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Objective: Earlier comorbidity measures have been developed or validated using the North
American population. This study aims to compare five Charlson or Elixhauser comorbidity
indices to predict in-hospital mortality using a large electronic medical record database from
Shanxi, China.

Methods: Using the primary diagnosis code and surgery procedure codes, we identified four
hospitalized patient cohorts, hospitalized between 2013 and 2017, in Shanxi, China, as
follows: congestive heart failure (CHF, n=41,577), chronic renal failure (CRF, n=40,419),
diabetes (n=171,355), and percutaneous coronary intervention (PCI, n=39,097). We used
logistic regression models and c-statistics to evaluate the in-hospital mortality predictive
performance of two multiple comorbidity indicator variables developed by Charlson in 1987
and Elixhauser in 1998 and three single numeric scores by Quan in 2011, van Walraven in
2009, and Moore 2017.

Results: Elixhauser comorbidity indicator variables had consistently higher c-statistics
(0.824, 0.843, 0.904, 0.853) than all other four comorbidity measures, across all four disease
cohorts. Moore’s comorbidity score outperformed the other two score systems in CHF, CRF,
and diabetes cohorts (c-statistics: 0.776, 0.832, 0.869), while van Walraven’s score out-
performed all others among PCI patients (c-statistics: 0.827).

Conclusion: Elixhauser comorbidity indicator variables are recommended, when applied to
large Chinese electronic medical record databases, while Moore’s score system is appropriate
for relatively small databases.
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Introduction
There is a growing trend of and interest in conducting health service and outcome
research based on administrative medical databases.! Administrative data are rou-
tinely collected in hospitals, clinics, pharmacies or other healthcare institutions.
Given that administrative data tend to be large in volume and accessible and
provide detailed service utilization information, an increasing number of research-
ers have been using them to perform cost-effectiveness analysis, risk adjustment,
and predict mortality and health outcomes.>®

In health outcome research, comorbidities or coexisting medical conditions are one
of the most critical factors to adjust.”® The Charlson Comorbidity Index (CCI) and the
Elixhauser Comorbidity Index (ECI) are the two best-known indices in the field of

patient risk adjustment and outcome prediction.”'® The CCI was originally developed
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in 1987 by Charlson et al,’” who reviewed the inpatient
hospital charts of 559 medical patients at New York
Hospital, along with their 1-year mortality, ultimately defin-
ing 17 comorbidities and associated weights, to estimate the
mortality risk. In 1998, Elixhauser et al'® developed a more
comprehensive index, of 30 comorbidity measures, by exam-
ining a large administrative data of 1,779,167 patients from
California. However, the two comorbidity indices were not
widely adopted by researchers until 2005, when Quan et al'!
proposed the coding algorithms to define and differentiate
between the Charlson comorbidities and Elixhauser comor-
bidities for administrative databases. The study by Quan

111

et al'° allowed researchers to calculate CCIs and ECIs

based on administrative databases using either the
International Classification of Diseases, 9th Revision,
Clinical Modification (ICD-9-CM) or the International
Classification of Disease and Related Health Problems,
10th Revision (ICD-10). Following the development of
CCI and ECI, combined comorbidity indices have also
been developed to combine the CCI and ECI. Although
a few studies suggest that combined indices have better
predictive performance than the CCI and ECI among North
American populations, combined indices are relatively new
and much less used than the CCI and ECL'*"3
Comorbidities vary by population characteristics and
diseases and have negative effects on patient outcomes,
particularly in mortality and readmission percent
prediction.'® Since the original development of these two
indices, they have been updated by various researchers and
applied to different populations.'>™'” In 2011, Quan et al"®
updated the CCI weights using Canadian data and vali-
dated them on data from Australia, Canada, France, Japan,
New Zealand and Switzerland. However, their results were
based on data in 2008, which may be outdated and not as
suggestive as they once were. In addition, they validated
only one version of CCI and failed to benchmark the
performance of multiple widely used CCIs and ECIs. In
2009 and 2017, van Walraven et al'® and Moore et al'’
developed two weighting systems for ECI, based on
Canadian and American administrative data, respectively.
These comorbidity scores have been adopted by various

world. 20

epidemiological studies all over the
Nevertheless, only a few studies have validated or com-
pared the use of these comorbidity indices on non-
Caucasian populations, and none of these studies were
based on any Chinese populations.' 321723

The large volume of patients in China, together with

fast-developing health information systems, furnishes

a promising opportunity to enlighten healthcare practice
and policy-making based on real-world evidence.”*?’
Although a growing number of researchers are applying
the American-population-based CCI and ECI to a Chinese
population, there is no evidence of cross-population gen-
eralizability of these comorbidity indices using Chinese
administrative data.”®>' Therefore, this study aims to
evaluate the predictive accuracy of five commonly used
indices in in-hospital mortalities of four disease cohorts
based on a large administrative database in Shanxi, China.
The five indices include two from the Charlson comorbid-
ity system: the 17 comorbidity indicator variable system
by Charlson et al’ in 1987 and the single numeric score
updated by Quan et al'> in 2011, and the Elixhauser
comorbidity system: the 30 comorbidity indicator variable

system by Elixhauser et al'” in 1998, the single numeric
score developed by van Walraven et al'® in 2009, and the

single numeric score developed by Moore et al'” in 2017.

Materials and Methods
Study Sample

This study used de-identified electronic medical records
(EMR) data from the hospital discharge database in Shanxi,
China between January 2013 and December 2017. The data-
base included the following information of each patient:
demographic characteristics (age, gender and marital status),
a primary diagnosis and its ICD-10-CM code, up to 10
secondary diagnoses and their ICD-10-CM codes, up to 7
medical procedures and their ICD-9 procedure codes, and
patients’ outcomes (medical costs and discharge outcomes).
The ICD-10-CM system in the Chinese EMR database fol-
lows international standards, but the last two decimal places
may reflect minor changes that have been adapted to encom-
pass local specialized diseases. The study has been approved
by the Institutional Review Board (IRB) at Sichuan
University, China. Since de-identified data were used in this
study, patient consent to review their medical records was not
required by the IRB.

Since the predictive abilities of CCI and ECI can vary
across different patient outcomes, this study follows the

guidelines of Li et al'*

and targets four disease cohorts,
including 1) congestive heart failure (CHF), 2) chronic
renal failure (CRF), 3) diabetes, and 4) patients who
underwent a percutaneous coronary intervention (PCI).
CHF patients were identified if their main diagnosis code
(ICD-10-CM) contained “I11.0”, “I13.0”, “113.2”, “I150”.

CRF was identified if their main diagnosis codes contained
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“N18”, and type 2 diabetes patients were identified by
“E11.9”. PCI patients were identified if any of their
“00.66”, “36.017,
“36.02” or “36.05”. Patients with missing values on gen-

seven procedure codes contained
der or age, and those younger than 18 years of age, were
excluded from this study. In total, 41,577 CHF patients,
40,419 CRF patients, 171,355 patients with type 2 dia-
betes, and 39,097 PCI patients were included in this study.

The Outcome and Comorbidities
The primary outcome in this study was in-hospital mortal-
ity, defined as all-cause death during the period of
hospitalization."* Similar studies have used 30-day mor-
tality, 1-year mortality or unplanned readmission as the
outcomes.”'*!” However, thirty-day mortality was not
available in the Chinese EMR systems at the time of this
study. Additionally, readmissions can be identified using
the patient’s unique identifier, but the Chinese EMR sys-
tem, as specified by the former Ministry of Health, did not
formulate a way of distinguishing between planned and
unplanned readmission.

We used the package “icd” in the statistical environment
R to estimate the CCls and ECIs in this study.** The package
used Quan’s ICD-10 coding algorithms to define Charlson
and Elixhauser comorbidity binary variables.'" We did not
use the official software package, developed by the Agency
for Healthcare Research and Quality, to calculate the
Elixhauser index since most of its codes had three decimal
places. The Chinese ICD-10 coding system has minor
adjustments on the second and third decimal places to
local specific diseases. Therefore, this software is not applic-
able to Chinese electronic medical records. Apart from using
the 17 and 30 comorbidity binary variables proposed by

Charlson et al’ and Elixhauser et al,m

this study also used
three widely used weighting systems that combine comor-
bidities into single numeric values: 1) Quan’s updated
CCL" which ranges from 0 to 24, 2) van Walraven’s
ECL'® which ranges from —19 to 89, and 3) Moore’s
ECL"” which ranges from —32 to 99. Higher score on any
of these three measures indicates a greater disease burden

and a higher probability of having in-hospital mortality.

Statistical Analysis

We calculated the frequencies of the Charlson and
Elixhauser comorbidity variables, using ICD-10-CM sec-
ondary diagnoses for each disease cohort. Then, we fitted
five logistic regression models using Charlson comorbid-
ities, Elixhauser comorbidities and the three numeric

scores (listed above) for each patient cohort. The outcome
variables in these models are a binary indicator of whether
in-hospital death occurred to the patient or not. Each
model also included variables such as sex, age, marital
status, occupation, length of stay, and hospital levels as
covariates. These variables have been conventionally used
as covariates to adjust for patient outcomes when a large
administrative data set is applied. Biological sex was
coded as a binary variable, with the male as the reference
group. Age was categorized as 1845 (reference group),
46-65, 65-75, greater than 75. Marital status was divided
into married (reference group), unmarried, widowed,
divorced and other. Occupation was categorized as work-
ing as a farmer (reference group), jobless, in a private or
a public institution, retired and other. Length of stay was
categorized into four quartiles with the first quartile as the
reference, and hospital level was divided into tertiary and
secondary. Tertiary hospitals in China are large national or
provincial comprehensive hospitals that provide high-
quality specialist services, while secondary hospitals are
regional hospitals that provide care for general and less-
complicated diseases.?®

For each of the four cohorts in this study, we estimated
six models with different sets of explanatory variables to
predict in-hospital mortality: (1) the baseline model that
includes age, gender, marital status, occupation, length of
stay, and hospital level (socio-demographic variable sets),
and no comorbidity variable is used in this baseline model,
(2) baseline model with the Quan comorbidity score,'® (3)
baseline model with the van Walraven comorbidity
score,'® (4) baseline model with the Moore comorbidity
score,'” (5) baseline model with the 17 Charlson comor-
bidity indicator variables,” (6) baseline model with the 30
Elixhauser comorbidity indicator variables.'®

The concordance statistics, which are often called
c-statistics, are a measure of goodness of fit for the logistic
regression model. It is equivalent to the area under
a receiver operating characteristic (ROC) curve and ranges
from 0.5 to 1. The ROC curve illustrates the relationship
between the rate of false positives and true positives when
selecting the cut-off values for predicting the dichotomous
outcomes (in-hospital death in this case). Higher values
indicate a better prediction model. We computed c-statistic
values to benchmark the predictive performance of these
models. 95% confidence intervals (Cls) were computed
using 1000 bootstrap replicates for each model. All data
cleaning, statistical modeling, and visualization were con-

ducted in the statistical environment R 3.4.1.3
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Results
Table 1 shows the descriptive statistics of patient demo-
graphics, covariates, and three numeric comorbidity scores
stratified by patient outcomes. Overall, the four patient cohorts
had a very low in-hospital mortality rate, with CHF patients
having the highest percentage (0.85%) and PCI patients with
the lowest percentage (0.03%). CHF patients tended to be older
(39.1% older than 75 years of age), had a higher percentage of
people who were widowed (6.2%) and farmers (51.4%). By
contrast, CRF patients were more likely to be younger (27.4%
in the 1845 age group). PCI patients were much more likely to
be hospitalized in tertiary hospitals (97.7%), where most of the
high-tech medical equipment was located.

Table 1 also demonstrates differences in characteristics
between dead and alive patients across the four cohorts.

Compared with patients who stayed alive during hospita-
lization, patients who died were older, more likely to be
widowed, divorced, retired, and had a lower length of stay
in hospitals. The mean values of the van Walraven'® and

'7 score were significantly different between dead

Moore
and alive patients across the four cohorts. It merits atten-
tion that the CCI, updated by Quan et al,'> showed very
little variation across and within the four disease cohorts,
indicated by similar means and small standard deviations.
Relative to Quan’s CCL' the other two numeric scores
(ECI by van Walraven'® and Moore'”) demonstrates much
more within- and across-group variations.

The frequency and percent of the 17 Charlson comor-
bidities and 30 Elixhauser comorbidities are presented in
Table 2. It is worth noting here that some comorbidities

Table | Characteristics of the Study Sample Stratified by the Outcome Variable

CHF (N = 41,577) CRF (N = 40,419) Diabetes (N = 171,355) PCI (N = 39,097)
Non-Death Death Non-Death Death Non-Death Death Non-Death Death
Sample size 41,224 353 (0.85%) | 40,213 206 (0.51%) 171,245 110 (0.06%) | 38,989 108 (0.03%)
Female (%) 49% 45% 43% 39% 46% 45% 26% 27%
Age (%)

18-45 1972 (4.8) 24 (6.8) 11,054 (27.5) 11 (5.3) 22,894 (13.4) 5 (4.5) 3401 (8.7) 328

4665 11,372 (27.6) | 66 (18.7) 17,556 (43.7) | 64 (31.1) 98,810 (57.7) 39 (35.5) 23,849 (61.2) | 48 (44.4)

66-75 11,812 (28.7) | 74 (21.0) 7423 (18.5) 46 (22.3) 34,171 (20.0) 22 (20.0) 8731 (22.4) 34 (31.5)

75+ 16,068 (39.0) 189 (53.5) 4180 (10.4) 85 (41.3) 15,370 (9.0) 44 (40.0) 3008 (7.7) 23 (21.3)
Marriage (%)

Married 35,789 (86.8) | 277 (78.5) 34,670 (86.2) 167 (81.1) 157,071 (91.7) | 90 (81.8) 37,361 (95.8) | 96 (88.9)

Unmarried 917 (2.2) 8(2.3) 2765 (6.9) 734 3745 (2.2) 327 588 (1.5) 2 (1.9)

Widowed 2548 (6.2) 36 (10.2) 1366 (3.4) 13 (6.3) 4057 (2.4) 8(7.3) 522 (1.3) 7 (6.5)

Divorced 744 (1.8) 13 (3.7) 707 (1.8) 14 (6.8) 1495 (0.9) 6 (5.5) 319 (0.8) 2 (1.9)

Other 1226 (3.0) 19 (5.4) 705 (1.8) 5(24) 4877 (2.8) 3(2.7) 199 (0.5) 1 (0.9)
Occupation (%)

Farmer 21,273 (51.6) | 90 (25.5) 13,403 (33.3) | 24 (11.7) 51,284 (29.9) 23 (20.9) 14,128 (36.2) | 31 (28.7)

Jobless 2225 (5.4) 15 (4.2) 3161 (7.9) 9 (44) 6899 (4.0) 8 (7.3) 1491 (3.8) 6 (5.6)

Other 4361 (10.6) 44 (12.5) 4848 (12.1) 27 (13.1) 23,798 (13.9) 13 (11.8) 3246 (8.3) 43.7)

Private institution 4070 (9.9) 33 (93) 8330 (20.7) 29 (14.1) 27,048 (15.8) 14 (12.7) 8325 (21.4) 27 (25.0)

Public institution 1047 (2.5) 6 (1.7) 2716 (6.8) 12 (5.8) 19,670 (11.5) 4 (3.6) 3663 (9.4) 7 (6.5)

Retired 8248 (20.0) 165 (46.7) 7755 (19.3) 105 (51.0) 42,546 (24.8) 48 (43.6) 8136 (20.9) 33 (30.6)
Length of stay quartile (%)

| 13,804 (33.5) | 218 (61.8) 11,510 (28.6) | 80 (38.8) 44,614 (26.1) 66 (60.0) 11,515 (29.5) | 85(78.7)

2 8505 (20.6) 29 (8.2) 8654 (21.5) 35 (17.0) 51,945 (30.3) 11 (10.0) 10,306 (26.4) | 8 (7.4)

3 9655 (23.4) 29 (8.2) 10,275 (25.6) | 39 (18.9) 40,803 (23.8) 9 (82) 8558 (21.9) 5 (4.6)

4 9260 (22.5) 77 (21.8) 9774 (24.3) 52 (25.2) 33,883 (19.8) 24 (21.8) 8610 (22.1) 10 (9.3)
Tertiary (%) 22,020 (53.4) | 251 (71.1) 35,367 (87.9) 196 (95.1) 126,775 (74.0) | 75 (68.2) 38,108 (97.7) 103 (95.4)
Quan 2011 (mean (sd)) 1.22 (1.23) 1.29 (1.57) 1.13 (1.26) 1.85 (1.57) 1.14 (1.12) 1.37 (1.45) 1.09 (1.27) 1.05 (1.28)
van Walraven 2009 (mean (sd)) [ 7.51 (5.97) 8.15 (6.50) 5.30 (5.60) 8.84 (5.85) 4.03 (5.38) 6.39 (5.71) 5.96 (6.18) 7.06 (6.04)
Moore 2017 (mean (sd)) 6.58 (6.76) 7.93 (7.71) 5.21 (7.10) 10.39 (8.28) | 3.69 (4.28) 7.03 (7.69) 4.23 (5.20) 5.26 (6.67)

Abbreviations: CHF, congestive heart failure; CRF, chronic renal failure; PCI, percutaneous coronary intervention.
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were very rare, such as acquired immunodeficiency syn-
drome (AIDS), alcohol and drug use, consistent with those

14 . .. .
1.7 A fair amount of variation in

reported in Li et a
comorbidity proportions can be observed from Table 2
across the four patient cohorts.

The c-statistics of these regression models are shown in
Table 3 and Figure 1. The predictive performance of the
three numeric comorbidity scores demonstrated different
and inconsistent patterns over the four disease cohorts in
our sample. The Charlson and Elixhauser comorbidity
indicator variable sets, together with the covariates, con-
sistently had higher predictive ability than the baseline and
all three numeric score models. Among the three comor-
bidity scores, the ECI updated by Moore and his collea-
gues in 2017 outperformed the other two scores (Quan
2011 and van Walraven 2017), except for PCI patients,
among which the van Walraven ECI in 2009 outstripped
the Moore 2017 ECI. The comorbidity measures, together
with sociodemographic variables, generally had the best
predictive ability in the diabetes patient cohorts, followed
by CRF and PCI cohorts, while they performed the worse
among the CHF patient cohort.

Discussion

This study compared the performance of five commonly
applied comorbidity indices in predicting in-hospital mor-
tality of four disease cohorts based on a homogeneous
Chinese population. The results can serve as a guideline
for choosing comorbidity indices when performing risk
adjustment based on Chinese administrative data in mor-
tality research.

To the best of our knowledge, this is the first study that
compares the predictive accuracy of widely recognized
comorbidity indices among the Chinese population. Our
findings have two major implications. First, using 31
Elixhauser comorbidity indicator variables, instead of relying
on combined numeric scores, can generate the largest pre-
dictive power, given a sufficiently large sample size. This is
consistent with the study performed by Quan et al.'> Second,
when the sample size is relatively small, researchers may be
concerned about overfitting and non-convergence problems
for Charlson or Elixhauser comorbidity indicator variables
since they include 17 and 30 comorbidity dummy variables
in the regression model.'® In that case, our results suggest
that the single numeric score by Moore et al'” in 2017
generally had the highest predictive accuracy, relative to the
other two numeric score indices.

Prior to this study, we expected that the Charlson
comorbidity score updated by Quan et al'> in 2011
would demonstrate higher predictive accuracy, relative to
the other two numeric scores, as they included a Japanese
population and asserted an external validity among an
Asian population.'> However, the Quan 2011 comorbidity
score did not perform as well as the other two comorbidity
numeric scores, based on our sample. For the diabetes
disease and PCI cohorts, the Quan comorbidity score, '’
together with sociodemographic variables, did not even
produce a higher c-statistic than those using these socio-
demographic variables alone. This indicates that the
comorbidity score updated by Quan et al'> in 2011 may
not be generalizable to the Chinese population, despite its
inclusion of another Asian population (ie, the Japanese
population).

Compared with the single cohort in Moore’s paper,'’
our four cohorts have more variation in patient demo-
graphic variables. The CHF cohort includes more elderly
patients, while the other three cohorts include more young
patients. The prevalence of most comorbidities in this
study is comparable to those in van Walraven’s paper,'®
but some comorbidities (AIDS, alcohol abuse, and drug
abuse) have a very low frequency. Alcohol and drug abuse
is often not considered as a medical symptom or diagnosis
in China, which may be attributable to doctors’ coding
habits. Underestimating the prevalence of these three
comorbidities may result in weaker predicting perfor-
mance since these variables are indicative of patient out-
come. Given the difference in patient characteristics and
comorbidity distributions across cohorts, the c-statistics in
this study can be better or worse compared to the previous
studies.'>'7 For example, our models have higher c-sta-
tistics than those in Moore’s study: the c-statistics for the
Elixhauser indicator variable model are 0.824, 0.875,
0.923, and 0.879 in our cohorts, while the value is 0.805
in a similar study by Moore et al.'”

EMR data quality is crucial for risk adjustment, patient
outcome prediction, and hospital performance profiling.
Prior validation studies of comorbidity scores, using
administrative databases, examined the accuracy of dis-
ease coding. In the electronic medical record system in
Shanxi, China, doctors fill out the name of diagnosis,
surgery, and their corresponding codes. The department
of medical records conducted data quality control and
verified a 5% random sample of all patient records every
month. Those medical records with incomplete informa-
tion, miscoding, or logical errors were returned to the
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Table 2 The Frequency and Percent of Each Comorbidity in Charlson and Elixhauser Comorbidity Systems

Comorbidity System Comorbidity Names CHF CRF Diabetes PCI
(n = 41,577) (n = 40,419) (n=171,355) [ (n=39,097)
Charlson comorbidities Myocardial infarction 6224 (15%) 839 (2.1%) 2839 (1.7%) 5301 (13.6%)

Congestive heart failure

7618 (18.8%)

5382 (3.1%)

11,781 (30.1%)

Peripheral vascular disease

3551 (8.5%)

1441 (3.6%)

23,035 (13.4%)

8685 (22.2%)

Cerebrovascular disease

6082 (14.6%)

4928 (12.2%)

37,603 (21.9%)

5485 (14%)

Dementia

98 (0.2%)

61 (0.2%)

571 (0.3%)

10 (0%)

Chronic pulmonary disease

7866 (18.9%)

1509 (3.7%)

5555 (3.2%)

1544 (3.9%)

Rheumatologic disease

301 (0.7%)

711 (1.8%)

841 (0.5%)

153 (0.4%)

Peptic ulcer disease

177 (0.4%)

238 (0.6%)

1004 (0.6%)

327 (0.8%)

Mild liver disease

2261 (5.4%)

3233 (8%)

43,575 (25.4%)

8106 (20.7%)

Diabetes without chronic complications 5971 (14.4%) 3619 (9%) - 9025 (23.1%)
Diabetes with chronic complications 1315 (3.2%) 6856 (17%) - 482 (1.2%)
Hemiplegia or paraplegia 20 (0%) 239 (0.6%) 48 (0%) 6 (0%)
Renal disease 2341 (5.6%) - 4074 (2.4%) 192 (0.5%)
Any malignancy, including leukemia and lymphoma | 381 (0.9%) 458 (1.1%) 981 (0.6%) 62 (0.2%)
Moderate or severe liver disease 150 (0.4%) 74 (0.2%) 308 (0.2%) 92 (0.2%)
Metastatic solid tumor 71 (0.2%) 140 (0.3%) 208 (0.1%) 6 (0%)
Acquired Immune Deficiency Syndrome (AIDS) 0 (0%) 0 (0%) 12 (0%) 0 (0%)
Elixhauser comorbidities Congestive heart failure - 7618 (18.8%) 5382 (3.1%) 11,781 (30.1%)

Cardiac arrhythmias

18,316 (44.1%)

1764 (4.4%)

7136 (4.2%)

6231 (15.9%)

Valvular disease

4707 (11.3%)

578 (1.4%)

819 (0.5%)

282 (0.7%)

Pulmonary circulation disorders

3701 (8.9%)

372 (0.9%)

378 (0.2%)

70 (0.2%)

Peripheral vascular disorders

3551 (8.5%)

1441 (3.6%)

23,035 (13.4%)

8685 (22.2%)

Hypertension

19,227 (46.2%)

31,599 (78.2%)

80,899 (47.2%)

21,082 (53.9%)

Paralysis 20 (0%) 239 (0.6%) 48 (0%) 6 (0%)
Neurodegenerative disorders 538 (1.3%) 446 (1.1%) 1932 (1.1%) 155 (0.4%)
Chronic pulmonary disease 7325 (17.6%) 1484 (3.7%) 5511 (3.2%) 1540 (3.9%)
Diabetes, uncomplicated 5918 (14.2%) 3608 (8.9%) - 9012 (23.1%)
Diabetes, complicated 1368 (3.3%) 6867 (17%) - 495 (1.3%)
Hypothyroidism 942 (2.3%) 1320 (3.3%) 6816 (4%) 789 (2%)
Renal failure 2329 (5.6%) - 4049 (2.4%) 189 (0.5%)

Liver disease

2431 (5.8%)

3318 (8.2%)

43,893 (25.6%)

8204 (21%)

Peptic ulcer disease, no bleeding 165 (0.4%) 210 (0.5%) 957 (0.6%) 310 (0.8%)

AIDS 0 (0%) 0 (0%) 12 (0%) 0 (0%)

Lymphoma 33 (0.1%) 140 (0.3%) 33 (0%) 3 (0%)
(Continued)
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Table 2 (Continued).

Comorbidity System Comorbidity Names CHF CRF Diabetes PCI
(n = 41,577) (n = 40,419) (n=171,355) | (n=39,097)

Metastatic cancer 71 (0.2%) 140 (0.3%) 208 (0.1%) 6 (0%)
Solid tumor without metastasis 330 (0.8%) 312 (0.8%) 902 (0.5%) 58 (0.1%)
Rheumatoid arthritis/collagen vascular diseases 364 (0.9%) 1122 (2.8%) 1151 (0.7%) 200 (0.5%)
Coagulopathy 305 (0.7%) 285 (0.7%) 388 (0.2%) 35 (0.1%)
Obesity 34 (0.1%) 16 (0%) 610 (0.4%) 17 (0%)
Weight loss 65 (0.2%) 114 (0.3%) 107 (0.1%) I (0%)
Fluid and electrolyte disorders 4632 (11.1%) 7588 (18.8%) 7356 (4.3%) 1024 (2.6%)
Blood loss anemia 25 (0.1%) 79 (0.2%) 90 (0.1%) 3 (0%)
Deficiency anemia 453 (1.1%) 198 (0.5%) 858 (0.5%) 45 (0.1%)
Alcohol abuse 1 (0%) 1 (0%) 19 (0%) 2 (0%)
Drug abuse 0 (0%) 0 (0%) 1 (0%) 0 (0%)
Psychosis 27 (0.1%) 58 (0.1%) 255 (0.1%) 14 (0%)
Depression 29 (0.1%) 80 (0.2%) 489 (0.3%) 31 (0.1%)

Abbreviations: CHF, congestive heart failure; CRF, chronic renal failure; PCI, percutaneous coronary intervention.

physicians and these physicians were subsequently
retrained. Despite the aforementioned measures to
improve EMR data quality, there have been no formal
studies assessing the accuracy of data as Hsia et al
did.>*?° Hsia et al suggested a potential concern related
to overcoding for reimbursement claim but it does not
apply to administrative data from China because the
Chinese health care is still a fee-for-service-based system.

The other issue about data quality is the number of sec-
ondary diagnoses in this Shanxi database. The administrative
database in other countries normally has over 15 secondary
diagnoses,”> and the National Inpatient Sample (NIS) pro-
vided by the Healthcare Cost and Utilization Project
(HCUP) in the United States offers over 30 diagnoses.3(’ By

Table 3 c-Statistics for Each Model Across Four Disease Cohorts

contrast, the Shanxi EMR database only provides one primary
diagnosis and up to 10 secondary diagnoses, based on
a formulation developed by the former Ministry of Health in
China.*” This could lead to an underestimation of comorbid-
ities. Some patients in this study can have more than 10
comorbidities, but those comorbidities may not all be
recorded. Therefore, this may have resulted in residual con-
founding in our study findings. The low frequency of some
comorbidities, such as acquired immunodeficiency syndrome
(AIDS), alcohol and drugs, also merits discussion. Despite its
low prevalence of HIV/AIDS in our study sample, the HIV/
AIDS diagnosis was accompanied by a routine blood test
upon admission to the hospital. For drug and alcohol abuse,
we would expect extremely low frequency in our sample since

Variable Sets

CHF

CRF

Diabetes

PCI

* + Quan (2011) I5

* 4+ Moore (2017) 17
* + |7 Charlson 9
* + 30 Elixhauser 10

Sociodemographic (baseline)*

* + van Walraven (2009) 16

0.779 (0.756, 0.804)
0.779 (0.757, 0.801)
0.778 (0.754, 0.801)
0.782 (0.759, 0.802)
0.820 (0.800, 0.840)
0.832 (0.813, 0.851)

0.807 (0.777, 0.833)
0.823 (0.797, 0.849)
0.826 (0.799, 0.852)
0.833 (0.807, 0.857)
0.849 (0.822, 0.873)
0.883 (0.861, 0.903)

0.829 (0.795, 0.861)
0.827 (0.794, 0.862)
0.833 (0.797, 0.868)
0.875 (0.841, 0.905)
0.909 (0.886, 0.931)
0.929 (0.910, 0.946)

0.835 (0.791, 0.871)
0.834 (0.789, 0.875)
0.840 (0.794, 0.880)
0.836 (0.794, 0.875)
0.868 (0.827, 0.901)
0.894 (0.859, 0.924)

Note: *Socio-demographic variable sets included age, gender, marital status, occupation, length of stay and hospital level.
Abbreviations: CHF, congestive heart failure; CRF, chronic renal failure; PCI, percutaneous coronary intervention.
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Figure | Comparison of c-statistics among different variable sets.

these two comorbidities are rarer in the Chinese population,
relative to the North American population.®® As reported by
the World Health Organization, the average yearly alcohol
consumption in China was 6.7 L/person (2.2 L for women,
10.9 L for men), compared to 9.2 L/person (4.9 L for women,
13.6 L for men) in the United States.® Nonetheless, these
low-frequency comorbidities corroborated with findings from
Lietal'

This study should be interpreted with caution because
there are several limitations. First, we had no follow-up
data on patients’ outcomes. The mortality percent in our
study may be underestimated because terminally ill Chinese
patients with little hope of recovery tend to withdraw from
hospitals, either for reasons related to cultural habits or
financial affordability.>*** Another limitation is the repre-
sentativeness or external validity of our sample. Since there
is no publicly available nationwide inpatient sample in China
like the NIS, researchers interested in Chinese EMR must
rely on their collaboration and connection with a given local
health administration agency to gain access to the data.
Although the National Health and Family Planning
Commission in China holds a Nationwide Hospital
Discharge Database, which routinely collects EMR data
from most secondary and tertiary hospitals,' its use and
access are highly restricted to a limited number of research-
ers. Third, since this is an observational study that relies on
secondary data, it is subject to potential information bias and
residual confounding caused by inaccurate coding, unob-
served patient or hospital characteristics.

Conclusions

The large population and rapid development of an electronic
medical record system provide a unique opportunity to
inform healthcare practice and policymaking. Our study

suggests that Elixhauser comorbidity indicator variables
should be used when a large Chinese electronic medical
record database is available since they have the best predic-
tive performance among the five indices, while Moore’s
score system is more appropriate when only a relatively
small database can be accessed. Besides, Moore’s score
system can be more intuitive and informative in characteriz-
ing the comorbidity distribution of the population. Results
from this work serve as a reference for researchers in China
when they select comorbidity measures for health outcome
prediction and risk adjustment. Besides, the results may also
be informative to researchers who are interested in those
electronic medical record databases with a high number of
Chinese patients.
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