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Abstract
Objective: To compare the performance of risk adjustment models using the Elixhauser and Charlson comorbidity scores in predicting in-hospital outcomes of ACS patients from a nationwide administrative database. 
Study design and Setting: All hospitalisations for ACS in the United States between 2004 and 2014 (n=7,201,900) were retrospectively analysed. We used ECS and CCI score based on ICD-9 codes to define comorbidity variables. Logistic regression models were fitted to three in-hospital outcomes, including mortality, Major Acute Cardiovascular & Cerebrovascular Events (MACCE) and bleeding. The prognostic values of ECS and CCI after adjusting for known confounders, were compared using the C-statistic, Akaike information criterion (AIC) and Bayesian information criterion (BIC). 
[bookmark: _Hlk75092970]Results: The statistical performance of models predicting all in-hospital outcomes demonstrated that the ECS had superior prognostic value compared to the CCI, with higher C-statistics and lower AIC and BIC values associated with the former. 
Conclusion: This is the first study that compared the prognostic value of the ECS and CCI scores in predicting multiple ACS outcomes, based on their scoring systems. Better discrimination and goodness of fit was achieved with the Elixhauser method across all in-hospital outcomes studied.
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Introduction
[bookmark: OLE_LINK5][bookmark: OLE_LINK6][bookmark: OLE_LINK7][bookmark: OLE_LINK8]Acute coronary syndrome (ACS) accounts for approximately 13% of deaths a year in the United States 1 and is commonly encountered in elderly populations who are increasingly multi-morbid, due to increases in life expectancy and advances in medical care.2-4 Comorbidity is defined as the coexistence of multiple conditions that co-exist with an index medical condition at an individual patient level.5 ACS rarely occurs in isolation, with patients often having more than one additional co-morbid condition.6-8 The burden of comorbidity is important in patients admitted with ACS, as it may impact on their outcomes and the treatments that they are offered.6,9,10 There is increasing interest in using measures of comorbidity burden in developing risk-stratification tools in patients with ACS.11
[bookmark: OLE_LINK9][bookmark: OLE_LINK12][bookmark: OLE_LINK19][bookmark: OLE_LINK20][bookmark: _Hlk62449788]The Charlson Comorbidity Index (CCI)12,13 and the Elixhauser Comorbidity Score (ECS)14,15 are well-validated measures of comorbid burden, and both have been broadly used for risk assessment in patients with ACS.6,7 Whilst a small number of studies have compared the performance of the ECS and CCI in patients with ACS, with studies reporting that ECS might outperform than CCI in the prediction of ACS outcomes,16,17 these studies are limited for several reasons. Most of these studies are derived from patient populations with small sample sizes or come from cohorts that are of historical interest.17 Many of these studies have used component comorbidities of the CCI and ECS as binary prognostic factors in the predictive models, prior to the development of the ECS scoring system16-18 which limits their applicability in contemporary practice, particularly when both scoring systems are well established and in widespread use. The primary objective of this analysis was to compare the prognostic value of the CCI and ECS in predicting clinical outcomes using their scoring systems in a national cohort of patients admitted with an ACS, to improve the risk-adjustment methods in assessing ACS outcomes.
Method
2.1 Data source
[bookmark: OLE_LINK15][bookmark: OLE_LINK16]All hospital discharges with ACS in the United States (US) from the year 2004-2014 were extracted from the National Inpatient Sample (NIS), which is the largest publicly available all-payer inpatient healthcare database in the United States and is sponsored by the Agency for Health Research and Quality (AHRQ).19 The NIS contains more than 7 million hospital discharges annually in the US. From 2012, the NIS database includes a 20% stratified sample of hospitalizations from all participating hospitals to improve national estimates. Weights were recorded for each discharge record, which were applied in the analysis to obtain national estimates.
2.2 Study population and design
The study period was from January 2004 to December 2014. All patients aged 18 years or older with a principal diagnosis of ACS were included and identified by International Classification of Diseases, Ninth Edition, Clinical Modification (ICD-9-CM) diagnosis codes of 410.xx (acute myocardial infarction (MI)) and 4111 (Unstable Angina (UA)).
Baseline patient characteristics include age, gender, race, admission day (weekday or weekend), median household income for patient’s ZIP code, Charlson comorbidities, Elixhauser comorbidities, other clinically relevant comorbidities (smoking, atrial fibrillation, long-term use of anticoagulants, previous percutaneous coronary intervention (PCI), previous coronary artery bypass grafting (CABG)), and procedural characteristics such as PCI, coronary angiography (CA), CABG, thrombolysis and intra-aortic balloon pump (IABP). The NIS database includes up to 30 diagnosis codes and 15 procedure codes, which were used to identify relevant conditions, procedures and comorbidities. A list of ICD-9-CM codes used to extract this information is provided in Supplementary Table 1.
2.3 Study outcomes
[bookmark: _Hlk63817197][bookmark: OLE_LINK4]In-hospital mortality, MACCE (Major Acute Cardiovascular & Cerebrovascular Events) and major bleeding were treated as the primary clinical outcomes. Outcomes were identified using ICD-9-CM codes (Supplementary Table 2). MACCE was defined as in-hospital mortality, cardiac complications, acute ischemic stroke, and vascular complications (vascular injury). Major bleeding included any gastrointestinal, intracranial, retroperitoneal and procedure-related haemorrhage. Cardiac complications were defined as a composite of pericardial effusion, cardiac tamponade, coronary dissection or need for pericardiocentesis). 
2.4 Charlson/Deyo and Elixhauser
In this analysis, the Deyo definition of the Charlson comorbidity index (CCI)12 was used, which included 17 comorbidities. The Elixhauser comorbidity score (ECS) developed by Van Walraven et al.14 was utilized and included 29 comorbidities. The CCI and ECS were developed by assigning a weighting to each included comorbid condition based on its observed association with 1-year all-cause mortality (Supplementary Table 1). These weightings are then used to provide an overall score for each patient representing their comorbidity burden. Total CCI scores for each patient were categorised into four commonly used levels:12 “0” no comorbidity, “1” mild comorbid condition, “2” moderate condition, “≥3” severe comorbid burden. ECS scores were categorized into five commonly used levels14 that correspond to ECS<0, =0, 1-5, 6-13, ≥14. 
2.5 Statistical analysis
Description of the data is presented using the median and interquartile ranges (IQR) for continuous variables and number and percentage for categorical variables. Multiple imputation by chained equations (MICE) was conducted to impute missing data in age, sex, race, household income and mortality variables, with the number of imputation datasets equal to the highest proportion of missing for any particular variable.20,21 Model parameters and performance statistics were estimated within imputation datasets and combined using Rubin’s Rules.22 All variables included in the analysis model, potential confounders and outcomes were included in the imputation model to ensure congeniality between analysis and imputation models.23
A series of multivariable logistic regression models were utilized to compare the relative contribution of the CCI and ECS to the prediction of in-hospital adverse outcomes including mortality, major bleeding and MACCE, after adjusting for variables with known clinical importance and potential confounders. Seven logistic regression models were fitted for each of the outcomes, resulting in a total of 21 models: 1) the basic model only included patient demographic information, which provided a baseline measurement for evaluating the relative contribution of controlling for comorbidities; 2) based on the basic model, the second model entered a block of other specific risk factors; 3) in the third model, procedural variables were added; 4-7) based on the third model, the CCI and ECS scores were added independently. Both the CCI and ECS were treated as categorical variables (as commonly used in practice and proposed by the original authors), and as continuous variables assuming linearity. For example, the following seven models were compared for the outcome in-hospital mortality: 
· Model 1: Age, gender, race, median income, day of admission, year
· Model 2: Model 1 + type of ACS, smoking, atrial fibrillation, long-term use of anticoagulants, prior PCI, prior CABG.
· Model 3: Model 2 + PCI, CA, thrombolysis, CABG, IABP.
· Model 4: Model 3 + categorical CCI.
· Model 5: Model 3 + continuous CCI.
· Model 6: Model 3 + categorical ECS.
· Model 7: Model 3 + continuous ECS.
We also examined simple non-linear forms of the continuous ECS and continuous CCI as a sensitivity analysis, which included:
· Model 8: Model 5 + continuous .
· Model 9: Model 5 + continuous  + continuous .
· Model 10: Model 7 + continuous  
· Model 11: Model 7 + continuous  + continuous 
[bookmark: _Hlk63052456]To evaluate the prognostic value of the comorbidity measures, for each of the eleven models, for all outcomes, we calculated the C-statistic,24 Akaike information criterion (AIC)25,26 and Bayesian information criterion (BIC)26,27. We calculated the pooled C-statistic for each model-outcome combination from the imputed datasets. Given the dataset was extremely large (> 7 million records), we refrained from testing for a difference in C-statistics, as any p-value would be an unreliable indicator. Hence, we examined point estimates and 95% confidence intervals (CI) for each C-statistic using the bootstrap procedure to compare model discrimination. We broadly considered 95% CIs that crossed each other to indicate that there was not a statistically significant difference between the discrimination of the models being compared, but emphasize the width of the interval.28,29 AIC and BIC provide a means to assess a model’s goodness of fit, while penalising models with greater complexity.25,27 The AIC and BIC can be compared as a difference relative to the lowest value, among models having the same dependent variable but with different numbers of independent variables. Unlike the likelihood ratio test, comparing AIC or BIC does not require models be nested.30,31 Models with the lowest AIC or BIC were preferred. A difference in AIC or BIC between models of < 2, 4-7, and >10 was interpreted as no, weak, and strong evidence of improved model fit, respectively.32
All analyses were conducted using survey estimation commands to obtain a national estimate, which is the recommendation from AHRQ. Model analyses using C-statistics were performed using STATA version 14.0, analyses using AIC and BIC were performed using “survey” packages33 using R language version 3.6.2. 
Results
From 2004 to 2014, a total of 7,201,900 weighted records ≥18 years of age with a principal diagnosis with ACS were included in the analysis, with at most 20% missing data in a single variable. Descriptive statistics of baseline characteristics, treatments, outcomes, and comorbidities before multiple imputations are listed in Table 1. 33.1% of patients had a ST-segment elevation myocardial infarction (STEMI), the median age of the whole dataset was 67 (56-79) years old, and women accounted for 40.3% of the population. The prevalence of diabetes was 33.9%, with 10.2% of the population with a previous history of MI. 62% of the population received CA and 40.7% of the population received revascularisation with PCI.
[bookmark: OLE_LINK10][bookmark: OLE_LINK11]Table 2 presents the C-statistics from the seven different logistic regression models predicting the risk of each of the in-hospital outcomes of interest; mortality, MACCE and major bleeding. For every outcome, compared to the baseline models, adding risk factors, interventions or comorbidity measures consistently improved the model’s performance as evidenced by an increase in C-statistic. For example, when predicting mortality, the C-statistic of the model including interventions (Model 3) was 0.818 (95% CI: 0.817, 0.819), which was substantially higher than the baseline model (Model 1: 0.692 (95% CI: 0.690, 0.693)) and the model with risk factors added (Model 2: 0.752 (95% CI: 0.750, 0.753)). For all outcomes in this study, models using the ECS as a measure of comorbidity, showed higher C-statistics compared to models using the CCI, irrespective of whether the score was defined as a categorical or continuous variable. Models with the highest discrimination for mortality and MACCE were those incorporating the ECS as a continuous score (Model 7: 0.837 (95% CI: 0.836, 0.839) and 0.776 (95% CI: 0.774, 0.777), respectively), and as a categorical score (Model 6: 0.837 (95% CI: 0.836, 0.838) and 0.775 (95% CI: 0.773, 0.776), respectively). However, differences in discrimination between model 6 (where ECS was used as a categorical score) and model 7 (where ECS was used as a continuous score) for in hospital mortality and MACCE were not significantly different (Fig.1). We observed that the best model for the prediction of bleeding was using ECS as a categorical score (Model 6: 0.668 (95% CI: 0.666, 0.670)), closely followed by the model using ECS as a continuous score (Model 7: 0.659 (95% CI: 0.657, 0.661)).
Table 3 and Fig.2 provide an overview of AIC and BIC values for model goodness-of-fit. Similar to the C-statistics results, model goodness-of-fit was incrementally improved by adding risk factors, interventions, and comorbidities into the baseline model. For all outcomes studied, AIC or BIC values of models using ECS as a measure of comorbidity were much lower than (difference > 10) those of models using CCI as a measure of comorbidity, which implies ECS consistently outperformed CCI on model goodness-of-fit. Continuous ECS score resulted in superior model fit to categorical ECS for mortality and MACCE but not for bleeding (where ECS categorical was superior): findings which were again consistent with the pattern of C-statistic results. 
The linearity assumption for the continuous CCI model or continuous ECS model was explored in the sensitivity analysis. Adding non-linear terms of ECS or CCI into the model of in-hospital mortality did not improve the model discrimination (95%CI of C-statistics crossed) while this improved the discriminated ability of the model of in-hospital bleeding. For all outcomes, there were improvements in model goodness of fit when included non-linear terms into models with continuous CCI or continuous ECS. In addition, odds ratios (ORs) of almost all non-linear terms were close to 1 or their 95%CI included 1 (e.g., for mortality: OR:1.00001 95%CI: 0.99999-1.00003). Detailed results were provided in Supplementary Table 3. As another sensitivity analysis, we also re-ran models without the inclusion of interventions such as cardiac catheterization or receipt of PCI, and our findings remained consistent, in that the Elixhauser score outperformed the Charlson score (Supplementary Table 4).
Discussion
[bookmark: OLE_LINK26][bookmark: OLE_LINK27]This study extends and updates previous comparative studies of the predictive performance of Charlson and Elixhauser comorbidities indexes, by applying both methods’ scoring systems to a nationwide database of hospitalization of ACS patients with multiple adverse outcomes from 2004-2014. Our findings suggest that the ECS method significantly outperforms the CCI method in predicting important in-hospital adverse outcomes studied in terms of model discrimination and goodness of fit, irrespective of whether the comorbidity measures were defined as categorical or continuous variables. In summary from two different performance measures, models using the ECS measure as a continuous variable might provide better goodness of fit (and hence risk adjustment) although the improvement in model discrimination over the models using it as a categorised score is minor and, for predicting bleeding, may even be inferior.
There are several studies that have been conducted to compare the predictive performance of the CCI and ECS measures,16,17,34 which support our findings, albeit in different clinical settings. A study using data between 2008-2009 from five European countries indicated that the ECS had better performance than the CCI in predicting 30-day mortality in  acute MI patients.16 Southern et al. also reported that models based on the ECS method discriminated better than the CCI using Canadian administrative data on 4,833 patients with MI.34 However, all the studies that included ECS measure applied its comorbidities as separate binary variables in the model rather than using its scoring system due to the lack of the weighting algorithm of the original ECS method at that time. Nevertheless, even though the CCI score is widely used in clinical practice, previous studies still used Charlson comorbidities as individual binary variables instead of using Charlson weights to compare with ECS. It is possible that modelling the ECS and CCI in this way could lead to the models using Elixhauser comorbidities having a higher C-statistic or being ​overfitted compared to the ones using Charlson comorbidities as Elixhauser contains nearly twice the number of conditions,35 potentially leading to bias. Our study utilised both the Charlson and Elixhauser's weighting systems for a direct comparison of their predictive performance across three important in-hospital outcomes. In addition, our analysis included over 7 million ACS admissions that gives our analysis the statistical power to detect even small differences in comparative performance.
Our findings on in-hospital mortality contribute further evidence to the findings of three earlier studies16,17,34 that also demonstrated that the ECS more optimally predicted in-hospital mortality compared to the CCI score. For example, Stukenborg et al. found the ECS outperformed the CCI in predicting in-hospital mortality in 5 clinical categories of California hospital patients from 1994 to 1997 (acute MI, congestive heart failure, chronic obstructive pulmonary disease, hypertension with complications, and acute cerebrovascular disease).34 In addition, our study not only investigated in-hospital mortality but also included other adverse outcomes such as in-hospital MACCE and bleeding, which built upon prior comparative studies of the ECS and CCI that only considered mortality, and might contribute to a greater general understanding of the performance of comorbidity measures, particularly when considering outcomes other than mortality. We report that the ECS displayed better performance than the CCI score for all adverse outcomes studied irrespective of whether the comorbidity score was treated as a categorical or continuous variable in the model. Not only that, but our results also showed models using the ECS as a continuous variable were a little better in terms of model goodness of fit, than ones using it as a categorical variable, when predicting mortality and MACCE. This observation may be due to underestimation of variation caused by categorising a continuous variable. When categorising a continuous variable at several cut points, we are treating individuals either side of a cut-point as distinctly different, when they may in fact be very similar, and individuals within a group as similar, when there may in fact be large variation in outcome risks within the group.36
European Society of Cardiology (ESC) clinical practice guidelines in patients with ACS suggests clinicians should take comorbidity into account for risk-adjustment in predicting patient prognosis or developing treatment strategies as comorbidity can have a substantial impact on patient outcomes and decision-making of the intervention.37 However, there is so far no explicit definition in what comorbidity indices should be used to measure the comorbid burden in ACS patients. Our study reports that risk-adjustment models using the ECS to define comorbid burden had better performance in predicting in-hospital outcomes than the ones using the CCI. Clinicians are advised to focus efforts in using ECS to define the comorbid burden and consider integrating the ECS into the existing ACS prognosis scores such as the global registry of acute coronary events (GRACE) risk prediction index.38
[bookmark: OLE_LINK2]This study has some limitations, that are common to all research using administrative datasets. The NIS dataset has potential selection bias due to coding errors,39 as many  administrative databases do not have external validation. Furthermore, our analysis was limited to clinical outcomes during the hospital stay because data for post discharge outcomes are not captured in the NIS database, which limits our ability to conduct comparisons of comorbidity measures when investigating longer term outcomes. Nevertheless, our findings are still clinically relevant, particularly when related to in-hospital outcomes, for example when risk adjusting and benchmarking of in-hospital clinical outcomes. However, we cannot speculate whether ECS still outperforms CCI in long-term ACS outcomes. However, a previous study 18 reported that the performance of ECS was better than CCI in predicting long-term (1-year) mortality in patients with acute MI, which was consistent with our findings in the in-hospital outcomes. Even so, this previous study still had the limitations highlighted previously (did not use scores), therefore, our findings should drive further research into the performance of ECS and CCI relating to post discharge outcomes. Moreover, we found that the performance of the Elixhauser score in a continuous form was better than the performance of it in a categorical form for in-hospital mortality and MACCE. However, this conclusion is based on assuming that the continuous form of the ECS (and CCI) variable has a linear relationship with the outcome.40 We explored this assumption by adding simple non-linear terms (i.e., ECS/CCI score squared and cubed) to the models that used the ECS/CCI as a continuous score. Although the model fit was improved when including non-linear terms, the size of the effects (ORs) of the non-linear terms we observed was extremely close to 1 or at least half of their 95%CIs crossed 1, which implied no strong evidence of a non-linear relationship between the continuous form of ECS/CCI and clinical outcomes. Given the complexity of our analyses, which included using multiple imputation and survey weightings, we were unable to explore more complex non-linear functions such a fractional polynomials or splines due to computational limitations. Further research may look to explore more complex non-linear relationships between patient outcomes and comorbidity measures such as the ECI and CCI in simpler examples. 
Conclusion
In conclusion, based on analyses of nationally representative US data from 2004-2014, the Elixhauser measure outperforms the Charlson method in predicting several important in-hospital outcomes and should therefore be preferred for risk adjustment in future work to investigate whether their performance improves and whether they optimise patient centred approaches in ACS management.
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