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Introduction Intensive Care Units (ICUs) are increasingly interested in assessing and improving their 

performance. Since ICU patients receive complex care, costs are high and hospitals face continuous 

pressure  to  both improve quality and reduce costs. Until now benchmarking has been used in the 

process of continuous quality improvement in ICUs, often using hospital mortality as an indicator for 

ICU quality. Benchmarking is less frequently used to compare efficiency among ICUs. Since Length 

of Stay of ICU  patients  (LoS) is related to ICU costs it can serve as a marker for efficiency. To 

compare LoS between  different hospitals, one should adjust for differences in case mix. However, 

only few models exist to predict case mix adjusted LoS and no consensus exists which method should 

be used to model LoS for benchmarking purposes [1-3]. The aim of this study was to compare the 

performance of different statistical regression methods to predict LoS for unplanned ICU admissions. 

 
Methods   The Dutch National intensive Care evaluation (NICE) quality registry records data from 

intensive care patients in the Netherlands, including severity-of-illness data from the first 24h of ICU 

stay, and outcomes such as mortality and LoS. This study used data from admissions between January 

1
st
, 2009, and December 31

st
, 2011 from 84 ICUs. All patients satisfying the APACHE IV inclusion 

criteria were included, excluding patients that underwent elective surgery. As the distribution of LoS 

and the association between patient variables and LoS differs between survivors and non-survivors, 

separate models were developed for these two groups of patients. 
 

 

The distribution of LoS is highly skewed. Models which are available in literature often make use of 
Ordinary  Least  Squares  (OLS)  regression  of  LoS  or  OLS  regression  of  log-transformed  LoS. 
Theoretically, these are suboptimal choices. In this study we compared OLS regression of LoS and of 
log-transformed  LoS  with  Generalised  Linear  Model  (GLM)  regression  with  Gaussian,  Gamma, 
Poisson and negative binomial  distribution families and a logarithmic link function, and with Cox 
proportional hazards (PH) regression. LoS was defined as the number of fractional days spent at ICU. 
Each model started with a set of variables known to be associated with LoS [1;4]. Subsequently, the 
models  were  simplified  by  stepwise  backwards   elimination   of  variables.  Several  performance 
measures were used to evaluate each model’s ability to  predict LoS, being the squared Pearson 

correlation  coefficient  (R
2
), the root  mean  squared prediction  error  (RMSPE),  the relative  mean 

absolute prediction error (relative MAPE), and the relative bias (mean difference between predicted 
and observed LoS divided by mean observed LoS). In general, good predictions yield low values for 

the RMSPE, the relative MAPE and the relative bias, and high values for the R
2
. All  performance 

measures were calculated on the same dataset which was used to develop the models, and afterwards 
corrected for optimistic bias that was estimated from 100 bootstrap samples [5]. 

 

Results  From January 1
st
, 2009, until December 31

st
, 2011, 222,529 ICU admissions were recorded in 

the  NICE database. After applying all exclusion criteria, 94,251 (42.4%) admissions remained. Of 

these, 81,190 (86.1%) survived ICU stay and 13,061 (13.9%) died. 

 
Performance statistics for each of the models are shown in the table below. GLM models showed the 
best  performance, while the Cox PH model had poorest performance. The model based on OLS 
regression of  log-transformed LoS had a large relative bias. All models showed better results for 

survivors than for non-survivors, especially for R
2  

and the relative bias. 
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*Performance estimates were not corrected for optimistic bias. 

 
Discussion  From our results we conclude that GLM-Gaussian and GLM-Poisson are the best choices to  

model   LoS  of  unplanned  ICU  admissions,  closely  followed  by  plain  OLS  regression  of 

untransformed  LoS.  Cox  PH  regression  and  OLS  regression  of  log-transformed  LoS  are  better 

avoided. A limitation of this study is that differences in performance were not statistically tested. Our 

study confirms the results by Austin  et al. that was performed in a cohort of patients undergoing 

(elective) CABG surgery [6]. Future research will focus on developing a model which can be used for 

benchmarking purposes. 
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