of predictions, in Type C models, we arrived at a significantly 

superior discrimination as well as accuracy than the objective and subjective models alone 

(AUC range: 0.80-0.83; Brier score range: 0.13-0.16). 

Conclusion: The models and the physicians draw on complementary information that can 

be best harnessed by combining both prediction sources. Extensive external validation 

and impact studies are imperative to further investigate the ability of the combined model. 

 

Introduction 

In the intensive care unit (ICU), physicians are daily challenged with the complex task of 

prognosis. Prognosis can be defined as the prediction of (the probability of) an event, 

such as death, before its possible occurrence [1,2]. Patient preferences to undergo inten-

sive life sustaining treatments highly depend on their prognosis. In fact, they often prefer 

palliative care aiming at comfort and relief of pain if their chances of survival are very low 

[3,4] and clinicians’ perceptions of survival chances strongly influence provision of life 

support [5]. Survival is usually defined as hospital survival, which is the probability that a 

particular patient will be discharged alive from the ICU or hospital ward after an ICU 

admission. This means that a patient that was discharged alive from the ICU to a hospital 

ward but died in the ward will be considered as a non-survivor. 

Predictions of survival can be obtained either subjectively (e.g. expert opinion) or ob-

jectively (e.g. mathematical models). The main advantage of an objective approach is that 

mathematical models are extremely consistent and able to optimally combine information 

into a global judgment [6]. Commonly used mathematical models for predicting mortality 

in the ICU are the acute physiology and chronic health evaluation (APACHE) I–IV [7] 

model, the simplified acute physiology assessment (SAPS) I–III [8] models, and the mor-

tality prediction model (MPM) I–II [9]. These models are intended to provide the ex-

pected mortality risk for a given patient by adjusting for the patient’s severity of illness at 

admission to the ICU. These models are mainly used in a comparative audit among ICUs: 

the observed mortality in an ICU is compared to the expected mortality in that ICU. In 

comparison to objective predictions, subjective predictions may be inexact or even incon-

sistent [10,11]. There can be substantial disagreement between different clinicians, even if 
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they are both very experienced [12], and prognosis is the part of medical practice they feel 

most insecure about [13]. On the other hand, clinicians are able to incorporate important 

implicit knowledge outside the scope of mathematical models and react quickly to chang-

ing situations [6]. 

Several mathematical models have been compared to clinicians (i.e. expert opinion). In 

general, clinicians seem to have good discriminative ability [12,14–21,11,22,23] that is su-

perior to objective models [24]. Objective models tend however to have better calibration 

[16,17]. Capitalizing on the individual strengths of both subjective and objective predic-

tions by using a combined approach seems to yield superior discrimination and calibration 

over either one alone [16,18,11,22,25,26]. However, the problem of comparing repeated 

predictions for the same patient over time between the two approaches has not been 

studied before, and in fact there is paucity of work on repeated predictions in either ap-

proach (subjective or objective). 

Repeated predictions are important to better individualize the prognosis for a patient 

as more information obtained over time becomes available. For example, the probability 

of survival of patients suffering major complications during their ICU stay will decrease. 

The current admission-based severity-of-illness ICU models are less suitable for individual 

prognosis because they are based on only physiologic data from the first 24 h after ICU 

admission. We recently suggested a method for developing “temporal” prognostic models 

for providing hospital survival predictions at each day of ICU stay [27]. Specifically, we 

showed that the use of specific patterns of sequential data (e.g. the transition from normal 

renal function to renal failure) lead to models that can better discriminate between survi-

vors and non-survivors and are more accurate than the current “static” models [28,29]. 

The aim of this study is to investigate and compare daily prediction in adult ICU pa-

tients based on subjective and objective prognostic information. In particular we investi-

gate the following sources of predictions: (1) expert opinion (daily survival estimates by 

physicians) and (2) three types of temporal models including different levels of objective 

and subjective information. 

 

Methods 

Data collection 

We designed a prospective comparative study in which we included all consecutive pa-

tients admitted between October 2007 and October 2008 to a 28-bed multidisciplinary 

mixed adult ICU of a 1002-bed university hospital in Amsterdam. We extracted de-

mographics, patient outcomes and all data necessary to calculate the severity of illness 

score in the first 24 h (SAPS-II, which ranges between 0 and 163) and the daily organ 

failure scores (SOFA scores, ranging between 0 and 24) from the Dutch national inten-

sive care evaluation (NICE) registry [30]. The value of a SOFA score is the summation of 

6 individual organ system failure scores each ranging from 0 to 4 indicating the degree of 

organ failure of this particular system where 0 indicates normal organ functioning and 4 

indicates complete failure). Every 24 h, physicians’ estimates of the probability of survival 

up to hospital discharge were elicited and recorded in a software module that we devel-

oped and integrated into the patient data management system (PDMS). A PDMS is a 

computerized system that automatically collects and stores vital parameters from the pa-

tient monitor and provides digital patient charts [31]. After completion of routine data 

collection, a question regarding the patient’s probability of survival popped up automati-
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cally in which physicians could choose between 10 probability categories (0–10%, 10–

20%, 20–30%, 30–40%, 40–50%, 50–60%, 60–70%, 70–80%, 80–90% and 90–100%) or 

state that they did not have any clue. Categories were indicated by red (low survival prob-

abilities) and green (high survival probabilities) color-scales. The scoring moment was 

typically between 9 and 12 am, but estimates could be changed until 12 pm. 

 

Physicians 

At the time we started this study, our ICU employed 10 critical care attending physicians, 

8 fellows and approximately 14 residents, all of which participated in the study. Critical 

care attending physicians are specialists (e.g. neurologists or cardiologists) who have com-

pleted an additional intensive care specialization of two years. Fellows and residents have 

completed at least two years of post-MD training. Fellows are in training for the intensive 

care specialization and residents are in training to become anesthesiologists. Physicians 

were unaware of both their colleagues’ assessments and the predictions given by the ob-

jective models. They were not trained to estimate survival probabilities and did not re-

ceive feedback. Physicians were notified of this study by email and by an announcement 

during their staff meeting.  

 

Development of mathematical models 

A model was developed for each day of ICU stay from day 2 to day 7 by the procedure 

described in [28]. This procedure involves two steps: (1) data-driven discovery of tem-

poral patterns of sequential organ failure scores and (2) embedding them in the familiar 

logistic regression model. As in the original work in [28], SOFA scores were categorized 

as low (L) if SOFA є {0, . . ., 6}, medium (M) if SOFA є {7, 8} or high (H) if SOFA є {9, 

. . ., 24} and patterns were aligned to the day of prediction. For example, the pattern M,H 

on day 4 (the day of prediction) means a high SOFA score on day 4 preceded by a medi-

um score on day 3. In our systematic review on SOFA-based models [32], we found two 

promising strategies leading to good performing models (not necessarily for repeated pre-

dictions): the first was our approach based on temporal patterns (described above) and 

the second was the combination of SOFA abstractions with admission scores (e.g. SAPS-

II). Commonly used abstractions of SOFA are its mean, maximum (both from the day of 

admission d0 to day of prediction di), and delta (difference in scores between day di and d0). 

In this study, we developed logistic regression models containing three levels of infor-

mation: Type A models which use SAPS-II and SOFA patterns; Type B models which in 

addition use mean, max and delta SOFA scores; and Type C models which in addition to 

the variables in Type B models also use mean, max and delta of expert predictions (by 

translating the survival predictions, e.g. “60–70%” into a mortality probability, e.g. 0.35). 

These variables were then considered candidates for inclusion as binary covariates (0: the 

patient does not exhibit the pattern, and 1: the patient exhibits the pattern) in the tem-

poral logistic regression models. The Akaike information criterion (AIC) [33] was used to 

select the optimal subset of covariates yielding the best model (i.e. the one with the lowest 

possible AIC). The AIC is defined as −2ln(L) + 2k where L is the maximized likelihood 

of the model and k is the number of free parameters in the model. The AIC trades off 

predictive performance for parsimony by penalizing for the number of variables included 

in the model in order to avoid overfitting [28]. The variable selection procedure iteratively 

eliminates the least predictive covariate (i.e. the one associated with the highest AIC) of a 
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set of considered covariates until the AIC cannot be decreased any further. To develop a 

Type A model, we first only included patterns of length 1. Only those that survived the 

AIC selection procedure were included together with patterns of length 2, etc. To prevent 

collinearity, we did not allow for logically entailed patterns to be selected in the model: we 

sought the model with the lowest AIC that had a subset of variables without logical en-

tailment. For example, consider the three patterns L,H; M,H; and H. The presence of 

either L,H or of M,H entails H. In order to avoid entailment among variables we com-

pare (using the AIC) a model including L,H and M,H without H, with a model including 

H alone. For the Type B models, we selected the model with the lowest AIC from the 

following four models: Type A, Type A + mean SOFA, Type A + max SOFA, Type A + 

delta SOFA. Then we did the same for the Type C models with the Type B models as a 

starting point. The data extraction and model development process is shown in Figure 

10.1. Finally, for comparison reasons, we developed classification trees based on Type C 

information for each day of prediction. We first completely overgrew the tree to overfit 

the data and then pruned back the overgrown tree to its optimal size based on its mini-

mum 10-fold cross-validation error. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 10.1. Data extraction and model development including an example with hypothetical patient data for a 
model at day 3. 
 

 

Statistical analysis 

Discrimination (i.e. the ability of the model to distinguish between survivors from non-

survivors) was measured by the area under the receiver operating characteristic curve 

(AUC). An AUC ranges between 0 and 1 with higher values indicating better discrimina-

tive ability. Although the AUC is dependent on the prevalence of the event in the sample, 

it is common to consider an AUC between 0.6 and 0.7 as poor, between 0.7 and 0.8 as 

fair, between 0.8 and 0.9 as good and above 0.9 as excellent. The Brier score is a measure 

of accuracy, which has both aspects of discrimination and calibration (i.e. the degree of 
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similarity between predicted risks and patients’ actual risks of death). Note that, according 

to the terminology of [34], the term accuracy in this paper refers to the Brier score and 

not the percentage of correctly classified cases as it is sometimes used in machine learn-

ing. The formula of the Brier score is: 

 

 

 

where N is the number of observations, p the predicted probability and o the observed 

outcome (0: survival, 1: non-survival). The larger the Brier score the worse the accuracy. 

Parameter estimates and confidence intervals were obtained by calculating the bootstrap 

sampling distributions of the respective statistics based on 1000 bootstrap samples. Rec-

ords with missing values of SAPS-II were excluded from the analysis, while missing phy-

sicians’ predictions were imputed by taking the value of the previous day or, when not 

available, the mean of all predictions available for the patient involved. Analyses were 

conducted in the R statistical environment.  

 

Results 

Patient characteristics 

The baseline characteristics of the 912 patients admitted during the study period are 

shown in Table 10.1. 3955 physicians’ predictions of survival were registered, and 623 

values (13.6%) were missing. Physicians indicated in 77 cases (1.5%) that they had no idea 

regarding a patient’s chance of survival. There were no missing values in SOFA scores 

and only two missing values in SAPS-II (0.2%). Hospital mortality was 19.2%.  

 

Table 10.1. Patient characteristics. 

 Survivors n=737 Non-survivors n=175 Total population 

Admission type (%) 
Medical 
Urgent 
Planned 

 
34.9 
16.7 
48.4 

 
65.2 
25.1 
9.7 

 
40.7 
18.3 
41.0 

Mean age (SD) (years) 60.3 (16.5) 64.0 (15.4) 61.0 (16.4) 

Male/female (%) 64.3/35.7 56.6/43.4 62.8/37.2 

Median LOS [IQR] (days) 2 [0-5] 3 [1-9] 2 [1-6] 

Mean SAPS-II (SD) 44.0 (15.3) 57.2 (18.8) 46.5 (16.8) 

Mean APACHE-II +/- SD 18.2 (6.7) 24.7 (7.4) 19.5 (7.3) 

Mean SOFA (SD) 7.0 (3.7) 10.1 (4.1) 7.9 (4.0) 

Median # organ failure [IQR] 5 [3-14] 12 [5-33] 6 [3-17] 

Mean expert opinion (SD) (%) 29.5 (24.2) 57.7 (27.7) 37.6 (28.2) 

IQR = inter-quartile range, LOS = length of stay, SAPS = simplified acute physiology score, SD = standard devia-
tion, SOFA = sequential organ failure assessment. 

 

Distributions of SOFA scores and expert opinion 

Figure 10.2 shows histograms of expert opinion (i.e. the physician’s predictions of mortal-

ity) and SOFA scores. Mean ± standard deviation of the SOFA score was 7.87 ± 1.85. 

Mean predicted mortality by physicians was 37.6% (1.96 times the actual mortality). Mean 

standard deviation of expert opinion per patient (over the days) was 13.3%. To assess 

whether expert opinion could reliably identify high-risk patients, all patients with predict-

ed mortality above 90% were obtained yielding 135 patients. Of these 74.8% actually died 

(this is the positive predictive value at 0.9). 
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Figure 10.2. Distribution of expert opinion and SOFA scores. 

 

Mathematical models 

The logits (log odds) of the best temporal models for days 2–6 are summarized in Table 

10.2. For example the best temporal model of Type A on day 4 is described by the fol-

lowing logistic regression model:  

 

 

 

where H means high SOFA score on day 4 (the day of prediction), and L,L means low 

SOFA scores on days 3 and 4. Consider for example the hypothetical patient from Figure 

1, which has a SAPS-II score of 25. If this patient would have a medium SOFA score on 

day 4, the probability of dying according to this model would be:  

 

 

 

as both patterns are absent. If the SOFA pattern was L,L, however, the probability of 

dying would be reduced to: 

 

 

 

Note that Table 10.2 shows no Type B models after day 2 as Type A models had a 

lower AIC than all of the following models: Type A + mean SOFA, Type A + max 

SOFA and Type A + delta SOFA. This means that, after day 2, mean, max and delta 

SOFA had no significant added prognostic value over the SOFA patterns. 
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Table 10.2. Description of the developed logistic regression models. 

Day Model type Model description 

2 Type A model -2.1 + 0.034*SAPSII -1.24*L -0.959*M  
 Type B model -4.22 +0.032*SAPSII + 0.16*mean SOFA 
 Type C model -3.62 + 0.017*SAPSII + 0.44*L + 4.33*mean expert 

3 Type A model -2.0 + 0.026*SAPSII - 1.436*L 
 Type C model -2.5 - 1.28*L + 4.36*mean expert 

4 Type A model -2.06 + 0.022*SAPSII + 0.47*H - 0.95*L,L 
 Type C model -2.9 - 1.24*L,L + 5.09*mean expert 

5 Type A model -1.48 + 0.021*SAPSII - 1.44*L 
 Type C model -2.6 -1.35*L + 4.91*mean expert 

6 Type A model -2.05 + 0.018*SAPSII + 1.17*H – 0.88*L,L,L,L 
 Type C model -3.17 + 0.76*H - 1.25*L,L,L,L + 5.06*mean expert 

7 Type A model -1.03 + 1.49*H -1.02*L,L,L,L,L 
 Type C model -3.26 + 0.91*H - 1.47*L,L,L,L,L + 5.35*mean expert 

SAPS II = simplified acute physiology score-II, L = low (score of 0-7), M = medium (score of 7-8), H = high (score 
of 9-24), expert = expert opinion, i.e. the physician’s predictions of mortality. Note that no type B models are shown 
after day 2 as for these days type A models had a lower AIC than type A + mean SOFA, type A + max SOFA and 
type A + delta SOFA. 

 

Figure 10.3 shows the classification tree that was fit for day 4. Expert opinion abstrac-

tions were always selected as the root of the classification tree (mean on days 2 and days 

5–7, and maximum on days 3 and 4). Mean SOFA was included as one of the variables in 

three of the six tree-models, while SAPS-II (on day 2), the pattern L,L (on day 4) and 

delta expert opinion (on day 6) were included in one of the six tree-models. In our classi-

fication tree presentation moving to the right branch means an increased probability of 

dying compared to the left branch. For example, the tree of day 4 shows that max expert 

opinion of at least 80% and mean SOFA score of at least 6.375 increase the probability of 

dying, while the pattern L,L has a protective effect and decreases this probability. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 10.3. Classification tree for day 4. The candidate variables were the same as for the type C temporal logistic 
regression models. Mxexp = max expert opinion (i.e. predicted probability of mortality by the physician, mnexp = 
mean expert opinion, mnsofa = mean SOFA score (all three from the day of admission until day 4), X2 = pattern 
L,L (i.e. low SOFA score on days 3 and 4). 
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Validation 

Predictive performance of the temporal models and expert opinion is summarized in Fig-

ure 10.4. The AUC of expert opinion ranged from 0.78 (on day 7) to 0.79 (on days 2–6), 

while the Brier score ranged from 0.15 (day 270 2) to 0.18 (days 5–7). Type A/B models 

were comparable to physicians in terms of the Brier score (range: 0.16–0.18), but signifi-

cantly worse in terms of the AUC (range: 0.71–0.74). Type C models had higher (better) 

AUCs (range: 0.80–0.83) than physicians for all days of prediction as well as lower (better) 

Brier scores (range: 0.13–0.16). The differences were statistically significant on day 2 for 

the AUC and on days 2–4 for the Brier score. Type C models were also statistically signif-

icantly better compared to Type A/B models for all days of prediction. The classification 

tree had worse AUCs (range: 0.67–0.79) and Brier scores (range: 0.13–0.17) compared to 

the temporal logistic regression model. The differences were significant for all days except 

for day 6 for the AUC and for days 3 and 5 for the Brier score. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 
 
 
 
 
Figure 10.4. Predictive performance of physicians and temporal models. AUC = Area Under the Receiver Operat-
ing Curve. Note that no predictive performance of type B models is shown after day 2 as for these days type A 
models had a lower AIC than type A + mean SOFA, type A + max SOFA and type A + delta SOFA. 

 

Discussion 

In this study, we compared the performance of physicians and mathematical models in 

predicting mortality in the ICU. Physicians had fair to good discriminative ability (AUC 

range: 0.78–0.79), which was statistically significantly better compared to the mathemati-
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cal models (AUC range: 0.71–0.74). The accuracy of physicians (Brier score range: 0.15–

0.18) was comparable to the accuracy of the mathematical models without subjective in-

formation (Brier score range: 0.16–0.18). Nevertheless, physicians seem to markedly over-

estimate mortality. The mean predicted mortality by physicians (37.6%) was much higher 

than the observed mortality (19.2%) and patients estimated as high risk patients (>0.9 

probability of death) still had a realistic chance to survive (25.2%). Mathematical models 

were significantly improved by adding subjective information (AUC range 0.80–0.83 and 

Brier score range: 0.13–0.16), which made them superior to physicians. 

Remarkably, for most prediction days no models were found that included abstractions 

of the SOFA score. This shows that the SOFA patterns have superior predictive value 

than the SOFA abstractions. The combined model only included the SAPS-II score on 

day 2, while it was included in the other model types until day 6. Similarly, the tree-model 

included the SAPS-II score only on day 2. Apparently, the SAPS-II score looses its pre-

dictive value with increasing ICU stay days as it only contains information pertaining to 

the first day of admission. This explanation is confirmed by the increasingly reduced value 

of the SAPS-II coefficient over days. As expected, the expert opinion coefficient in the 

combined models is positive, whereas SOFA patterns that only include the “low” catego-

ry have a negative coefficient (indicating that these patterns have a protecting effect in 

respect to mortality). No other patterns have been selected. These other patterns may 

either have low frequency in the dataset or low additive predictive value. In recursive par-

titioning, expert opinion was always chosen as the root of the classification tree. The high 

coefficients of expert opinion in the logistic regression models also confirm that this may 

be the most important predictor of mortality. This can be partly explained as physicians 

are the ones who are responsible for making end-of-life decisions. Of note, only one tree-

model used a SOFA pattern. Compared to the tree-models, the logistic regression models 

had however superior predictive performance in terms of both accuracy and discrimina-

tion. It is likely that once the tree had made use of the most predictive variables it was left 

with relatively too little data to render the SOFA patterns as significant. 

To our knowledge the present pilot study is unique, and the first in comparing models 

with daily predictions of physicians. The idea of models with repeated predictions is rela-

tively new, and these models have not been combined with subjective information before, 

at least not in the ICU. Other strengths of this study are the use of bootstrapping tech-

niques to correct for optimistic estimates of predictive performance because of similarities 

in the training and testing datasets, the AIC based incremental variable selection and the 

comparison of the techniques of logistic regression and recursive partitioning. Weakness-

es of this study include the use of a relatively small dataset and the fact that different phy-

sicians provided estimates for the same patients. 

Other studies scrutinizing expert opinion on a daily basis either validated the most re-

cent prediction only [25] or did not provide direct measures of predictive performance, 

such as the AUC or error rates [5,35]. In general, other studies validating predictive ability 

of physicians also found fair to good discrimination [12,14–21,11,22,23] and superior pre-

dictive performance of a combined approach of subjective and objective information 

[16,18,11,22,25,26]. 

We found that the mathematical models can be significantly improved by the inclusion 

of subjective information. These models can provide some patient groups with infor-

mation about (non-)survival probabilities, and can be potentially useful to support indi-
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vidual decision-making. Although some of these patients will have very high probabilities 

to die and may prefer palliative care, the models might also help physicians not to with-

draw therapy. As physicians tend to overestimate mortality, the models might be able to 

prevent unjustified decisions leading to withdrawal of treatment in patients who would 

otherwise have a good chance to survive. Although one may argue that a patient would 

benefit more from an accurate prediction on the day of admission, than on the day before 

his or her non-survival, it is often hard to say at an early stage which patients will survive 

ICU admission. Only patients that may benefit from ICU admission are admitted, but it is 

likely that their chances for survival during admission will change as their condition will 

change for either better or worse. Indeed we found in this study that SAPS-II may loose 

its predictive value with increasing ICU days of stay. Our models provide additional in-

formation on the patient’s probability of survival during ICU admission that may be used 

in addition to the admission model. Moreover, an advantage of including expert opinion 

in the final prognosis is that it may lead to higher acceptance of the models by physicians 

and patients or their families. Before they can make their way into clinical practice, how-

ever, extensive external validation and studies on their impact on clinical decisions and 

patient outcomes are imperative [36]. 

Future research needs to focus on questions about how to optimize these temporal 

models, the potential value of including nurses’ predictions of mortality, their external 

validity, their acceptability by clinicians and their potential impact on clinical decisions and 

patient outcomes. Note also that in our study the AUC and Brier scores were generally 

better on the first days of admission, but that the patients in later days form subsets of 

those in earlier days because on each day some patients leave the ICU (they are either dis-

charged alive or die). Investigating the behavior of the AUC and Brier scores over time 

for the same patient group merits future research. 

 

Conclusion 

Mathematical models have fair but worse discrimination than physicians, but better cali-

bration. They can be significantly improved by the inclusion of subjective information. 

This may lead to higher acceptance of the models by physicians and patients or their 

families to support individual decision-making in patient groups with very high risk of 

dying. Before they can make their way into clinical practice, however, extensive external 

validation and studies on their impact on clinical decisions and patient outcomes are im-

perative [36]. 
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The aim of this PhD dissertation was to better understand 1) characteristics of current 

prognostic models of mortality and/or survival in elderly (ICU; intensive care unit) pa-

tients, 2) the implications for their use over time in benchmarking, and 3) the role they 

can play in supporting decision-making for individual patients. In this final chapter, we 

will discuss the main findings of each of these three parts. 

 

Part 1: Characteristics of prognostic models for elderly (ICU) patients 

 

Main findings 

We systematically reviewed literature on prognostic models of mortality and/or survival 

in elderly (ICU) patients. The majority of the 103 included studies in chapter 2 were con-

cerned with the development of a new model (68%). Model validation was less often at-

tempted. The models are rarely validated by others in an elderly subgroup, even the more 

common models developed some 20 years ago (e.g. the Charlson Index, Deyo Score, 

Simplified Acute Physiology Score [SAPS-II] and Acute Physiology And Chronic Health 

Evaluation  [APACHE-II]). The clinical value of the models was not considered in most 

of the studies, while their reported (potential) use most frequently included support of 

individual clinical decisions (the actual intended use of the model was often not reported). 

Finally, we did not encounter any studies evaluating the model’s impact in practice, e.g. on 

individual patient decisions. Although the 7 studies described in chapter 3 scored relative-

ly well on methodological quality and model performance can be considered reasonable 

(Area Under the Curve [AUC] range = 0.71-0.88; positive predictive value [PPV] range = 

0.68-0.92, using cut-off points ranging from 0.5 to 0.8; p<0.05 in 4 of 6 cases by Hosmer-

Lemeshow statistics), most studies did not use a set of performance measures specifically 

corresponding to the model’s intended use and multiple aspects of model performance 

(e.g. discrimination and calibration). We found caveats for the 17 described ICU models 

in the following elements that boost clinical credibility: the inclusion of the known clini-

cally relevant variables, avoiding use of arbitrary thresholds for categorizing continuous 

variables, avoiding subjective data collection and reporting the range of probabilities pro-

vided by models. 

 

General discussion 

We believe that objective information regarding survival probabilities may have additional 

value in supporting individual treatment decisions. Concerns regarding withholding ther-

apy and end-of-life decisions are especially relevant in elderly patients who may prefer 

comfort-focused end-of-life care when chances of survival are low. There are ongoing 

(national) discussions regarding the question whether “a patient is still allowed to die”. 

Physicians are trained to save lives and with the current technologies available in 

healthcare an increasing number of lives can be saved or extended. The population is age-

ing and the costs of healthcare are rising, but many elderly patients just wish to “die in 

peace”. Objective probabilities of survival may support physicians, patients and their fam-

ilies in making informed decisions about the continuation of intensive care treatment. 

Likewise, by providing reliable prognostic information, models may also aid in deciding to 

continue treatment in patients with relatively high likelihood of survival.  

Our findings indicate however that the use of prognostic models in clinical practice is 

still very premature, as their clinical credibility is low and evidence for their external validi-



General discussion 

 

 127 

ty is scarce, which are prerequisites for building trust and acceptance [1,2]. The focus is 

too much on model development rather than their applicability in clinical practice. We 

believe that clinical credibility should be considered from the first stage of model devel-

opment by: 1) including clinically relevant variables, such as data on functional and cogni-

tive status for elderly patients [3] and information about patients during their entire stay, 

2) avoiding the use of arbitrary thresholds and subjective data collection, and 3) develop-

ing models which provide a wide range of probabilities. Moreover, the model’s intended 

use should be considered and the appropriate performance measures should be used. Fi-

nally, there is a need for external validation studies, preferably by independent researchers 

in a different research setting. 

 

Part 2: Role of prognostic models in benchmarking 

 

Main findings 

We monitored the performance of a parametric (logistic regression) model and a non-

parametric (classification tree) model in a prospective dataset of 12,143 consecutive ad-

missions of 21 Dutch ICUs of patients aged 80 years and older. We found that observed 

mortality was stable over time in this population, while there was an increasing trend in 

the patients’ severity of illness. The logistic regression model (chapter 4) was based on the 

SAPS-II score. Model coefficients were recalibrated on earlier data of our study popula-

tion. While its performance was stable in terms of discriminative ability (AUC) and accu-

racy (Brier score), it was not stable in terms of calibration. This was revealed by a gradual 

decrease in the Standardized Mortality Ratio (SMR), which is the observed number of 

deaths divided by the predicted number of deaths. Repeated recalibration rendered the 

SMR stable again. The classification tree (chapter 5), which was developed on the same 

data set as used for recalibration of the SAPS-II model, had a stable AUC and an unstable 

Brier score. The observed mortality was lower than predicted, but the tree-model was still 

able to identify subgroups of patients with high risk of mortality. The proportions of pa-

tients assigned to the tree’s end-nodes (which contain subgroups of patients with similar 

characteristics) were not stable. The tree-model had a stable SMR (chapter 6).  

 

General discussion 

The increasing trend in severity of illness and the unstable proportions of patients as-

signed to the tree’s end-nodes are both indications for changes in the patient population 

(i.e. case-mix). The decrease of the overall SMR indicates that the SAPS-II model is out-

dated and overestimates mortality. This generates an overly optimistic view of the deliv-

ered quality of care when benchmarking across adult ICUs, which is a common use of the 

SAPS-II model. The SMR of the tree-model was stable, suggesting the tree-model has a 

longer shelf-life [4] than the logistic regression model. We believe however that instability 

in the global SMR of a model is not necessarily bad. Whereas the logistic regression mod-

el is sensitive to change and requires recalibration, the tree-model is less sensitive. Due to 

its binary nature, probabilities will only alter when changes are large enough for patients 

to fall in the “other” category. We believe that it is better to use a more sensitive model 

that needs to be updated frequently, than using a more stable model that takes a longer 

time to adjust its expected mortality in a changing environment.  
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We advise for the continuous monitoring of risk models and subsequent recalibration 

when an overall recalibration is observed to be worsening. Statistical process control is a 

valuable tool that can visualize performance behaviour over time. Although the simplest 

form of recalibration rendered our model stable again, sometimes more rigorous tech-

niques may be required [5, 6]. In relation to the previous part, this continuous monitoring 

might also enhance clinical credibility and evidence for temporal (and external) validity. 

One may have more trust in a model when there is evidence that the model is up to date 

and still valid.  

 

The increasing trend in severity of illness together with stable mortality suggests an overall 

improvement in the provided quality of care of the ICUs as a whole. This coincides with 

our earlier statement that healthcare technologies are improving and an increasing num-

ber of lives can be saved.  We also found an increasing proportion of elderly patients 

(>80 years) in the ICU population which can either be a consequence of the ageing of the 

Dutch population or a change in admission policy due to an increased number of availa-

ble beds. The SMR might be biased by changes in admission policy [7]. For example, un-

der-resourced ICUs might choose to only admit patients that fail to respond to treatment 

(i.e. lead time bias). Although non-responders have greater mortality risk compared to 

responders, the underlying physiological parameters may be equal in both groups. This 

means that under-resourced ICUs may be disadvantaged when compared to over-

resourced ones, while this does not necessarily imply poor care. 

 

Part 3: Role of prognostic models in individual decision-making 

 

Main findings 

We systematically reviewed literature on SOFA-based prognostic models of mortality 

and/or survival and found that the SOFA score is competitive with admission models 

such as SAPS-II and APACHE-II while being based on less physiologic parameters 

(chapter 7). Models combining information of severity of illness at admission and infor-

mation on the course of illness during treatment achieved better performance. Two strat-

egies to incorporate SOFA in the logistic regression model were shown to be effective: 1) 

SOFA derivatives (e.g. maximum SOFA score) and 2) frequent sequential patterns of 

SOFA (e.g. a low score on day 2 followed by a high score on day 3). Temporal models 

based on these two strategies were competitive with physicians, although they had worse 

discrimination (chapter 10). The models significantly improved by including subjective 

information, which made their predictions superior to physicians’ predictions alone. In 

chapters 8 and 9, we found that, although nurses and physicians have good, comparable 

predictive ability, they do not always agree and their predictions are inconsistent.  

 

General discussion 

Earlier research on expert opinion on the first day of admission also found good discrimina-

tive ability [8-19], superior to the present admission models [20], and reasonable calibra-

tion [10,11]. In the comparison of mathematical models and physicians, physicians may 

have an unfair advantage over the models as they make decisions regarding treatment pol-

icy. A considerable concern of introducing mathematical models in clinical practice is that 

of the self-fulfilling prophecy. If the model predicts death and the physician operates ac-
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cordingly, the patient will die for sure, unless saved by a medical wonder. This will raise 

difficulties for validation as the model will be correct for all non-survivors. Although this 

problem should not be underestimated, the self-fulfilling prophecy is already manifest in 

the behaviour of human actors (i.e. physicians).  

In line with our findings, a combined approach led to better discrimination and calibra-

tion over either source alone [12, 15, 21-22]. The advantage of a combined approach is 

that (besides enhancing acceptability) it uses the strengths of both individual sources. 

While clinicians have important implicit knowledge outside the scope of mathematical 

models and can react more quickly to changing situations, mathematical models are ex-

tremely consistent and able to optimally combine information into a global judgment [23]. 

On the contrary, clinicians’ perceptions of mortality risks are hypothesized to be inexact 

or even inconsistent [24, 25], which was confirmed in chapters 8 and 9. We believe that 

these inconsistencies are not necessarily bad, but stress the importance of inter-collegial 

communication between nurses and physicians and the potential role for mathematical 

models in supporting informed decisions. We believe there is a need for a better under-

standing of (how to improve) the end-of-life decision-making process and the possible 

role of nurses and mathematical models. There is paucity in research on the impact and 

acceptance of different forms of (objective) prognostic information in clinical practice. In 

addition, it might be valuable to develop models that predict other clinically relevant out-

comes such as quality of life after treatment. 

We are aware of two studies showing that objective assessments of patient outcomes 

are able to alter patient management. One study reported an increased use of 13% of 

specified aspects of intensive care (e.g. mechanical ventilation, intubation, intracranial 

pressure monitoring) in patients predicted to have a good outcome, but a 39% reduction 

in the use of these same aspects in patients predicted to have the worst outcome [26]. 

However, overall outcomes, such as mortality and length of stay, were not shown to be 

affected. In another study, nurses provided with forecasts of decision outcomes perceived 

this as helpful information to support families and increase their comfort in making 

treatment decisions when these families where the controlling party [27]. Although this 

information was only used if it was consistent with the nurse’s own opinion, they were 

inclined to advocate for more aggressive treatments when the forecasts confirmed that a 

patient’s probability of dying was low and less aggressive treatment when the forecasts 

confirmed this probability was high. 

Another use of objective information regarding a patient’s prognosis at the individual 

level is to inform patients and families about survival chances. To our knowledge there 

are no studies asking patients and their families if they desire to receive this kind of in-

formation. Although families often do not receive this information [28] and doubt the 

physician’s ability to predict medical futility [29-31], they do value physician-family discus-

sions [29]. Providing objective and/or subjective prognostic information to patients and 

their families may improve their empowerment in end of life decision-making. It is im-

portant to note, however, that families and caregivers may wrongly estimate patient pref-

erences towards care provision. For example, they both underestimate the desire of older 

patients for aggressive care [32], while caregivers making surrogate decisions based on 

considerations of treatment outcomes do not always effectively represent patient prefer-

ences [33].  
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In summary, future work should focus on the development of clinically useful models 

and emphasize 1) their clinical credibility (e.g. by selecting clinically relevant variables and 

providing predictions that are useful in clinical practice), 2) (external) validity and 3) clini-

cal effectiveness (e.g. impact on clinical decisions and patient outcomes). Models should 

be continuously monitored over the course of time and updated when their calibration is 

seen to be worsening. Future studies should investigate the optimal strategy (e.g. number 

of groups, type of chart) for temporal validation. Finally, more research is needed on how 

to improve the end-of-life decision-making process and the possible role of objective 

mathematical models in this process. 
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Summary 

In the Intensive Care Unit (ICU), one faces the difficult task of predicting whether a pa-

tient will survive intensive care treatment or not. Two important uses of mortality predic-

tion in the intensive care are benchmarking and informing decisions about individual patients. 

Several mathematical models have been devised to predict mortality in the ICU, but not 

much is known about their comparison to clinicians and their role in clinical practice. 

This PhD dissertation consists of three parts aiming to better understand 1) characteris-

tics of current prognostic models in the ICU, 2) the implications for their use over time in 

benchmarking, and 3) the role they can play in supporting decision-making for individual 

patients. 

 

Part 1: Characteristics of prognostic models for elderly (ICU) patients 

Elderly patients form a particularly interesting target group in which concerns regarding 

withholding therapy and end-of-life decisions are common, and comfort-focused end-of-

life care may be preferred when chances of survival are low. Mathematical prognostic 

models of mortality may have the potential to inform clinical decisions of individual pa-

tients. No previous literature review addressed however (the validity and use of) prognos-

tic models of mortality and/or survival in this population. We aimed to identify and char-

acterize prognostic models of mortality or survival for elderly (ICU) patients, their validity 

and their use in clinical practice. 

Chapter 2 describes the results of a systematic review of literature on prognostic mod-

els of mortality and/or survival, their (internal and external) validity and whether they can 

be used in clinical practice. We included 103 studies reporting on 192 models. The in-

tended use of these models was often not reported, but the general potential use most 

frequently included support of individual clinical decisions. Variables that could have spe-

cific clinical relevance in an older subgroup include data on functional and cognitive sta-

tus [19] but these were included in only 32% of the models. The majority of the studies 

were concerned with the development of a new prognostic model (68%). The degree of 

model validation was moderate and others rarely used them. Even more common models 

developed some 20 years ago (e.g. the Charlson Index, Deyo Score, SAPS-II and 

APACHE-II) have not been frequently validated in an older subgroup. 

Chapter 3 contains a more detailed description of the 17 ICU models reported in 7 of 

the included studies in chapter 2. We assessed the methodological quality, clinical credibil-

ity and external validity of these models. Although methodological quality was generally 

good, we found caveats in the following elements of clinical credibility: inclusion of clini-

cally relevant variables, avoiding use of arbitrary thresholds for categorizing continuous 

variables, avoiding subjective data collection and reporting the range of probabilities pro-

vided by models. The models were rarely cited nor validated by others and no studies 

were found on their impact in clinical practice.  

   

Part 2: Role of prognostic models in benchmarking 

In benchmarking, one compares the quality of care among different centres (ICUs) by 

using a predictive model as reference. Specifically, one compares the observed to the pre-

dicted mortality in each centre by calculating Standardized Mortality Ratios (SMR; i.e. ob-

served mortality divided by predicted mortality). This results in a ranking of the centres 

based on their SMR, which is considered as an indication of their delivered quality of care. 
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The validity of these rankings is dependent on the assumption that the applied prediction 

model is accurate. We hypothesized that model performance decreases over time due to 

changes over time in the patient population (e.g. different prevalence of diseases) and the 

arrival of new technologies in healthcare. This will outdate the model which will no longer 

fit the data well. Therefore we need to understand model behaviour over time, its effect 

on ICU rankings, and whether continuous updating of models over time can alleviate this 

problem. We aimed to gain a better understanding of the behaviour of prognostic model 

performance over time and the effect of this behaviour on quality of care assessment.  

We monitored model performance of a logistic regression model and a binary classifi-

cation tree in a prospective dataset of 12,143 consecutive admissions of 21 Dutch ICUs 

of patients aged 80 years and older. The logistic regression model is a parametric model in 

which the form of the relationship between predictors and outcome is pre-specified and 

the tree-model is a non-parametric model with little assumptions about this relationship. 

We used a technique called Statistical Process Control, which combine rigorous time se-

ries analysis and graphical data presentation to identify structural changes in a process. In 

our case, the “process” indicates model performance. 

In chapter 4, we monitored the performance of a recalibrated SAPS-II model. Model 

performance was stable in terms of discriminative ability (AUC; Area Under the Curve) 

and accuracy (Brier score), but we observed a gradual deterioration of model calibration 

as measured by the SMR. Repeated recalibration of the model rendered the SMR stable 

again. After repeated recalibration the proportion of hospitals with SMR>1 (indicating 

worse quality of care than expected) and SMR<1 (indicating better quality of care than 

expected) changed from 15% versus 85% to 35% versus 65%. This means that quality of 

care was overestimated in part of the hospitals by using an outdated model. 

In chapter 5, we monitored the performance of a classification tree. The tree-model 

was stable over time in terms of discriminative ability (AUC), but unstable in terms of 

accuracy (Brier score). Although the observed mortality was lower than predicted, the 

tree-model was still able to identify subgroups of patients with high risk of mortality. The 

proportions of patients assigned to the tree’s leaves (which contain subgroups of patients 

with similar characteristics) were not stable, however. In chapter 6, we monitored the 

SMR of the tree-model over time and compared it to that of the SAPS-II model. In con-

trary to the SMR of the SAPS-II model, the SMR of the tree-model was stable over time. 

Although this illustrates that the tree-model is less sensitive to changes in the patient 

population, it may be preferable to use a model that does pick up these changes, such that 

the model can be recalibrated when necessary.  

  

Part 3: Role of prognostic models in individual decision-making 

Prognostic models may have the potential to improve individual decision-making, but 

there is still considerable resistance against their use in clinical practice [23,24]. Trust is 

built by evidence about their clinical credibility, external validity (especially for their use in 

individual patients) [25] and clinical effectiveness. Clinical credibility may be enhanced by 

the incorporation of clinically relevant variables, such as daily degree of organ failure (ra-

ther than admission data only). Not much is known about models that provide a predic-

tion on each day of stay and how they compare to clinicians. We aimed to gain a better 

understanding of clinicians’ subjective predictions, individual mathematical predictions, 

and how they compare to each other. 
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In chapter 7, we systematically reviewed literature on SOFA-based prognostic models 

of mortality and/or survival. We found that the SOFA score is competitive with admis-

sion models such as SAPS-II and APACHE-II while based on less physiologic parame-

ters. Models combining information of severity of illness at admission and information on 

the course of illness during treatment achieved better performance. Two strategies were 

used to incorporate SOFA in the logistic regression model: 1) SOFA derivatives (e.g. 

maximum SOFA score) and 2) frequent sequential patterns of SOFA (e.g. a low score on 

day 2 followed by a high score on day 3).   

Chapter 8 and chapter 9 describe the results of a prospective analysis of (patterns in) 

clinicians’ daily subjective predictions of survival probabilities in the ICU (i.e. expert opin-

ion) and their predictive value. Although we found that nurses and physicians have good 

predictive ability, which is superior to the SAPS-II model, they do not always agree and 

are not always consistent over time. In chapter 10, we compared the validity of physi-

cians’ predictions (i.e. expert opinion) to three types of temporal models based on the two 

strategies found in chapter 7: SAPS-II + SOFA patterns; SAPS-II + SOFA patterns + 

SOFA derivatives; SAPS-II + SOFA patterns + SOFA derivatives + expert opinion. The 

mathematical models without subjective information (i.e. expert opinion) had fair but 

worse discrimination than physicians, but better calibration. The models significantly im-

proved by including subjective information and the combination of subjective and objec-

tive information was superior to either one alone. 

 

Conclusion 

The use of mathematical models for individual clinical decision-making is still very prema-

ture as their clinical credibility is low and evidence for their external validity is scarce. 

Both require much more consideration to enhance model acceptance both by physicians 

as by patients and carers in the nearby future.  

Model calibration decreases over time due to changes in healthcare and patient popula-

tions. The use of outdated models for benchmarking generates inaccurate views of the 

delivered quality of care. Our findings signify the importance of continuous monitoring of 

risk models and subsequent recalibration at least when overall calibration is observed to 

be worsening. Statistical process control is a useful technique to enable the visualization 

of performance behaviour over time. Future work should address the required frequency 

for recalibrating models, various approaches for recalibration, and ways to determine the 

extent of influence that older observations should exert when recalibrating models in a 

dynamically changing environment.  

Temporal models providing a prediction of mortality at each day of ICU stay may po-

tentially be useful for support of individual clinical decisions. SOFA-based models have 

significant predictive value and are competitive with physicians, especially when combined 

with subjective information. Physicians have an unfair advantage over the models, how-

ever, as their views influence the final decisions they make. Nurses and physicians have 

good, comparable predictive ability, but their predictions are not consistent and they do 

not always agree about a patient’s prognosis. This is not necessarily bad, but stresses the 

importance of inter-collegial communication. More research is needed on how to improve 

the end-of-life decision-making process and the possible role of objective mathematical 

models. 
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Samenvatting 

Op de intensive care (IC) is het van belang om te voorspellen wat de kans is dat patiënten 

intensieve behandeling al dan niet overleven. Twee belangrijke doelen om mortaliteit op 

de IC te voorspellen zijn benchmarking en het informeren van beslissingen over individuele pati-

enten. Verschillende wiskundige modellen zijn ontwikkeld om mortaliteit op de IC te 

voorspellen, maar weinig is bekend over hoe hun voorspellingen vergelijken met de op-

vattingen van clinici en hun rol in de klinische praktijk. Deze dissertatie bestaat uit drie 

delen en is opgezet met als doel een beter inzicht te krijgen in 1) de karakteristieken van 

de huidige prognostische modellen voor de intensive care, 2) de gevolgen van hun gebruik 

over tijd in benchmarking, en 3) de mogelijke rol die ze kunnen spelen bij het ondersteu-

nen van klinische besluitvorming over individuele patiënten.  

 

Deel 1: Karakteristieken van prognostische modellen voor oudere (IC) patiënten 

Lastige ethische vraagstukken betreffende het stopzetten van (medisch zinloze) behande-

ling en besluitvorming over naderend levenseinde zijn vooral relevant bij oudere IC-

patiënten. Uit onderzoek is bekend dat patiënten met lage overlevingskansen vaak de 

voorkeur geven aan zorg gericht op comfort boven intensieve zorg. Wiskundige prognos-

tische modellen kunnen deze overlevingskansen genereren en hebben de potentie om 

klinische beslissingen van individuele patiënten te informeren. Er bestond echter geen 

systematische review die de literatuur samenvat over (de validiteit en het gebruik van) 

prognostische modellen voor het voorspellen van mortaliteit en/of overleving in deze 

populatie. Ons doel was om bestaande modellen te identificeren en karakteriseren, evenals 

hun validiteit en gebruik in de klinische praktijk.  

Hoofdstuk 2 beschrijft de resultaten van een systematische literatuur review over 

prognostische modellen voor het voorspellen van mortaliteit en/of overleving in oudere 

patiënten, hun (interne en externe) validiteit en of ze geschikt zijn voor gebruik in de kli-

nische praktijk. We includeerden 103 studies die in totaal 192 modellen beschrijven. Het 

uiteindelijke gebruik waarvoor deze modellen bestemd waren, werd vaak niet gerappor-

teerd. Het algemene mogelijk gebruik van de modellen omvatte meestal ondersteuning 

van individuele klinische beslissingen. Slechts 32% van de modellen includeerden variabe-

len die specifieke klinische relevantie kunnen hebben in een oudere subgroep, zoals in-

formatie over functionele en cognitieve status. Het grootste deel van de studies had als 

doel een nieuw prognostisch model te ontwikkelen (68%). De mate van model validatie 

was matig en de modellen werden amper gebruikt door anderen. Zelfs meer bekende mo-

dellen die ongeveer 20 jaar geleden zijn ontwikkeld (zoals de Charlson Index, Deyo Score, 

SAPS-II en APACHE-II) waren niet frequent gevalideerd in een subgroep van oudere 

patiënten.  

Hoofdstuk 3 bevat een meer gedetailleerde beschrijving van de 17 geïncludeerde IC 

modellen waarover gerapporteerd werd in 7 van de geïncludeerde studies in hoofdstuk 2. 

We beoordeelden de methodologische kwaliteit, klinische aannemelijkheid en externe va-

liditeit van deze modellen. De methodologische kwaliteit was over het algemeen goed. We 

vonden echter verbeterpunten voor de volgende elementen met betrekking tot klinische 

aannemelijkheid: inclusie van klinisch relevante variabelen, het vermijden van drempel-

waarden om continue variabelen te categoriseren, het vermijden van subjectieve data ver-

zameling en het rapporteren van de range van voorspellingen dat het model genereert. De 
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modellen werden amper geciteerd door anderen en we vonden geen studies naar hun mo-

gelijke impact in de klinische praktijk.  

   

Deel 2: Rol van prognostische modellen bij benchmarking 

Bij benchmarking wordt de kwaliteit van zorg tussen verschillende centra (ICUs) vergele-

ken door een prognostisch model als referentiemodel te gebruiken. Men berekent in ieder 

centrum de geobserveerde mortaliteit en vergelijkt deze met de voorspelde mortaliteit met 

behulp van de Standardized Mortality Ratio (SMR; ofwel de geobserveerde mortaliteit 

gedeeld door voorspelde mortaliteit). Benchmarking resulteert in een rangorde van de 

anonieme centra gebaseerd op hun SMR, welke wordt beschouwd als een weergave van 

de geleverde kwaliteit van zorg. De validiteit van deze rangorde is afhankelijk van de as-

sumptie dat het toegepaste prognostische model accuraat is. We veronderstelden dat de 

betrouwbaarheid van het model afneemt over tijd vanwege veranderingen in de patiën-

tenpopulatie (zoals verschillen in de prevalentie van ziekten) en de beschikbaarheid van 

nieuwe technologieën in de gezondheidszorg. Dit veroudert het model waardoor er niet 

langer een goede fit zou kunnen zijn met de nieuwe data. Daarom is het noodzakelijk om 

het gedrag van modellen over tijd te begrijpen, te onderzoeken wat voor effect dit heeft 

op de rangorde van ICUs en of het continue herzien van de modellen dit probleem kan 

oplossen. Het doel van dit deel van de dissertatie was om beter inzicht te krijgen in de 

validiteit van prognostische modellen over tijd en de mogelijke effecten hiervan op de 

beoordeling van de kwaliteit van zorg.  

We onderzochten de validiteit van een logistisch regressiemodel en een binaire classifi-

catieboom over tijd in een prospectieve dataset van 12,143 opvolgende opnames van pati-

enten van 80 jaar en ouder afkomstig uit 21 Nederlands intensive care units. Het logisti-

sche regressiemodel is een parametrisch model wat wil zeggen dat de vorm van en relatie 

tussen voorspellende variabelen en de uitkomst van te voren zijn gedefinieerd. De classi-

ficatieboom is een non-parametrisch model met weinig assumpties over deze relatie. We 

gebruikten een techniek genaamd Statistical Process Control. Deze techniek combineert 

rigoreuze tijdseries analyses met grafische datapresentatie om structurele veranderingen in 

het proces te identificeren. Het “proces” duidt in ons geval de validiteit van het model 

aan. 

In hoofdstuk 4 onderzochten we de validiteit van een gerecalibreerd SAPS-II model 

over tijd. Het model was stabiel in termen van discriminatie (AUC; Area Under the Cur-

ve) en accuraatheid (Brier score) al observeerden we een geleidelijke vermindering in ter-

men van calibratie gemeten door middel van de Standardized Mortality Ratio (SMR). 

Herhaalde recalibratie van het model leverde weer een stabiele SMR op. Na herhaalde 

recalibratie veranderde de proporties van ziekenhuizen met SMR>1 (wijzend op slechtere 

kwaliteit van zorg dan verwacht) en SMR<1 (wijzend op betere zorg dan verwacht) van 

15% versus 85% naar 35% versus 65%. Dit betekent dat de kwaliteit van zorg overschat 

werd in een deel van de ziekenhuizen door het gebruik van een verouderd model. 

In hoofdstuk 5 onderzochten we de validiteit van een classificatieboom over tijd. De 

boom was stabiel over tijd in termen van discriminatie (AUC), maar instabiel in termen 

van accuraatheid (Brier score). Hoewel de geobserveerde mortaliteit lager was dan voor-

speld, was de boom nog steeds in staat om subgroepen met hoog risico voor mortaliteit te 

identificeren. Het aantal patiënten dat werd ondergebracht onder de verschillende bla-

deren van de boom (welke subgroepen van patiënten met soortgelijke karakteristieken 
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bevatten) was echter niet stabiel. In hoofdstuk 6 onderzochten we de SMR van de boom 

over tijd en vergeleken deze met die van het SAPS-II model. In tegenstelling tot de SMR 

van het SAPS-II model was de SMR van de boom stabiel over tijd. Al betekent dit dat de 

boom minder gevoelig is voor veranderingen in de patiëntenpopulatie, kan het de voor-

keur hebben een model te gebruiken dat deze veranderingen wel oppikt, zodat het model 

kan worden herzien indien nodig. 

 

Deel 3: Rol van prognostische modellen in individuele besluitvorming 

Prognostische modellen hebben mogelijk de potentie om individuele besluitvorming te 

verbeteren, maar er is nog altijd weerstand tegen hun gebruik in de klinische praktijk. Be-

wijs van klinische aannemelijkheid, externe validiteit (in het bijzonder voor het gebruik in 

individuele patiënten) en klinische effectiviteit vormen de basis voor vertrouwen in de 

modellen. Klinische aannemelijkheid kan versterkt worden door het meenemen van kli-

nisch relevante variabelen, zoals de mate van dagelijks orgaanfalen (in plaats van enkel 

data van de eerste 24 uur van opname op de IC). Er is niet veel bekend over modellen die 

een voorspelling geven op iedere dag van IC opname en hoe ze vergelijken tot clinici. 

Ons doel was om een beter inzicht te krijgen in zowel subjectieve voorspellingen van cli-

nici als individuele wiskundige voorspellingen en hoe deze zich tot elkaar verhouden. 

In hoofdstuk 7 beschrijven we een systematische literatuur review over prognostische 

modellen voor mortaliteit en/of overleving gebaseerd op SOFA scores. We ontdekten dat 

de SOFA score competitief is met opnamemodellen zoals SAPS-II en APACHE-II, ter-

wijl het gebaseerd is op minder fysiologische parameters. Het combineren van ernst van 

ziekte tijdens opname met informatie over het ziektebeloop tijdens de behandeling levert 

betere modellen op. De volgende twee strategieën werden gebruikt om SOFA in het lo-

gistische regressiemodel op te nemen: 1) Afgeleiden van SOFA (zoals de maximale SOFA 

score) en 2) frequente geordende patronen van SOFA (bijvoorbeeld een lage score op dag 

2 gevolgd door een hoge score op dag 3). 

Hoofdstuk 8 en hoofdstuk 9 beschrijven de resultaten van een prospectieve analyse 

van (patronen in) subjectieve dagelijkse voorspellingen van overlevingskansen door artsen 

en verpleegkundigen in de IC en hun voorspellende waarde. We ontdekten dat artsen en 

verpleegkundigen goede voorspellers zijn en beter presteren dan het SAPS-II model. Ze 

zijn ze het echter niet altijd eens met elkaar en hun voorspellingen zijn niet altijd consis-

tent over tijd. In hoofdstuk 10 vergelijken we de validiteit van artsenvoorspellingen (of-

wel expert opinion) met drie types temporele modellen gebaseerd op de twee strategieën 

die we ontdekte in hoofdstuk 7: SAPS-II + SOFA patronen; SAPS-II + SOFA patronen 

+ SOFA afgeleiden; SAPS-II + SOFA patronen + SOFA afgeleiden + expert opinion. 

De wiskundige modellen zonder subjectieve informatie (ofwel expert opinion) hadden 

redelijke discriminatie die slechter was dan dat van artsen, maar ze hadden betere calibra-

tie dan artsen. De modellen verbeterden significant door het includeren van subjectieve 

informatie en de combinatie objectieve en subjectieve informatie was beter dan objectieve 

of subjectieve informatie alleen.  

  

Conclusie 

Het gebruik van wiskundige modellen voor individuele klinische besluitvorming is nog 

steeds erg prematuur vanwege hun lage klinische aannemelijkheid en het gebrek aan be-
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wijs voor hun externe validiteit. Beide vereisen veel meer aandacht om acceptatie van de 

modellen in de toekomst te vergroten.  

Calibratie van modellen neemt af over tijd vanwege veranderingen in de gezondheids-

zorg en de patiëntenpopulatie. Het gebruik van verouderde modellen voor benchmarking 

geeft een inaccuraat beeld van de geleverde kwaliteit van zorg. Onze bevindingen illustre-

ren het belang van continue monitoren van risicomodellen en recalibratie wanneer geob-

serveerd wordt dat de globale calibratie slechter wordt. Statistical process control is een 

bruikbare techniek om gedrag van het model over tijd te visualizeren. Toekomstig werk 

zou zich moeten richten op de gewenste frequentie voor het recalibreren van modellen, 

verschillende benaderingen voor recalibratie en manieren om de invloed van oudere ob-

servaties te bepalen wanneer modellen gerecalibreerd worden in een dynamische omge-

ving. 

Temporele modellen die op iedere dag van IC opname een voorspelling van de kans 

op mortaliteit geven, zijn potentieel bruikbaar voor het ondersteunen van individuele kli-

nische beslissingen. Modellen gebaseerd op SOFA scores hebben significante voorspel-

lende waarde en zijn competitief met artsen, vooral wanneer ze gecombineerd worden 

met subjectieve informatie. Artsen hebben echter een oneerlijk voordeel boven de model-

len aangezien hun voorspellingen hun uiteindelijke beslissingen beïnvloeden. Verpleeg-

kundigen en artsen hebben goede, vergelijkbare voorspellende waarde, maar hun voor-

spellingen zijn niet consistent en ze zijn het niet altijd eens over de prognose van een pati-

ent. Dit is niet noodzakelijk slecht, maar benadrukt het belang van intercollegiale commu-

nicatie. Er is meer onderzoek nodig naar de mogelijke rol van objectieve wiskundige mo-

dellen in het besluitvormingsproces rondom het levenseinde. 
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