Performance of Comorbidity Measures to Predict Stroke
and Death in a Community-Dwelling, Hypertensive
Medicaid Population
Jun Tang, MS; Jim Y. Wan, PhD; James E. Bailey, MD, MPH

Downloaded from http://stroke.ahajournals.org/ by guest on July 17, 2018

Background and Purpose—The Charlson and Elixhauser comorbidities are widely used to control for differences in
comorbidity in epidemiological studies but have not been validated for outpatient studies of hypertension. This study
sought that validation using death and stroke outcomes.
Methods—Using Cox models in a retrospective cohort study of 49 479 hypertensive patients, Modified Charlson Index was
compared with 6 alternative approaches to assessing comorbidity: individual Charlson comorbidities, Elixhauser
comorbidities, prior major cardiovascular disease event, traditional risk factors for cerebrovascular accident, healthcare
utilization, and antihypertensive medication utilization. Comorbidity measures were calculated at baseline and for a
period before occurrence of the study outcome of interest or study conclusion.
Results—The Charlson comorbidities had the smallest Akaike information criterion value for both the stroke and death
outcomes when baseline data were used. The Elixhauser comorbidities had the smallest Akaike information criterion
value for both the stroke and death outcomes when follow-up data were used. Modified Charlson Index also predicted
stroke and death, but alternative models were more robust.
Conclusion—This study indicates that both the Charlson and Elixhauser comorbidities are valid prediction tools that could
enable clinicians and health systems to better assess risk for stroke and death in patients with hypertension. However,
the Charlson comorbidities perform better when comorbidities are assessed using baseline data, whereas the Elixhauser
comorbidities perform better for short follow-up periods when comorbidities are assessed proximal to events of interest.
(Stroke. 2008;39:1938-1944.)
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ontrolling for differences in comorbidity is particularly
important in epidemiological, outcome, and health services research. However, because there is no gold standard
for assessing comorbidity, investigators validate alternative
measures by determining their ability to predict important
health outcomes such as mortality, healthcare costs, and
quality of life.1 Because the predictive performance of alternative comorbidity measures depends in part on the outcome
of interest, investigators should choose comorbidity indices
appropriate to both their study population and outcome.2,3
Choice among alternative comorbidity measures is also typically guided by convenience and the availability of relevant
data. Therefore, the most widely used and studied comorbidity indices use billing data,1,3,4 because these administrative
data can readily assess real-world inpatient and outpatient
diagnoses, healthcare utilization experience, and medication
use. Although comorbidity indices are not yet widely used by
clinicians to assess risk for individual patients, they have
great potential for helping practitioners identify patients at
highest risk of premature disability and death.

Although many alternative approaches to assessing comorbidity using administrative data have been validated,1,3,4 the
Charlson Index, a disease severity weighted index of comorbidity, is perhaps best studied, validated, and widely used.
Charlson and colleagues first developed the index weightings
using chart review data collected from an index hospitalization to predict 1-year survival. They validated the index on an
independent population of patients with breast cancer.5
Subsequently, numerous researchers have adapted the
Charlson Index for use with administrative data. Schneeweis
and others have shown that comorbidity scores based on both
outpatient and inpatient diagnostic codes are similarly predictive of major outcomes.6 –9 However, the predictive performance of the Charlson Index using outpatient and inpatient
data has rarely been assessed.10 Recent studies suggest that
the longer list of comorbidities proposed by Elixhauser may
have improved predictive performance.1,11–13 These comorbidity assessment approaches have not been adequately compared nor have they been specifically validated for use in
longitudinal hypertension studies.1,11–13 Additionally, many
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authors have demonstrated similar predictive performance
using simple measures of overall healthcare utilization and
medication use,4 and some suggest that more disease-specific
risk factor assessment approaches focusing on selected comorbidities may be more appropriate in cardiovascular epidemiological studies.14
This study aims to determine whether the Charlson Index is
a valid index of comorbidity for community-dwelling hypertensive Medicaid enrollees and whether the Charlson Index is
a better indicator of comorbidity than approaches using
multiple independent comorbidities or other simpler indices
relying solely on levels of healthcare or medication use. In
addition, the authors wanted to determine if the Charlson
Index predicts stroke and if it performs better than assessing
selected comorbidities particularly known to be associated
with stroke. Finally, given the increasing availability of
real-time administrative data through electronic claims submission, the authors wanted to see if comorbidity measures
calculated for a period immediately before an event would
better predict stroke and death than the same measures when
calculated for a baseline period that was longer but more
removed in time from the event of interest.

Materials and Methods
The study population consisted of chronic medication-treated hypertensive individuals enrolled in Tennessee’s statewide Medicaid
managed care program (TennCare) for at least 3 continuous years
from 1994 through 2000 inclusive. A longitudinal retrospective
cohort study design was used. The hypertensive cohort was defined
using inpatient and outpatient administrative data. To select chronic
medication-treated hypertensives, the cohort included all patients
with (1) continuous TennCare eligibility for at least 3 years of the
7-year study period; (2) aged 18 to 65 in each study year; (3) yearly
diagnosis of hypertension defined as one or more inpatient or
professional (inpatient or outpatient physician service) claims with
an International Classification of Diseases, 9th Revision, Clinical
Modification (ICD-9-CM) code of 401.x in each of 2 baseline years;
and (4) yearly receipt of at least one antihypertensive medication
prescription for the 2 baseline years.
The definition for hypertension used is based on claims-based
definitions shown in multiple studies to have high validity for the
diagnosis of hypertension. These studies have demonstrated that the
use of both diagnosis and prescription claims and multiple years of
data result in higher diagnostic specificity.15,16
Patients who experienced stroke or death during their baseline
2-year period were excluded. For this purpose, stroke was defined as
any inpatient or professional claims including an ICD-9-CM diagnosis code 430 to 438. This eliminated virtually 100% of those with
s history of stroke.17–19 After the 2-year baseline period, the cohort of
eligible patients (n⫽49 479) was followed for a 1- to 5-year
follow-up period in which study outcomes could occur.
Tennessee Medicaid encounter files served as the primary data
sources for the study. These files include all paid claims for inpatient,
professional, and pharmacy services for enrollees using Clinical
Procedural Terminology codes. Five diagnosis fields using ICD9-CM codes were included in all inpatient and professional claims.
The pharmacy database has been well validated.20 For the period of
the study, approximately 25% (1.2 to 1.4 million) of Tennessee’s
residents were enrolled in TennCare. Demographic variables were
assessed using baseline period administrative eligibility and demographic files, and comorbidity was assessed using baseline and
follow-up period inpatient, professional, and pharmacy administrative data for paid claims.
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Demographic Variables and Clinical Outcomes
Demographic variables acted as control variables and included age,
gender, race, disability status, uninsurable eligibility status, region,
urban/rural status, managed care organization type, managed care
organization for profit status, and median income of county residence. Dependent variables were the 2 study clinical outcomes: time
to death and time to stroke. Demographic variables were included as
control variables in models assessing various comorbidity measures
that were significant in preliminary Cox models for predicting each
study outcome as described in the “Data Analysis” section.
Death, the primary clinical outcome of the study, was defined as
all-cause mortality according to Tennessee Department of Health
Vital Records. Because the linkage of Vital Records and TennCare
administrative data used Social Security number, a field known to be
highly accurate in both databases, the validity of the linkage
approached 100%. Cohort members were considered to have experienced an incident stroke if they had any inpatient claims including
a primary ICD-9-CM diagnosis of subarachnoid or intracerebral
hemorrhage (codes 430 to 431), any diagnosis of cerebral infarction
(codes 433.11, 433.21, 433.81, 433.91, 434.01, 434.11, and 434.91),
or any diagnosis of acute, but ill-defined, cerebrovascular disease
(code 436) during their follow-up period. In addition, cases were
classified as negative for stroke following the method of Tirschwell
if diagnoses of traumatic brain injury (codes 800 to 804, 850 to 854)
were present. These stringent requirements for stroke diagnosis
followed the recommendations of Reker and others and were
designed to maximize the positive predictive value and specificity of
the stroke diagnosis.17,19,21–23

Comorbidity Measures
Comorbid conditions were assessed using alternative approaches that
were suggested in the literature as appropriate for chronic hypertensive individuals. The 7 approaches to assessing comorbidity that
were considered included: (1) Modified Charlson Index; (2) Charlson comorbidities; (3) Elixhauser comorbidities; (4) prior major
cardiovascular disease event (CVD); (5) traditional risk factors for
cerebrovascular accident (CVA); (6) overall healthcare utilization
(HCU)); and (7) antihypertensive medication utilization (MU). For
the diagnosis-based comorbidity assessment approaches, comorbidities were defined as shown in supplemental Tables I and II, available
online at http://stroke.ahajournals.org. Comorbidity measures were
calculated for each participant both for the baseline 2-year period and
for a 3-month or 6-month period before occurrence of the study
outcome of interest or study conclusion.

Modified Charlson Index and
Charlson Comorbidities
A modified version of the Charlson Index was used based on the
Romano adaptation and following Schneeweiss’ method for adding
ambulatory diagnoses.4,7,9,24 The authors also followed the Goldstein25 adaptation and eliminated from consideration 2 of the original
17 diagnostic categories (eg, cerebrovascular disease, paralysis)
because these categories are reflected in the condition being evaluated. All updated ICD-9-CM codes for the Charlson Index in use for
the period of the study were included in assessing for the Charlson
comorbidities13 as shown in supplemental Table I. The Modified
Charlson Index score was calculated for the baseline period and for
every 6 months in the follow-up period before outcome or study
conclusion (not including the 6-month period during which the
outcome occurred). Using the same methodology, all 15 unweighted
individual Charlson comorbidities were assessed for each subject for
the baseline and the follow-up periods.

Elixhauser Comorbidities
Following the Elixhauser definitions, 28 unweighted individual
comorbidities were similarly assessed for each subject for the
baseline and the follow-up periods, excluding 2 comorbidities
reflected in the condition being evaluated (CVD and paralysis)1,11–13
as shown in supplemental Table I. These 28 variables were only
assessed individually because the Elixhauser method does not have
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a weighted scoring system. The original Elixhauser approach was
modified by: (1) including ambulatory diagnoses; and (2) omitting an
initial Diagnosis Related Groups screen as other authors have
done,11–13 because it is not applicable to ambulatory data.

Cardiovascular Event (cardiovascular disease)
Prior major CVD event represents a selected group of serious
cardiovascular comorbidities for which hypertensive individuals are
particularly at risk.26 Numerous independent hypertension clinical
trials have demonstrated that history of these CVD comorbidities
places hypertensive individuals at high risk of stroke and death.27
This comorbidity measure was assessed following the standard
definition used in clinical trials of hypertension treatment28 and
included history of a diagnosis of nonfatal myocardial infarction,
congestive heart failure (CHF), and/or coronary artery bypass graft/
percutaneous transluminal coronary angioplasty as shown in supplemental Table II. Administrative data accurately reflect CVD events.1
CVD event was assessed for the baseline period and every 6 months
of the follow-up period before the outcome or conclusion of the
study.
Downloaded from http://stroke.ahajournals.org/ by guest on July 17, 2018

Traditional Stroke Risk Factors
The CVA comorbidity model included 4 dichotomous variables
assessing the major traditional stroke risk factors, including CHF,
atrial fibrillation, transient ischemic attack, and myocardial infarction 29 as shown in supplemental Table II. Although many studies
have shown that inpatient discharge codes are specific for CHF,30
Goff in particular shows that use of inpatient codes alone results in
substantial underreporting.31 Go and colleagues have shown that 2
ICD-9-CM outpatient codes accurately assess presence of atrial
fibrillation.32 Hill and colleagues have clearly shown that emergency
room diagnosis of transient ischemic attack according to administrative data is a strong risk factor for stroke.33 CVA variables were
assessed for the baseline period and every 6 months in the follow-up
period before the outcome or conclusion of the study.

Healthcare Utilization
Marini et al have shown that overall HCU is a marker of comorbidity
and may predict clinical outcomes better than some diagnosis-based
scores.34 The 4 independent interval variables in the HCU comorbidity model included: outpatient visit frequency, emergency visit
frequency, hospital visit frequency, and number of hospital days.
HCU variables were assessed for the baseline period and every 3
months in the follow-up period before the outcome or the conclusion
of the study.

Antihypertensive Medication Utilization
Levels of antihypertensive MU are known to be associated with both
higher severity of illness and level of comorbidity because these
medications are used to treat a variety of cardiovascular and other
conditions in addition to hypertension.35 Many studies have looked
at overall prescription drug utilization as an indicator of comorbidity,
but this study focused on antihypertensive medication use because
this may better reflect comorbidity in the hypertensive population.36
The antihypertensive MU measure indicates the number of unique
antihypertensive medication classes for which prescriptions were
filled in the period. MU was calculated as an interval variable with
a range from 1 to 9. MU was assessed for the baseline period and
every 6 months in the follow-up period before the outcome or
conclusion of the study.

Data Analysis
The 7 comorbidity assessment approaches were compared by developing Cox models for each approach with both baseline and
follow-up data and for both the stroke and death outcomes.37 This
yielded a total of 28 alternative Cox models for predicting the
outcomes. In all the models, demographic variables were included as
control variables that were first found to be significant in initial Cox
models that only included demographic variables. Thus, models for
stroke included the same 4 demographic variables (age, race,

disability status, and urban/rural status), and those for the death
outcome included the same 9 demographic variables (age, gender,
race, disability status, uninsurable eligibility status, median income
of county of residence, region, urban/rural status, and managed care
organization type).
The 14 models for each outcome were compared using Akaike’s
information criterion (AIC) model fit statistic.38,39 AIC scores were
calculated for each model. The magnitude of AIC has little meaning.
Rather the focus is on the relative size, and the model with the
smaller AIC is preferred.
AIC⫽⫺2log共L共ˆ 兲兲⫹2K⫹

2K共K⫹1兲
,
n⫺K⫺1

where L⫽likelihood function, ⫽a set of regression coefficients,
n⫽sample size, and K⫽the number of variables in the model.
In the current study, sample size was 49 479. The numbers of
regression coefficients ranged from 5 to 32 for each of the stroke
models and from 10 to 37 for each of the death models. AIC
differences were then calculated following the method of Anderson
and Burnham to select the best approximating model.40 AIC difference (⌬AIC), which is the difference between the AIC and the
minimum of AIC over all candidate models, provides a quantitative
measure of model plausibility. A zero difference indicates the best
model, models having ⌬AIC ⬍2 to 3 are nearly tied, models having
⌬AIC between 7 and 10 are considered fair, and models having
⌬AIC ⬎7 to 10 are substantially inferior.40 All statistical analyses
were performed using SAS version 9.1.41

Results
The 49 479 subjects who met full study criteria were followed
for a mean of 2.66 years (range, 0.005 to 5 years) after the
2-year baseline period. The cohort participants had a mean
age of 48.5 years (range, 20 to 64 years) at the end of the
baseline period. A total of 67.7% were female and 30.0%
were black. During the follow-up period, there were 619
strokes and 2051 deaths, yielding a 1.3% risk of stroke and a
4.1% risk of death for cohort participants during follow-up.
Baseline Modified Charlson Index scores ranged from 0 to
16 with a mean of 1.7 and a median of 1, consistent with a
highly skewed distribution (Figure). The frequencies of the
various component diagnostic codes are shown in supplemental
Tables I and II. Of note, myocardial infarction (9.4%), CHF
(12.1%), chronic obstructive pulmonary disease (22.6%), and
diabetes (21.3%) were quite prevalent in this population at
baseline. Results of Cox models using baseline or follow-up
data for both outcomes revealed that all of the comorbidity
approaches were predictive (Table 1).
Risk of stroke increased significantly with increasing
baseline and follow-up indicators of comorbidity. Table 1
shows that when baseline data were used, the Charlson
comorbidities model had the smallest AIC value for the
stroke outcome. For all of the alternative comorbidity models
for stroke using baseline data, ⌬AIC was ⬎10 indicating that
all were substantially inferior. The Elixhauser comorbidities
model had the smallest AIC value for the stroke outcome
when follow-up data were used. All of the other models using
follow-up data to predict risk of stroke were substantially
inferior except the Charlson comorbidities for which ⌬AIC
was 6.883 indicating good fit.
Risk of death also increased significantly with increasing
baseline and follow-up indicators of comorbidity. Table 1
also shows that when baseline data were used, the Charlson
comorbidities model had the smallest AIC value for the death
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Figure. Distribution of modified Charlson Index
scores (bar chart).
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outcome. For all of the alternative comorbidity models for
death using baseline data, ⌬AIC was greater than 10 indicating that all were substantially inferior. The Elixhauser comorbidities model had the smallest AIC value for the death
outcome when follow-up data were used. All of the other
models using follow-up data were substantially inferior.
The Modified Charlson Index also predicted stroke and
death, but alternative models were more robust. Modified
Charlson Index models using both baseline and follow-up
data were significant at P⬍0.0001, but the models using
follow-up data were associated with higher hazards of stroke
and death, indicating that Modified Charlson Index performs
better when follow-up data are used.

Discussion
This study indicates that Modified Charlson Index, Charlson
comorbidities, and Elixhauser comorbidities are all valid
comorbidity assessment methods for predicting stroke and
death in community-dwelling Medicaid enrollees with
chronic medication-treated hypertension. It validates the
Charlson and Elixhauser methods for use in longitudinal
hypertension studies and adds to a growing group of validation studies showing that methods using outpatient as well as
inpatient diagnoses accurately assess comorbidity and can be
used to adjust for comorbidity in outpatient cohort studies of
patients with chronic illnesses.10 The Charlson and Elixhauser
methods using multiple unweighted comorbidities substantially outperformed several alternative suggested approaches
for assessing comorbidity in patients with chronic hypertension. This study demonstrates that the Charlson and Elixhauser methods are generally better indicators of comorbidity
than simpler approaches. The Charlson and Elixhauser methods performed similarly to each other with the better method
dependent on the data used.
Investigators may still prefer to use Modified Charlson
Index given its simplicity and the loss of power associated
with adding 15 Charlson comorbidity variables or 28 Elixhauser comorbidity variables to predictive models in which
comorbidity is not the major focus. The Modified Charlson
Index still performs better than merely assessing overall
levels of baseline healthcare utilization or assessing selected
comorbidities particularly known to be associated with
stroke.
Most of the previous studies using Charlson and Elixhauser
comorbidities have focused on elderly populations with
greater burden of chronic illness.7,10,25,30,42,43 This study

showed that the Modified Charlson Index has similar predictive ability for younger Medicaid enrollees with substantially
lower levels of comorbidity than in elderly Medicare populations.24,44 For example, 57% of the current study’s population had a Charlson comorbidity score of zero or one
compared with 29% reported by van Doorn et al.42
This study also adds important information about the best
timing of comorbidity assessment. It was shown that the
Charlson comorbidities perform better than other models at
predicting mortality when baseline data are used, and Elixhauser comorbidities perform better when follow-up data are
used. Comorbidity models using follow-up data generally
were associated with higher hazards of stroke and death than
when baseline data were used. These findings suggest that
investigators with the ability to use time-dependent data to
calculate comorbidities should do so.
The AIC model fit statistic has several major advantages
for comparing comorbidity adjustment approaches using
time-dependent data. Goodness of fit is usually assessed
using ⫺2 log likelihood, but this approach does not adjust for
the number of variables in the model, making it inappropriate
in this study. Because this study used time-dependent covariates and assessed time to event using Cox models, the authors
were not able to use the c-statistic to assess goodness of fit as
previous investigators have done.45 The AIC is particularly
well suited for identifying the best model within the same
candidate family, where differences among models are small.
Cox modeling has, as a major advantage, the ability to use
all the information available in longitudinal studies and to
assess impact of multiple covariates on time-dependent outcomes. The current study used a 7-year retrospective cohort
database to compare alternative comorbidity assessment
methods using baseline and time-dependent data. The study
shows that models using time-dependent data generally performed better at predicting survival. Certainly using only
baseline data in longitudinal epidemiological studies is acceptable, but this approach is an inefficient use of data. The
current study documents small but significant improvements
in modeling capability using the full range of data available.
One potential limitation of the AIC statistic is the inability
to compare models using baseline data with models using
follow-up data. However, the size of the hazard ratios can be
used as a measure of predictive power. Although the AIC
model fit statistic is an appropriate technique for model
selection using time-dependent data, its ultimate disadvantage
is that this approach does not allow the investigator to easily
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Results of Cox Regression Models for Stroke and Death Outcomes Using Baseline and Follow-Up Data
Stroke Outcome
Baseline Data

Death Outcome
Follow-Up Data

Baseline Data

Follow-Up Data

Variables

Hazard Ratio
(95% CI)

⌬AIC

Hazard Ratio
(95% CI)

⌬AIC

Hazard Ratio
(95% CI)

⌬AIC

Hazard Ratio
(95% CI)

⌬AIC

Modified
Charlson Index

Modified Charlson
Index

1.115 (1.077–1.061)

1785.992

1.373 (1.287–1.466)

39.357

1.350 (1.331–1.370)

3714.914

1.715 (1.674–1.757)

881.632

Charlson
comorbidities

Myocardial
infraction

0.959 (0.731–1.258)

0

1.185 (0.812–1.727)

6.883

1.022 (0.892–1.17)

0

1.06 (0.875–1.283)

148.976

Model
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Elixhauser
comorbidities

CHF

1.363 (1.087–1.708)

Peripheral vascular
disease

1.481 (1.094–2.003)

1.926 (1.49–2.489)
1.37 (0.899–2.087)

2.201 (1.972–2.458)

3.041 (2.692–3.435)

1.367 (1.166–1.603)

1.643 (1.349–2.001)

Dementia

1.727 (1.074–2.779)

1.744 (0.861–3.53)

1.888 (1.506–2.367)

1.488 (1.097–2.019)

Chronic pulmonary
disease

1.01 (0.821–1.242)

1.145 (0.899–1.458)

1.388 (1.251–1.539)

1.62 (1.444–1.818)

Rheumatologic
disease

1.009 (0.629–1.618)

1.295 (0.712–2.357)

1.174 (0.922–1.493)

1.07 (0.757–1.513)

Peptic ulcer
disease

1.203 (0.874–1.656)

0.863 (0.445–1.673)

0.921 (0.766–1.108)

1.193 (0.907–1.57)

Mild liver disease

0.827 (0.428–1.596)

1.84 (0.923–3.667)

1.635 (1.292–2.07)

2.366 (1.792–3.124)

Diabetes
(complicated)

1.243 (1.016–1.52)

1.458 (1.194–1.78)

1.086 (0.968–1.217)

1.144 (1.019–1.285)

Diabetes
(uncomplicated)

1.455 (1.107–1.913)

1.498 (1.09–2.057)

1.435 (1.23–1.675)

1.275 (1.063–1.53)

Chronic renal
failure

3.124 (2.163–4.512)

2.822 (1.885–4.225)

2.892 (2.386–3.507)

2.803 (2.286–3.436)

Any malignancy

1.041 (0.688–1.576)

0.913 (0.521–1.6)

2.273 (1.928–2.679)

3.881 (3.272–4.602)

Moderate to
severe liver
disease

1.73 (0.404–7.405)

0.986 (0.128–7.612)

2.645 (1.696–4.126)

3.212 (1.933–5.336)

Metastatic cancer

1.625 (0.635–4.159)

3.221 (1.265–8.204)

5.359 (4.185–6.863)

7.88 (6.325–9.819)

AIDS

1.155 (0.286–4.668)

CHF

1.272 (0.976–1.656)

䡠 䡠 䡠*
1.871 (1.4–2.5)

Valvular disease

0.847 (0.582–1.233)

1.499 (0.985–2.281)

1.181 (1.002–1.391)

0.974 (0.78–1.216)

Pulmonary
circulation disease

1.937 (1.116–3.364)

1.051 (0.427–2.587)

1.839 (1.443–2.344)

2.106 (1.558–2.846)

Peripheral vascular
disease

1.566 (1.159–2.116)

1.34 (0.879–2.042)

1.37 (1.167–1.608)

1.544 (1.262–1.888)

Other neurological
disorders

1.437 (1.037–1.99)

2.004 (1.381–2.906)

1.105 (0.92–1.326)

1.524 (1.248–1.861)

Chronic pulmonary
disease

1.077 (0.892–1.301)

1.058 (0.838–1.335)

1.238 (1.119–1.369)

1.418 (1.265–1.59)

Diabetes
(uncomplicated)

1.326 (1.086–1.617)

1.449 (1.184–1.774)

1.188 (1.06–1.332)

1.113 (0.989–1.252)

Diabetes
(complicated)

1.503 (1.142–1.977)

1.513 (1.102–2.079)

1.428 (1.226–1.664)

1.328 (1.106–1.593)

Hypothyroidism

0.977 (0.678–1.408)

0.927 (0.578–1.489)

0.807 (0.648–1.005)

0.774 (0.581–1.031)

Renal failure

3.143 (1.867–5.291)

3.292 (1.917–5.653)

2.23 (1.708–2.911)

2.181 (1.655–2.874)

Liver disease

0.776 (0.411–1.466)

1.518 (0.774–2.975)

1.439 (1.145–1.808)

2.201 (1.686–2.873)

Peptic ulcer
disease without
bleeding

0.989 (0.315–3.105)

1.119 (0.157–7.986)

0.626 (0.297–1.322)

1.53 (0.635–3.686)

1145.406

0.99 (0.467–2.098)
0

2.189 (1.934–2.477)

0.87 (0.325–2.332)
1850.733

2.856 (2.489–3.277)

AIDS

0.967 (0.237–3.949)
0.987 (0.243–4.009)

䡠 䡠 䡠*
1.868 (0.46–7.577)

0.855 (0.399–1.83)

Lymphoma

1.33 (0.836–2.116)

2.048 (1.305–3.212)

Metastatic cancer

1.428 (0.555–3.673)

2.532 (0.965–6.64)

4.953 (3.847–6.377)

5.831 (4.618–7.363)

Solid tumor
without metastasis

0.904 (0.566–1.444)

0.858 (0.466–1.579)

2.077 (1.736–2.485)

3.579 (2.974–4.308)

Rheumatologic
disease

1.306 (0.878–1.943)

1.315 (0.771–2.241)

1.223 (0.976–1.531)

1.016 (0.738–1.398)

Coagulopathy

0.809 (0.38–1.721)

0.565 (0.209–1.53)

1.294 (0.98–1.71)

1.633 (1.254–2.128)

Obesity

0.571 (0.377–0.863)

0.621 (0.363–1.063)

0.884 (0.73–1.072)

Weight loss

2.604 (1.274–5.321)

1.117 (0.347–3.594)

2.03 (1.463–2.817)

2.113 (1.556–2.869)

Fluid and
electrolyte
disorders

1.213 (0.937–1.57)

1.768 (1.286–2.431)

1.558 (1.376–1.763)

1.906 (1.644–2.209)

0

0.838 (0.312–2.253)

0.909 (0.711–1.162)

(Continued)

Tang et al
Table.

Comorbidity Measures to Predict Mortality and Stroke

Continued
Stroke Outcome
Baseline Data

Model

CVD
Cerebrovascular
accident
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Healthcare
utilization

MU

1943

Death Outcome
Follow-Up Data

Baseline Data

Variables

Hazard Ratio
(95% CI)

Chronic blood loss
anemia

1.389 (0.673–2.867)

0.54 (0.132–2.208)

0.848 (0.544–1.321)

0.715 (0.401–1.277)

Deficiency
anemias

1.011 (0.737–1.388)

1.194 (0.819–1.741)

1.61 (1.394–1.859)

1.589 (1.345–1.878)

Alcohol abuse

0.829 (0.551–1.247)

0.954 (0.525–1.732)

1.526 (1.29–1.805)

Drug abuse

2.571 (1.685–3.923)

1.095 (0.444–2.698)

1.509 (1.196–1.904)

1.133 (0.778–1.651)

Psychoses

0.903 (0.669–1.219)

0.969 (0.704–1.333)

1.253 (1.079–1.456)

1.026 (0.865–1.217)

Depression

0.958 (0.715–1.284)

0.993 (0.654–1.507)

0.853 (0.725–1.004)

1.094 (0.889–1.347)

Cardiac
arrhythmias

1.242 (0.918–1.68)

1.204 (0.803–1.806)

1.123 (0.963–1.309)

1.186 (0.986–1.428)

Cardiovascular
event
CHF event
Atrial fibrillation
event

1.827 (1.445–2.309)

1798.386

3.445 (2.59–4.583)

55.33

2.793 (2.201–3.119)

4705.743

5.395 (4.74–6.14)

1578.63

2.053 (1.518–2.777)
1.461 (0.894–2.386)

1785.612

3.468 (2.432–4.947)
1.475 (0.865–2.513)

28.3

3.950 (3.453–4.520)
1.543 (1.238–1.924)

4567.095

6.599 (5.646–7.714)
1.75 (1.387–2.207)

1468.283

⌬AIC

Hazard Ratio
(95% CI)

⌬AIC

Hazard Ratio
(95% CI)

Follow-Up Data
⌬AIC

Hazard Ratio
(95% CI)

1.506 (1.201–1.887)

Transient ischemic
attack event

2.305 (1.454–3.655)

5.264 (3.317–8.356)

1.020 (0.729–1.428)

1.921 (1.32–2.795)

Myocardial
infarction event
Outpatient visit
Emergency visit

1.194 (0.863–1.653)

1.244 (0.726–2.133)

1.145 (0.975–1.344)

1.112 (0.863–1.434)

1.006 (0.989–1.022)
1.007 (0.96–1.056)

1758.997

1.051 (1.025–1.078)
1.103 (1.056–1.152)

64.278

1.014 (1.005–1.022)
1.004 (0.981–1.028)

4429.216

1.054 (1.041–1.067)
1.137 (1.12–1.154)

Hospital visit

1.362 (1.245–1.489)

1.118 (0.843–1.483)

1.405 (1.356–1.456)

0.933 (0.788–1.105)

Hospital stay

0.999 (0.989–1.01)

1.034 (1.021–1.048)

1.007 (1.004–1.009)

1.059 (1.056–1.063)

Variety exposure

1.216 (1.142–1.295)

1785.675

1.232 (1.148–1.322)

76.064

1.194 (1.153–1.237)

⌬AIC

4888.692

1.216 (1.169–1.265)

1241.327

1935.258

*Due to insufficient data.

ascertain the variance explained by each model using an
approach such as the receiver operating characteristics
curve.46 Future research needs to focus on the development of
similar methods for constructing receiver operating characteristics curves using epidemiological studies that assess time
to event using Cox modeling. Although several investigators
have begun to develop these techniques,46 these methods have
primarily been applied in small studies with limited independent variables and have not been developed for application
for large studies using multiple time-dependent covariates.
Another limitation of this study is that its results apply
mainly to similar populations of middle-aged hypertensive
individuals enrolled in Medicaid. For example, the traditional
cerebrovascular accident risk factors model that performed
well in predicting stroke may emphasize a cardioembolic
mechanism of stroke that is more important in a younger
hypertensive population. Clearly, different results might be
found in different clinical populations. Further studies are
needed to replicate these findings in other states, Medicaid
populations, and clinical subgroups.
This study clearly documents that the Charlson and Elixhauser methods are valid measures of comorbidity for outpatient cohorts of chronic hypertensives, but it goes further to
demonstrate that Charlson comorbidities perform better when
baseline data are used, whereas the Elixhauser comorbidities
perform better for short follow-up periods when comorbidities are assessed proximal to events of interest. Based on
practical considerations, investigators may still prefer the
Modified Charlson Index to either of the more complex
approaches, and this study validates its use in outpatient

hypertension studies. Further efforts are needed to make these
research measures accessible to clinicians to assist them in
identifying patients at highest risk of premature disability and
death.
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