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What this talk is about 

Can we make reliable decisions based on 

outcome data? 

Yes, but we need to know the properties of  

the quality assessment methods 

They can be studied using statistical simulation 

methods based on resampling 



• Dutch National Intensive  

Care Evaluation foundation 

• Collects ICU data from  

Dutch hospitals 

• Participating hospitals each 

month deliver data from all  

ICU admitted patients 

• Registered data are patient  

demographics, reasons for  

admission, physiology from 1st 24h, and outcomes 

The NICE registry 

NICE Database 
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Comparing outcome statistics 

A B 

Mortality:          25%            15% 

Problem: “mix” of admitted patients varies between ICUs 

– e.g., urban vs. rural areas 

– surgical vs. medical admissions 



Case mix variation in the NICE Db 

• Admission types 

– Medical   34.1%     6.9% – 81.8%   

– Emergency surgery 14.1%     3.5% – 40.5%  

– Elective surgery  51.8%   16.6% – 92.7%  

• Mean age:   62.2         55.4  –   67.1 

• Chronic diagnoses:   24.5%        8.6  –   51.8  



Case-mix correction 
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Standardized mortality ratio (SMR) 

A B 

Observed mortality:    25%            15% 

Expected mortality:    30%            12% 

SMR:         0.83            1.25 
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A pitfall with ranks 

• League table ranks are based on SMR estimates from 

finite samples 

• Therefore ranks are statistical quantities, and thus 

subject to uncertainty 

• The uncertainties in ranks can be assessed with 

resampling methods, such as bootstrapping 

 

Example: ICU ranks with 95% CIs  

(40 ICUs, 10,000 bootstrap samples) 
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How do we know that the model is right? 

Compute measures of discrimination (e.g. area under 

ROC curve) and calibration (e.g. Brier score) 

ICU observed
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outcomes 
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ICU 
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Comparing prognostic models 

• There often exist multiple models for case-mix 

correction within a particular field 

e.g. APACHE, SAPS, and MPM for intensive care 

• This leads invariably to discussions about ‘which 

model is the best’ 



• Random subsamples were taken from the NICE Db 

of varying size   (n= 250 / 500 / 750 / 1,000 / 2,500 / 5,000) 

• Each time the model validation and comparison 

process was performed 

• This was repeated for 500 times 

• Differences in performance between Apache II,  

SAPS II and MPM24 II were small … 

• … and with small sample sizes (up to n=1,000)  

the results were extremely variable 



Does it matter which model we use? 



• League tables were constructed using case-mix 

correction with Apache II, SAPS II and MPM24 II 

• 95% confidence intervals were constructed for the 

ranks of individual ICUs, using bootstrap sampling 
(10,000 replications) 
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Control charts 



Control charts – common pitfalls 

• projection of own beliefs to the data 

• excessive distrust of extreme data points 

• “trend happiness” 

 



Studying the properties of control charts 
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Study design 

• ICU admission records randomly drawn from the 

NICE Db and grouped by month 

• Survival was determined by random number 

generation and Apache IV predicted probabilities 

• Apache IV probabilities were artificially increased 

before determining survival (i.e. poor quality of care) 

• 7 different types of control chart applied 

• 32 different scenarios investigated, varying mortality 

increase factor, # adm/month, and baseline risk 

• 5,000 repetitions per scenario 



Results 

• Efficiency of control charts to detect increased 

mortality was moderate 

– 4 months to detect a doubling in mortality in an ICU  

with 50 adm/month 

• Better performance with higher patient volumes 

• Risk-adjusted EWMA has shortest time-to-signal,  

on average 

 



Summary and conclusions 

• The quality of medical care can be assessed 

by summarizing patient outcomes 

• Commonly-used methods are benchmarking and 

control charts 

• A frequent pitfall is to neglect the uncertainty in ranks 

and other quality statistics 

• The properties of quality assessment tools can be 

studied using statistical simulation methods based on 

resampling 
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