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Abstract 

Cardiovascular disease is a leading cause of mortality and morbidity in the United States. Coronary 

artery bypass graft (CABG) surgery, a leading revascularization procedure to treat coronary artery 

disease, is a high cost procedure that results in large economic impact. Ability to predict CABG 

surgery cost could enable clinicians and administrators to better manage hospital resources. To 

plan for CABG surgery cost based on individual patient characteristics, this study develops 

predictive models using clinical, administrative and cost data. We applied semiparametric 

regression to develop (i) a cost model that consists of pre-operative variables, and (ii) a cost model 

that consists of pre-, peri- and post-operative variables. Adding perioperative and postoperative 

variables increased model accuracy by 25%. Statistically significant variables can inform 

clinicians and administrators to focus on areas for quality and process improvement initiatives. 

Potential limitation for model adoption is that costing methodology and accounting methods might 

vary across hospitals. 
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1. Background and Significance 

Cardiovascular disease is a leading cause of mortality and morbidity in the United States (Sidney 

et al. 2016). It also places a large economic burden of illness on the society (Eisenberg 2005). Of 

all the procedures related to cardiovascular disease, coronary artery bypass graft surgery (CABG) 

is a leading revascularization procedure in the treatment of coronary artery disease. With an 

estimated direct cost in the US averaging $57,577 (median: $61,445) with a range from $17,731 

to $124,221 (Nicholson et al. 2016). CABG results in a large economic impact to society as well 

as to individual hospitals. In order to plan for appropriate level of hospital care and facilitate 

optimal resource allocation, there have been multiple studies on cost prediction of major 

cardiovascular conditions and interventions, including CABG based on clinical and non-clinical 

characteristics. 

 

Several studies suggested that models predicting post-CABG mortality can also be used to predict 

cost (T. S. Kurki et al. 2001),(T S Kurki, Kataja, and Reich 2002),(Pinna Pintor et al. 2003),(Nilsson 

et al. 2004). Some other studies developed models specifically to predict costs associated with 

CABG. Sokolovic et al suggested that pre-operative and intra-operative variables are predictors of 

costs for patients with open heart surgery (Sokolovic et al. 2002). 

 

Despite studies that had success with cost prediction using either cost-specific or mortality 

prediction models, other studies concluded that in general, risk stratification models fail to predict 

hospital cost of cardiac surgery patients. Badreldin et al utilized six preoperative scoring models 

(EuroSCORE, Parsonnet, Ontario, French, Pons and CABDEAL) and concluded that these models 

are not reliable at predicting costs of cardiac surgical patients due to low correlation between 

preoperative risk scores with hospital cost and reimbursement. As a result, the authors do not 

recommend the use of these models for such purpose (Badreldin et al. 2013). The same study also 

concluded that cost-prediction models that utilized ICU length-of-stay as a variable for cost 

prediction do not help the resource allocation upon hospital admission as ICU length-of-stay can 

only be calculated after discharge. The study suggested development of more accurate morbidity 

scores with appropriate weights may be an option to achieve a more reliable financial risk model. 

 

Another study that examined seven risk stratification scoring systems (EuroSCORE, Cleveland, 

Parsonnet, Ontario, French, Pons, and CABDEAL) also concluded that none of the common risk 

stratification models accurately predicted hospital costs when applied to cardiac surgical patients 

at the study site (Hekmat et al. 2005). This study suggested that a “bottom-up” approach where a 

predictive model is built based on cost associated with individual patient should be used in 

financial risk studies instead of a “top-down” approach where total budget was divided into 

aliquots (Edbrooke and Nightingale 1998) for model development. 

 

A study performed by Celi et al also concluded that scoring systems developed using 

heterogeneous patient population from various centers universally lack clinically acceptable 
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accuracy at an individual patient level (Celi et al. 2012),(Strand and Flaatten 2008). Rather than 

using models with good external validity, hospitals should consider the alternative approach to 

build models for specific patient subsets using one’s own local database. In addition, a study 

performed by Pasquali et al found large variations in cardiac surgeries costs among institutions 

studied. The authors also suggested institutions that wish to use predictive cost model for cardiac 

surgeries should develop their own model using local  clinical and administrative databases 

(Pasquali et al. 2011). 

 

2. Objectives 

This study aims to utilize lessons learnt from previous studies to develop cost prediction models 

for patients undergoing CABG surgeries. Since patients’ preoperative conditions and 

postoperative complications can contribute to hospital cost, we develop two models to address 

both cases. As the goal of this paper is to address cost prediction prior to patient discharge to 

inform hospital resources allocation, outcomes prediction is addressed in a separate paper. As 

outlined above, length-of-stay is not used as a variable for this prediction as it is only known after 

patient is discharged from the hospital, thus it is not relevant for this study. 

 

3. Methods 

3.1 Study population and data sources 

Adult patients >18 years of age who underwent at least one elective CABG surgery at (de-

identified) Health System, between 1/7/2013 to 2/10/2016 are included in the study. Visit data and 

patient demographics data were extracted from the hospital main data warehouse. Clinical data 

was extracted from data mart developed by the Heart and Vascular Center. Cost data were obtained 

by extracting direct cost associated with each visit through the hospital’s financial accounting 

system. 

 

3.2 Costing Method 

As we aim to derive a predictive model for costs associated with care provided to the study 

population, only direct costs are used in the analysis. Direct costs, which include fixed and variable 

costs, are costs incurred by hospital departments that provide direct patient care, such as actual 

labor of individual employees within the department or cost of supplies used while providing care. 

Indirect costs (including overhead costs) such as costs related to administration, security, 

housekeeping are not included in direct cost. 

 

3.3 Statistical Methods 

Because cost data were right skewed, semiparametric regression was used to develop cost models.  

In this analysis, coefficients are estimated by ordinary least squares regression, but standard errors 
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are estimated by bootstrap (500 replications).  Preoperative independent variables used for 

modeling cost included age centered at the mean, sex, race, body mass index (BMI), body surface 

area (BSA), diabetes, diabetes and on insulin, family history of CAD, cerebrovascular disease, 

dyslipidemia, unstable angina, number of diseased vessels, ejection fraction (categorized as ≤ 40%, 

> 40% or not done), previous cardiovascular (CV) intervention, prior myocardial infarction (MI), 

preoperative medications that included: ACE/ARB, ADP inhibitor, anticoagulant, GPIIBIII 

inhibitor, inotropes, nitrates and steroids, dialysis, renal failure, peripheral vascular disease (PVD) 

and hypertension.  

 

We included all variables in the initial model and applied penalized regression using the least 

absolute shrinkage and selection operator (LASSO) to select a reduced number of risk factors 

(Tibshirani 2007).  We then included peri- and postoperative variables, operative bleeding and 

readmission to ICU and assessed model accuracy by the change in R-squared.  We assessed model 

accuracy by examining residuals (observed cost minus predicted cost) within one and two standard 

deviations of the mean of the residuals (zero).  In addition, we calculated the percentage of patients 

with predicted cost deviations of ± $500, ± $1,000, ± $5,000, and ± $10,000 from the observed 

cost.  Positively- signed residuals indicate that the predicted cost is underestimating the observed 

cost; negatively-signed residuals indicate that the predicted cost is overestimating the observed 

cost.      

 

 

4. Results 

 

There were a total 1,165 patients who received CABG surgery during the study period with valid 

cost data. Preoperative characteristics are listed in Table I. The preoperative model was comprised 

of 7 variables: age, female gender, ejection fraction, preoperative anticoagulation, dialysis, PVD, 

and renal failure (Table II).  Ejection fraction > 40% and “not done” decreased cost relative to EF 

≤ 40%. The R-squared for the model was 0.278.  Adding readmission to the ICU and reoperative 

bleeding increased the R-squared by 25%, to 0.369 (p < 0.001).  Adding the peri- and postoperative 

variables had the most impact on the coefficients of PVD (16% decrease; from $2318 to $1,947), 

renal failure (23% decrease; from $37,582 to $28,858) and ejection fraction not done (26% 

increase in reduction of cost; from -$2,849 to -$3,600), as shown in Table III.  For the other 

variables, the cost decrease impact was 10% or less. 
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Table I. Patient characteristics 

Variable Summary statistic 

Age (years) 66 ± 10 (27 – 92) 

Female 25.1 (292) 

Race  

   White 83.8 (976) 

   Black 11.7 (136) 

   Hispanic 1.6 (18) 

   Asian 2.2 (26) 

   Other 0.8 (9) 

BMI 30.9 ± 6.4 (14.9 – 68.3) 

BSA 2.0 ± 0.2 (1.3 – 3.0) 

Family Hx of CAD 34.1 (397) 

Diabetes 42.8 (498) 

   Insulin 30.3 (151/498) 

Hypertension 88.8 (1,035) 

Dialysis 3.1 (36) 

Previous CV intervention 34.9 (407) 

Peripheral vascular disease 16.1 (187) 

Cerebrovascular disease 15.9 (185) 

Unstable angina 15.6 (182) 

Dyslipidemia 55.2 (643) 

Number of diseased vessels  

   0-1 5.1 (59) 

   2  18.3 (213) 

   3 76.6 (893) 

Ejection fraction  

   ≤40% 31.7 (369) 

   >40% 62.9 (733) 

   Not done 5.4 (63) 

Prior MI 31.0 (361) 

Preop meds  

   ACE/ARB 42.2 (492) 

   ADP inhibitor 3.8 (44) 

   Anticoagulant 40.0 (466) 

   GPIIBIII inhibitor 2.6 (30) 

   Inotropes 1.3 (15) 

   Nitrates 9.8 (114) 

   Steroids 2.8 (32) 

  

Operative bleeding 2.8 (33) 

ICU readmission 1.7 (20) 

In-hospital death 3.0 (35) 

Continuous variables are expressed as mean ± 1 standard deviation. 

Categorical variables are expressed as % (n). 



7 
 

 

Table II. Preoperative cost model 

 

Variable 

Regression 

coefficient ($) 

95% confidence 

interval ($) 

 

p value 

Age (centered) 79.55 1.44 : 140.70 0.026 

Female 2,496.52 972.30 : 4,332.05 0.003 

Ejection 

fraction 

   

   ≤ 40% ----------- --------------------- ------ 

   >40% -3,927.07 -5,510.99 : -2,388.84 < 0.001 

   Not done -2,848.61 -6,346.62 : 323.11 0.075 

Anticoagulant 5,158.05 4,015.84 : 6,686.27 < 0.001 

Dialysis 11,995.82 5,557.25 : 20,232.33 0.001 

PVD 2,317.69 18.18 : 4,383.11 0.039 

Renal failure 37,582.13 23,771.21 : 

50.669.61 

< 0.001 

Constant 25,002.89 23,653.72 : 

26,527.88 

< 0.001 

R-squared = 0.278 
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Table III. Cost model adding postoperative variables 

 

Variable 

Regression 

coefficient ($) 

95% confidence 

interval ($) 

 

p value 

Age (centered) 74.70 3.54 : 126.94 0.015 

Female 2,230.11 743.28 : 3,794.90 0.003 

Ejection 

fraction 

   

   ≤ 40% ----------- --------------------- ------ 

   >40% -4,183.56 -5,529.22 : -2,809.78 < 0.001 

   Not done -3,599.93 -7,278.98 : -532.82 0.032 

Anticoagulant 4,862.23 3,7295.04 : 6,106.21 < 0.001 

Dialysis 11,273.57 5,797.99 : 20,047.99 0.001 

PVD 1,947.49 -33.05 : 3,767.43 0.047 

Renal failure 28,858.07 16,686.90 : 

39.130.40 

< 0.001 

    

ICU 

readmission 

24,792.30 13,727.08 : 

40,112.84 

< 0.001 

Re-op bleeding 14,081.61 8,472.06 : 20,224.30 < 0.001 

Constant 24,796.51 23,543.33 : 

26,236.31 

< 0.001 

R-squared = 0.369 
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Figure 1. Cost residuals (observed cost minus predicted cost) ordered from lowest to highest cost. 

 

 

Figure 1 shows residuals ordered from lowest to highest patient cost.  The mean of the residuals 

was virtually zero (1.83 x 10-5).  Generally, lower costs were overestimated by the model whereas 

higher costs were underestimated by the model.  About 5.5% of predicted costs were within $500 

of the observed cost, 10% within $1,000, 50% within $5,000 and 85% within $10,000 

(approximately 1 standard deviation of residuals). 

 

 

5. Discussion and Conclusion 

 

Previous studies provided models to predict costs associated with CABG surgery. Some of these 

studies are multi-center studies that developed universal models. While such models can be used 

to provide predictions for benchmarking purposes, they often lack applicability for individual 

hospitals to use on their specific patient populations in order to inform appropriate resource and 

financial allocation to optimize hospital operations. Some of these studies also utilized length-of-

stay as a predictor in the cost prediction model as hospital length-of-stay, particularly ICU length-

of-stay is one of the main drivers of total cost associated with CABG surgeries. However, in order 

for the model to inform hospital resources allocation for improved hospital operations during 

patient stay and performance improvement efforts, length-of-stay will not be known before patient 

is discharged. As a result, we developed two cost prediction models to predict costs using only 
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pre-operative variables, as well as using pre- and postoperative variables available prior to patient 

discharge. 

 

 

Our analysis shows that the pre-operative variables provide less explanatory power than using both 

pre- and post-operative variables. The inclusion of postoperative variables increases the fit of the 

model by 25%. All the significant pre-operative variables remain significant after including 

postoperative variables. Confidence intervals of each predictor between the two models do not 

show much variation either. This shows that while the institution utilizing the model can benefit 

from using both pre- and postoperative variables to make cost predictions, it will still benefit from 

just using pre-operative variables if collecting data on ICU readmission and post op bleeding poses 

operational challenges. 

 

 

We deliberately developed this model using only CABG population from (de-identified) Health 

System as previous studies have shown that universal models lack applicability to a specific 

population. Institutions that intend to perform cost predictions should validate and re-calibrate our 

model (or other models) against their patient populations. 

 

 

Although this paper focuses on cost instead of clinical outcomes, the significant variables 

contributing to high costs can also inform clinicians and administrators to focus on specific areas 

for quality and process improvement initiatives, such as a pre-operative patient optimization clinic 

or resources needed for ICU readmission for this patient population. 

 

 

There are several potential limitations to this study. Costing methodology and accounting methods 

might vary across hospitals. In addition, this study only utilizes total direct costs where some 

hospitals might find total costs that include direct and indirect costs to be more beneficial for their 

resource planning. As our model underestimates the costs for cases with higher costs, additional 

data is needed to further refine the model in order to provide a more conservative approach to 

resources allocation. 

 

 

In conclusion, due to the high cost and high volume of CABG surgeries and the need for hospitals 

to contain cost and optimize resources allocation, we developed two models to predict costs 

associated with CABG surgeries. We have shown the variables that are significant to both models. 

We also showed that while the model incorporating pre- and postoperative variables provides 

higher explanatory power to the prediction, using only pre-operative variables can also provide 

insights into potential costs prior to patient discharge. 
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