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ABSTRACT
Objective: To develop a customized short LOS (<6 days) prediction model for geriatric patients receiving cardiac surgery, using local data and a computational feature selection algorithm. Design: Utilization of a machine learning algorithm in a prospectively collected STS database consisting of patients who received cardiac surgery between January
2002 and June 2011. Setting: Urban tertiary-care center. Participants: Geriatric patients aged 70 years or older at the
time of cardiac surgery. Interventions: None. Measurements and Main Results: Predefined morbidity and mortality
events were collected from the STS database. 23 clinically relevant predictors were investigated for short LOS prediction with a genetic algorithm (GenAlg) in 1426 patients. Due to the absence of an STS model for their particular surgery type, STS risk scores were unavailable for 771 patients. STS prediction achieved an AUC of 0.629 while the
GenAlg achieved AUCs of 0.573 (in those with STS scores) and 0.691 (in those without STS scores). Among the patients with STS scores, the GenAlg features significantly associated with shorter LOS were absence of congestive heart
failure (CHF) (OR = 0.59, p = 0.04), aortic valve procedure (OR = 1.54, p = 0.04), and shorter cross clamp time (OR =
0.99, p = 0.004). In those without STS prediction, short LOS was significantly correlated with younger age (OR = 0.93,
p < 0.001), absence of CHF (OR = 0.53, p = 0.007), no preoperative use of beta blockers (OR = 0.66, p = 0.03), and
shorter cross clamp time (OR = 0.99, p < 0.001). Conclusion: While the GenAlg-based models did not outperform STS
prediction for patients with STS risk scores, our local-data-driven approach reliably predicted short LOS for cardiac
surgery types that do not allow STS risk calculation. We advocate that each institution with sufficient observational data
should build their own cardiac surgery risk models.
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1. Introduction
With aging population, more and more geriatric patients
with complex co-morbid conditions at increased risk for
morbidity and mortality present for cardiac surgery [1].
Risk scores such as EuroSCORE [2] and the Society of
Thoracic Surgeons (STS) risk score [3] are commonly
used to prognosticate the risk of postoperative morbidity
and mortality. However, these risk prediction models
overestimate mortality risk, especially in high-risk and
geriatric patients [4], which might lead to denial of sur*
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gery for deserving patients. Furthermore, these scores,
having been derived from a large, heterogeneous population to optimize external validity, tend to perform well at
the population level but not as well at individual level.
Such sub-optimal predictive accuracy at the individual
level could be attributed to the event (mortality) rates in
the 10% - 15% range [5]. This event rate range is challenging to predict due to the computationally low prevalence but is clinically significant. In isolated aortic valve
replacement (AVR) in octogenarians, the actual mortality
rates were as low as 5% while the predicted rates by EuroSCORE and STS risk scores were three to four folds
higher [6].
WJCS
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Morbidity is more common than mortality and usually
leads to increased postoperative intensive care unit (ICU)
length of stay (LOS) [7,8]. Increased postoperative ICU
LOS leads to higher costs and hence is a concern in the
presence of ever shrinking health care funds [9]. An accurate prediction of postoperative LOS allows better decision making, treatment triaging and better allocation of
resources. Models such as EuroSCORE, originally constructed to assess mortality rates, have been subsequently
used and validated for prediction of prolonged ICU stay
[8]. Several models derived from different populations
have attempted to predict prolonged ICU LOS. However,
they had used different definitions for prolonged stay and
did not specifically focus on high risk geriatric patients
and/or short LOS stay [10-13]. Some scores such as STS
cannot estimate risks for all patients undergoing cardiac
surgery, as they have been derived and validated only for
specific subsets of surgery such as coronary bypass grafting, valve surgery or a combination of both. As a result,
the STS risk models are unable to provide a score for
other types or combinations of cardiac surgery.
Therefore, there is a need for a patient-level risk prediction model for all patients undergoing cardiac surgery,
especially for those at a high risk such as geriatric patients. We hypothesized that a local, custom built model
derived from a more homogeneous subset of patients
would more accurately predict morbidity risk in geriatric
populations, thus enabling proactive decision making. In
the present study, we employed a machine learning technique called the genetic algorithm (GenAlg) to develop a
customized model for short post-surgery LOS prediction
and compared its performance with that of the STS score.

2. Methods
2.1. Database
We performed a retrospective medical records review of
geriatric patients who were aged 70 or older, and underwent elective cardiac surgery from January 2002 to June
2011 at an urban tertiary-care center. We obtained approval from the Institutional Review Board of our institution. We obtained the records from the Society of Thoracic Surgeons (STS) database maintained by trained
personnel at our institution since 2001. Two trained cardiac surgical nurses report outcomes to the STS database
in a quarterly fashion. They have periodic internal checks
and also receive reports from the Department of Public
Health liaison on a yearly basis commenting on data
quality and necessary corrections. The database contains
all preoperative (e.g., demographic data, co-morbid conditions, inotropic support, STS risk predictions for morbidity and mortality), intraoperative (e.g., cross clamp
time), and postoperative adverse outcomes (e.g., STS
predefined morbid events such as stroke, atrial fibrillaCopyright © 2013 SciRes.

tion, renal failure, myocardial infarction, mortality, pulmonary morbidity, sternal infection, and prolonged
LOS).
The STS predefined morbid events include [3]:
● Operative mortality: death during the same hospitalization as surgery regardless of timing, or within 30
days of surgery regardless of venue
● Permanent stroke (cerebrovascular accident): a central neurologic deficit persisting longer than 72 hours
● Renal failure: a new requirement for dialysis or an increase in serum creatinine to greater than 2.0 mg/dL
and double the most recent preoperative creatinine
level
● Prolonged ventilation: ventilation for more than 24
hours
● Deep sternal wound infection
● Reoperation for any reason
● Major morbidity or mortality: a composite defined as
the occurrence of any of the above end points
● Prolonged postoperative LOS: LOS greater than 14
days (alive or dead)
● Short postoperative LOS: LOS less than 6 days and
patient discharged alive

2.2. Feature Pool
The following 22 preoperative features (predictors) were
investigated for their predictive power for short LOS
(defined by STS as LOS < 6 days): age, gender, race,
family history of coronary artery disease (CAD), diabetes
mellitus (DM), hypertension (HTN), chronic lung disease,
cerebrovascular disease (CVD), peripheral vascular disease (PVD), myocardial infarction (MI), congestive heart
failure (CHF), preoperative use of the following medications: beta blockers, angiotensin converting enzyme inhibitors (ACEI), intravenous (IV) nitrates, anticoagulants,
inotropes, steroids, and aspirin; the type of cardiac surgery: coronary artery bypass graft placement (CABG),
aortic valve procedure, mitral valve procedure, and last
creatinine measurement prior to the surgery. In addition,
one intraoperative variable was added to the feature pool:
cross clamp time. Hence, a total of 23 features were investigated.

2.3. Feature Selection and Evaluation
We applied a GenAlg [14] to computationally select features for prediction of short LOS. GenAlgs are optimization routines that attempt to find a set of features that
maximizes a user-defined fitness function. In this study,
the output of the fitness function was the area under the
receiver operating characteristic curve (AUC) of a logistic regression (LR) model designed for short LOS prediction. Each combination of features was evaluated using
the fitness function, and the entire population of feature
WJCS
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sets advanced to the next generation with crossover and
mutation in an attempt to “breed” fitter feature sets,
which is analogous to the process of biological evolution.
The population size (number of feature combinations) in
this study was 1000. The entire data was randomly divided into 49% training, 21% validation, and 30% test
data. While the training data was used to build an LR
model for a given feature combination, the output of the
fitness function was the predictive performance (measured in AUC) of the LR model on the validation data.
The final AUCs for the selected features were computed
based on the test data which had been held out prior to
the execution of the GenAlg and were the same across
different numbers of features.
The GenAlg was executed separately for varying
numbers of selected features: 5, 10, 15, and 20. All features, 23 of them, were also evaluated without the
GenAlg. Since GenAlg performance depends on the initial population of randomly selected feature sets, the
GenAlg was repeated 5 times for each number of features.
Among the 5 attempts, the feature combination corresponding to the highest AUC based on the validation data
was selected for the final evaluation on the test data.
Each GenAlg run was terminated after 50 generations.
STS prediction for short LOS was not available for all
patients in our cohort. This is due to the fact that STS
does not have a prediction model for every type of cardiac surgery. Therefore, the GenAlg was conducted independently on two sub-cohorts: the patients with an
STS short LOS prediction and those without. STS prediction served as the gold standard in the sub-cohort
where STS prediction was available, and STS AUC was
computed on the same test data on which the GenAlgselected features were evaluated.
Lastly, we built an LR model on all patients (without
training, validation, and test partitions) using the selected
features in order to compute odds ratios (ORs) and the
corresponding 95% confidence intervals (CI). However,
this analysis was still conducted separately for the two
sub-cohorts with and without STS prediction. Statistical
significance was reached when p-value was less than
0.05.
All feature selection and evaluation were conducted in
MATLAB version R2010b (Mathworks, Natick, MA,
USA).

tion, respectively. The patients with STS prediction were
slightly younger than those without, and the proportion
of male gender was higher among the patients with STS
prediction than among those without. Furthermore, the
patients with STS prediction were generally in worse
condition than those without, which is supported by the
higher prevalence of co-morbidities and preoperative
medication use. While an overwhelming majority of the
patients with STS prediction underwent CABG (possibly
along with other procedures), the valve procedures were
more frequent among those without STS than those with.
Table 2 shows AUCs from test data associated with
the features selected by the GenAlg. STS prediction
achieved an AUC of 0.629 on the same test data. Overall,
our GenAlg approach was unable to outperform STS for
the patients with STS prediction. In general, higher
AUCs were achieved for the cases without STS prediction than for those with STS prediction. Maximum AUCs
of 0.573 and 0.691 were achieved with 15 and 10 features for the sub-cohorts with and without STS prediction, respectively.
Table 3 lists the selected features, along with their
ORs and 95% CIs, for the patients with STS prediction.
The features that were selected consistently across different numbers of features were preoperative use of aspirin, aortic valve procedure, creatinine, and cross clamp
time. However, preoperative use of aspirin and creatinine
never reached statistical significance in any of the LR
models. In the 15 feature model that resulted in the highest AUC (see Table 2), short LOS was significantly correlated with absence of CHF (OR = 0.59, p = 0.04), aortic valve procedure (OR = 1.54, p = 0.04), and shorter
cross clamp time (OR = 0.99, p = 0.004).
Table 4 tabulates the counterpart information of Table
3 for the patients without STS prediction. Age, preoperative use of IV nitrates, and perfusion time were consistently selected by the GenAlg throughout the various
numbers of features. Preoperative use of IV nitrates was
statistically insignificant in all models. As Table 2 showed, the 10 feature set achieved the maximum AUC and
revealed that short LOS was significantly correlated with
younger age (OR = 0.93, p < 0.001), absence of CHF
(OR = 0.53, p = 0.007), no preoperative use of beta
blockers (OR = 0.66, p = 0.03), and shorter cross clamp
time (OR = 0.99, p < 0.001).

3. Results

4. Discussion

1426 patients met the inclusion criteria and were analyzed. Table 1 summarizes the characteristics of the patient cohort, stratified by availability of STS short LOS
prediction. There were slightly more patients without
STS prediction than with. Short LOS accounted for
44.1% and 31.1% of those with and without STS predic-

Our objective was to assess whether a custom model
would more accurately predict morbidity in comparison
with the established STS model in our local geriatric
population. We utilized a GenAlg, an evolutionary algorithm that can perform automated feature selection to
maximize predictive performance. In addition to the

Copyright © 2013 SciRes.
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Table 1. Patient cohort characteristics, stratified by availability of STS short LOS prediction.
p-value2

STS prediction available

STS prediction unavailable

Number of patients

655

771

Post-surgery LOS (days)1

6 [5, 8]

7 [5, 9]

<0.001

Post-surgery LOS < 6 days

44.1%

31.1%

<0.001

Age (years)

76 [72, 80]

77 [73, 81]

<0.001

Gender (male)

67.6%

54.0%

<0.001

Race (non-Caucasian)

5.2%

4.3%

0.42

Family history of CAD

16.8%

14.9%

0.33

Diabetes mellitus

35.0%

25.0%

<0.001

Hypertension

87.2%

83.5%

0.05

Chronic lung disease

9.5%

16.1%

<0.001

CVD

17.4%

21.9%

0.03

PVD

17.7%

16.5%

0.54

MI

29.0%

19.7%

<0.001

CHF

15.6%

23.7%

<0.001

Preoperative use of beta blockers

76.8%

70.7%

0.009

Preoperative use of ACEI

47.3%

40.2%

0.007

Preoperative use of IV nitrates

3.4%

1.7%

0.04

Preoperative use of anticoagulants

20.0%

24.1%

0.06

Preoperative use of inotropes

0%

0.1%

0.36

Preoperative use of steroids

3.4%

4.3%

0.37

Preoperative use of aspirin

87.2%

70.9%

<0.001

CABG

80.6%

43.3%

<0.001

Aortic valve procedure

23.4%

54.3%

<0.001

7.0%

25.3%

<0.001

Last pre-surgery creatinine (mg/dL)

1.0 [0.9, 1.2]

1 [0.8, 1.3]

0.88

Cross clamp time (min)1

63 [49, 75]

80 [63, 104]

<0.001

1

Mitral valve procedure
1

LOS: length of stay, CAD: coronary artery disease, CVD: cerebrovascular disease, PVD: peripheral vascular disease, MI: myocardial infarction, CHF: congestive heart failure, ACEI: angiotensin converting enzyme inhibitors, IV: intravenous, CABG: coronary artery bypass graft; 1median [Q1, Q3], 2calculated via the
chi-squared test for binary variables and the Wilcoxon rank sum test for continuous variables.

preoperative variables already utilized in the STS score,
we also used intraoperative variables as these variables
also influence prognosis [15]. In the present study, the
GenAlg-based model could not outperform the STS score
in those subjects with STS data. While the STS scores
achieved an AUC of 0.629 in those with STS prediction,
our GenAlg-based model achieved a maximum AUC of
0.573 in the subset with STS prediction and a maximum
AUC of 0.691 in those without. Also, it is worthwhile
noting that the GenAlg-based model consistently
achieved higher AUCs in those cases lacking an STS
Copyright © 2013 SciRes.

prediction than in those with STS prediction. Hence,
GenAlg-based modeling was shown to be useful for predicting shorter LOS in geriatric patients for whom STS
risk scores cannot be calculated. Furthermore, the
GenAlg-based model demonstrated better prediction
utilizing fewer variables (10 to 15), whereas the STS
models use more than 30 variables. The significant association of shorter cross clamp time with short LOS indicates the influence of intraoperative parameters on postoperative course. It is important to note that intraoperative parameters are not part of the STS scoring system
WJCS

J. LEE ET AL.

167

Table 2. Short LOS prediction AUC using the genetic algorithm and logistic regression. Different numbers of selected features are shown for the two sub-cohorts: those with and without STS prediction. For comparison, the STS prediction model
achieved an AUC of 0.629 for the patients with calculated STS scores for short LOS.
Number of features

STS prediction available

STS prediction unavailable

5

0.545

0.681

10

0.563

0.691

15

0.573

0.676

20

0.551

0.672

23 (all features)

0.555

0.680

Table 3. Features selected by the genetic algorithm for short LOS prediction among the patients who had STS predictions
available. For each number of features, only the selected ones are shown with OR and 95% CI. The corresponding AUCs on
test data are tabulated in Table 2.
Number of features

Features
5

10

15

20

Gender (male)

1.00 (0.69 to 1.44)

1.07 (0.74 to 1.56)

Ethnicity (non-Caucasian)

1.03 (0.49 to 2.18)

1.02 (0.48 to 2.16)

Family history of CAD

0.95 (0.61 to 1.48)

Age (yr)

Diabetes mellitus

1.02 (0.71 to 1.46)

Hypertension
Chronic lung disease
CVD
PVD

0.73 (0.47 to 1.15)

MI

0.79 (0.54 to 1.15)

CHF
Preoperative beta blockers

0.67 (0.41 to 1.09)

0.71 (0.43 to 1.16)

0.88 (0.56 to 1.39)

0.90 (0.57 to 1.43)

0.75 (0.47 to 1.19)

0.79 (0.49 to 1.26)

0.59* (0.36 to 0.97)

0.57* (0.34 to 0.94)

1.08 (0.61 to 1.93)

0.76 (0.51 to 1.13)

0.88 (0.60 to 1.30)

0.80 (0.53 to 1.21)

0.85 (0.56 to 1.30)

Preoperative ACEI

0.99 (0.71 to 1.38)

0.96 (0.68 to 1.35)

Preoperative IV nitrates

0.62 (0.23 to 1.67)

0.72 (0.27 to 1.94)

Preoperative anticoagulants

0.95 (0.61 to 1.47)

Preoperative inotropes

1.00 (1.00 to 1.00)

Preoperative steroids
Preoperative aspirin

1.75 (0.68 to 4.48)

1.80 (0.70 to 4.64)

1.33 (0.80 to 2.21)

1.48 (0.88 to 2.51)

1.29 (0.78 to 2.13)

1.54* (1.02 to 2.33)

1.73 (0.91 to 3.30)

0.80 (0.62 to 1.04)

0.82 (0.64 to 1.06)

0.83 (0.65 to 1.07)

0.84 (0.65 to 1.08)

0.99* (0.98 to 1.00)

0.99* (0.98 to 1.00)

0.99* (0.98 to 1.00)

0.99* (0.98 to 1.00)

1.40 (0.85 to 2.30)

1.46 (0.88 to 2.42)

1.50* (1.00 to 2.24)

Creatinine (mg/dl)
Perfusion time (min)

CABG
Aortic valve procedure

0.88 (0.56 to 1.40)
1.00 (1.00 to 1.00)

0.85 (0.50 to 1.45)

1.08 (0.55 to 2.15)

Mitral valve procedure

2.16 (0.90 to 5.18)

OR: odds ratio, CI: confidence interval, CAD: coronary artery disease, CVD: cerebrovascular disease, PVD: peripheral vascular disease, MI: myocardial infarction, CHF: congestive heart failure, ACEI: angiotensin converting enzyme inhibitors, IV: intravenous, CABG: coronary artery bypass graft; *Statistically
significant (p < 0.05).

[16].
Accurate prediction of prolonged post-cardiac-surgery
LOS can be a crucial piece of information for health care
cost savings. The earlier clinicians and hospital administrators are informed of potential excessive consumption
of hospital resources, the better they can allocate the limited resources they have. Moreover, keeping LOS at
Copyright © 2013 SciRes.

minimum is important with respect to managing risk for
hospital-acquired infections.
Building customized models rather than the traditional
one-model-fits-all approach has been shown to be meritorious in mortality prediction [17]. Such tailored clinical
decision support is now possible largely thanks to the
advent of electronic health data that led to the formation
WJCS
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Table 4. Features selected by the genetic algorithm for short LOS prediction among the patients who did not have STS predictions available. For each number of features, only the selected ones are shown with OR and 95% CI. The corresponding
AUCs on test data are tabulated in Table 2.
Number of features

Features
Age (yr)

5

10

15

20

0.93* (0.89 to 0.96)

0.93* (0.90 to 0.97)

0.93* (0.89 to 0.96)

0.94* (0.90 to 0.98)
1.56* (1.05 to 2.32)

Gender (male)
Ethnicity (non-Caucasian)
Family history of CAD

1.30 (0.81 to 2.10)

0.48 (0.15 to 1.51)

0.44 (0.13 to 1.44)

1.26 (0.77 to 2.04)

1.19 (0.73 to 1.95)

Diabetes mellitus

1.15 (0.74 to 1.78)

Hypertension

0.70 (0.43 to 1.13)

Chronic lung disease

1.07 (0.64 to 1.77)

1.04 (0.63 to 1.72)

CVD

0.69 (0.43 to 1.12)

PVD

0.75 (0.42 to 1.33)

MI

0.97 (0.60 to 1.57)
0.53* (0.33 to 0.84)

CHF

*

Preoperative beta blockers
Preoperative ACEI
Preoperative IV nitrates

0.27 (0.03 to 2.29)

Preoperative inotropes
Preoperative steroids

0.58* (0.36 to 0.94)
0.65 (0.44 to 0.97)

1.36 (0.95 to 1.96)

1.41 (0.97 to 2.03)

1.43 (0.98 to 2.10)

0.36 (0.04 to 3.09)

0.33 (0.04 to 2.90)

0.32 (0.03 to 2.91)

1.07 (0.68 to 1.68)

1.00 (0.64 to 1.57)

1.00 (1.00 to 1.00)

1.00 (1.00 to 1.00)

1.00 (1.00 to 1.00)

1.19 (0.79 to 1.80)

1.14 (0.75 to 1.73)

0.81 (0.26 to 2.56)
1.16 (0.78 to 1.71)

CABG

1.07 (0.70 to 1.63)

Aortic valve procedure
Mitral valve procedure

0.85 (0.53 to 1.37)
0.63* (0.41 to 0.95)

0.69 (0.45 to 1.06)

Creatinine (mg/dl)
Perfusion time (min)

0.59* (0.37 to 0.97)

*

0.66 (0.45 to 0.96)

Preoperative anticoagulants

Preoperative aspirin

1.16 (0.70 to 1.94)

0.99* (0.98 to 0.99)

0.99* (0.98 to 0.99)

0.59* (0.34 to 1.00)

0.91 (0.59 to 1.40)

0.82 (0.50 to 1.35)

0.99* (0.98 to 0.99)

0.99* (0.98 to 0.99)

OR: odds ratio, CI: confidence interval, CAD: coronary artery disease, CVD: cerebrovascular disease, PVD: peripheral vascular disease, MI: myocardial infarction, CHF: congestive heart failure, ACEI: angiotensin converting enzyme inhibitors, IV: intravenous, CABG: coronary artery bypass graft; *Statistically significant (p < 0.05).

and maintenance of large local databases containing an
enormous amount of patient information. With respect to
decision support driven by local health data, the Institute
of Medicine has recently elaborated on the need to start
analyzing routinely collected local data during patient
care in order to improve care processes as well as clinical
outcomes [18].
In a systematic review and validation of prediction of
prolonged LOS following cardiac surgery, Ettema et al.
[8] found that the Parsonnet score [19] (AUC of 0.75)
and EuroScore [20] (AUC of 0.71) were superior to the
20 models they chose to study. The focus in this particular study was prolonged ICU LOS. ICU stay can be a
nebulous definition as different ICUs have different criteria for ICU care. In addition, their definition of prolonged ICU LOS was >48 hours of ICU stay. We chose
to study hospital stay as an outcome and we focused on
prediction of shorter LOS following cardiac surgery in
Copyright © 2013 SciRes.

high risk geriatric patients only.
STS is limited to three risk models—CABG, Valve,
and CABG + Valve [3,16]. These risk models apply to
seven types of surgery—CABG, aortic valve replacement (AVR), mitral valve replacement (MVR), mitral
valve repair (MV Repair), CABG + AVR, CABG +
MVR, and CABG + MV Repair. An STS risk score cannot be calculated for any procedure that does not precisely fall into any of these categories. Also, age and
gender are required variables; no risk score can be calculated if either is not known. Our GenAlg approach performed better at short LOS prediction among the patients
without STS data compared to those with. The model
performance is based on the ability to discriminate between those with and without short LOS and is expressed
as an AUC. An AUC of 1 correlates with perfect prediction and that of 0.5 translates to no predictive ability or
leaving it to chance. An AUC < 0.7 should be applied in
WJCS
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clinical practice with caution. The GenAlg-based model
achieved a maximum AUC of 0.691 in those without
STS prediction. The better discriminating ability of our
local model in those lacking STS risk scores points to the
utility of this model for such patients. Further studies are
required to confirm this effect in similar patient groups.
The discriminative ability of a model not only depends
on the model itself but also on the dataset or population it
is tested on [21]. One of the known weaknesses of AUC
is that it overestimates performance in a skewed data set.
Furthermore, the larger sample size of the sub-cohort
without STS prediction could have been a factor in the
improved performance.
One area for future work is to validate our customized
GenAlg-driven risk modeling approach (rather than our
specific models since they were customized for our institution) at other institutions for external validity. Ultimately, an impact study will have to be conducted to
gauge the benefits of having accurate LOS prediction for
cardiac patients with respect to cost savings and reduction of hospital-acquired infections.

5. Conclusion
Our GenAlg-based models did not outperform STS prediction for patients with STS risk scores. However, our
customized approach based on local data reliably predicted short LOS for cardiac surgery types that do not
allow STS risk calculation. The primary strength of our
proposed risk stratification is its utilization of the most
relevant data from a local data repository rather than onesize-fits-all models. We advocate that each institution
with sufficient observational data should build their own
risk models.

6. Acknowledgements
This research work was supported in part by the NIH
grant R01-EB001659. J. Lee was supported in part by a
Postdoctoral Fellowship from the Natural Sciences and
Engineering Research Council of Canada (NSERC). The
authors would like to thank the STS data manager at
Beth Israel Deaconess Medical Center.

REFERENCES
[1]

[2]

B. H. Scott, F. C. Seifert, R. Grimson and P. S. A. Glass,
“Octogenarians Undergoing Coronary Artery Bypass
Graft Surgery: Resource Utilization, Postoperative Mortality, and Morbidity,” Journal of Cardiothoracic and
Vascular Anesthesia, Vol. 19, No. 5, 2005, pp. 583-588.
doi:10.1053/j.jvca.2005.03.030
S. A. M. Nashef, F. Roques, P. Michel, E. Gauducheau, S.
Lemeshow and R. Salamon, “European System for Cardiac Operative Risk Evaluation (EuroSCORE),” European Journal Cardio-Thoracic Surgery, Vol. 16, No. 1,
1999, pp. 9-13. doi:10.1016/S1010-7940(99)00134-7

Copyright © 2013 SciRes.

169

[3]

D. M. Shahian, S. M. O’Brien, G. Filardo, V. A. Ferraris,
C. K. Haan, J. B. Rich, et al., “The Society of Thoracic
Surgeons 2008 Cardiac Surgery Risk Models: Part 1—
Coronary Artery Bypass Grafting Surgery,” The Annals
of Thoracic Surgery, Vol. 88, Supplement 1, 2009, pp.
S2-S22. doi:10.1016/j.athoracsur.2009.05.053

[4]

P. Pinna-Pintor, M. Bobbio, S. Colangelo, F. Veglia, M.
Giammaria, D. Cuni, et al., “Inaccuracy of Four Coronary
Surgery Risk-Adjusted Models to Predict Mortality in Individual Patients,” European Journal Cardio-Thoracic
Surgery, Vol. 21, No. 2, 2002, pp. 199-204.
doi:10.1016/S1010-7940(01)01117-4

[5]

W. F. Northrup, R. W. Emery, D. M. Nicoloff, T. J. Lillehei, A. R. Holter and D. P. Blake, “Opposite Trends in
Coronary Artery and Valve Surgery in a Large Multisurgeon Practice, 1979-1999,” The Annals of Thoracic Surgery, Vol. 77, No. 2, 2004, pp. 488-495.
doi:10.1016/S0003-4975(03)01359-6

[6]

A. Maslow, P. Casey, A. Poppas, C. Schwartz and A.
Singh, “Aortic Valve Replacement with or Without Coronary Artery Bypass Graft Surgery: The Risk of Surgery in
Patients ≥80 Years Old,” Journal of Cardiothoracic and
Vascular Anesthesia, Vol. 24, No. 1, 2010, pp. 18-24.
doi:10.1053/j.jvca.2009.07.010

[7]

J. G. M. J. H. Heijmans and P. M. H. J. Roekaerts, “Risk
Stratification for Adverse Outcome in Cardiac Surgery,”
European Journal of Anesthesiology, Vol. 20, No. 7,
2003, pp. 515-527.
doi:10.1097/00003643-200307000-00002

[8]

R. G. A. Ettema, L. M. Peelen, M. J. Schuurmans, A. P.
Nierich, C. J. Kalkman and K. G. M. Moons, “Prediction
Models for Prolonged Intensive Care Unit Stay after Cardiac Surgery; Systematic Review and Validation Study,”
Circulation, Vol. 122, No. 7, 2010, pp. 682-689.
doi:10.1161/CIRCULATIONAHA.109.926808

[9]

H. K. Song, B. S. Diggs, M. S. Slater, S. W. Guyton, R.
M. Ungerleider and K. F. Welke, “Improved Quality and
Cost-Effectiveness of Coronary Artery Bypass Grafting in
the United States from 1988 to 2005,” The Journal of
Thoracic and Cardiovascular Surgery, Vol. 137, No. 1,
2009, pp. 65-69. doi:10.1016/j.jtcvs.2008.09.053

[10] O. V. Hein, J. Birnbaum, K. Wernecke, M. England, W.
Konertz and C. Spies, “Prolonged Intensive Care Unit
Stay in Cardiac Surgery: Risk Factors and Long-TermSurvival,” The Annals of Thoracic Surgery, Vol. 81, No.
3, 2006, pp. 880-885.
doi:10.1016/j.athoracsur.2005.09.077
[11] R. Atoui, F. Ma, Y. Langlois and J. F. Morin, “Risk Factors for Prolonged Stay in the Intensive Care Unit and on
the Ward after Cardiac Surgery,” Journal of Cardiac Surgery, Vol. 23, No. 2, 2008, pp. 99-106.
doi:10.1111/j.1540-8191.2007.00564.x
[12] D. P. Janssen, L. Noyez, C. Wouters and R. M. Brouwer,
“Preoperative Prediction of Prolonged Stay in the Intensive Care Unit for Coronary Bypass Surgery,” European
Journal Cardio-Thoracic Surgery, Vol. 25, No. 2, 2004,
pp. 203-207. doi:10.1016/j.ejcts.2003.1
[13] D. T. Wong, D. C. Cheng, R. Kustra, R. Tibshirani, J.
Karski, J. Carroll-Munro, et al., “Risk Factors of Delayed

WJCS

J. LEE ET AL.

170

Extubation, Prolonged Length of Stay in the Intensive
Care Unit, and Mortality in Patients Undergoing Coronary Artery Bypass Graft with Fast-Track Cardiac Anesthesia: A New Cardiac Risk Score,” Anesthesiology, Vol.
91, No. 4, 1999, pp. 936-44.
doi:10.1097/00000542-199910000-00012
[14] S. N. Sivanandam and S. N. Deepa, “Introduction to Genetic Algorithms,” Springer, Berlin, 2008.
[15] M. Y. Rady, T. Ryan and N. J. Starr, “Perioperative DeTerminants of Morbidity and Mortality in Elderly Patients
Undergoing Cardiac Surgery,” Critical Care Medicine,
Vol. 26, No. 2, 1998, pp. 225-235.
doi:10.1097/00003246-199802000-00016
[16] D. M. Shahian, S. M. O’Brien, G. Filardo, V. A. Ferraris,
C. K. Haan, J. B. Rich, et al., “The Society of Thoracic
Surgeons 2008 Cardiac Surgery Risk Models: Part 3—
Valve Plus Coronary Artery Bypass Grafting Surgery,”
The Annals of Thoracic Surgery, Vol. 88, Supplement 1,
2009, pp. S43-S62. doi:10.1016/j.athoracsur.2009.05.055
[17] L. A. Celi, S. Galvin, G. Davidzon, J. Lee, D. Scott and R.
Mark, “A Database-Driven Decision Support System:

Copyright © 2013 SciRes.

Customized Mortality Prediction,” Journal of Personalized Medicine, Vol. 2, No. 4, 2012, pp. 138-148.
doi:10.3390/jpm2040138
[18] M. Smith, R. Saunders, L. Stuckhardt and J. M. McGinnis,
“Best Care at Lower Cost: The Path to Continuously
Learning Health Care in America,” Institute of Medicine,
Washington DC, 2012.
[19] V. Parsonnet, D. Dean and A. D. Bernstein, “A Method
of Uniform Stratification of Risk for Evaluating the Results of Surgery in Acquired Adult Heart Disease,” Circulation, Vol. 79, No. 6, 1989, pp. I3-I12.
[20] S. A. Nashef, F. Roques, P. Michel, E. Gauducheau, S.
Lemeshow and R. Salamon, “European System for Cardiac Operative Risk Evaluation (EuroSCORE),” European Journal Cardio-Thoracic Surgery, Vol. 16, No. 1,
1999, pp. 9-13. doi:10.1016/S1010-7940(99)00134-7
[21] A. K. Akobeng, “Understanding Diagnostic Tests 3: Receiver Operating Characteristic Curves,” Acta Paediatrica, Vol. 96, No. 5, 2007, pp. 644-647.
doi:10.1111/j.1651-2227.2006.00178.x

WJCS

