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Background—Several models have been developed to predict prolonged stay in the intensive care unit (ICU) after cardiac
surgery. However, no extensive quantitative validation of these models has yet been conducted. This study sought to
identify and validate existing prediction models for prolonged ICU length of stay after cardiac surgery.

Methods and Results—After a systematic review of the literature, the identified models were applied on a large registry
database comprising 11 395 cardiac surgical interventions. The probabilities of prolonged ICU length of stay based on the
models were compared with the actual outcome to assess the discrimination and calibration performance of the models.
Literature review identified 20 models, of which 14 could be included. Of the 6 models for the general cardiac surgery
population, the Parsonnet model showed the best discrimination (area under the receiver operating characteristic curve�0.75
[95% confidence interval, 0.73 to 0.76]), followed by the European system for cardiac operative risk evaluation (EuroSCORE)
(0.71 [0.70 to 0.72]) and a model by Huijskes and colleagues (0.71 [0.70 to 0.73]). Most of the models showed good calibration.

Conclusions—In this validation of prediction models for prolonged ICU length of stay, 2 widely implemented models
(Parsonnet, EuroSCORE), although originally designed for prediction of mortality, were superior in identifying patients
with prolonged ICU length of stay. (Circulation. 2010;122:682-689.)
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In the past decades, mortality during or shortly after cardiac
surgery has decreased.1 However, morbidity has in-

creased,2 mainly because cardiac surgery is increasingly
utilized in older and more vulnerable patients. This often
results in more complications after surgery and potential
reduction in quality of life.3–5 One method of assessing
complications occurring directly after cardiac surgery is a
prolonged stay in the intensive care unit (ICU).6–9 Prolonged
ICU stay also leads to incremental use of resources. In
practice, prediction models are being used for efficient use of
ICU resources. Patients with a low risk of complications are
being scheduled for surgery before patients with a high
risk.5–13 Various prediction models have been developed to
preoperatively identify patients with an increased risk for
postoperative complications and prolonged ICU stay.12–28

Interestingly, all of these prediction models were derived
from samples including different patients, as reflected by the
different distributions of patient and outcome characteristics.
Hence, which model should be preferred in which situation is
still unclear. Recently, in a qualitative review, Messaoudi and
colleagues14 reviewed 13 of these prediction models by

comparing their published prognostic values for predicting
ICU stay. They found that the 13 different prediction models
indeed used different definitions of prolonged ICU stay and
different definitions of predictors.
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Even though it is widely accepted that no prediction model

should be applied in practice before being formally validated
on its predictive accuracy in new patients,29–31 no study has
previously performed a formal, quantitative (external) vali-
dation of these prediction models in an independent patient
population. Therefore, we first conducted a systematic review to
identify all existing prediction models for prolonged ICU length
of stay (PICULOS) after cardiac surgery. Subsequently, we
validated the performance of the identified models in a large
independent cohort of cardiac surgery patients.

Methods
Systematic Literature Review
In February 2008, the MEDLINE and PreMEDLINE databases were
searched for studies on prediction models for PICULOS after cardiac
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surgery that were published after 1980. The precise search query is
presented in Appendix I in the online-only Data Supplement.

The retrieved articles were reviewed by 2 reviewers (R.G.A.E. and
L.M.P.) and retained when they presented a formally developed
prediction model. There is no consensus on the exact definition of
PICULOS.14 To relate to clinical practice,2,11,13,15–28 we further
restricted our analysis to prediction models that used a threshold for
PICULOS within the bounds of 24 to 72 hours.

Application of the Models to an
Independent Cohort
The validation of the retrieved models was then performed on a large
cohort of cardiac surgery patients who underwent surgery between
January 1, 2000, and July 31, 2008, at the Isala Clinics, Zwolle,
Netherlands (1400 cardiac surgery procedures per year). The data
had been collected prospectively as part of a continuous data registry
for the national cardiac surgery patient registration. All patients
provided informed consent to use the data for research. Patients’
identifying information was removed before the analysis.

When the original articles did not provide sufficient information
on the included predictors or regression coefficients (log odds ratios)
in the model, the authors were asked to personally provide this
information. If the information obtained was insufficient to apply the
model to our data, the study was excluded from the analysis.

To validate the performance of the retrieved models, we used the
original formulas and applied them to our patients using their observed
predictor values. This yielded a predicted probability of PICULOS for
each patient based on each model. To do this, we first matched the
predictors in each prediction model to the variables in our data set.
When a predictor was not available in our data set, we proceeded as
follows. First, we sought to replace the variable with a proxy variable.
Second, if a proxy was not available, we imputed the incidence or mean
value reported in the literature for these predictors.32–34 To prevent
overimputation, this option was applied only when the weight of the
predictor in the corresponding prediction model was relatively low
compared with the other predictors in that model because it has a
tempering effect on the predictive ability of the model. As a conse-
quence, we only used this method for the predictors “family history” in
the Parsonnet model35,36 and “preoperative hemoglobin level” in the
model of Huijskes et al.17,37 If neither of these methods could be applied,
the model was excluded from the analysis.13,25

Data Analysis
To analyze the performance of each prediction model, each patient’s
predicted probability of PICULOS in each model was compared with
the observed outcome (ie, whether the patient had actually experi-
enced PICULOS [yes/no]). To allow for a fair comparison of the
models, a threshold for observed PICULOS had to be chosen. On the
basis of the literature15,17,21,22,25,26,28 and current clinical practice, we
defined observed PICULOS as an ICU length of stay of �48 hours.

In comparing the performance of the models, we focused on
discrimination and calibration. The discrimination performance of a
model indicates the extent to which the model distinguishes between
patients with and without prolonged ICU stay. The discrimination
performance of the models was expressed by constructing receiver
operating characteristic curves for each of the models and calculating
the area under the curve (AUC) with a 95% confidence interval.38

Theoretically, the AUC ranges from 0.5 (no predictive ability at all)
to 1 (perfect predictive ability). In practice, however, the AUC can
be well below the theoretical maximum of 1 even if the prediction
model is perfectly calibrated, especially in complex diseases.39

The calibration performance of a model describes the extent to which
the predicted probability of prolonged ICU stay reflects the true
probability of prolonged ICU stay. The calibration of the models was
judged by constructing calibration plots,40 relating the predicted and
observed probabilities. The calibration performance of a prediction
model in an independent data set (external validation set) is commonly
influenced by the incidence of the outcome in the validation set.

To allow for a fair comparison of the models, we adjusted the
intercept of each model before applying it to the data, such that the

mean predicted probability was equal to the observed outcome
frequency.34,41 Calibration plots were constructed subsequently. For
each model, the U statistic (which compares the actual slope and
intercept of the calibration plot to the ideal values of 1 and 0,
respectively) was calculated and tested against a �2 distribution with
2 degrees of freedom.33

To further measure the accuracy of the models, we calculated the
Yates slope (difference between the mean predicted probabilities for
the patients with and without actual prolonged ICU stay) and the
Brier scores (quadratic difference between predicted probability and
actual outcome [0 or 1] for each patient) for each of the models.42 All
of these measures provide insight into the distance the model creates
between the patients with and without a prolonged ICU stay.

Missing values occurred for the variables “gender” (0.05%), “myo-
cardial infarction” (0.14%), “serum creatinine” (2.86%), “smoking”
(0.13%), “height” and “weight” (both 45% of cases), “New York Heart
Association classes” (0.92%), and the outcome variable “ICU length of
stay” (1.71%). Missing values were substituted by means of single
regression and weighted mean imputation, both of which are widely
known methods for the substitution of missing values to reduce bias and
increase statistical power.32 Two-sided statistical tests were conducted
with a significance level of 0.05. The statistical package R (version
2.10.1 [2009-12-14], The R Foundation for Statistical Computing,
Vienna, Austria) was used for statistical analysis.

Results
Systematic Literature Review
Figure 1 shows the flow chart of the systematic literature review.
From the 56 articles that matched the initial search query, 25
articles described 20 different prediction models.* Two models
were excluded because they used a threshold of �72 hours to
define prolonged ICU stay.8,12 Additional information on inter-
cepts, coefficients, and definitions of predictors in the models
was requested from the authors for 7 models.11,15,16,24,25,27,35 Two
authors responded with the requested information,11,16 2 authors
responded but were not able to provide the requested informa-
tion,15,27 and 4 authors did not respond. Three models were
excluded because necessary information in regard to the defini-
tions of the variables used was missing,10,15,25 and 1 model was
excluded because no adequate information was available in the
database.13 Finally, 14 prediction models could be included in
our validation study.

Six of these 14 models were developed for patients undergo-
ing cardiac surgery in general,17,21,26,27,35,43,44 whereas the 8 other
models focused on patients undergoing isolated coronary artery
bypass grafting (CABG) surgery.2,16,18,20,23,24,27 Two of the 14
prediction models, the Parsonnet model35 and the European system
for cardiac operative risk evaluation (EuroSCORE),43,44 were orig-
inally designed for the prediction of mortality after cardiac surgery
but have been used and validated for prolonged ICU stay.7,8,11,21,28

Therefore, these models were also included in our study.
Table 1 describes the general characteristics of the 14

selected prediction models. Appendix II in the online-only
Data Supplement provides a more extensive overview of the
characteristics of the prediction models according to the
framework established by Laupacis and colleagues.45

Predictive Performance
Table 2 describes the baseline characteristics of the patients
in our cohort. We tested the prediction models in our cohort
on the type of patients for which they were developed;

*References 2, 8, 11–13, 15–28, 35, 43, 44.
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prediction models developed for cardiac surgery in general
were evaluated on all patients (n�11 395), and prediction
models developed for isolated CABG patients were evaluated
on patients who underwent isolated CABG (n�6463) only.

Figure 2 depicts the receiver operating characteristic
curves for each of the models, and Table 3 depicts the
accompanying statistics. Among models including all cardiac
surgeries, the Parsonnet model8,11,35 showed the best discrim-
ination (AUC 0.75 [95% confidence interval, 0.73 to 0.76]),
followed by the EuroSCORE7,21,28,43,44 (0.71 [0.70 to 0.72])
and a model by Huijskes and colleagues17 (0.71 [0.70 to
0.73]). Among the models specifically developed for patients
undergoing isolated CABG, the models by Wong et al,23

Ivanov et al,20 and Tuman et al27 showed the best discrimi-
nation, with AUCs of 0.68 (0.65 to 0.70), 0.67 (0.65 to 0.70),
and 0.66 (0.64 to 0.68], respectively.

Figure 3A and 3B show calibration plots of the 2 best- and
the 2 least-performing models after adjustment of the inter-
cept of each model for all cardiac surgery patients and

isolated CABG patients, respectively. For most of the models,
the calibration line in the plot closely followed the ideal
calibration line, except for the models of Wong et al23 and
Abrahamyan et al.16 The 6 models for the general cardiac
surgery population had low P values for the U statistic (Table
3), indicating that the 6 models do not provide accurate
probabilities. For the isolated CABG surgery patients, only
the models of Tuman et al27 and Christakis I (containing only
preoperative predictors)24 had nonsignificant P values.

Discussion
We conducted a systematic review and validated the perfor-
mance of 14 retrieved prediction models to identify patients
with prolonged ICU stay after cardiac surgery, using a large
cohort of cardiac surgery patients. In this first quantitative
comparison of all prediction models to identify patients who
are likely to have a prolonged ICU stay, the Parsonnet model
and the EuroSCORE show the best performance in terms of
discrimination, accuracy, and calibration. Although both

Figure 1. Flowchart of the systematic review of prediction models for prolonged ICU stay after cardiac surgery.
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models were originally developed to predict mortality, we
found that they are also superior in identifying patients with
an increased risk of prolonged ICU stay. A major explanation
lies in the fact that, in current practice, mortality has de-
creased but morbidity has increased.1,2 Because of advances
in perioperative care in cardiac surgery,46 most of the patients
who were likely to die in the era when the Parsonnet model
and the EuroSCORE were developed will now survive, but
they still have a higher probability of developing complica-
tions. This is also supported by Parolari and colleagues,47

who noted a significant overestimation of mortality with the
EuroSCORE. Because both models overestimate mortality in
current practice, these models for mortality need to be
corrected for improved level of care in the future.

In the systematic review, we found 20 prediction models for
prolonged ICU stay, 14 of which we could include in our
analysis. In accordance with Messaoudi et al,14 we found

considerable differences in the definitions of the predictors and
outcomes. We chose to restrict our systematic review to predic-
tion models that used a threshold for PICULOS within the
bounds of 24 to 72 hours. Afterward, in our validation study, we
used the threshold of 48 hours because this correlates best with
clinical practice. To verify the extent to which this difference has
influenced our findings, we repeated the validation analysis
using threshold values of 24 and 72 hours. This did not influence
the ranking of the models based on their performance.

Substantial differences between the models were also
found in the sizes of the databases used to develop the
prediction models and in the number of predictors in the
models. Only 10 of the 14 models were initially validated, 9
of which used an independent validation set,† and 1 was
validated by means of bootstrapping.23 Prospective valida-
tion, however, was done for only 4 models.21,35,44 In every
case, the validation of the models was done in relatively small
data sets (sizes ranging from 39427 to 243917). Only Parson-
net’s model,8,11 the EuroSCORE,7,21,28 and Tu’s model8 were
validated by other authors in a different geographic region.
Because of all of these differences, the results of these
original analyses are difficult to compare.

Our analysis is the first extensive quantitative validation of
existing models for prolonged ICU stay after cardiac surgery
in a large data set including �11 000 patients. All models
were validated on the same data set, which allows for a proper
comparison of the performance of the models.

†References 2, 17, 20, 21, 26, 27, 35, 43, 44.

Table 1. General Characteristics of the Studied Prediction Models

Year of
Publication

Period of Data
Collection

Region
(No. of Centers)

No. of Subjects
in Development

Set
Original

Outcome
No. of

Predictors
AUC in Initial
Publication

P, HL Goodness-of-Fit
Test in Initial
Publication

Cardiac surgery

Parsonnet35 1989 1982–1987 US (1) 3500 �24 h† 17 0.7† NR

Tuman27 1992 NR US (1) 3156 ‡ 16 NR NR

Tu26 1994 1990–1991 Canada (1) 713 �2 d 10 0.69 0.24

EuroSCORE43,44 1999 1995 Europe (132) 13 302 �2 d§ 20 0.78§ 0.4§

0.76 and 0.79§�
Pitkänen21 2000 1992–1996 Finland (1) 3061 �2 d 12 0.75 and 0.81� 0.4 and 0.48�
Huijskes17 2003 1997–2001 Netherlands (1) 4843 �2 d 14 0.79 and 0.78¶ 0.63 and 0.36¶

Isolated CABG surgery

Tuman27 1992 NR US (1) 3156 ‡ 11 NR NR

Christakis24* 1996 1990–1992 Canada (1) 889 �3 d 4 NR NR

Wong23 1999 1995 Canada (1) 885 �2 d 9 0.89 and 0.85# NR

Ivanov20 2000 1993–1997 Canada (2) 5354 �2 d 17 0.71 0.51

Janssen18 2004 2000–2001 Netherlands (1) 888 �3 d 6 NR NR

Abrahamyan16 2006 2003 Armenia (1) 391 �3 d 4 0.71 0.6

Ghotkar2 2006 1997–2002 England (1) 5168 �3 d 14 0.72 and 0.74¶ 0.3 and 0.79¶

HL indicates Hosmer-Lemeshow; NR, not reported.
*Two models were provided: 1 model containing only preoperative predictors (Christakis I) and 1 model containing both preoperative and postoperative predictors

(Christakis II).
†Originally developed for mortality, validated for PICULOS by Hsieh et al (2007)8 and Lawrence et al (2000).11

‡Group of patients with a mean ICU stay of 2.5 (�0.4) days compared with group of patients with a mean ICU stay of 7.0 (�9.6) days.
§Originally developed for mortality, validated for PICULOS by Pinna Pintor et al (2003),7 Pitkänen et al (2000),21 and Nilsson et al (2004).28

�Figures based on a retrospective data set and a prospective data set, respectively.
¶Figures based on a derivation set and a validation set, respectively.
#Figures based on a derivation set and bootstrap validation, respectively.

Table 2. Baseline Characteristics of Patients in the Database

All Cardiac Surgery Isolated CABG

No. of cases, n (% of total) 11 395 (100) 6463 (56.7)

PICULOS,* n (incidence in %) 1842 (16.1) 566 (8.8)

Female gender, n (%) 3397 (29.8) 1564 (24.2)

Age, y, median (Q 1, Q 3) 67.8 (59.6, 74.2) 66.8 (59.1, 73.1)

ICU days, median (Q 1, Q 3) 0.92 (0.8, 1.2) 0.91 (0.8, 1.0)

Q indicates quartile.
*Defined as ICU length of stay �48 hours.
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To determine the calibration of the models, we made
calibration plots and calculated the U statistic and the
Hosmer-Lemeshow statistic. At first sight, these approaches
gave contradictory results. In most of the models, the
Hosmer-Lemeshow and U statistics had a P value �0.05,
suggesting that the predictions based on the model deviated
significantly from the observed data. In contrast, the calibra-
tion lines in the plots were very close to the 45° line,
suggesting near-perfect calibration. To gain insight into

the cause of these large statistics, we furthermore calcu-
lated the t values for the slopes of the models. This
revealed that the slopes of the models in this data set
deviate significantly from the ideal slope of 1. This would
explain the large �2 values even after recalibration by
adjusting the intercepts only. Whereas calibration statistics
are merely summary measures, calibration plots directly
reveal the variation of the performance of the model over
the entire range of probabilities.48

Figure 2. Receiver operating characteristic (ROC) curves for all 14 prediction models. The diagonal line represents zero discriminative
value and corresponds to an AUC of 0.50. ICULOS indicates ICU length of stay.

Table 3. Predictive Performance of Prediction Models in the Study Cohort

No. of
Predictors
in Model

Yates
Slope*

Brier
Score*

Brier
Scaled* AUC C Statistic*

U Statistic
P (�2)*

(Recalibrated
Models)

Mean Predicted
Risk, ICU LOS

�48 h* (Recalibrated
Models)

Mean Predicted Risk,
ICU LOS �48 h*
(Not Recalibrated

Models)

All cardiac (n�11 395) Incidence ICU LOS �48 h�0.162

Parsonnet 17 0.157 0.122 0.065 0.75 (0.73–0.76) �0.000 (100.61) 0.162 0.066

Tuman 16 0.079 0.128 0.064 0.67 (0.66–0.69) �0.000 (15.28) 0.162 NA†

Tu 10 0.099 0.129 0.064 0.69 (0.68–0.71) �0.000 (154.88) 0.162 0.357

EuroSCORE 20 0.149 0.126 0.064 0.71 (0.70–0.72) �0.000 (397.58) 0.162 0.877

Pitkänen 12 0.096 0.130 0.064 0.69 (0.67–0.70) �0.000 (226.46) 0.162 0.206

Huijskes 14 0.155 0.127 0.064 0.71 (0.70–0.73) �0.000 (305.96) 0.162 0.049

Isolated CABG (n�6463) Incidence ICU LOS �48 h�0.088

Tuman 11 0.046 0.076 0.115 0.66 (0.64–0.68) 0.383 (1.92) 0.097 NA†

Christakis, preoperative
predictors

4 0.014 0.080 0.115 0.59 (0.56–0.61) 0.116 (4.31) 0.085 NA†

Christakis, preoperative and
postoperative predictors

4 0.050 0.084 0.114 0.62 (0.60–0.64) �0.000 (205.53) 0.095 NA†

Wong 9 0.135 0.076 0.114 0.68 (0.65–0.70) �0.000 (474.92) 0.103 NA†

Ivanov 17 0.082 0.080 0.115 0.67 (0.65–0.70) �0.000 (29.72) 0.090 0.299

Janssen 6 0.048 0.079 0.115 0.63 (0.60–0.65) �0.000 (78.33) 0.098 0.167

Abrahamyan 4 0.031 0.087 0.114 0.57 (0.54–0.59) �0.000 (433.61) 0.089 0.767

Ghotkar 14 0.051 0.081 0.115 0.64 (0.60–0.66) �0.000 (83.61) 0.086 0.143

LOS indicates length of stay; NA, not applicable.
*All statistics are scaled from 0 to 1. Higher Yates slope, as well as lower Brier Scores and higher Brier Scaled and higher discrimination C statistics and

nonsignificant P values of the calibration U statistic, represent better performance.
†The mean predicted risk for these (not calibrated) models could not be calculated because the original intercepts were not provided for these models.
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Table 3 also shows the importance of recalibrating a model by
adjusting the intercept34,41 before calibration of the model is
assessed. The mean predicted risks of the original models do not
even approach the observed outcome frequency, whereas after
recalibration this problem is solved. This allows for a more fair
comparison of the models and a better performance when the
models are applied in daily practice.

To determine the discrimination performance of the mod-
els, we calculated the AUCs. The 6 models for the general
cardiac surgery population yielded AUCs ranging from 0.68
to 0.74. In the models specifically developed for patients with
isolated CABG surgery, substantially lower AUCs (0.56 to
0.67) were found. In general, values for the AUC �0.70
indicate that use of the model in clinical practice should be
done with caution49 because the theoretical maximum value
of the AUC is 1.0. However, it is also known that in practice

this maximum depends not only on the model but also on
characteristics of the data.39 To allow for better interpretation
of our findings and provide a “benchmark value,” we fitted 2
reference models on the data (1 for all patients, 1 for patients
undergoing isolated CABG only), which yielded AUCs of
0.80 and 0.73, respectively. These models are likely to be
overfit but give a reference value for interpretation of the
AUCs of the prediction models found in the literature.

We also found a considerable difference in AUC between the
models for all patients and the models predicting prolonged ICU
stay after isolated CABG procedures. To investigate whether
this was due to the models or due to the differences in population
characteristics (isolated CABG patients versus all patients), the 6
models for the general population were also applied to the
isolated CABG patients only, resulting again in AUCs varying
from 0.55 to 0.69. These AUCs are comparable to the AUCs of

Figure 3. A, Calibration plots for models for all cardiac surgery. One plot for the 2 best-performing models (Parsonnet [solid red line]
and EuroSCORE [dashed blue line]) and 1 plot for the 2 least-performing models (Tu [solid red line] and Pitkänen [dashed blue line]) are
shown. The dotted line represents ideal calibration (with intercept 0 and regression coefficient 1); n�11 395. B, Calibration plots for
models for isolated CABG surgery. One plot for the 2 best-performing models (Tuman [solid red line] and Ivanov [dashed blue line]) and
1 plot for the 2 least-performing models (Wong [solid red line] and Abrahamyan [dashed blue line]) are shown The dotted line repre-
sents ideal calibration (with intercept 0 and regression coefficient 1); n�6463.
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the models specially developed for isolated CABG surgery
patients. This suggests that it is more complicated to predict
prolonged ICU stay in isolated CABG surgery patients than in
the cardiac surgery population as a whole. The Parsonnet model
and the EuroSCORE showed the best discrimination (0.69 and
0.68, respectively) in the CABG surgery population. The Par-
sonnet model performed even better than the best-performing
model (Wong, 0.68) that was specially developed for CABG
surgery patients only.

Limitations
Obviously, prolonged ICU stay is intrinsically a continuous
variable (length of stay). Accordingly, as with most continuous
variables in medicine, one would rather not dichotomize14 but
would rather predict the original length of stay value itself.
However, all published models used as outcome dichotomized
prolonged stay (length of stay with some threshold value), and
our purpose was to validate these models as published.

We made use of a prospective continuous data registry that
includes all patients who underwent surgery and systematically
recorded a large amount of information on preoperative, periop-
erative, and postoperative characteristics. A disadvantage of
using registry data is that not all predictors of the models are
available in the registry with exactly the same definition as used
to develop these models. We have solved this problem in part by
using proxy variables and by replacing missing variables with
the incidence or mean of the predictor based on the literature.
When too many concessions had to be made before the model
could be applied to our data, we excluded the prediction model
from this validation study.8,10,12,13,15,25 Therefore, we do not
think that the use of registry data has significantly influenced our
conclusions. On the contrary, by using registry data we validated
the performance of the models in daily clinical practice, which
was specifically the aim of our study.

For most of the variables in the data set, the percentage of
missing data was small. For height and weight, however, data
were missing in 45% of the cases. Deleting 45% of the patient
records (doing a complete case analysis) is widely known to
yield biased results.32 We thus applied the best available meth-
ods to properly deal with these missing data and minimize this
bias and explicitly chose to impute the data by fitting a
model.32,50 With a percentage as high as 45% for missing data
for 2 variables, theoretically multiple imputation is to be pre-
ferred over single imputation. However, in the context of
multiple imputation, the manner in which to estimate the
standard errors of part of the performance measures we used in
this study is not straightforward. We have performed multiple
imputation as a sensitivity analysis and found similar results for
the point estimates, indicating that the numbers presented in this
article are not influenced by the choice of the imputation
strategy. We realize that we made use of data from a single
center over a longer time period, which must be taken into
account when our findings are generalized.

Conclusions
This extensive quantitative validation study demonstrates that
the widely implemented Parsonnet and EuroSCORE models
are superior to other models in predicting prolonged ICU stay
after cardiac surgery. In current daily practice, Parsonnet’s

model and the EuroSCORE are widely implemented for the
prediction of mortality risk. This allows for the relatively
straightforward application of our findings in clinical prac-
tice. The predictions that have already been made for mor-
tality can also be used to identify patients with a high
probability of prolonged ICU stay. This knowledge, when
available before surgery, can be used for timely planning of
postoperative care and ICU management.
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of the sequential organ failure assessment score to morbidity and mor-
tality after cardiac surgery. Ann Thorac Surg. 2006;82:2072–2079.

5. Stoica SC, Sharples LD, Ahmed I, Roques F, Large SR, Nashef SAM.
Preoperative risk prediction and intraoperative events in cardiac surgery.
Eur J Cardiothorac Surg. 2002;21:41–46.

6. Bucerius J, Gummert JF, Walther T, Doll N, Falk V, Schmitt DV, Mohr
FW. Predictors of prolonged ICU stay after on-pump versus off-pump
coronary artery bypass grafting. Intensive Care Med. 2004;30:88–95.

7. Pinna Pintor P, Bobbio M, Colangelo S, Veglia F, Marras R, Diena M. Can
EuroSCORE predict direct costs of cardiac surgery? Eur J Cardiothorac
Surg. 2003;23:595–598.

8. Hsieh CH, Peng SK, Tsai TC, Shih YR, Peng SY. Prediction for major
adverse outcomes in cardiac surgery: comparison of three prediction
models. J Formos Med Assoc. 2007;106:759–767.

9. Scott BH, Seifert FC, Grimson R, Glass PSA. Octogenarians undergoing
coronary artery bypass graft surgery: resource utilization, postoperative
mortality, and morbidity. J Cardiothorac Vasc Anesth. 2005;19:583–588.

10. Salamonsen RS, Bailey MJ, Salamonsen RF. Can ICU stay be predicted
accurately enough for fast-tracking cardiac surgical patients? Crit Care
Resusc. 2008;10:194–201.

11. Lawrence DR, Valencia O, Smith EEJ, Murday A, Treasure T. Parsonnet
score is a good predictor of the duration of intensive care unit stay
following cardiac surgery. Heart. 2000;83:429–432.

12. Rosenfeld R, Smith JM, Woods SE, Engel AM. Predictors and outcomes
of extended intensive care unit length of stay in patients undergoing
coronary artery bypass graft surgery. J Card Surg. 2006;21:146–150.

13. Hein OV, Birnbaum J, Wernecke K, England M, Konertz W, Spies C.
Prolonged intensive care unit stay in cardiac surgery: risk factors and
long-term survival. Ann Thorac Surg. 2006;81:880–885.

14. Messaoudi N, De Cocker J, Stockman B, Bossaert LL, Rodrigus IER.
Prediction of prolonged length of stay in the intensive care unit after
cardiac surgery: the need for a multi-institutional risk scoring system.
J Card Surg. 2009;24:127–133.

15. Atoui R, Ma F, Langlois Y Morin JF. Risk factors for prolonged stay in
the intensive care unit and on the ward after cardiac surgery. J Card Surg.
2008;23:99–106.

16. Abrahamyan L, Demirchyan A, Thompson ME, Hovaguimian H. Deter-
minants of morbidity and intensive care unit stay after coronary surgery.
Asian Cardiovasc Thorac Ann. 2006;14:114–118.

17. Huijskes RV, Rosseel PM, Tijssen JG. Outcome prediction in
coronary artery bypass grafting and valve surgery in the Netherlands:

688 Circulation August 17, 2010

 by guest on July 28, 2016http://circ.ahajournals.org/Downloaded from 

http://circ.ahajournals.org/


development of the Amphiascore and its comparison with the
EuroSCORE. Eur J Cardiothorac Surg. 2003;24:741–749.

18. Janssen DP, Noyez L, Wouters C, Brouwer RM. Preoperative prediction
of prolonged stay in the intensive care unit for coronary bypass surgery.
Eur J Cardiothorac Surg. 2004;25:203–207.
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CLINICAL PERSPECTIVE
Prolonged intensive care unit (ICU) stay after cardiac surgery leads to potential reduction in quality of life and incremental
use of resources. For efficient use of ICU resources and to schedule patients with a low risk of postoperative complications
before patients with a higher risk, preoperative estimation of the risk of prolonged ICU stay is necessary. Various prediction
models have been developed to preoperatively identify patients with an increased risk for prolonged ICU stay. It is widely
accepted that no prediction model should be applied in practice before being formally validated in new patients. In the
domain of prolonged ICU stay after cardiac surgery, however, no study has thus far conducted such a formal validation
and comparison study. The present analysis is the first extensive quantitative validation of existing models for prolonged
ICU stay after cardiac surgery in a large data set of 11 395 patients. The results show that the Parsonnet model and the
European system for cardiac operative risk evaluation (EuroSCORE) have the overall best performance. Although both
models were originally developed to predict mortality, they are also superior in identifying patients with an increased risk of
prolonged ICU stay. Because in current daily practice both models are widely implemented for the estimation of mortality risk,
this allows for a relatively straightforward application of our findings in clinical practice. The risk stratification for mortality
based on these models can also be used to identify patients with an increased risk of prolonged ICU stay, which is useful for
timely planning of postoperative care and ICU management.
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APPENDIX 1 

 

Query used for the systematic review 

The MEDLINE and PreMEDLINE databases were searched for publications concerning 

prediction models for prolonged ICU stay after cardiac surgery, using the following query: 

 

("Coronary Artery Bypass" OR "Valve surgery" OR "cardiac surgery" OR "cardiovascular 

surgery" OR "cardiac surgery procedure") AND (algorithm OR "multivariate analysis" OR 

"logistic model" OR "biological model" OR "statistical model" OR mathematics OR 

"regression analysis" OR "risk factor" OR "risk assessment" OR "predictive value" OR "Area 

Under Curve" OR "evaluation study" OR evaluation OR reproducibility OR prediction OR 

"prediction rule" OR predict OR prognosis OR "prognostic factor") AND (complication OR 

"adverse event" OR prolonged OR extended) AND stay AND ("intensive care unit" OR 

ICU). 
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APPENDIX 2  

 

Table 1a. Methodological features (according to Laupacis38) of the six prediction models for PICULOS 

after all cardiac surgeries 

 Characteristics of the six selected prediction models for prolonged ICU length of stay (PICULOS) after all cardiac surgeries 

 DESCRIPTION OF: Parsonnet Tuman Tu EuroSCORE Pitkänen Huijskes 

1 Reference(s) Parsonnet et 

al. 198936 

Tuman et al. 

199235 

Tu et al. 

199434 

Nashef et al. 

199930; Roques  

et al. 199931 

Pitkänen et al. 

200027 

Huijskes et al. 

200323 

2 Outcome studied 

 Definition 

 

 

 Blind assessment 

 

Postoperative 

mortality 

 

√ 

 

Difference 

between  

patients with 

and without 

morbidity * 

√ 

 

PICULOS 

>2 days 

 

√ 

 

Postoperative 

mortality 

 

√ 

 

PICULOS 

>2 days 

 

√ 

 

PICULOS 

>2 days 

 

√ 

3 Predictors  

 Definition predictors 

 Number of predictors in model 

 Methods of data collection  

 

√ 

17 

Available 

dataset 

 

√ 

16 

Prospective 

collection 

 

√ 

10 

Prospective 

collection 

 

√ 

20 

Prospective 

collection 

 

√ 

12 

Prospective 

collection 

 

√ 

14 

Prospective 

collection 

4 Patient characteristics 

 Data collection time frame  

 Procedure types 

 

1982 - 1987 

Cardiac 

surgery 

 

n.r. 

Cardiac   

surgery 

 

1990 - 1991 

Cardiac 

surgery 

 

1995 

Cardiac   

surgery 

 

1992 - 1996 

Cardiac 

surgery 

 

1997 - 2001 

Cardiac  

surgery 

5 Study site 

 No. of centres 

 Region  

 No. of patients in derivation 

cohort 

 

1 

USA 

3,500 

 

1 

USA 

3,156 

 

1 

Canada 

713 

 

132 

Europe 

13,302 

 

1 

Finland 

3,061 

 

1 

Netherlands 

4,843 

6 Mathematical techniques 

 Handling of missing data 

 Handling of dichotomous, 

 

n.r. 

n.r. 

 

n.r. 

n.r. 

 

n.r. 

n.r. 

 

n.r. 

√ 

 

n.r. 

√ 

 

n.r. 

√ 
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 Characteristics of the six selected prediction models for prolonged ICU length of stay (PICULOS) after all cardiac surgeries 

 DESCRIPTION OF: Parsonnet Tuman Tu EuroSCORE Pitkänen Huijskes 

categorical and continuous 

variables 

 Univariable and multivariable 

Analysis 

 

 

√ 

 

 

√ 

 

 

√ 

 

 

√ 

 

 

√ 

 

 

√ 

7 Results of the model 

 AUC 

 Calibration plots 

 P-value HL goodness-of-fit 

 

n.r. ‡ 

√ 

n.r. § 

 

n.r. 

√ 

n.r. 

 

0.69 

n.r. 

0.24 

 

0.79 & 0.76† 

n.r. 

0.4 & 0.68† 

 

0.75 & 0.81|| 

√ 

0.4 & 0.48|| 

 

0.79& 0.78† 

n.r. 

0.63& 0.36† 

8 Likelihood of use in practice 

 Clinicians perceive items in 

model as appropriate 

 Risk score 

 Probability of the outcome 

 Model not limited to a risk score, 

but also suggests a course of 

action 

 

√ 

 

√ 

√ 

n.r. 

 

√ 

 

n.r. 

√ 

n.r. 

 

√ 

 

√ 

√ 

√ 

 

√ 

 

√ 

√ 

√ 

 

√ 

 

n.r. 

√ 

n.r. 

 

√ 

 

√ 

√ 

n.r. 

9 Previously validated in  

external cohort 

in the initial study 

 No. of centres  

 Region 

 No. of patients in validation  

cohort  

in an additional study 

 Reference 

 
 
 
 
 
 
 No. of centres (region) 

 

 

 

 

2 

USA 

1,332 

 

ForPICULOS: 

Lawrence  

et al. 200013 

 

 

1 (England) 

 

 

 

 

1 

USA 

394 

 

 

- 

 

 

 

- 

 

 

 

 

1 

Canada 

691 

 

 

Tu  

et al. 19968 

 

 

1 (Canada) 

 

 

 

 

132 

Europe 

1,479 

 

For PICULOS: 

a) Pitkänen  

et al. 200027 

b) Pina Pintor  

et al. 20037 

c) Nilsson  

et al. 200437 

a) 1 (Finland) 

b) 1 (Italy) 

 

 

 

1 

Finland 

153 & 82 || 

 

 

- 

 

 

 

- 

 

 

 

 

1 

Netherlands 

2,439 

 

 

- 

 

 

 

- 
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 Characteristics of the six selected prediction models for prolonged ICU length of stay (PICULOS) after all cardiac surgeries 

 DESCRIPTION OF: Parsonnet Tuman Tu EuroSCORE Pitkänen Huijskes 

 No. of patients in the cohort 5,591 - 265 c) 1 (Sweden) 

a) 4,592 

b) 3,404 

c) 488 

- - 

10 Effects of clinical use measured √ n.r. √ √ n.r. n.r. 

ICU = intensive care unit 

n.r. = not reported 

AUC = area under the ROC (receiver operating characteristic) curve 

HL = Hosmer-Lemeshow (p-value of the Hosmer-Lemeshow goodness-of-fit statistic) 

* Difference between two groups: group 1 without morbidity (ICU stay 2.5 ± 0.4 days) and group 2 with morbidity (ICU stay 7.0 ± 9.6 days) 

† Figures based on a derivation set and a validation set, respectively  

‡ Instead of an AUC for the discriminative ability of the model, a mean correlation (Spearman’s rho) was calculated (0.99) 

§ Instead of a p-value of the Hosmer-Lemeshow goodness-of-fit statistic for the calibrative ability of the model, a group correlation (Spearman’s rho) 

was calculated (0.85) 

|| Figures based on a retrospective dataset and a prospective dataset, respectively 

 

 

Table 1b. Methodological features (according to Laupacis38) of the eight prediction models for PICULOS 

after isolated CABG surgery 

Characteristics of the eight selected prediction models for prolonged ICU length of stay (PICULOS) after isolated CABG  surgery  

 DESCRIPTION OF: Tuman Christakis Wong Ivanov Janssen Abrahamyan Ghotkar 

1 Reference(s)  

Tuman et 

al. 199235 

2 models: 

Christakis et 

al. 199632 

 

Wong et al. 

199929 

Ivanov et al. 

199928; 

Ivanov et al. 

200026 

 

Janssen et 

al. 200324 

 

Abrahamyan et 

al. 200622 

 

Ghotkar et 

al. 20062 

2 Outcome studied 

 Definition 

 

 Blind assessment 

Difference 
between  
patients 
with and 
without 

morbidity * 

√ 

 

PICULOS 

>3 days 

√ 

 

PICULOS 

>2 days 

√ 

 

PICULOS 

>2 days 

√ 

 

PICULOS

≥3 days 

√ 

 

PICULOS 

≥3 days 

√ 

 

PICULOS 

>3 days  

√ 

3 Predictors        

5 
 



6 
 

Characteristics of the eight selected prediction models for prolonged ICU length of stay (PICULOS) after isolated CABG  surgery  

 DESCRIPTION OF: Tuman Christakis Wong Ivanov Janssen Abrahamyan Ghotkar 

 Definition predictors 

 Number of predictors in 

model 

 Methods of data collection  

√ 

11 

 

Prospec-

tive 

√ 

4 

 

Prospec- 

tive 

√ 

9 

 

Prospec- 

tive  

√ 

17 

 

Prospec- 

tive  

√ 

6 

 

Prospec-

tive 

√ 

4 

 

Prospec- 

tive 

- 

14 

 

Prospec-

tive 

4 Patient population 

 Data collection time frame 

 

 Procedure type 

 

n.r. 

 

CABG 

 

1990 –  

1992 

CABG 

 

1995 

 

CABG 

 

1993 –  

2007 

CABG 

 

2000 –  

2001 

CABG 

 

2003 

 

CABG 

 

1997 –  

2002 

CABG 

5 Study site 

 No. of centres  

 Region 

 

 No. of patients in 

derivation cohort 

 

1  

USA 

 

2,366 

 

1 

Canada 

 

889 

 

1 

Canada 

 

885 

 

2 

Canada 

 

5,354 

 

1  

Nether-

lands 

888 

 

1 

Armenia 

 

391 

 

1 

England 

 

5,168 

6 Mathematical techniques 

 Handling of missing data 

 Handling of 

dichotomous, categorical 

and continuous variables 

 Univariable and 

multivariable analysis 

 

n.r. 

n.r. 

 

 

√ 

 

n.r. 

√ 

 

 

√ 

 

n.r. 

√ 

 

 

√ 

 

n.r. 

n.r. 

 

 

√ 

 

n.r. 

√ 

 

 

√ 

 

n.r. 

n.r. 

 

 

√ 

 

n.r. 

√ 

 

 

√ 

7 Results of the model 

 AUC  

 Calibration plots 

 P-value HL goodness- 

of-fit  

 

n.r. 

√ 

n.r. 

 

 

n.r. 

n.r. 

n.r. 

 

n.r. 

n.r. 

n.r. 

 

0.71 

√ 

0.51 

 

n.r. 

n.r. 

n.r. 

 

0.71 

n.r. 

0.6 

 

0.72 & 0.7† 

√ 

0.3 & 0.79† 

8 Likelihood of use in practice 

 Clinicians perceive items in 

model as appropriate 

 

√ 

 

 

√ 

 

 

√ 

 

 

√ 

 

 

√ 

 

 

√ 

 

 

√ 

 



7 
 

Characteristics of the eight selected prediction models for prolonged ICU length of stay (PICULOS) after isolated CABG  surgery  

 DESCRIPTION OF: Tuman Christakis Wong Ivanov Janssen Abrahamyan Ghotkar 

 Risk score 

 Probability of the outcome 

 Model not limited to a risk 

score alone, but also 

suggests a course of action 

n.r. 

√ 

n.r. 

n.r. 

n.r. 

n.r. 

√ 

√ 

n.r. 

n.r. 

n.r. 

n.r. 

n.r. 

√ 

n.r. 

n.r. 

n.r. 

n.r. 

√ 

√ 

n.r. 

9 Previously validated in  

external cohort 

In the initial study 

 No. of centres  

 Region 

 No. of patients in validation  

cohort  

In an additional study 

 Reference 

 
 
 No. of centres  

 Region 

 No. of patients in the cohort 

 

 

 

1 

USA 

394 

 

 

- 

 

- 

- 

- 

 

 

 

n.r. 

n.r. 

n.r. 

 

 

- 

 

- 

- 

- 

 

 

 

- 

- 

Bootstrap 

 

 

- 

 

- 

- 

- 

 

 

 

2 

Canada 

2,148 

 

 

Ivanov  

et al. 200026 

1 

Canada 

1,904 

 

 

 

n.r. 

n.r. 

n.r. 

 

 

- 

 

- 

- 

- 

 

 

 

n.r. 

n.r. 

n.r. 

 

 

- 

 

- 

- 

- 

 

 

 

1 

England 

1,197 

 

 

- 

 

- 

- 

- 

 

10 

 

Effects of clinical use 

measured 

 

n.r.  

 

n.r. 

 

n.r. 

 

√ 

 

n.r. 

 

n.r. 

 

n.r. 

ICU = intensive care unit 

CABG = coronary artery bypass grafting 

AUC = area under the ROC (receiver operating characteristic) curve 

HL = Hosmer-Lemeshow (p-value of the Hosmer-Lemeshow goodness-of-fit statistic, measure of calibrative ability.) 

n.r. = not reported 

* Difference between two groups: group 1 without morbidity (ICU stay 2.5 ± 0.4 days) and group 2 with morbidity (ICU stay 7.0 ± 9.6 days) 

† Figures based on a derivation set and a validation set, respectively 

 

 


