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Structured Abstract 

Objective 

To create a novel comorbidity score tailored for surgical database research. 

Summary Background Data 

Despite their use in surgical research, the Elixhauser (ECI) and Charlson Comorbidity 

Indices (CCI) were developed nearly four decades ago utilizing primarily non-surgical cohorts. 

Methods 

Adults undergoing 62 operations across 14 specialties were queried from the 2019 

National Inpatient Sample (NIS) using International Classification of Diseases, 10th Revision 

(ICD-10) codes. ICD-10 codes for chronic diseases were sorted i



0.90 vs 0.84, 95%CI:0.84-0.84), SID (0.91, 95%CI:0.90-0.91 vs 0.86, 95%CI:0.86-0.87), and 

institutional (0.88, 95%CI:0.87-0.89 vs 0.84, 95%CI:0.83-0.85) databases (all p<0.001). 

Likewise, it outperformed the CCI for the NIS (0.76, 95%CI:0.76-0.76), SID (0.78, 95%CI:0.77-

0.78), and institutional (0.62, 95%CI:0.60-0.64) cohorts (all p<0.001). 

Conclusions 

The CORE score may better predict in-hospital mortality after surgery due to comorbid diseases 





In the present work, we aimed to create a heuristic tool to assess the association between pre-

existing conditions and the risk of in-hospital mortality after major operation. We will validate 

this metric, the Comorbid Operative Risk Evaluation (CORE) score, using nationwide, state-

level, and institutional data to improve and validate its performance. This scoring system may 

represent an improved discriminatory instrument for future risk models and benchmarking across 

surgical specialties. 

Methods 

Data Source and Study Population 

The CORE score was developed using the 2019 National Inpatient Sample (NIS). 

Maintained as part of the Healthcare Costs and Utilization Project (HCUP), NIS is the largest, 

all-payer inpatient database entailing weighted subsets of individual State Inpatient Databases 

(SID).12 Data collected by SID contain approximately 97% of all inpatient discharges within a 

given state.13 Each record in the NIS and SID can be associated with 40 diagnoses, which are 

recorded using International Classification of Disease, 10th Revision (ICD-10) codes. Relevant 

codes are captured by medical billing and coding specialists following each hospitalization from 

physician notes, operative reports, and radiologic or other diagnostic studies. These codes are 

further grouped by HCUP into over 530 clinical categories from 22 body systems named 

“Clinical Classifications Software Refined” (CCSR).14 CCSR have been used in both clinical 

research and healthcare utilization analyses to objectively define and classify both acute and 

chronic conditions in administrative data.15–17 The elixhauser and charlson Stata commands were 

used to calculate the ECI and CCI, respectively. 

All hospitalization records for adults (≥18 years) undergoing major neurosurgical, 

otolaryngologic (ENT), endocrine, cardiac, thoracic, acute care surgery (ACS), foregut/bariatric, 
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further evaluated, whereas those without an associated CCSR were excluded. CCSR groups that 

were most likely due to non-chronic conditions were then excluded (i.e., CCSR groups with the 

words “symptom of,” “postoperative,” “postprocedural,” “acute,” or “complication of” in their 

title). Finally, ICD-10 codes with “acute” in their descriptions were not considered chronic 

conditions (Supplemental Figure 1, Supplemental Digital Content 2, 

http://links.lww.com/SLA/F314). In total, 9,811 codes across 325 CCSR were subject to analysis 

(Supplemental Table 2, Supplemental Digital Content 1, http://links.lww.com/SLA/F313). The 

primary outcome of the study was in-hospital mortality during the same admission as the 

operative intervention. This was selected because of its ubiquity as an adverse event across all 

surgical specialties. Other complications, such as atrial fibrillation, prolonged ventilation, and 

postoperative transfusion, may be considered less severe or necessary for routine postoperative 

management after certain cardiac, transplant, and trauma operations. Metrics such as unplanned 

reoperation and prolonged length of stay are also variable depending on the specialty and 

operation of interest, thereby limiting the broad applicability of our score. 
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Covariates included age, sex, elective case status, race, income quartile, primary payer 

status, bed size, and hospital location/teaching status, in addition to CCSR codes. Model 

discrimination was assessed using the area under the receiver operating characteristics (AUROC) 

and precision recall curves (AUPRC) with 95% confidence intervals (CI) generated by 5-fold 

cross-validation. Probabilistic estimation accuracy was assessed using Brier scores with 95% CI 

(Supplemental Figure 2, Supplemental Digital Content 2, http://links.lww.com/SLA/F314).34 

True (TPR) and false positive rates (FPR) as well as sensitivity, specificity, positive predictive 

value (PPV), negative predictive value (NPV), balanced accuracy, and reliability scores were 

also obtained for each model (Supplemental Table 3, Supplemental Digital Content 1, 

http://links.lww.com/SLA/F313). 

Score Development 

After ML-assisted feature down-selection, final score development was conducted using 

parameter estimates derived from logistic regression. This methodology was initially developed 

by Sullivan et al., who established a mathematical approach to risk score development for 

multivariable clinical data as part of the Framingham Heart Study.35 Notably, this algorithm was 

used by van Walraven to establish a numerical Elixhauser Comorbidity Index.2 In summary, 

points are assigned to each CCSR by obtaining parameter estimates from logistic regression. The 

final point values are calculated by dividing each logistic coefficient by the lowest CCSR 

coefficient corresponding to the “weakest” (i.e., lowest absolute value) association with in-

hospital mortality (Table 1). A final CORE score is then calculated for each patient using the 

following equation (where b is the absolute value of the weakest estimate): 

𝐶𝑂𝑅𝐸 𝑆𝑐𝑜𝑟𝑒 ൌ 100 ∗  
1

1 ൅  𝑒ሺ௜௡௧௘௥௖௘௣௧ା௕∗௣௢௜௡௧ ௧௢௧௔௟ሻ 
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and non-deceased patients as compared to the ECI (6 [4 - 7] vs 2 [1 - 4], p<0.001, Cohen’s d = -

1.52) and CCI (3 [2 - 5] vs 1 [0 - 2], p<0.001, Cohen’s d = -1.06). Improved discrimination 





context of operative admissions; studies examining their comparative effectiveness in surgical 

populations are thus mixed.4–6 

In the present study, we developed the CORE score to incorporate pre-existing conditions 

more accurately in surgical database research. It represents the first contemporary comorbidity 

score specifically designed for multispecialty surgical research using retrospective databases. 

Prior modifications to the CCI and ECI have yet to account for the baseline differences between 

surgical and non-surgical patients.40–42 Patients requiring surgical admission often present 

electively, with preoperative risk stratification and medical optimization prior to surgery.11,43 

Compared to their non-surgical counterparts, surgical patients are younger, less often frail, and 

have reduced lengths of stay, the



diagnosis that restrict its use to purpose-built or institutional databases. However, by 

incorporating similar techniques with administrative data, we believe that this instrument holds 

merit as a tool for retrospective health data. 

Furthermore, the CORE score provides greater discrimination between deceased and non-

deceased patients. In our experience, ECI and CCI medians and confidence intervals between 

groups can overlap despite the observed statistical significance when dealing with large sample 

sizes. This is likely due to the inclusion of comorbidities not frequently encountered in surgical 

populations – congestive heart failure, paralysis, chronic pulmonary disease, renal failure, and 

liver disease.2,3 These patients are often deemed too high of a surgical risk to undergo operation. 

Therefore, the range of possible ECI and CCI values are reduced for surgical patients. When 

increasing the sample size to tens and hundreds of thousands, however, clinically irrelevant 

differences can be deemed statistically different. The CORE score increases discrimination by 

only including comorbidities present in surgical populations and by providing a larger 100-point 

scale. 

Limitations 

The present study has several important limitations. As an administrative database, the NIS relies 

on accurate coding by billing specialists, and may be subject to some error. Furthermore, ICD-10 

codes are recorded primarily for financial, and not clinical, purposes. The score is built using the 

average risk over many people for each condition. We therefore cannot reliably calculate the 

actual risk of in-hospital mortality for a specific condition for each patient. Finally, rare 

diagnosis codes that are associated with extremes of risk in mortality may skew the overall score. 

However, by grouping diagnoses by CCSR and using a large dataset, we attempted to mitigate 

these risks. 
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Conclusions 

In this large contemporary study, we have established the first comorbidity score for use in 

administrative database research specifically designed using a surgical cohort. We hope that 

incorporation of this score in future analyses will allow for more robust adjustment of pre-

existing conditions to enhance statistical discrimination. In addition, the increased discriminatory 

power afforded by a 100-point scale may make subjective analysis of mortality risk easier to 

determine. Future work applying this score to other studies will allow for continued validation.  
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Figure 1. CONSORT diagram of patients included from the 2019 National Inpatient Sample to 
build the Comorbid Operative Risk Evaluation Score 
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Figure 2. Area Under the Receiver Operator Characteristics (AUROC) with 95% confidence 
intervals between the Comorbid Operative Risk Evaluation (CORE) Score, Elixhauser 
Comorbidity Index (ECI), and Charlson Comorbidity Index (CCI) in predicting in-hospital 
mortality for the National Inpatient Sample (NIS), combined Florida and New York State 
Inpatient Database (SID), and institutional data 
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Figure 4. Comparison of Area Under the Receiver Operator Characteristics (AUROC) with 95% 
confidence intervals between the Comorbid Operative Risk Evaluation (CORE) Score, 
Elixhauser Comorbidity Index (ECI), and Charlson Comorbidity Index (CCI) by specialty in 
predicting in-hospital mortality for the a) 2016-2018 National Inpatient Sample (NIS), b) 2018-
2019 combined Florida and New York State Inpatient Database (SID), and c) 2016-2022 
institutional data; ENT, otolaryngology; ACS, acute care surgery; HPB, hepatopancreatobiliary 
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Table 1. Logistic regression coefficients and point totals of Clinical Classifications Software 



Table 2. Patient, clinical, hospital characteristics testing and training cohorts derived from the 
2019 National Inpatient Sample used to develop the Comorbid Operative Risk Evaluation 
(CORE) Score; IQR, interquartile range; ECI, Elixhauser Comorbidity Index; CCI, Charlson 
Comorbidity Index; ENT, ear nose and throat; ACS, acute care surgery; HPB, 
hepatopancreatobiliary 

 Testing Training p-value Cohen's d 
Age (years, median [IQR]) 64 [54 - 72] 64 [54 - 72] 0.85 < 0.01 
Female (%) 75,003 (53.6) 299,887 (53.6) 0.88 < - 0.01 


