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Summary

 ► The reliability of intensive care coded comorbidity 
data has not been previously studied.

 ► Administrative coding of comorbidities is less reli-
able when more comorbidities are present.

 ► When monitoring quality and safety of care in the 
intensive care unit, the level of comorbidity present 
are likely to be underestimated.

AbStrACt
background Hospital reporting systems commonly use 
administrative data to calculate comorbidity scores in 
order to provide risk-adjustment to outcome indicators.
Objective We aimed to elucidate the level of agreement 
between administrative coding data and medical chart 
review for extraction of comorbidities included in the 
Charlson Comorbidity Index (CCI) and Elixhauser Index 
(EI) for patients admitted to the intensive care unit of a 
university-affiliated hospital.
Method We conducted an examination of a random 
cross-section of 100 patient episodes over 12 months (July 
2012 to June 2013) for the 19 CCI and 30 EI comorbidities 
reported in administrative data and the manual medical 
record system. CCI and EI comorbidities were collected in 
order to ascertain the difference in mean indices, detect 
any systematic bias, and ascertain inter-rater agreement.
results We found reasonable inter-rater agreement 
(kappa (κ) coefficient ≥0.4) for cardiorespiratory and 
oncological comorbidities, but little agreement (κ<0.4) 
for other comorbidities. Comorbidity indices derived from 
administrative data were significantly lower than from 
chart review: −0.81 (95% CI − 1.29 to − 0.33; p=0.001) 
for CCI, and −2.57 (95% CI −4.46 to −0.68; p=0.008) for 
EI.
Conclusion While cardiorespiratory and oncological 
comorbidities were reliably coded in administrative data, 
most other comorbidities were under-reported and an 
unreliable source for estimation of CCI or EI in intensive 
care patients. Further examination of a large multicentre 
population is required to confirm our findings.

IntrOduCtIOn
Administrative data have traditionally been 
collected to assist funding, policy formu-
lation, and epidemiological research.1 
One example is the derivation of comor-
bidity scores as a measure of pre-morbid 
status. Such scores are useful for describing 
casemix and complexity, and are frequently 
included in risk-adjustment scores.

In Australia, the National Core Hospi-
tal-based Outcome Indicators (CHBOI)2 
and the Health Round Table reports 
are derived from coding data, include 

comorbidity indices, and provide risk-ad-
justment for outcome indicators such as 
hospital mortality. Administrative data, 
while cost-effective, may have limitations in 
outcomes-based research.3–5

Two commonly used comorbidity scores 
are the Charlson Comorbidity Index (CCI)6 
and the Elixhauser Index (EI).7 Both comor-
bidity indices can be derived from hospital 
administrative data.7 The CCI comprises 19 
comorbidities and was developed 45 years 
ago from 559 cancer patients to predict 
long-term survival. It can be calculated 
from administrative data and has been vali-
dated for use as a predictor of mortality and 
morbidity since its inception.6 8–10 The EI 
comprises 30 comorbidities derived from the 
coding data of 1.8 million hospital patients 
in 1992. It has been found to be superior 
to CCI at predicting outcomes.11–15 Impor-
tantly, the EI attempts to avoid contam-
ination by comorbidities derived on or 
after admission, such as complications and 
primary diagnosis, respectively. Summary 
comorbidities are able to condense a large 
number of comorbidities to aid in mortality 
risk prediction. However, a major limitation 
between research and use of these scores is 
the way in which such data are collected and 
presented.16

Evidence examining the reliability of 
coding data is variable, with a systematic 
review by Prins et al suggesting that just over 
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50% of comorbidities are coded in hospital discharge 
data.17 This is supported by one local18 and a number 
of international reports.19–25 Some studies of specific 
patient populations, however, suggest that coding data 
are reasonably reliable when compared with chart 
review by health professionals.26–29 Nevertheless, the 
use and interpretation of routinely collected hospital 
administrative data to assess patient complexity and 
performance indicators remain contentious.30–32

There are limited data for intensive care settings 
where complex patients may have a higher number 
of comorbidities.33 Chong et al suggest that the reli-
ability of coding data may be inversely proportional 
to the number of comorbidities per episode.34 To our 
knowledge, the reliability of comorbidity scores in the 
Australian intensive care population has not yet been 
examined.

Medical language processing, which automatically 
extracts keywords from medical charts, has been shown 
to be similar to manual chart review of medical records,35 
which remains the gold standard when assessing the 
reliability of coding data.36 Thus, we aimed to compare 
the reliability of routinely collected hospital data for 
deriving the CCI and EI scores compared with manual 
chart review.

MethOdS
design
A cross-sectional study design was used. One hundred 
independent patient episodes were randomly selected 
from a total of 828 admissions to a university-affiliated, 
tertiary, adult, 10-bed intensive care unit (ICU) over 
a 12-month period from 1 July 2012 to 30 June 2013. 
The episodes were stratified into two equal subgroups: 
those requiring mechanical ventilation and those 
not requiring ventilation, in order to ensure that the 
population with higher comorbidities was captured as 
we theorised that patients requiring mechanical venti-
lation would be more likely to have a higher CCI or 
EI. Episodes belonging to each group were randomly 
sampled individually one at a time, alternatively, until 
each group was populated with 50 episodes. Both 
groups were examined for repeat episodes, which were 
removed, and the alternating process of random selec-
tion was continued until a total of 100 patients was 
reached.

All manual and electronic medical records (EMR) 
relating to the episode of care were routinely scanned 
for storage. Administrative coding data were derived 
from these charts and stored electronically. The 
researchers were not involved in any of the following 
duties: medical record keeping, scanning of records, 
and administrative data coding.

Scanned medical records for these episodes were 
audited by two medically-trained investigators blinded 
to the results of the administrative coding data. To 
ensure consistency, investigators cross-checked five 

episodes not included in the sample to minimise inves-
tigator bias. Data collected from medical records were 
specific to only those included in the EI and CCI. Admin-
istrative coding diagnoses with a ‘c’ prefix, indicating 
a complication or diagnosis not present on admission, 
were excluded.

An independent analyst, blinded to the medical 
review and the data coding process, then extracted 
International Statistical Classification of Diseases and 
Related Health Problems, 10th revision, Australian 
Modification (ICD-10-AM) codes relating to all CCI and 
EI comorbidity diagnoses using previously validated 
coding algorithms37 before comparing agreement with 
retrospective chart analysis.

Hospital ethics approval was provided by the institu-
tional ethics committee before commencement of the 
study. Data for the investigation were de-identified and 
patient consent was deemed unnecessary.

Analysis
Frequency of each specific CCI and CI comorbidity 
was recorded, and CCI and EI scores were obtained.6 7 
Paired t-tests were used to compare frequency of comor-
bidities from chart review audit and administrative data 
coding, with 95% confidence intervals (95% CI) of 
the mean reported. A Bland-Altman plot was prepared 
for the CCI and EI scores to determine systematic 
bias. The reliability between the Health Information 
Systems administrative coding staff and medical-trained 
coders was assessed by calculating kappa (κ) statistics 
for multiple raters.38 39 A κ≥0.4 was considered to have 
at least moderate association.40 Analysis was conducted 
using Stata version 14 (Stata Corporation, College 
Station, Texas). A value of p≤0.05 was considered to be 
statistically significant.

reSultS
From 1 July 2012 to 30 June 2013, there were 828 
patients admitted to the ICU, and 257 (31.0%) received 
mechanical ventilation. The study population included 
49 (19.1%) episodes requiring ventilation and 51 
(8.9%) of the episodes not requiring ventilation. A total 
of 100 (12.0%) records were audited.

The characteristics of the study population and the 
two subgroups are presented in table 1. Study patients 
had a median of 8 (IQR 5.0–12.5) coded general 
comorbidities.

The number of Charlson comorbidities identified by 
chart review (mean 2.26±1.82) was significantly greater 
(p<0.001) than the number of Charlson comorbidi-
ties derived from administrative coding data (mean 
1.39±1.19).

The mean CCI derived from the administrative data 
(cCCI) was 2.52 (95% CI 1.95 to 3.09). The mean CCI 
derived from a chart review audit (aCCI) was 3.33 (95% 
CI 2.77 to 3.99). There was a significant difference of 
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Table 1 Demographics

Variable MV No MV Total P value

Number of patients, n 49 51 100

Age 66 (57–79) 59 (39–70) 65 (49–75) 0.011

Male, n (%) 29 (59.2) 28 (54.9) 57 (57) 0.665

ICU LOS, hours 31.0 (22.5–46.8) 97.5 (44.4–163.8) 45.8 (24.5–117.5) <0.001

Hospital LOS, days 6 (4–9) 8 (5–15) 7 (4–12) 0.091

Death (%) 2 (4.1) 10 (19.6) 12 (12.0) 0.028

Number of comorbidities* 6 (5–10) 11 (6–15) 8 (5–12.5) 0.006

Charlson Comorbidity Score 2 (1–4) 1 (0–3) 2 (1–3.5) 0.224

Elixhauser Score 5 (3–10) 8 (3–15) 8 (3–11.5) 0.238

Patient and clinical characteristics, by mechanical ventilation status. Data presented as median (IQR) unless otherwise stated.
*Based on Primary (P) and Associated (A) ICD-10 code prefixes in diagnostic data.
ICD-10, International Statistical Classification of Diseases and Related Health Problems, 10th revision; ICU, intensive care unit; LOS, length of 
stay; MV, mechanical ventilation.

Figure 1 Results. Upper left panel: scatter plot of Charlson Comorbidity Index (CCI). Lower left panel: scatter plot for 
Elixhauser Index (EI). Upper right panel: Bland-Altman plot for CCI. Lower right panel: Bland-Altman Plot for EI.

−0.81 (95% CI −1.29 to −0.33; p=0.001) between the two 
methods.

The Bland-Altman plot (figure 1) did not reveal 
evidence of any systematic bias as the CCI score 

increased (taken as the average between the two 
methods of Charlson scores extraction).

As expected, the number of EI comorbidities identi-
fied was greater than the number of CCI comorbidities 
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Table 2 Charlson Comorbidity Index inter-rater agreement

Charlson 
Comorbidity Index

Coded 
records (n)

Audited 
records (n) % agreement κ coefficient 95% CI Prob >Z

Congestive heart 
failure

15 28 83.0 0.51 0.32 to 0.70 <0.001

Cerebrovascular 
disease

2 4 96.0 0.32 −0.18 to 0.81 <0.001

Diabetes mellitus 10 15 90.0 0.32 −0.06 to 0.58 <0.001

Diabetes mellitus with 
end-organ damage

21 11 72.6 0.64 0.44 to 0.84 <0.001

Dementia 0 5 95.0 0.00 – –

Connective tissue 
disease

0 4 96.0 0.00 – –

AIDS 0 0 / / / /

Mild liver disease 3 16 83.0 0.06 −0.12 to 0.24 0.203

Metastatic solid 
tumour

10 9 95.0 0.71 0.47 to 0.95 <0.001

Any solid tumour 16 15 85.0 0.43 0.19 to 0.67 <0.001

Myocardial infarction 20 25 79.0 0.40 0.19 to 0.61 <0.001

Paraplegia 1 4 95.0 −0.02 −0.05 to 0.02 0.581

Gastric ulcer disease 1 20 79.0 −0.02 −0.06 to 0.02 0.692

Chronic pulmonary 
disease

13 32 79.0 0.43 0.24 to 0.61 <0.001

Peripheral vascular 
disease

3 10 93.0 0.44 0.10 to 0.77 <0.001

Renal disease 22 21 85.0 0.56 0.36 to 0.76 <0.001

Moderate to severe 
liver disease

1 4 95.0 −0.02 −0.05 to 0.02 0.581

Leukaemia 1 2 97.0 −0.01 −0.04 to 0.02 0.557

Lymphoma 0 1 99.0 0.00 –

Inter-rater agreement in Charlson Comorbidity Index as specified by kappa (κ) values between audited data and coded data by disease.

in each record. The number of Elixhauser comorbid-
ities identified by chart review (mean 4.15±2.75) was 
significantly greater (p<0.001) than the number of 
comorbidities derived from administrative coding data 
(mean 2.67±1.66).

The mean EI derived from the administrative data 
(cEI) was 7.96 (95% CI 6.55 to 9.37) and the mean EI 
derived from a chart review audit (aEI) was 10.53 (95% 
CI 8.42 to 12.64). Thus, there was a significant differ-
ence of −2.57 (95% CI −4.46 to −0.68; p=0.008) between 
the two EI scores.

Unlike the CCI, the Bland-Altman plot (figure 1) for 
EI did indicate a bias in the difference between coded 
and audited EI scores. For low range EI scores, the 
administrative (coding) data produced a greater score 
than chart review audit scores, whereas the reverse 
applied for high range EI scores.

The kappa statistic revealed a moderate to high 
(κ≥0.4) level of inter-rater agreement in only seven 
(37%) of the CCI comorbidities: congestive heart 
failure (CHF), myocardial infarction (MI), diabetes 

mellitus with complications (DMC), chronic kidney 
disease (CKD), metastatic cancer, solid-organ cancer, 
and peripheral vascular disease (PVD) (table 2). The 
kappa statistic for EI comorbidities showed a moderate 
to high level of inter-rater agreement for the same 
group of comorbidities (except MI and PVD), and also 
for hypertension, chronic pulmonary disease (COPD), 
anaemia, and drug abuse (table 3).

All remaining comorbidities had a lower level of inter-
rater agreement (κ<0.4) in 12 (63%) of the CCI and 21 
(70%) of the EI comorbidities.

dISCuSSIOn
We undertook a retrospective cross-sectional review of 
patient records (chart review) and administrative coding 
data for comorbidities in 100 patients admitted to an 
adult general intensive care ward. We found that admin-
istrative data significantly under-reported comorbidities 
present in the patient records in the majority of cases. 
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Table 3 Elixhauser Index inter-rater agreement

Elixhauser Index
Coded 
records (n)

Audited 
records (n)

% 
agreement κ value 95% CI Prob >Z

Congestive heart failure 15 28 85.0 0.57 0.38 to 0.75 <0.001

Cardiac arrhythmia 17 21 76.0 0.22 −0.00 to 0.45 0.013

Valvular disease 2 10 92.0 0.31 −0.02 to 0.64 <0.001

Pulmonary circulation disorder 3 2 97.0 0.39 −0.17 to 0.94 <0.001

Peripheral vascular disease 6 12 88.0 0.28 −0.02 to 0.57 <0.001

Hypertension 33 43 74.0 0.49 0.28 to 0.63 <0.001

Paralysis 1 2 97.0 −0.01 −0.01 to 0.02 0.557

Other neurological disorder 13 21 80.0 0.30 0.07 to 0.53 0.009

Chronic pulmonary disease 13 30 79.0 0.40 0.21 to 0.60 <0.001

Diabetes, uncomplicated 7 15 86.0 0.30 0.03 to 0.56 <0.001

Diabetes with complications 30 13 81.0 0.46 0.27 to 0.65 <0.001

Hypothyroidism 1 7 94.0 0.24 −0.15 to 0.62 <0.001

Renal failure 22 33 81.0 0.53 0.35 to 0.71 <0.001

Liver disease 6 20 80.0 0.15 −0.06 to 0.36 0.029

Peptic ulcer disease 0 19 81.0 0.00 – –

Lymphoma 0 3 97.0 0.00 – –

Metastatic cancer 4 9 93.0 0.43 0.09 to 0.77 <0.001

Solid tumour without metastases 16 13 85.0 0.40 0.15 to 0.65 <0.001

Rheumatoid arthritis 0 4 95.0 0.00 – –

Coagulopathy 7 3 92.0 0.16 −0.02 to 0.41 0.035

Obesity 4 20 82.0 0.20 −0.04 to 0.33 0.003

Weight loss 12 1 89.0 0.14 −0.11 to 0.38 0.003

Fluid and electrolyte disorders 30 29 73.0 0.35 −0.15 to 0.55 <0.001

Blood loss anaemia 0 9 91.0 0.00 – 0.500

Deficiency anaemia 6 10 94.0 0.60 0.30 to 0.89 <0.001

Alcohol abuse 8 10 88.0 0.27 −0.03 to 0.57 0.003

Drug abuse 4 9 93.0 0.43 0.09 to 0.77 <0.001

Psychosis 2 8 94.0 0.38 0.00 to 0.76 <0.001

Depression 5 17 86.0 0.31 0.06 to 0.56 <0.001

AIDS 0 0 / / / /

Inter-rater agreement in Elixhauser Index as specified by kappa (κ) values between audited data and coded data by disease.

Our findings are, in general, consistent with several 
previous reports.17–25

In contrast to our overall findings, we found a small 
number of comorbidities that were reliably reported 
(κ≥0.4) in the administrative (coding) data. These were 
CHF, CKD, DMC, solid-organ cancer, and metastatic 
cancer.

In 1999, Kieszak et al performed a study examining the 
CCI of carotid endarterectomy cases at a single health 
service.25 Coded data obtained from an administrative 
database were compared with a medical chart review 
and concluded that medical chart review was superior to 
audited data. A few years later, Quan et al conducted a 
similar study looking at all inpatients in a large health 
service and showed that, overall, coded data tended to 

under-report comorbidities.41 Youssef et al examined data 
for general medical inpatients in Saudi Arabia and drew 
a similar conclusion.29 Recently, this has been confirmed 
in a Norwegian general intensive care population by 
Stavem et al42 (table 4). In addition to those comor-
bidities in our study that were more reliably reported, 
Stavem et al’s individual comorbidities were also more 
reliably coded for cerebrovascular disease, dementia, 
and mild liver disease. As our institution has a similar 
casemix and size to their study, such differences could 
be accounted for by differences in coding methodology. 
Nevertheless, from two studies in separate countries, it is 
clear that certain comorbidities are more reliably coded 
than others and may provide guidance regarding data 
that should be included in risk-prediction models when 
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Table 4 Audited and coded inter-rater agreement

Condition This study Youssef29 Quan41 Kieszak25 Stavem42

Myocardial infarction 0.40 0.34 0.59 0.22 0.66

Congestive heart failure 0.51 0.61 0.80 0.38 0.45

Peripheral vascular disease 0.44 0.42 0.34 0.22 0.47

Cerebrovascular disease 0.32 0.83 0.50 – 0.56

Dementia 0 0.66 0.42 0.26 0.42

Chronic pulmonary disease 0.43 0.78 0.72 0.64 0.65

Hemiplegia/paraplegia −0.02 0.22 0.55 – 0.31

Rheumatologic disease / 0.58 0.57 0.20 0.29

Peptic ulcer disease −0.02 0.62 0.63 0.12 0.31

Diabetes 0.32 0.75 0.74 0.68 0.60

Diabetes with chronic complication 0.64 0.34 0.58 0.16 0.42

Mild liver disease 0.06 0.09 0.53 0 0.42

Moderate liver disease −0.02 0.43 0.47 – 0.26

Renal disease 0.56 0.75 0.49 0.29 0.60

Any malignancy 0.43 0.77 0.78 0.23 0.49

Metastatic solid tumour 0.71 0.87 0.87 0.20 0.56

AIDS/HIV / 0.91 0.78 — –

Inter-rater agreement (kappa values) between audited and coded.

comparing health services in different geographical 
locations.

We selected adult admissions to an intensive care setting 
at a tertiary hospital with a high proportion of mechanical-
ly-ventilated patients because we expected these patients 
to more likely have comorbidities, and these comorbidi-
ties were likely to influence the level of casemix funding 
and thus be more reliably coded. It is not unexpected for 
chronic conditions that do not require intervention and 
do not affect funding to be excluded during the coding 
process. We did not ascertain the effect of coding on 
funding of patient episodes since this was not our primary 
aim; however, it has been suggested that the CCI is an 
inadequate predictor of resource utilisation.43

While there were no statistically significant differences 
in CCI and EI scores between the ventilated and non-ven-
tilated patients, non-ventilated patients had a higher 
number of coded comorbidities, were more likely to stay 
in intensive care for longer, and had an increased inci-
dence of mortality in the same admission. This may be 
explained by the possibility that the non-ventilated patient 
group might have included a sizeable population in which 
ventilation was either not deemed to be of therapeutic 
benefit because of a lack of a clear indication, or because 
of a poor prognosis due to a number of other comorbities 
that might not have been captured by the CCI or EI. 
Overall, our observation of lower inter-rater agreement 
compared with other hospital settings25 29 41 is consistent 
with the hypothesis that coding reliability may be inversely 
proportional to the number of comorbidities.34

The Charlson methodology is more commonly used in 
risk-adjustment than the Elixhauser methodology,7 even 

though it was derived from a small and specific cancer 
population using chart review. The EI, which was derived 
from administrative data from a large population and 
broad casemix, identifies a higher number of comorbid-
ities. Our results suggest that the under-reporting of EI 
is comparable with the CCI, and that administrative data 
may not be reliable in generating either CCI or EI scores 
for intensive care patients.

There are several practical implications of our find-
ings. The use of administrative data in ICUs to predict 
mortality through use of the CCI and EI should be viewed 
with a great degree of caution. The Charlson comorbid-
ities and the derived CCI score are commonly used for 
risk-adjustment in several mortality prediction models 
constructed from administrative data. In Victoria, these 
include the Health Round Table Reports,44 the National 
CHBOI mortality index,2 and the Dr Foster method-
ology.45 This is in contrast to models such as the Crit-
ical Care Outcome Prediction Equation (COPE) and 
Hospital Outcome Prediction Equation (HOPE), which 
do not include comorbidities.46 47 Based on our study, 
predicted morbidity and mortality in ICUs is likely to be 
under-reported when such models are based on adminis-
trative coding data.

If the CCI or EI are included in a mortality predic-
tion model, such as a hospital standardised mortality 
ratio (HSMR) that is derived from administrative data, 
then several errors may result. First, a systemic bias due 
to under-reporting will be incorporated into the model. 
Reliance on administrative data for CCI may result in 
under-reporting of comorbidities and incomplete assess-
ment of patient risk.
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Second, any variation in reporting of comorbidities 
between institutions will lead to misleading comparative 
results. A health service that under-reports comorbidi-
ties will have lower CCI and EI scores resulting in these 
patients appearing to be healthier. This will reduce the 
size of the mortality denominator and produce a higher 
than expected HSMR. Such an institution will mislead-
ingly appear to be a poor performer.

Thirdly, chart review of a random selection of patients 
may aid a ‘poor performing’ health service in identifying 
this as a potential source of bias in their report card. A 
better solution is for prediction models to identify and 
incorporate only those comorbidities that are reliably 
coded (CHF, CKD, COPD, cancer), rather than rely on 
the less accurate index scores (such as CCI and EI) that 
incorporate comorbidities that are unreliably reported. 
The optimal source from where not only the most accu-
rate, but also the most efficient, CCI can be obtained also 
warrants further investigation.48 The increasing prev-
alence of EMR provides a potential for capturing large 
data more uniformly.36 With this, questions are raised 
regarding which types of algorithms are more effective 
and whether medical language processing can be stan-
dardised across different practice settings and health 
services.43 Furthermore, the widespread use of EMR for 
national safety and quality purposes requires standardisa-
tion of data management processes and compliance with 
regulatory requirements.49

Our study had a number of limitations. The sample size 
was relatively small and limited to a single site, reducing 
the precision of the estimates and the power to detect 
differences for some conditions. We conducted our study 
in the intensive care setting, and our results may not 
be generalisable to other patient groups, departmental 
settings, or hospital sites. We found evidence of systematic 
bias in the EI score that may reflect local coding rules. 
Our results should be viewed with caution and require 
validation in a larger cohort.

COnCluSIOnS
Our findings suggest that there is under-reporting of 
comorbidities that are necessary to calculate the CCI 
and the EI in administrative data for seriously ill patients, 
such as those admitted to the intensive care ward. Derived 
total (CCI and EI) scores may produce misleading results. 
Consideration should be given to limiting and validating 
a revised CCI, using an alternative comorbidity model, 
or negating comorbidities entirely when calculating the 
HSMR as has been done by the COPE and HOPE models. 
Further studies are required to establish the reliability of 
the CCI and EI in other patient groups.
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