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2.1 Case-mix adjustment 

The relatively high mortality rate among intensive care patients justifies mortality as an 
objective and meaningful measure of effectiveness of intensive care. However, mortality also 
depends on other factors than quality of care, such as the age of the patients and the severity 
of illness at presentation of the patients. These population characteristics are conveniently 
indicated by "case-mix". An ICU in a large university hospital may admit patients with a 
higher risk of death than ICUs in a small general hospital and, therefore, outcome of an ICU 
have to be adjusted for these differences before they can be compared. Several case-mix 
adjusted scoring systems and prognostic models have been developed. A scoring system 
quantifies the case mix by assigning an individual score to each patient, which can be turned 
into a (case-mix adjusted) probability of hospital mortality by a prognostic model. 
Many prognostic models exist: some of the available models were developed for patients 
with a specific clinical condition [1-3] and others were developed for all types of patients in 
intensive care [4-11]. The scope of this thesis is restricted to scoring systems and prognostic 
models intended for use in a general ICU population, such as APACHE II [5], SAPS II [8], 
MPM0/24II [9] and LODS [11]. These prognostic models all date from the eighties and nineties 
and rests on the same statistical approach: the individual probability of hospital mortality is 
estimated by assigning weights to mainly pathophysiological prognostic patient parameters. 
These weights are derived from multiple logistic regression analysis using earlier data. Most 
prognostic models use the worst value in the first 24 hours of ICU admission, but the MPM0II 
uses data known at the time of admission and the MPM4SII and MPM72II also use data from 
the period 48 or 72 hours after ICU admission. 
Table 2.1 presents the evolution of the scoring systems and prognostic models we are most 
concerned with. The most remarkable evolution during the last two decades is the transition 
in variable selection from using only domain expertise (APACHE I) towards statistical 
techniques, possibly in combination with domain expertise. Furthermore, as time went by, 
larger databases were used and more attention was paid to independent validation of the 
model developed, that is, a model derived on population A was tested on population B. The 
variables mostly used in prognostic models are described in Table 2.2. The APACHE III is 
not included in Table 2.2 because the logistic regression equation to transform the APACHE 
III score into a probability of hospital mortality is only commercially available. 
The models serve as devices for quality assessment of ICUs by comparing observed mortality 
in the ICU population with the estimated overall risk of hospital mortality for that population. 
The use of case mix adjusted mortality as a measure of effectiveness presumes that the 
models adjust well for case mix differences. Under this assumption the Standardized 
Mortality Ratio (SMR), which is the ratio of the observed in-hospital mortality in a 
population divided by the expected mortality in that population, is a useful measure to 
express effectiveness of ICUs. An SMR with a confidence interval including 1 means that the 
performance in terms of mortality does not significantly differ from the expectations . An 
SMR with a confidence interval below 1 indicates less mortality than expected, and hence a 
better than expected performance on average. An SMR with a confidence interval above 1 
indicates more mortality than expected and hence a less than expected performance on 
average. 

1 The null hypothesis is that there is no difference between observed and expected mortality. 
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Table 2.1 Published scoring systems and prognostic models for intensive care patients 

Scoring 

system/ 

Prognostic 

model 

[reference] 

APACHE I 

[4] 

APACHE II 

[5] 

APACHE III 

[6] 

SAPS I [7] 

SAPS II [8] 

MPM,,I [12] 

MPMoII [9] 

MPM241I [9] 

MPMJSII 

[10] 

MPM7:II 

[10] 

LODS[ll] 

Year 

1981 

1985 

1991 

1984 

1993 

1985 

1993 

1993 

1994 

1994 

1996 

Number of 

variables in 

scoring system 

(physiological + 

other) 

Number of additional 

variables in prognostic 

model 

34 + 4 (no prognostic model) 

12 + 3 

20 + 3 

13+ 1 

12 + 5 

2 

2 (only commercially 

available) 

0 

0 

2 + 12 (no scoring system) 

2 + 13 (no scoring system) 

4 + 9 (no scoring system) 

4 + 9 (no scoring system) 

4 + 9 (no scoring system) 

12 0 

Selection of 

variables 

Expert panel only 

APACHE I + 

multiple logistic 

regression analysis 

APACHE 11 + 

Multiple logistic 

regression analyses 

APACHE 1 + 

multiple logistic 

regression analyses 

Multiple logistic 

regression 

Multiple logistic 

regression 

Multiple logistic 

regression 

Multiple logistic 

regression 

MPM:411 + 

multiple logistic 

regression 

MPM:4I1 + 

multiple logistic 

regression 

Multiple logistic 

regression 

Training 

Sample 

(N) 

805 

5815 

17440 

679 

13152 

737 

12610 

10357 

3023 

2233 

13152 

(SAPS 11) 

Independent 

test sample 

used 

no 

other study 

yes 

no 

yes 

no 

yes 

yes 

yes 

yes 

yes 
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Table 2.2 Variables included in the scoring systems and prognostic models used in this study. 

Variables APACHE II SAPS 11 MPM„II MPM.jll LODS 

Acute Diagnoses 
Acute renal failure 
Cardiac dysrhytmia 

Cerebrovascular incident 

Gastrointestinal bleeding 

Intracranial mass effect 

Confirmed infection 

X X 

X 

X 

X 

X X 

X 

Chronic Diagnoses 
Chronic renal insufficiency 

Chronic dialysis 

Metastatic neoplasm 

AIDS 
Hematologic malignancy 

Cirrhosis 
Cardiovascular 

Respiratory insufficiency 

Immune insufficiency 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

Physiology 
Heart rate 

Respiratory rate 
Systolic blood pressure 

Mean blood pressure 
Temperature 

Prothrombin time 
Urine output 

Pa02 
Pa02/FI02 

Pa02 or A-aD02 

PH 

White blood cell count 

Serum creatinine 
Serum potassium 

Serum sodium 

Serum bicarbonate 

Serum urea 

Bilirubine 

Haematocrite 

Platelets 

Glasgow Coma Score 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

Other variables 
Age 
Type of admission 

CPR prior to ICU 
Mechanical ventilation 

Vasoactieve drug >=1 hour 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 

X 
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2.2 Performance of prognostic models 

As described above, the use of case-mix adjusted mortality in quality assessment presumes 
that the prognostic model defines a baseline level and that mortality in excess of this baseline 
reflects poor quality of intensive care. If the baseline is inappropriately set, the risk of 
hospital mortality will be over- or underpredicted for intensive care patients and therefore 
ICUs will be incorrectly labelled as providing good or poor quality of care. Therefore, the 
performance of the prognostic models should be thoroughly tested before they really can be 
used to compare quality of different ICUs. This is called validation. Commonly used 
performance measures of prognostic models are sensitivity (true positive rate: correctly 
predicted mortality in non-survivors), specificity (true negative rate: correctly predicted 
survival in survivors) and accuracy (overall correct classification, survivors and non-
survivors). These measures are calculated from a 2x2-table presenting observed and predicted 
mortality and survival, given a chosen cut-off point to assign a predicted probability the label 
"expected death" or "expected survivor". A disadvantage of the interpretation of these 
measures is the dependence on the cut-off point. A low cut-off point, e.g. the probability 0.1, 
will give high sensitivity (most non-survivors will have a mortality probability above 0.1, 
hence most non-survival cases will be correctly predicted) and a low specificity (the model 
predicts mortality for patients with any probability above 0.1 but many of them will survive). 
The reverse applies for high cut-off points. In case the population mainly exists of low risk 
patients, the specificity will be large for many cut-off points, because in a large range of 
middle and high value cut-off points the many survivors will (almost) all be correctly 
predicted to survive. For the same reasons the sensitivity will be large in a high risk 
population. Hence the case-mix of a population itself is of influence on the sensitivity and 
specificity of a prognostic model. 

2.2.1 Discrimination and calibration 

More general performance measures of scoring systems are discrimination and calibration. 
Discrimination is a generalisation of accuracy for all cut-off values. The area under the so-
called Receiver Operating Characteristics (ROC) curve is used as a metric measure for 
discrimination. It reflects the proportion of the number of pairs (d,s) from the Cartesian 
product DxS (D is the set of patients who die, S is the set of patients who survive) in which 
Pmort(d) > Pmort (s) divided by the total number of pairs (d,s) from the Cartesian product DxS 
(i.e. all possible pairs). Pmun represents the probability of death. A value close to 1 indicates 
perfect discrimination. Since a ROC curve is a graphical representation of the sensitivity and 
specificity corresponding to all possible cut-off points, the disadvantage of the 2x2 table, 
dependency on the prevalence of the outcome of interest, also applies to this measure. 
Discrimination of a scoring system in a population with mainly high risk patients will be 
excellent because the number of pairs in which (Pmon(d) > Pm0ri (s)) will approximate the 
number of pairs from the Cartesian product DxS, and hence the proportion will approximate 
one. The same is valid to a population with mainly low risk patients. Hence applying such an 
excellent discriminating prognostic model to a population with another case mix will give 
bad results caused by bad performance of the prognostic model regardless of the performance 
of the ICUs. 
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Calibration, the degree of correspondence between observed and predicted in-hospital 
mortality across predefined risk strata, partially deals with the problem of prevalence 
dependency because it includes different risk strata in the analysis. Calibration can be 
formally tested by the two Hosmer-Lemeshow chi-square statistics. These tests are based on 
stratification of patients into groups with either equal expected risk ranges (H-statistics) or 
equal percentiles of patients per probability range (C-statistics). Within each stratum the 
observed and expected in-hospital deaths and survivors are compared. Large differences 
result in a large Rvalue and a low p-value, suggesting that the model does not fit the actual 
patient group well2. Although prevalence dependency is considered in calibration by using 
different risk strata, there can still be a problem when ICU populations with significantly 
different severity of illness are compared based on an overall well calibrated prognostic 
model. Furthermore, Zhu et al [13] showed that prognostic models applied to small samples 
are more likely to fit well in terms of Hosmer-Lemeshow chi-square statistics compared to 
the same models applied to large samples. Furthermore, in case of equal percentiles of the 
estimated probabilities (C-statistics) the strata are different which disables the detection of 
outperforming risk strata in individual ICUs. 
When discrimination and calibration show that the prognostic model does not fit well to the 
population of interest, the model should be recalibrated (adapting the weights of variables in 
the model), for example Rowan et al. [14] recalibrated the APACHE II for the UK resulting 
into the UK APACHE II, or a new model (new variables) could be developed. 

2 The null hypothesis in this case is that there is no difference between observed and predicted mortality. This 
hypothesis may be rejected when the p-value is <0.05. If the model shows a good fit the null hypothesis should 
not be rejected, and therefore the p-value should be >0.05. 
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