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Abstract

Objectives: Intensive care unit (ICU) costs comprise a significant proportion of the total 

inpatient charges for cardiac surgery. No reliable method for predicting intensive care unit length 

of stay following cardiac surgery exists, making appropriate staffing and resource allocation 

challenging. We sought to develop a predictive model to anticipate prolonged ICU length of stay 

(LOS).

Methods: All patients undergoing coronary artery bypass grafting (CABG) and/or valve 

surgery with a Society of Thoracic Surgeons (STS) predicted risk score were evaluated from 

an institutional STS database. Models were developed using 2014–2017 data; validation used 

2018–2019 data. Prolonged ICU LOS was defined as requiring ICU care for at least three 

days postoperatively. Predictive models were created using lasso regression and relative utility 

compared.

Results: A total of 3,283 patients were included with 1669 (50.8%) undergoing isolated 

CABG. Overall, 32% of patients had prolonged ICU LOS. Patients with comorbid conditions 

including severe COPD (53% vs. 29%, p<0.001), recent pneumonia (46% vs. 31%, p<0.001), 

dialysis-dependent renal failure (57% vs. 31%, p<0.001) or reoperative status (41% vs. 31%, 

p<0.001) were more likely to experience prolonged ICU stays. A prediction model utilizing 
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preoperative and intraoperative variables correctly predicted prolonged ICU stay 76% of the time. 

A preoperative variable-only model exhibited 74% prediction accuracy.

Conclusions: Excellent prediction of prolonged ICU stay can be achieved using STS data. 

Moreover, there is limited loss of predictive ability when restricting models to preoperative 

variables. This novel model can be applied to aid patient counseling, resource allocation, and staff 

utilization.
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Introduction

Intensive care unit (ICU) costs make up a significant proportion of the total inpatient 

expenses (1, 2). From a clinical perspective it is well reported that patients with prolonged 

ICU length of stay following cardiac surgery experience higher rates of sepsis, postoperative 

pneumonia, renal failure and gastrointestinal tract complications as well as worse in-hospital 

and long-term mortality (3, 4, 5).

While numerous models exist to predict ICU length of stay, they are not without limitations. 

A recent systematic review identified 11 studies detailing 31 models found that none fully 

satisfied all of their main requirements including: published variables, lack of organizational 

characteristic variables, low level of bias and accurate predictions (6). Even in well-

established models like the Acute Physiology and Chronic Health Evaluation (APACHE) 

score, they are better suited for comparing case-mix adjusted ICU metrics instead of single 

patient utilization because of higher group precision and poorer individual accuracy (7).

In 2018, Meadows and colleagues investigated the use of the preoperative cardiac surgery 

risk tool EuroSCORE to predict ICU LOS after cardiac surgery. They demonstrated through 

logistic regression models that both additive and logistic EuroSCORE values yield reliable 

and accurate predictors of prolonged ICU stay, 79.77% and 79.73% respectively (8). The 

Society of Thoracic Surgeons (STS) risk calculator provides an estimate of an individual 

patient’s chance of prolonged total hospital stay, but does not stratify this result into ICU 

versus other levels of care.

In order to increase efficiency within our cardiac surgery postoperative intensive care unit, 

we sought to develop a predictive model utilizing commonly acquired patient variables 

captured within the STS database. Our objective was to translate these results into a 

transferable and translatable predictive tool.

Patients and Methods

Patient Population and Data Collection

All patients who underwent adult cardiac surgery between 2014 – 2017 with calculated STS 

risk scores were extracted from an institutional STS database. Patients undergoing CABG, 

valvular or combined CABG and valvular procedures were included, and patients without 
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risk score calculation were excluded. Total time in the ICU was also extracted from the STS 

database. Short ICU length of stay was defined as less than 72 hours (three days) while 

long ICU length of stay was defined as greater than or equal to 72 hours. The Institutional 

Review Board for Human Subjects Research at the University of Virginia (Protocol #17806) 

approved the study.

Patients were stratified by the duration of their ICU stay (short vs. long). Other outcomes 

of interest were defined according to standard STS definitions. Iterative models predicting 

short vs. long length of stay were created and serially examined. Importantly, models using 

only preoperative factors and models using preoperative and intraoperative factors were 

considered separately and performance compared.

The current ICU staffing model at our institution consists of critical care intensivists, 

surgical and anesthesia resident physicians, and advanced practice providers including nurse 

practitioners and physician assistants, along with dedicated ICU nursing and respiratory 

therapy. No major changes to the staffing model occurred during the entirety of the study 

period.

Our institution employs rapid-ICU discharge protocols for select patients, and in October 

2018, we began patient enrollment into an enhanced recovery after cardiac surgery (ERACS) 

program.

Model Construction and Evaluation

Prediction models for long length of stay were developed using STS data from 2014–2017 

and then validated using STS data from 2018–2019. Two categories of prediction models 

were generated based on sets of variables: (1) using both preoperative and intraoperative 

factors, and (2) using only preoperative factors. Variables were assessed for collinearity prior 

to model fitting. Highly correlated variables (>|0.9|) were clinically assessed to determine 

inclusion in the candidate set based on definition, clinical relevance, and potential for 

missing information. For each model, the best predictors of ICU stay were derived using 

penalized logistic regression. Lasso regression was chosen in order to achieve predictive 

parsimony while minimizing prediction errors, while being tolerant of any multicollinearity 

undetected in the potential predictors. Lasso regression was performed using the glmnet 

R package with smoothing parameter selected to minimize the cross-validated area under 

the curve (AUC) (9, 10). The prediction cut-point selected for each model balanced 

sensitivity and specificity. The two models were compared using tests for receiver operating 

characteristic (ROC) curves (11). The performance metrics were used to select the optimal 

model, which was then compared with the performance obtained using the STS risk scores, 

and validated against the 2018–2019 cohort.

Missing data was handled individually for each variable. For the majority of variables, any 

missing or unknown and/or not applicable were included as valid categories. Variables with 

a large percentage of unexplainable missing data (i.e. the information was applicable but not 

entered) were excluded from consideration since the validity of the data was questionable 

and the probability of bias large. Characteristics recorded in multiple variables due to 
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changes in STS coding were individually inspected and collapsed to the finest clinically 

relevant categorization possible.

Results

Patient and Operative Characteristics

A total of 3,283 patients met inclusion criteria and were included in the study with 

approximately half of patients, 1669 (51%), undergoing isolated coronary artery bypass 

grafting (CABG). Long ICU stay affected 1044 (31.8%) of included patients. Overall, the 

median ICU stay was 46.8 hours (IQR=66.2), with a median stay of 28.8 hours (IQR=24.9) 

in the short ICU stay group and 115.5 hours (IQR=66.5) in the long ICU stay group. 

Baseline characteristics and operations performed between groups are shown in Table 1. 

Patients with long ICU stays had higher prevalence of respiratory comorbidities including 

moderate to severe lung disease (53% vs. 29%, p<0.001), recent pneumonia (46% vs. 31%, 

p<0.001), and obstructive sleep apnea (38% vs. 30%, p<0.001). Other major comorbidities 

or preoperative factors affecting patients with prolonged ICU stay included: advanced age 

(median 71.0 vs. 67.0, p<0.001), female gender (36% vs. 30%, p=0.001), hypertension (33% 

vs. 25%, p<0.001), dyslipidemia (33% vs. 27%, p=0.008), diabetes (37% vs. 28%, p<0.001), 

dialysis-dependent renal failure (57% vs. 31% p<0.001), reoperative status (41% vs. 31%, 

p<0.001), peripheral arterial disease (43% vs. 30%, p<0.001), and higher STS prediction 

scores for risk of mortality and predicted morbidity or mortality (both p<0.001). Patients 

who experienced long ICU stay were more likely to have undergone operations other than 

isolated CABG (p<0.001).

Model Performance and Key Variables

Models were created and derived as described above. The best model based on both pre-and 

intraoperative factors selected 28 predictors with an AUC of 0.76. The cut-point of 0.31 

yielded a sensitivity and specificity of 69.6% and 69.8% for long length of stay, and a 

positive predictive value (PPV) of 52.0%. The best model based on only the preoperative 

factors selected 23 predictors with an AUC of 0.74. Both the sensitivity and specificity of 

this model was 69.1% under its cut-point of 0.31, and PPV was 51.4%. Comparison of the 

two models found a statistically significant difference (p<0.001) due to the large sample 

size. However, when the optimal cut point for model prediction was applied, there was no 

clinically meaningful difference in predictive ability between each of the models and their 

functionality was essentially unchanged. Hence, the preoperative factors-only model was 

selected as the final model.

The performance of the preoperative model is shown in Figure 1. Visual analysis of the 

predicted probabilities demonstrates that long ICU stay can be predicted with a fair amount 

of confidence. However, there is overlap in the mid-range of predicted risk indicating 

imperfection and reduced discretionary ability in patients with intermediate risk. Uniform 

among all models, respiratory comorbidities had a relatively strong effect size. In the final 

model, other variables that were important included: preoperative intra-aortic balloon pump 

(IABP) (0.88), isolated CABG (0.77), race (0.56), home oxygen use (0.47) and chronic 

lung disease (0.44). Analysis of performance analysis in the training data pre- versus post-
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ERACS implementation demonstrated a slightly better AUC post-ERACS (0.74 vs. 0.71) 

with an improved PPV of 65.9% vs. 57.7%. A complete list of variables included in the final 

model and their relative impact can be found in Table 2.

The final model was compared to the STS prediction scores for length of stay. There was no 

difference in the performance of the two predictors (AUC difference = 0.002, p=0.75). In the 

validation cohort, the final model produced an AUC of 0.72 (Figure 3), with a sensitivity of 

62.5%, specificity of 68%, and PPV of 54.4%.

An easy to use, first generation platform was created to be made available to providers. The 

user interface is demonstrated in Figure 2.

Discussion

Postoperative cardiac intensive care units are unique in that patients often follow a 

predetermined pathway. Beyond this general feature of the field, there are two contemporary 

factors that underscore the importance of continuing to work towards accurate ICU 

utilization models in the current era. First, there is increasing interest in the development 

and implementation of enhanced recovery after cardiac surgery pathways which provide a 

source of consistency in the postoperative care (12). The value of an ICU LOS prediction 

tool would do well to promote these efforts by adding another identifying factor of who 

may or may not benefit from these protocols. Second, with the emergence of the novel 

coronavirus pandemic, short- and medium-term prognostication of post-operative ICU needs 

has never been more important (13).

In this single institution study of over 3000 patients, we created a functional model to 

predict individual patient ICU utilization using STS data. Our results demonstrated adequate 

discriminatory function and found minimal decrease in model performance when only using 

regularly assessed preoperative variables. This is important since intraoperative variables 

may not yet be available to unit leadership during strategic planning for staff and resource 

allocation. Not only does the final model perform at or above the discriminatory ability of 

other published models, but we have also translated it into a user-friendly format that could 

be transferred and accessed by other institutions and programs.

In all of our models examined, and in our final model, we found a consistent impact of 

respiratory comorbidities on ICU length of stay. One of the most consistently identified 

risk factors for prolonged ICU stay in unselected populations stay has been the need for 

mechanical ventilation (14, 15, 16). While the vast majority of cardiac surgery patients 

will require mechanical ventilation for some period of time, perturbations in the respiratory 

system appear to be a powerful signal to indicate the potential for an extended ICU stay in 

both mixed ICU and post-cardiac surgery populations.

Pre-existing comorbid conditions provide more meaningful prognostication for patients 

following cardiac surgery than in unselected populations. While these factors in and of 

themselves may not drive prolonged ICU LOS, they can be surrogates of higher risk 

patients. Compared to the varied indications for general ICU admissions, cardiac surgery 

patients have relatively predictable and conserved insults inherent to their pathology, and 
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outcomes are highly dependent on preoperative function. This difference is exemplified 

by studies in mixed ICU populations that have compared the utility of preadmission 

variables to those obtained after admission, demonstrating significantly better predictive 

ability of post-admission data. In one study of mixed ICU populations, the need for invasive 

ventilation and the oxygenation ratio following ICU admission accounted for over 50% of 

the model variance while chronic comorbidities accounted for less than 1% (16). Prediction 

based solely on pre-incision data has been successfully demonstrated in neural network 

modeling in cardiac surgery and underscores the importance of applying specific models 

to appropriate patient populations (17). In the setting of cardiac surgery, preoperative 

comorbidities appear to be especially important, particularly respiratory comorbidities.

Significant variability exists within the literature defining a long ICU LOS following cardiac 

surgery. This is highlighted by a 2010 systematic review by Ettema and colleagues where 

they restricted their analyses to of a range of 24 to 72 hours, which required the elimination 

of two studies using a cutoff of over 72 hours (18). While 48 hours was ultimately used 

for their validation study, they found minimal impact on their results when performing their 

analyses using 24 or 72 hours as their cut off point. Herman and colleagues sought to predict 

prolonged length of stay for patients undergoing CABG and also utilized 72 hours as the 

cutpoint (19). We investigated the distribution of ICU days prior to modeling to identify any 

external factors that might influence the definition. We discovered both 24 and 48 hours 

were highly influenced by the time of day at which surgery was scheduled. In general, 

rounding and determinations to transfer patients are made at set times, and definitions based 

on 24 or 48 hours were affected by this timing. At 72 hours, the time of surgery was 

no longer driving the ICU LOS distribution. Therefore, the use of 72 hours throughout 

existing literature, its clinical relevance, and the improved discriminatory ability in our 

cohort supports our use of this time point. Historically, the lack of consistency of definitions 

coupled with the increasingly streamlined processes for post-cardiac surgery care in the era 

of enhanced recovery programs, points to the need to refocus on the development on models 

fitting contemporary post cardiac surgery care with large, multi-institutional, standardized 

data (20).

The field of cardiac surgery has already embraced the use of risk scores both for internal 

clinical risk assessment and for external accountability through the use of the star rating 

system (21). The STS risk models have been praised as the gold standard of surgical 

risk assessment tools and their importance cannot be understated, especially as pertains to 

specific operations. Refinement and implementation of an extended ICU prediction model 

should be of equally critical importance and may be used in a similar fashion to benchmark 

outcomes in the future, but more importantly, is now ready to aid in resource utilization. 

Inefficiencies within our system of care must be eliminated as they pose a threat to patient 

outcomes and come with significant financial repercussions. A 2018 study conducted at 

Yale New Haven hospital demonstrated systematic inefficiencies in the form of delayed 

operating room to ICU patient transfer resulted in significantly longer ICU length of stay 

(13% increase), 30-day mortality of 34%, and an estimated loss in revenue of $15 million 

annually (22). Similar financial consequences could be anticipated from inefficiencies in 

patient movement elsewhere throughout the hospital such as discharge from the ICU without 

proper estimates of expected lengths of stay. Now more than ever, we must refine our risk 
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assessment as the cost of delivering high quality healthcare continues to rise. These costs 

in conjunction with staffing shortages reinforce the need to allocate resources to areas of 

high-need patient care. We propose that by utilization of preoperative prediction tools, we 

can better prepare for nursing, respiratory therapy, pharmacy and other critical service needs 

based on the upcoming scheduled operative case load. Importantly, in the era of the ongoing 

novel coronavirus pandemic, it is the expectation that ICU volume will need to rapidly 

adjust to accommodate waves of critically ill patients; knowledge of anticipated utilization 

will dramatically assist in achieving this goal (13). Currently, our institution admits all 

post-cardiac surgery patients to the intensive care unit. We do employ rapid ICU-discharge 

protocols to an intermediate care unit (IMU) where qualification mandates patients have 

stable blood pressure with minimal or no need for vasopressors or inotropes, decreasing 

oxygen requirements, and no pulmonary artery catheter. As ICU space is further constrained 

by the ongoing pandemic, efforts to create fast-track protocols for optimal patients utilizing 

direct transfer to care wards from post-anesthesia care units (PACU) may be of increasing 

value (23, 24).

Risk prediction is routinely utilized during preoperative planning and evaluation in clinic. 

Although we have not yet implemented the proposed model into practice, we envision this 

prediction tool to be part of the standard evaluation implemented throughout ambulatory 

and inpatient settings alike. Translation of this model into an easy-to-use application is 

our ultimate goal. ICU managers, charge nurses, or hospital bed control centers would be 

able to quickly enter patient data to position patients in the most appropriate location given 

their predicted needs. Figure 2 demonstrates a preliminary user interface for required input 

variables. Ultimately, validation of these models with regional or national STS data would 

further strengthen this initiative, which we plan to evaluate in forthcoming analyses.

Limitations

This study is limited in its retrospective nature which exposes the data to some degree of 

selection bias. However, we included all patients’ operations that are eligible for STS risk 

prediction which represents a large proportion of adult cardiac operations that are regularly 

performed. In addition, data was derived from a single institution and determinations about 

transfer out of the ICU are dependent on provider preferences and institutional culture. 

Finally, the data captured represent actual time in the ICU rather than readiness for transfer 

which can be impacted by numerous variables including, but not limited to: time of day 

of the operation, receiving unit capacity and staffing availability, patient isolation status, 

timing of patient transfer orders, discharge timing, and other incoming unit transfers. The 

multitude of competing variables represent a source of unaccounted variability even though 

these factors should have affected all patients equally or on a random basis. Ultimately, these 

variables are limitations to any study of ICU LOS. Since our model is a predictor of real-

time LOS, these other factors would be present independent of the institution implementing 

this prediction model. Furthermore, this model was evaluated and validated using a large 

patient cohort which diminishes the impact of many of these sources of error.
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Conclusion

Predicting ICU length of stay has significant impact for patients and hospital systems 

alike. Tailoring care and establishing appropriate staffing and resource allocation is critical. 

We have demonstrated that by utilizing well-established and universal STS data, factors 

predicting prolonged ICU LOS can be readily identified and utilized for predictive modeling 

(Figure 4). The utility of a model exclusively reliant on preoperative information has the 

potential for earlier preparation of post-operative resources. We have successfully created a 

predictive model that can now be used to guide patient flow through the ICU. We plan to 

continue these efforts utilizing multi-institutional data for further validation of the predictive 

model, identification of surgery-specific predictive metrics and opportunities for improved 

resource allocation for those who are predicted to have prolonged ICU length of stay.
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Glossary of Abbreviations:

AUC area under the curve

CABG coronary artery bypass grafting

COPD chronic obstructive pulmonary disease

IABP intra-aortic balloon pump

ICU intensive care unit

IMU intermediate care unit

LOS length of stay

MI myocardial infarction

MELD Model for End-Stage Liver Disease

PPV positive predictive value

ROC receiver operating characteristic

STS Society of Thoracic Surgeons
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Central Message:

Prediction of prolonged intensive care unit length of stay can be successfully achieved 

using data available prior to entering the operating room.
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Perspective Statement:

A prediction tool that identifies patients at high risk for prolonged intensive care length 

of stay will aid in appropriate staffing decisions and resource allocation to improve 

efficiency within a cardiac surgery intensive care unit.
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Figure 1: 
Performance of the preoperative variable-only, final model for predicting long length of 

stay. Panels: (a) Receiver operating characteristic (ROC) curve, (b) Distribution of predicted 

probability of long length of stay by actual length of stay.
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Figure 2: 
User interface for Predictive Model calculator.
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Figure 3. 
Receiver operating characteristic curve for preoperative prediction model in the validation 

cohort.
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Figure 4. 
Graphical Abstract. Prediction of Prolonged Intensive Care Unit Stay following Cardiac 

Surgery. Total patients undergoing cardiac surgery at a single institution (3,283) enrolled 

for prediction calculator of prolonged ICU LOS. Significant risk factors and graphical 

representation of total cohort with prolonged ICU LOS (32%). Final predictive model 

performance metrics (ROC curve, distribution of predictive ability).
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Central Picture. 
Distribution of predicted probability of long length of stay by actual length of stay.
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Table 1:

Baseline Characteristics and demographics comparing patients with short ICU length of stay vs. long ICU 

length of stay. Subcategory percentages are of total category, i.e. Long ICU Stay.

Characteristic Overall n=3283 Long ICU Stay 
n=1044 (31.8%)

Short ICU Stay 
n=2239 (68.2%)

Standardized 
Differences

p-value
-

Age; median (Q1, Q3) 68 (60, 75) 71.0 (62.0, 77.0) 67.0 (59.0, 74.0) 0.295 <0.001

Female 997 (30.4%) 357 (34.2%) 640 (28.6%) 0.121 0.001

Procedure

 Isolated CABG 1669 (50.8%) 476 (45.6%) 1193 (53.3%) −0.154 <0.001

 AVR 1103 (33.6%) 365 (35.0%) 738 (33.0%) 0.042 <0.001

 MV Repair 309 (9.4%) 94 (9.0%) 215 (9.6%) −0.021 <0.001

 MV Replacement 202 (6.2%) 109 (10.4%) 93 (4.2%) 0.244 <0.001

Hypertension 2675 (81.5%) 895 (85.7%) 1780 (79.5%) 0.165 <0.001

Dyslipidemia
1 2747 (83.7%) 899 (86.2%) 1848 (82.5%) 0.101 0.008

Diabetes 1378 (42.0%) 507 (48.6%) 871 (38.9%) 0.196 <0.001

Severe COPD 342 (10.4%) 180 (17.2%) 162 (7.2%) 0.309 <0.001

Obstructive Sleep Apnea
2 552 (16.9%) 209 (20.1%) 343 (15.4%) 0.125 <0.001

Recent Pneumonia 100 (3.0%) 46 (4.4%) 54 (2.4%) 0.110 0.002

Dialysis
1 87 (2.7%) 50 (4.8%) 37 (1.7%) 0.179 <0.001

Peripheral Arterial Disease 528 (16.1%) 228 (21.8%) 300 (13.4%) 0.223 <0.001

Prior Stroke
3 305 (43.5%) 133 (45.1%) 172 (42.4%) 0.055 0.473

Reoperation 306 (9.3%) 125 (12.0%) 181 (8.1%) 0.130 <0.001

Intra-Aortic Balloon Pump 197 (6.0%) 120 (11.5%) 77 (3.4%) 0.310 <0.001

STS Predicted Risk of Mortality; 
median (Q1, Q3)

1.7 (0.9, 3.8) 3.3 (1.6, 6.2) 1.3 (0.7, 2.7) 0.601 <0.001

STS Predicted Risk of Morbidity 
or Mortality; median (Q1, Q3)

15.5 (9.6, 25.2) 23.5 (14.9, 35.6) 12.5 (8.6, 19.7) 0.829 <0.001

1
Missing data on 1 subject (i.e. n=3282)

2
Missing data on 11 subjects (n=3272)

3
Missing data on 2,582 subjects (n=701)
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Table 2:

Relative importance of each model variable used in final model.

Parameter Estimate Standard Error

Preoperative IABP 0.8803 0.1958

Isolated CABG −0.8665 0.1345

CABG performed 0.769 0.1386

Race 0.5636 0.1643

Other Cardiac Operation Performed 0.5173 0.1335

Home Oxygen 0.4678 0.2468

Chronic Lung Disease 0.4404 0.1436

Total Albumin −0.4276 0.1094

Diabetes 0.4189 0.1206

Heart Failure 0.3957 0.0961

Reoperation 0.3917 0.1537

Alcohol Use −0.3695 0.0967

Prior MI 0.3128 0.1039

Status −0.259 0.111

Cerebrovascular Disease 0.252 0.1028

Smoking 0.2464 0.0929

Sex −0.2438 0.1005

Sleep Apnea 0.212 0.1155

Operative Approach −0.1209 0.2231

Inhaled or oral Bronchodilator Therapy 0.0919 0.1233

MELD Score 0.0703 0.0124

Patient Age 0.0254 0.00418

Last Hematocrit 0.000174 0.00891
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