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SUMMARY

The Charlson comorbidity index (CCI) is widely used for control of confounding from comorbidities
in epidemiological studies. International Classification of Diseases (ICD)-coded diagnoses from
administrative hospital databases is potentially an efficient way of deriving CCI. However, no studies
have evaluated its validity in infectious disease research. We aim to compare CCI derived from
administrative data and medical record review in predicting mortality in patients with infections. We
conducted a cross-sectional study on 199 inpatients. Correlation analyses were used to compare
comorbidity scores from ICD-coded administrative databases and medical record review.
Multivariable regression models were constructed and compared for discriminatory power for 30-day
in-hospital mortality. Overall agreement was fair [weighted kappa 0·33, 95% confidence interval (CI)
0·23–0·43]. Kappa coefficient ranged from 0·17 (95% CI 0·01–0·36) for myocardial infarction to 0·85
(95% CI 0·59–1·00) for connective tissue disease. Administrative data-derived CCI was predictive of
CCI 55 from medical record review, controlling for age, gender, resident status, ward class, clinical
speciality, illness severity, and infection source (C= 0·773). Using the multivariable model comprising
age, gender, resident status, ward class, clinical speciality, illness severity, and infection source to
predict 30-day in-hospital mortality, administrative data-derived CCI (C= 0·729) provided a similar
C statistic as medical record review (C= 0·717, P= 0·8548). In conclusion, administrative data-derived
CCI can be used for assessing comorbidities and confounding control in infectious disease research.
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INTRODUCTION

Early and accurate risk stratification is often key to
the clinical management and choice of treatment for
patients with infections. There are numerous scoring
systems available, such as Acute Physiology and

Chronic Health Evaluation (APACHE) [1], Sepsis-
related Organ Failure Assessment (SOFA) [2] and
Multiple Organ Failure Score [3]. These systems rely
on laboratory data, which may not be easily available
for initial patient assessment.

A scoring system based on a patient’s comorbid dis-
ease can potentially offer an easier way to quantify the
mortality risk for these patients. Charlson et al. devel-
oped a comorbidity index which quantifies the overall
burden of comorbid disease based on the relative risk

* Author for correspondence: Dr J. Hwang, 1E Kent Ridge Road,
Singapore 119228.
(Email: jeff_yf_hwang@nuhs.edu.sg)

Epidemiol. Infect. (2016), 144, 1999–2005. © Cambridge University Press 2016
doi:10.1017/S0950268815003271



of mortality for each comorbidity, and subsequently
validated the score on a cohort of patients with pri-
mary breast carcinoma [4]. The Charlson comorbidity
index (CCI) has been shown to predict mortality ac-
curately in different settings, such as in patients with
infections, in which Oltean et al. [5] demonstrated
that a higher index score was associated with increased
mortality. Oltean et al. also showed that the index cor-
related positively with another score, the SOFA.
Besides CCI, Elixhauser et al. [6] also derived another
comorbidity index, and both Charlson and Elixhauser
comorbidity indices are comparable in predicting
mortality in critically ill patients [7].

However, deriving such a score is not without its
challenges. Manual record review may be a laborious
process, and time-intensive as well, especially in situa-
tions where clinical decisions need to be made
promptly. Information technology (IT) may thus
play a useful role in obtaining information from ad-
ministrative databases. Administrative data is an in-
creasingly utilized source of information, as it covers
a wide population and contains in-depth clinical
data [8].

In Singapore, electronic administrative databases
such as the Cluster Patients Records System and
National Electronic Health Record maintain hospital
discharge records of every patient admitted to a public
hospital. The discharge records comprise a detailed
recording of the patient’s inpatient stay, including
details of the patient’s pre-existing medical problems,
reason for admission, as well as the International
Classification of Diseases (ICD) codes for discharge
diagnosis and comorbid conditions. The administra-
tive databases also obtain information about a
patient’s co-existing medical problems from other
sources such as investigation orders and emergency
room clinical records.

Using ICD codes from administrative data to
search for Charlson comorbidities is potentially an
efficient way of deriving the CCI. Deyo et al. [9]
developed a coding algorithm for the Charlson co-
morbidities based on International Classification of
Diseases, Ninth Revision, Clinical Modification
(ICD-9-CM) in 1992, and showed that an increasing
comorbidity index is associated with more adverse
outcomes such as in-hospital complications and post-
operative deaths in patients who underwent lumbar
surgery. In 2005, Quan et al. [10] derived an algorithm
based on the newer ICD-10, which was shown to have
a better model performance compared with Deyo
et al.’s ICD-9-CM coding algorithm. However, these

two studies were not compared with a criterion stand-
ard such as chart review data.

A recent study [11] assessed the positive predictive
value of ICD-10 diagnostic codes by comparing
them with discharge summaries or medical records,
and found an overall positive predictive value of
98·0%. However, another study [12] found that the
CCI derived from record data was superior to the
same index derived from administrative billing data
as a predictor of inpatient mortality. In Singapore, a
study by Chong et al. [13] noted that the prevalence
of almost all Elixhauser comorbidities obtained from
administrative data was lower than that obtained
from manual medical record review.

Several studies have evaluated the performance of
administratively derived CCI in patients with stroke
[14], cardiovascular conditions [12] and renal disease
[15]. However, none thus far has evaluated the per-
formance of CCI derived from administrative data-
bases in patients with infections. As there are many
studies that use the CCI for studies on patients with
infections, it is important to evaluate the CCI from
administrative databases.

Our study aims to compare the comorbidity scores
derived from ICD-coded administrative databases
with those from medical record review of patients
with infectious conditions in Singapore, and to evalu-
ate the discriminatory power of the administrative
data-derived CCI and medical record-derived CCI
for 30-day in-hospital mortality.

METHODS

Study population

The study population comprised patients admitted to
a 1500-bed tertiary-care hospital in Singapore, from 1
October 2011 to 30 September 2012, who were pre-
scribed piperacillin-tazobactam or a carbapenem for
empirical therapy of an infectious condition and auto-
matically triggered to receive antibiotic recommenda-
tions by the institutional antibiotic computerized
decision support system. A random sample of 199
(10·6%) patients from the cohort was included in
this study. These patients represented the hospital pa-
tient population admitted for an acute infectious con-
dition. With a sample of 199 patients, our study was
adequately powered at 80% with a type I error rate
of no more than 5%, to detect most meaningful
odds ratios (51·5) for the primary outcome of
interest.
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Record review

We used each patient’s unique personal identification
number, and date of admission to obtain their dis-
charge medical record. A manual review of the dis-
charge record was performed by a single physician
to derive the list of comorbid conditions on admission.
The comorbid conditions were tabulated and given a
score in accordance with the Charlson Weighted
Index of Comorbidity score [4].

Separately, comorbidity scores for each participant
were derived from the ICD-coded administrative data-
bases, based on comorbidities present at start of hos-
pitalization, using the ICD-9-CM coding algorithm
used by Quan et al. [10].

Data analysis

Correlation analyses were subsequently performed to
compare the scores derived from discharge record re-
view, and from administrative databases. Agreement
was quantified based on Cohen’s kappa coefficient.

We also evaluated the CCI, based on both medical
record review as well as administrative data, as a pre-
dictor for 30-day in-hospital mortality. Multivariate
logistic regression models were constructed and com-
pared for discriminatory power for 30-day in-hospital
mortality. Statistical analyses were performed using
SPSS for Windows v. 16.0 (SPSS Inc., USA)

Ethical approval was obtained from the Domain
Specific Research Board, National Healthcare
Group (Singapore).

RESULTS

Table 1 summarizes the characteristics of the study
population. The mean age was 72 years (S.D. = 15·1
years). The most common source of infection was
pneumonia, followed by urinary tract infection.

Table 2 shows the agreement between both data
sources for each comorbidity. The overall agreement
between both data sources was fair [weighted kappa
0·33, 95% confidence interval (CI) 0·23–0·43].
Spearman correlation was 0·38 (P< 0·0001). Kappa
coefficient ranged from 0·17 (95% CI –0·01 to 0·36)
for myocardial infarction, to 0·85 (95% CI 0·57–
1·00) for connective tissue disease. Three comorbid
conditions (peripheral vascular disease, leukaemia,
lymphoma) had good agreement of both sources.
Four conditions (chronic pulmonary disease, diabetes,
diabetes with complications, metastatic solid tumour)
were in moderate agreement.

CCI derived from administrative data was predict-
ive of CCI 55 from medical record review, after con-
trolling for age, gender, resident status, ward class,
clinical speciality, illness severity, and infection source
(C = 0·773) (Fig. 1).

Using the multivariable logistic regression model
comprising age, gender, resident status, ward class,
clinical speciality, illness severity, and infection source
to predict 30-day in-hospital mortality, CCI derived
from administrative data provided a similar C statistic
as CCI computed from medical record review (C =
0·729 and C = 0·717, P = 0·8548) (Fig. 2).

DISCUSSION

Our study shows that administrative data-derived CCI
performed as well as CCI computed from medical re-
cord review in predicting 30-day in-hospital mortality
in patients being treated for infections in Singapore.
Luthi et al. [16] previously evaluated the performance
of administrative data-derived CCI in Switzerland,
and found that it provided a higher C statistic com-
pared to single-day chart review for hospital mortality
(C = 0·863 and C= 0·795, respectively). That study
included all adult patients hospitalized in acute
wards and did not specifically assess patients with
infections.

Although the agreement between administrative
data and medical record review differed for different
conditions, eight conditions had moderate to good
agreement, including conditions with higher scores
in the CCI computation, such as AIDS and metastatic
tumour. A previous work reported similar findings in
a study on adult in-patients in Switzerland [16], with
six out of 17 comorbidities having moderate agree-
ment between CCI derived from administrative data
and CCI from single-day chart review, among which
chronic pulmonary disease, diabetes, diabetes with
complications, and metastatic solid tumour also had
moderate to good agreement in our study. Kieszak
et al. [12] found that in patients undergoing carotid
endarterectomy in the United States, chart index and
ICD-9-derived CCI had moderate to good agreement
for three conditions (chronic pulmonary disease, dia-
betes, leukaemia or lymphoma). We found similarly
moderate to good agreement for these three condi-
tions in our study. In the study by Chong et al. on
patients with pneumonia in Singapore, which investi-
gated Elixhauser comorbidities instead of Charlson
comorbidities, diabetes (both complicated and un-
complicated), metastatic cancer, chronic pulmonary
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disease, lymphoma and peripheral vascular disease
had moderate or good agreement between medical
chart review and administrative data [13], as seen in
our study. Certain conditions such as connective tissue
disease and renal disease had varying degrees of agree-
ment between chart data and administrative data, and
possible reasons include the wide spectrum of these
conditions in terms of severity and/or diagnoses,
which could affect the quality of the coding of these
conditions. Any difference in coding was more likely
to be related to the disease condition itself than the
speciality to which the patients were admitted, as the
team of clinical coders in our hospital would code
for the disease conditions in the same way for all clin-
ical specialities in the hospital. All clinical coders had

undergone prior training to code for disease condi-
tions in a standardized and consistent manner.

CCI is currently not widely utilized in the clinical
setting, with possible reasons being that it requires
additional time and effort to compute the score from
manual record review, and clinicians may not have ac-
cess to all the patient’s records to compute the index.
Using IT to derive the CCI from administrative data-
bases is a quick and efficient method of deriving the
CCI and delivering the score to clinicians, which
may thus increase the adoption of use of CCI in rou-
tine clinical care. The readily available administrative
data-derived CCI can be made available to physicians
for the prognostication of 30-day in-hospital mortality
on admission.

Besides clinical work, infectious disease research
and other epidemiological studies often encounter
the issue of whether subjects with comorbidities are
eligible for their study. Many studies have used re-
strictive eligibility criteria based on specific diagnoses
to exclude patients with certain comorbid diseases, re-
ducing the statistical power of the study. CCI provides
a validated score to adjust for potential confounding
due to comorbidities in clinical and epidemiological
studies. Our study demonstrated that administrative
data-derived CCI performed as well as medical
record review in predicting in-patient mortality.
Administrative data-derived CCI can offer an efficient
means to quantify comorbidity risk and to adjust for
potential confounding in the study population.

Our study could be limited by the potential mea-
surement error from chart reviews performed by a
single physician. Nonetheless, prior to the study, the
physician had received training on how to obtain
the CCI in a systematic manner, and had derived
the CCI systematically from medical records. As
such, any potential misclassification was likely to be
non-differential. Having a single physician also pre-
vents inter-rater reliability issues due to interpersonal
differences, which may be large when reviewing med-
ical records.

In addition, as our patient population comprised
patients who were prescribed piperacillin-tazobactam
or a carbapenem for an infectious condition, the
results of the study may possibly be more representa-
tive of patients with more severe infectious conditions,
although the severity of a patient’s condition was less
likely to affect the use of administrative data or chart
review to derive the CCI.

Our study may be underpowered to evaluate certain
conditions, as the study population had a low number

Table 1. Characteristics of the study population

Patients (N = 199)
Characteristic n (%)

Demographic information
Age, years, mean (S.D.) 72·3 (15·1)
Males 113 (56·8)

Ethnicity
Chinese 148 (74·4)
Malay 20 (10·1)
Indian 16 (8·0)
Others 15 (7·5)

Resident status
Resident 191 (96·0)
Foreign 8 (4·0)

Ward type
General ward 183 (92·0)
Intensive care unit/high-dependency
ward

16 (8·0)

Ward class
Subsidized 180 (90·5)
Private 19 (9·6)

Source of infection
Pneumonia 134 (67·3)
Urinary tract infection 18 (9·1)
Sepsis 15 (7·5)
Intra-abdominal 10 (5·0)
Skin and soft tissue 6 (3·0)
Hepatobiliary 6 (3·0)
Neurological 5 (2·5)
Bone and joint 4 (2·0)
Cardiac 1 (0·5)

Clinical speciality
Medical 162 (81·4)
Surgery (includes neurosurgery,
general surgery, orthopaedics,
urology, otorhinolaryngology)

37 (18·6)

30-day mortality 32 (16·1)
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of several comorbidities such as connective tissue dis-
ease, leukaemia, lymphoma and AIDS, which makes
interpretation of the data more difficult. Moreover,

our study showed that less than half (8/19) of the co-
morbidity conditions had moderate to good agree-
ment between administrative data and medical
record review. Nonetheless, our study did show that
administrative data was comparable with medical re-
cord review in predicting patients with CCI 55,
which represents patients with more severe pre-
existing conditions or a higher number of comorbid-
ities. While it can be argued that the results of the
study may possibly be limited to this group of
patients, these patients may be the very ones for
which knowledge of the comorbidity score has more
significant clinical implications, as a higher comorbid-
ity score could lead to more cautious clinical
management.

Nonetheless, our study had several strengths. The
administrative-based CCI was derived from the
ICD-coded administrative databases, based on co-
morbidities documented in hospital discharge sum-
maries. All summaries were reviewed by senior
physicians in charge of the patients and diagnoses
assigned ICD codes by trained clinical coders, who
were either non-practising physicians or professionally
trained coders with a clinical background [13]. The
coding practice adheres to the Singapore Coding
Directive, a national coding standard, and the coding
accuracy is monitored through regular audits by the

Table 2. Agreement between medical record review and administrative data

Comorbidity
Patients* with comorbidity
from medical record, n (%)

Patients* with comorbidity from
administrative data, n (%)

Kappa coefficient
(95% CI)

Connective tissue disease 4 (2·0) 3 (1·5) 0·85 (0·59 to 1·00)
Peripheral vascular disease 12 (6·0) 6 (3·0) 0·65 (0·40 to 0·91)
Leukaemia 1 (0·5) 2 (1·0) 0·66 (0·05 to 1·00)
Lymphoma 2 (1·0) 4 (2·0) 0·66 (0·22 to 1·00)
Chronic pulmonary disease 40 (20·1) 24 (12·1) 0·60 (0·45 to 0·74)
Diabetes with complications 30 (15·1) 47 (23·6) 0·57 (0·43 to 0·71)
Metastatic solid tumour 9 (4·5) 12 (6·0) 0·55 (0·29 to 0·81)
Diabetes 55 (27·6) 24 (12·1) 0·53 (0·39 to 0·66)
AIDS 4 (2·0) 1 (0·5) 0·40 (–0·15 to 0·94)
Moderate or severe liver disease 3 (1·5) 2 (1·0) 0·39 (–0·15 to 0·94)
Dementia 20 (10·1) 16 (8·0) 0·33 (0·12 to 0·54)
Mild liver disease 6 (3·0) 11 (5·5) 0·33 (0·03 to 0·62)
Moderate or severe renal disease 17 (8·5) 46 (23·1) 0·33 (0·17 to 0·48)
Cerebrovascular disease 51 (25·6) 36 (18·1) 0·29 (0·13 to 0·44)
Congestive heart failure 17 (8·5) 23 (11·6) 0·28 (0·08 to 0·48)
Hemiplegia 3 (1·5) 14 (7·0) 0·22 (–0·05 to 0·48)
Any tumour 24 (12·1) 21 (10·6) 0·22 (0·03 to 0·41)
Myocardial infarction 25 (12·6) 20 (10·1) 0·17 (–0·01 to 0·36)
Ulcer disease 13 (6·5) 0 (0) n.a.

* Patients (N = 199).
CI, Confidence interval; n.a., not applicable.

Area Under the Curve = 0·7733
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Fig. 1. Receiver operating characteristic curve showing
prediction of Charlson comorbidity index (CCI) 55 from
medical record review by CCI derived from administrative
data, after adjusting for age, gender, resident status, ward
class, clinical speciality, illness severity, and infection
source.
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Ministry of Health of Singapore. As such, measure-
ment error (if any) in the administrative-based CCI
is likely to be minimal. That said, the usability of ad-
ministrative data is dependent on the quality of clinic-
al coding, which may vary from country to country,
therefore the validity of the results for other countries
is less certain. It has been shown that administrative
databases were subjected to coding error, lack of stan-
dardized guidelines for coding of secondary diagnoses,
differences in coding both across different institutions
and individual coders, and difficulty in distinguishing
between diseases that were present prior to admission,
and those that arose during the hospitalization [17]. In
some countries such as the United States, coding is
also affected by insurance claims, although this is
not an issue in Singapore.

Furthermore, we evaluated both administrative-
based CCI and CCI derived from medical record re-
view as predictors of inpatient mortality in patients
admitted for acute infections. To the best of our
knowledge, this is the first study to evaluate the two
different methods of deriving CCI as predictor of in-
patient mortality in patients with infections. In add-
ition, the study assessed patients with a wide range
of infections, including pneumonia, urinary tract

infection, and sepsis – the commonest infections man-
aged in hospitals. Hence, our findings may be general-
ized to other adult acute hospital populations.

In conclusion, administrative data-derived CCI per-
formed as well as CCI computed from medical record
review in Singapore. Administrative data offers a
quicker and easier means for assessing comorbidities
and confounding control in infectious disease re-
search.
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