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Abstract

Background–—Despite widespread use of comorbidities for population health descriptions and 

risk adjustment, the ideal method for ascertaining comorbidities is not known. We sought to 

compare the relative value of several methodologies by which comorbidities may be ascertained.

Methods–—This is an observational study of 1,596 patients admitted to the University of 

Chicago for community-acquired pneumonia from 1998–2012. We collected data via chart 

abstraction, administrative data, and patient report, then performed logistic regression analyses, 

specifying comorbidities as independent variables and in-hospital mortality as the dependent 

variable. Finally, we compared area under the curve (AUC) statistics to determine the relative 

ability of each method of comorbidity ascertainment to predict in-hospital mortality.

Results–—Chart review (area under curve [AUC] 0.72) and administrative data (Charlson AUC 

0.83, Elixhauser AUC 0.84) predicted in-hospital mortality with greater fidelity than patient 

report (AUC 0.61). However, multivariate logistic regression analyses demonstrated that individual 

comorbidity derivation via chart review had the strongest relationship with in-hospital mortality. 

This is consistent with prior literature suggesting that administrative data has inherent, paradoxical 

biases with important implications for risk adjustment based solely on administrative data.

Conclusions–—Although comorbidities derived through administrative data did produce an 

AUC greater than chart review, our analyses suggest a coding bias in several comorbidities with a 
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paradoxically protective effect. Therefore, chart review, while labor and resource intensive, may be 

the ideal method for ascertainment of clinically-relevant comorbidities.
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Introduction

Although comorbidities have been associated with deleterious outcomes, few studies have 

compared comorbidity identification methodologies’ ability to predict health outcomes and 

optimize risk adjustment.1–3 Comorbidities play a critical role in reducing confounding,4–7 

along with demographic and disease severity information.8 While demographic assessment 

is straightforward, identifying comorbidities and judging disease severity are both complex. 

However, whereas disease severity metrics have generally been studied using methodologies 

specific to a narrow set of diagnoses,9 methodologies to ascertain the presence of 

comorbidities have broader application.

Comorbidities are conditions that exist prior to hospital admission, regardless of 

their relationship to the principal diagnosis (PD), and are often predictors of mortality, 

resource utilization, or risk of readmission.6 Their presence may be ascertained in several 

ways.10 First, ascertainment may be performed through patient report, where validated 
questionnaires are used to elicit prior diagnoses, a reproducible and valid method with 
practical advantages.11 Second, chart review may be conducted by trained personnel.4 

Third, comorbidities may be identified through administrative data.6,12,13

While patient-reported information is the cornerstone of clinically-focused medical 
interviews, it may be less accurate for comorbidity assessment relative to chart 
review or administrative data.14 Some literature has suggested that chart review 
be considered the gold standard, despite being more resource intensive than 
administrative methods.11,15 Administrative data have been used extensively for 
conducting research and public reporting, but have limitations. For example, clinicians 
question the validity of administratively-designated risk adjustment methodologies 
because discharge diagnosis coding can be inconsistent with clinical care and 
accompanied by biases.16,17 Moreover, such methods have produced skepticism due to 
literature showing an imperfect ability to risk adjust clinically-relevant outcomes and 
quality of care.18 Because optimal risk adjustment is critical for outcome interpretation, 

hospital quality metrics, and public reporting, the method by which comorbidities are 

ascertained is important from both clinical and policy perspectives.19

The medical record is focused on detailing preexisting conditions with clinical 
relevance, while derivation of administrative data is often biased toward coding 
conditions causing inpatient complications or resource utilization, and toward under-
reporting of chronic, uncomplicated comorbidities.15,17,20 These coding biases play 

a substantial role in certain paradoxical findings associated with chronic conditions.17 
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Administrative data also have limited ability to assess duration and severity of chronic 
diseases.6

Nonetheless, literature suggests that administrative data can accurately predict mortality 

risk.7 Administrative data models closely approximate chart review at predicting 30-day 

mortality rates among pneumonia patients,21 and predict outcomes with similar fidelity and 

generate comorbidity index scores that generally agree.22

Thus, we sought to compare comorbidity assessment methods’ ability to identify 
comorbidities and predict in-hospital mortality, an outcome of importance to patients, 

insurers, hospitals, and institutions that report quality metrics, such as the Centers for 

Medicare & Medicaid Services (CMS).1,23–25 CMS reports in-patient mortality through 
Hospital Compare, a tool created to help patients make healthcare decisions and 
encourage quality improvement among hospitals. Thus, these analyses will be relevant 
to many stakeholders.

Methods

Study Design and Population

We collected observational data on 1,596 adult patients admitted to the University of 
Chicago Medical Center from 1998–2012 for community-acquired pneumonia (CAP). 
We used a published algorithm to identify patients admitted for CAP,2,12,26–29 who 
had either a PD of pneumonia (International Classification of Diseases, Ninth Revision, 

Clinical Modification [ICD-9-CM] codes 481–486) or a PD of sepsis (codes 038, 995.92, 

995.91, 785.52), aspiration (code 507.0) or respiratory failure (codes 518.81, 518.82, 

518.84, 799.1) with a secondary diagnosis of pneumonia, the latter shown to be important in 

complete capture of CAP patients.26,27,29–31

Data Collection

We performed chart abstraction to gather demographics, vital signs, laboratory and imaging 

results, and to calculate the Pneumonia Severity Index (PSI) at presentation for risk 

stratification.32 Administrative data were also collected, including in-hospital mortality, age, 

sex, length of stay (LOS), and discharge diagnoses.33 Comorbidities were derived through 
chart abstraction, a patient questionnaire, and administrative records from the Clinical 

Research Data Warehouse (CRDW) maintained by the Center for Research Informatics 

(CRI) at the University of Chicago.

Comorbidity Assessment

Chart Review—Based on physician notes within the medical record from the 
hospitalization, we abstracted comorbidities, as defined by Charlson et al.4

Administrative Data—The Charlson method has been adapted to ICD-9-CM diagnosis 

codes, which we studied in addition to the Elixhauser method, which adds certain 
comorbidities associated with inpatient mortality and costs.4,6,7,34,35 These methods 
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were operationalized as categorical variables indicating the presence/absence of each 
comorbidity.

Patient Report—Modeled on Charlson comorbidity designations, we used a questionnaire 

for ascertaining comorbidities through patient self-report with lay language modifications, 

based on literature demonstrating its validity and reproducibility.11

Risk Adjustment and Statistical Analysis

We performed the following analysis both without and with PSI-based risk 
adjustment.2,3,5,36,37 The PSI is composed of age, sex, selected comorbidities, nursing-

home residence, mental status, vital signs, and laboratory and radiological findings, 

allowing for stratification into five risk classes associated with mortality, readmission 
risk, ICU use, and LOS.3

We compared patient characteristics, stratified by mortality status at discharge, 
using Student’s t-test and chi-square analysis for continuous and categorical variables, 

respectively. We compared the ability of each comorbidity assessment method to 
predict mortality by deriving receiver operating characteristic (ROC) curves and 
AUC statistics on the total sample population and the subset with self-reported 
comorbidities. Finally, we performed four logistic regressions specifying mortality 
as the dependent variable, using comorbidity designations according to each 
ascertainment method.

We then repeated the analysis, adjusting for disease severity by including binary 
categorical variables representing PSI risk class (I, II, and III constituting an 
aggregated reference group, creating three groups of similar sample size30,38). 
Although inclusion of the PSI creates the potential for collinearity given the concurrent 
inclusion of certain comorbid conditions that are also PSI components, we thought this 
pre-specified sensitivity analysis would make our findings more robust. Additionally, 

inclusion of the PSI allowed us to assess differential ability to capture severity and 

concomitantly predict risk across comorbidity ascertainment methods.

The data were analyzed using SAS software, Version 9.4 for Linux. Copyright© 2002–2012 

SAS Institute Inc., Cary, NC, USA.

Results

Patient and Hospitalization Characteristics

Table 1 shows that, for 1596 pneumonia patients hospitalized between 1998 and 2012, 

the in-hospital mortality rate was 10.8%, the 30-day readmission rate was 10.7%, and 
the average LOS was 7.44 days (SD 8.4). Within the study sample, 61.5%, 14.8%, 
14.5%, and 7.0% had PDs of pneumonia, respiratory failure, sepsis, and aspiration, 
respectively. The percentage of patients in PSI risk classes I, II, III, IV, and V were 
0.1%, 16.9%, 15.3%, 36.2%, and 31.4%, respectively.
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Study subjects were 56.1% female with a mean age of 62.1 years (SD 19.6). Mortality 
rates among patients with a PD of pneumonia, respiratory failure, and sepsis were 
3.9%, 28.8%, and 24.7%, respectively. Patients who died in the hospital also had more 

severe disease (PSI class V 65.9% vs. 27.2%) and stayed in the hospital longer (LOS 9.53 

vs. 7.18). They were also more likely to be males (52.0% vs. 42.3%) and nursing home 
residents (13.3% vs. 6.9%).

Comorbidity Ascertainment Methodologies

Comparing our total sample of 903 patients with chart review to the 1596 with 
only patient reported and administrative data, the prevalence of comorbidities (Table 
2) was, with two exceptions, similar across ascertainment methodologies, with 
consistency to within 15 absolute percentage points (e.g. pulmonary disease was 
identified in 34.2 – 40.7% of patients across methods). However, while 48.3% of 
patients reported a rheumatologic disease, only 14.4%, 4.5%, and 4.6% of patients 
had a rheumatologic disease according to chart review, Charlson administrative, 
and Elixhauser administrative methods, respectively. Also, while 25.2% of patients 
reported depression, the Elixhauser administrative method identified this comorbidity 
in only 6.8% of patients.

Table 3 shows that, for the 903 patients for whom we had self-report data, the Charlson 

and Elixhauser methods based on administrative data resulted in similar fidelities, with 

AUCs of 0.83 and 0.84, respectively. Chart review and patient report performed inferiorly, 

with AUCs of 0.72 and 0.61, respectively. Table 3 also shows that, for the total sample of 

1596 patients, the Elixhauser administrative method revealed an AUC of 0.80, compared 
to chart review (0.71) and Charlson administrative (0.70) methods. After PSI risk 
adjustment, the AUC of patient report and chart review increased ~10% to 0.68 and 
0.79, respectively, while the AUC of the Charlson and Elixhauser increased ~13.5% to 
0.79 and ~5% to 0.85, respectively. As such, Elixhauser’s superiority decreased, but 
was not eliminated.

Individual Comorbidities

Figure 1 shows that, based on logistic regression models, no comorbidities collected via 

patient report exhibited a significant association with in-hospital mortality (PSI Unadjusted 
section of Appendix A). For chart review, myocardial infarction, arrhythmia, renal 

disease, lymphoma, and solid tumor were associated with increased mortality risk, while 

hypertension, diabetes, and rheumatologic disease were associated with a decreased risk. 

With the Charlson administrative method, peripheral vascular disease, pulmonary disease, 

rheumatologic disease, and diabetes without complications were associated with decreased 

mortality risk. Finally, based on the Elixhauser administrative method, coagulation 

disorders correlated with an increased risk of in-hospital mortality, while pulmonary disease, 

arthritis, anemia, drug abuse, depression, and hypertension correlated with a decreased risk.

Including the PSI risk class as a covariate, the results were nearly identical (PSI Adjusted 

section of Appendix A). However, with the chart review method, the direct relationship 

between a history of arrhythmia or renal disease and mortality was eliminated, while a direct 

Weir et al. Page 5

Med Care. Author manuscript; available in PMC 2019 November 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



relationship between PSI risk classes IV/V and mortality emerged. Likewise, rheumatologic 

disease was no longer associated with a significantly decreased risk of mortality, while an 

inverse relationship with mortality emerged for CHF and PVD.

Discussion

Our results show that comorbidities ascertained through administrative data are 
similarly able to predict in-hospital mortality compared to chart review, the gold 
standard according to current literature.11 However, despite rigorously-derived 
associations between comorbidities and mortality in literature based on administrative 
data,6 we found that comorbidities derived from chart review had the strongest 
associations with mortality. While five comorbidities associated with increased 
mortality came from chart review, just one came from Elixhauser administrative 
data and zero came from Charlson and patient report. Thus, our findings supports 
literature suggesting comorbidities unrelated to the PD are under-reported based 
on administrative data relative to chart review.15,17,20,26 Additionally, our results are 

consistent with literature showing that under-reporting in administrative data produces 

greater effects on individual comorbidities than overall predictive ability.22

Reporting bias is likely the reason that several comorbidities derived from administrative 

data exhibit a paradoxically protective effect, consistent with previous literature suggesting 

these comorbidities are only coded among patients who do not have more serious 

illnesses.15,17,20,26 In addition, three comorbidities obtained via chart review exhibited a 

similar association with reduced risk of mortality, suggesting that literature on reporting 

biases in administratively-sourced data extends to the medical chart.17

While changes in observed associations between comorbidities and mortality risk were 

minimal with inclusion of PSI risk class as a covariate, some of these changes are the result 

of collinearity. For example, the clinical importance of malignancy, CHF, and renal disease 

resulted in their inclusion in the PSI, and the strength of their association with mortality 

decreased with the inclusion of the PSI (Appendix A). For renal failure, collinearity even 

caused its direct relationship with mortality to become non-significant in the chart review 

method. Still, some changes after adjustment are notable, such as no longer observing 

an inverse relationship between rheumatologic disease and mortality, suggesting that risk 

adjustment can minimize the impact of reporting biases. Regardless, the overall trends 

remain extremely similar (see AUC discussion above and Appendix A).

One of this study’s most notable findings is the differing results from the ROC/AUC 

analysis and the logistic regression results (comparing Table 3 to Figure 1/Appendix A), 

which has several possible explanations. First, patients who did not respond to the inpatient 

questionnaire were likely sicker than the total sample. Second, the greater AUC based on 

Elixhauser relative to chart review is explained, at least in part, by the inclusion of additional 

comorbidities. In contrast, the regression results, showing a relationship between high-risk 

comorbidity conditions and greater mortality risk, are consistent with clinical intuition.
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The number of comorbid conditions ascertained by a particular method correlated 
with the AUC statistic derived from that method. The number of comorbidity 
categories for patient report, Charlson, chart review, and Elixhauser was 14, 17, 21, 
and 29, respectively, directly corresponding with their AUC values (Appendix A and 
Table 3). The predictive value added by additional comorbidity categories overcomes 
decreases in the statistical significance of individual components. For example, 
despite chart review evidencing the greatest number of individual comorbidities with 
significant associations related to in-hospital mortality, its aggregated formulation does 
not produce an incremental value of mortality risk. At the same time, it remains 
unclear whether these differences are due to the number of comorbidity categories 
or differential inclusion of individual comorbidities. For instance, only the Elixhauser 

method contains psychiatric comorbid conditions such as depression and drug abuse, both 

known to have coding associations and clinical relationships with mortality39 and found 

be significantly associated with mortality in this study (Figure 1). Our findings should be 

replicated and investigated in other patient populations or using alternative outcomes.

This study has several limitations. First, the comparisons between information derived 
from self-report and the other methods of comorbidity ascertainment are limited by 
a degree of selection bias because more severely ill patients are more likely to be 
cognitively impaired. The 903 patients who completed the intake questionnaire serving 
as the source of self-report data were different from the 1596 patients in the total study 
population in that they were healthy enough and had sufficient health literacy to pass 
the mental status test necessary to validate the results of this intake survey. In contrast, 
data obtained through chart review or administrative sources was not dependent on 
enrollment in the questionnaire study, nor patient condition, mental status, or health 
literacy.

In addition, a degree of caution must be exerted in comparative interpretation of 

AUC values, which exhibit a correlation with the number of comorbidities ascertained, 

the greatest value being achieved through the Elixhauser administrative method.40 

Furthermore, because this analysis is based on patients hospitalized for a specific diagnosis, 

the extent to which the results may be extrapolated to other patient populations cannot 

be known with certainty. We studied a diverse patient population and were able to 
create a comprehensive dataset allowing for rigorous risk adjustment using the full 
PSI and direct validation of administrative data against the medical record. However, 
our study is limited in that it was conducted at a single institution, and therefore may 

not be representative of other patient populations in geographic areas with different racial 

compositions and social circumstances. Additionally, the CRDW data do not include 
information from outside providers or hospitals and is not inclusive of multiple 
episodes of care, as it is limited in scope to a single hospitalization.

Despite these caveats, we believe this study makes important contributions to existing 

literature on comorbidity ascertainment methodologies. Accurately establishing patients’ 

comorbidity profiles is critical for patients, entities engaged in public reporting, and health 

care providers. In conclusion, we hope our data-driven comparisons serve as a valuable 

contribution in expanding evidence-based methods for optimization of risk adjustment.
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Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. 
Individual Comorbidities (by Ascertainment Method) Significantly Associated with In-

Hospital Mortality. MI: myocardial infarction; HTN: hypertension; DM: diabetes mellitus; 

Renal: renal disease; Lymphoma: lymphoma/leukemia; Rheumatic: rheumatologic disease; 

PVD: peripheral vascular disease; Pulmonary: chronic pulmonary disease; Coagulation: 

coagulation disorder.
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Table 1.

Patient Characteristics (N, % unless otherwise noted)

Total 
(n = 1596)

Discharged Alive
(n=1385, 86.8%)

Discharged Dead
(n=173, 10.8%)

P 
(Chi-Square)

Demographics

 Age in years (mean, SD) 62.1 (19.6) 61.5 (19.7) 70.0 (17.9) 0.25

 Sex

  Female 889 (56.1) 797 (57.6) 83 (48.0) 0.02

  Male 695 (43.9) 588 (42.5) 90 (52.0)

 Race

  White 304 (19.2) 238 (17.2) 56 (32.4) <0.0001

  African-American 1225 (77.3) 1111 (80.4) 102 (59.0)

  American Indian/Alaskan Native 1 (0.1) 0 (0.0) 1 (0.6)

  Asian/Pacific Islander 11 (0.7) 11 (0.8) 0 (0.0)

  Other 2 (0.1) 1 (0.1) 0 (0.0)

  Unknown 30 (1.9) 20 (1.5) 10 (5.8)

  Refused 5 (0.3) 1 (0.1) 4 (2.3)

 Ethnicity

  Non-Hispanic 1346 (85.0) 1230 (88.8) 97 (56.1) <0.0001

  Hispanic 52 (3.3) 42 (3.0) 10 (5.8)

  Unknown 183 (11.6) 113 (8.2) 66 (38.2)

 Nursing Home Resident 120 (7.6) 96 (6.9) 23 (13.3) 0.003

Clinical

 PSI Risk Class

  Class I 1 (0.1) 1 (0.1) 0 (0.0) <0.0001

  Class II 268 (16.9) 260 (18.8) 6 (3.5)

  Class III 243 (15.3) 226 (16.3) 12 (6.9)

  Class IV 574 (36.2) 521 (37.6) 41 (23.7)

  Class V 498 (31.4) 377 (27.2) 114 (65.9)

 Length of Stay (mean, SD) 7.44 (8.5) 7.18 (8.2) 9.53 (10.3) 0.0003

  0–2 days 374 (23.4) 321 (23.2) 38 (22.0)

  3–4 days 429 (26.9) 395 (28.5) 26 (15.0)

  5–8 days 377 (23.6) 322 (23.3) 46 (26.6)

  9+ days 416 (26.1) 347 (25.1) 63 (36.4)

 30-day Readmission Status

  Not Readmitted 1271 (79.6) 1271 (89.3) N/A N/A

  Readmitted 152 (9.5) 152 (10.7) N/A

 Principal Diagnosis

  Pneumonia 981 (61.5) 942 (68.0) 38 (22.0) <0.0001

  Respiratory Failure 236 (14.8) 179 (12.9) 68 (39.3)

  Sepsis 231 (14.5) 163 (11.8) 57 (33.0)

  Aspiration 111 (7.0) 101 (7.3) 10 (5.8)
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Table 3.

Comorbidity-Explained Variation in In-Hospital Mortality, by Comorbidity Collection Method. N = 903 group 

due to limited number of cases in “self”/patient report group. N = 1596 group excluding patient report.

Methodology AUC in 903 patient sample for whom self report was collected AUC for the total sample of 1596 patients

Self report 0.61 N/A

Chart review 0.72 0.71

Charlson administrative 0.83 0.70

Elixhauser administrative 0.84 0.80
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