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Background. Medicare data from acute hospitals do not contain information on func-
tional status. This lack of information limits the ability to conduct rehabilitation-related health
services research.

Objective. The purpose of this study was to examine the associations between 5 comor-
bidity indexes derived from acute care claims data and functional status assessed at admission
to an inpatient rehabilitation facility (IRF). Comorbidity indexes included tier comorbidity,
Functional Comorbidity Index (FCI), Charlson Comorbidity Index, Elixhauser Comorbidity
Index, and Hierarchical Condition Category (HCC).

Design. This was a retrospective cohort study.

Methods. Medicare beneficiaries with stroke, lower extremity joint replacement, and
lower extremity fracture discharged to an IRF in 2011 were studied (N�105,441). Data from
the beneficiary summary file, Medicare Provider Analysis and Review (MedPAR) file, and
Inpatient Rehabilitation Facility–Patient Assessment Instrument (IRF-PAI) file were linked.
Inpatient rehabilitation facility admission functional status was used as a proxy for acute
hospital discharge functional status. Separate linear regression models for each impairment
group were developed to assess the relationships between the comorbidity indexes and
functional status. Base models included age, sex, race/ethnicity, disability, dual eligibility, and
length of stay. Subsequent models included individual comorbidity indexes. Values of variance
explained (R2) with each comorbidity index were compared.

Results. Base models explained 7.7% of the variance in motor function ratings for stroke,
3.8% for joint replacement, and 7.3% for fracture. The R2 increased marginally when comor-
bidity indexes were added to base models for stroke, joint replacement, and fracture: Charlson
Comorbidity Index (0.4%, 0.5%, 0.3%), tier comorbidity (0.2%, 0.6%, 0.5%), FCI (0.4%, 1.2%,
1.6%), Elixhauser Comorbidity Index (1.2%, 1.9%, 3.5%), and HCC (2.2%, 2.1%, 2.8%).

Limitation. Patients from 3 impairment categories were included in the sample.

Conclusions. The 5 comorbidity indexes contributed little to predicting functional status.
The indexes examined were not useful as proxies for functional status in the acute settings
studied.
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Acute hospitalization often accel-
erates the loss of muscle mass
and physiological declines in

older adults due to prolonged immobili-
zation.1–3 Many hospitalized older adults
also have comorbid conditions that pre-
cipitate functional decline, thereby influ-
encing their health outcome across the
continuum of care. These functional
declines are difficult to evaluate because
no information regarding functional sta-
tus is available in national acute care
datasets such as Medicare claims files.
We are not aware of any studies examin-
ing the association between comorbidity
indexes and discharge functional status
using administrative claims data from
acute hospitals.

Despite significant associations of poor
functional status with higher use of post–
acute care services, institutionalization,
readmission, and mortality,4–10 measure-
ment of functional status is still missing
in acute care Medicare claims data and is
not considered a quality indicator for
acute hospitals. In contrast, post–acute
care settings (inpatient rehabilitation
facilities [IRFs], skilled nursing facilities,
and home health care agencies) are
required to use and submit standardized
functional status data to the Centers for
Medicare & Medicaid Services (CMS).

Two provisions of the Affordable Care
Act, the Hospital Readmissions Reduc-
tion Program and the acute care/post–
acute care bundled payments initiative,
warrant evaluation of the effects of func-
tional status across the continuum of
care, including the transitions from acute
care to post–acute care settings.11,12 The
absence of functional status information
in the database during acute hospitaliza-
tion highlights the challenges in address-
ing the effect of residual confounding in
studies of discharge planning and post–
acute care resource utilization. Previous
studies have raised the issue of unmea-
sured or residual confounding effect of
functional status in health service
research based on administrative claims
data in the Medicare population.13–15

Using Medicare Current Beneficiary Sur-
vey data, Schneeweiss and colleagues
have shown the residual confounding
effect of unmeasured functional status
on adverse outcomes, such as mortality

and risk of hip fracture, in older
adults.14,15

Identifying limitations in functional sta-
tus at the time of discharge from the
acute hospital could improve discharge
planning and care transitions. Based on
clinical experience and previous
research,13,16 we believe that it may be
possible to identify a surrogate method
of estimating functional status at acute
care discharge by using administrative
data on patient characteristics and
comorbid health conditions. If this
assumption is correct, a surrogate mea-
sure of comorbidity could prove useful
in modeling discharge setting and other
outcomes within specific medical diag-
noses at discharge from acute care.

The majority of research using comorbid-
ity indexes contained in administrative
claims data collected during acute hospi-
talization has been conducted in the con-
text of predicting health care cost and
mortality, not functional status. The com-
monly used Charlson Comorbidity Index
and Elixhauser Comorbidity Index were
developed to predict health care utiliza-
tion and mortality.17,18 In a longitudinal
cohort study on 291 older adults, Bravo
and colleagues19 reported that the Charl-
son Comorbidity Index performs slightly
better for predicting 3-year mortality
than functional decline in long-term care
settings. The tier comorbidity system
was developed to allocate resources
under the prospective payment system
for IRFs and has been used in rehabilita-
tion health services research to predict
the length of stay (LOS) and resource
utilization.20 The CMS developed the
Hierarchical Condition Category (HCC)
to estimate health care costs for benefi-
ciaries in the Medicare Advantage pro-
gram, using demographic characteristics
and diagnostic-based medical condi-
tions.21 Recently, the CMS began using
HCC conditions in risk prediction mod-
els of 30-day readmission. The Functional
Comorbidity Index (FCI), developed by
Groll and colleagues,16 is the only comor-
bidity index currently available that was
designed to predict functional status.

The FCI was developed in a community-
based sample to predict the self-reported
physical component subscale of the

36-Item Short-Form Health Survey (SF-
36).22 Compared with the Charlson
Comorbidity Index and other common
indexes, the FCI captures more chronic
conditions (eg, arthritis, hearing impair-
ment, degenerative disk disease) that
have strong associations with physical
performance.16 The FCI has been vali-
dated in acute care and intensive care
settings for predicting self-reported phys-
ical function using medical records in a
limited sample.23–25 Using medical
records of 34 patients in intensive care
unit settings, Haines and colleagues24

found that the FCI was a better predictor
of self-reported physical function than an
objective measure of physical function.
Similarly, using prospective data from an
observational study in 73 patients with
acute respiratory distress syndrome,
Groll and colleagues23 showed that the
FCI was a better predictor of self-
reported physical function than the
Charlson Comorbidity Index after con-
trolling for age and severity of illness.

Available With
This Article at
ptjournal.apta.org

• eTable 1: ICD-9-CM Codes Used
to Classify Comorbid Conditions
for the Functional Comorbidity
Index in the Medicare Claims
Data

• eTable 2: Distribution of Medical
Conditions in the Functional
Comorbidity Index by
Impairment Categories

• eTable 3: Distribution of Medical
Conditions in the Charlson
Comorbidity Index (Deyo
Version) by Imapairment
Categories

• eTable 4: Distribution of Tier
Categories by Impairment
Categories

• eTable 5: Distribution of Medical
Conditions in the Elixhauser
Comorbidity Index by
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The objective of our study was to exam-
ine the associations among 5 comorbid-
ity indexes derived from acute care
administrative claims data and functional
status assessed at admission to inpatient
rehabilitation. The study sample includes
Medicare fee-for-service beneficiaries
with stroke, lower extremity fracture,
and lower extremity joint replacement.
We considered functional status mea-
sured at IRF admission to be a reasonable
proxy for discharge functional status
from acute hospitals. We hypothesized
that the Functional Comorbidity Index
would have the strongest association
with functional status.16

Method
Data Sources
A secondary analysis of Medicare data
was conducted using the Medicare Pro-
vider Analysis and Review (MedPAR)
data file, beneficiary summary file, and
Inpatient Rehabilitation Facility–Patient
Assessment Instrument (IRF-PAI) file for
the calendar year 2011. The MedPAR file
contains claims for all inpatient stays,
including acute hospitals and IRFs and
information about diagnostic conditions,
surgical procedures, LOS, and amount of
health services used during the short-
term acute care stay. In this study, data

from the MedPAR file associated with
only inpatient short-term acute care stay
was used to derive all variables for the
comorbidity indexes. The beneficiary
summary file contains Medicare enroll-
ment indicators and the patient’s
sociodemographic characteristics. The
IRF-PAI file includes data on the patient’s
functional status at the time of admission
and discharge from IRF. In this study, the
IRF-PAI file was used to retrieve patient’s
functional status at the time of admis-
sion. A data use agreement was estab-
lished with the CMS.

Study Population
The population included Medicare bene-
ficiaries, 66 years of age or older, on
Medicare fee-for-service plans. We
included patients 66 years and older in
order to have look-back data for a 1-year
period. The analytic sample included
patients admitted to IRFs directly from
acute hospitals in 1 of 3 rehabilitation
impairment categories (RICs): stroke,
lower extremity fracture, and lower
extremity joint replacement. Patients
from these 3 RICs cumulatively repre-
sented approximately 44% of all IRF
admissions in 2012.26 The flow diagram
(Fig. 1) shows the number of patients
included and excluded. We excluded
patients with the end-stage renal disease
because they are not defined as a reha-
bilitation impairment category and are
not primarily treated in IRFs. Patients in
Medicare health maintenance organiza-
tions were excluded because their claims
data were not available. Patients living in
institutional settings prior to IRF admis-
sion, not admitted for initial rehabilita-
tion, with repeated rehabilitation stays,
and with LOS more than 30 days were
excluded because they are atypical
patients in IRFs with generally severe
chronic or uncontrolled conditions.
Patients with program interruption were
excluded because they went back to
acute care to receive intervention for a
medical complication. The final sample
comprised 105,441 patients discharged
from the acute hospital to an IRF with
stroke, lower extremity fracture, or
lower extremity joint replacement.

Variables
Outcome. The primary outcome was
motor functional status at admission to
IRF, as measured by the Functional Inde-

Figure 1.
Flowchart of the study sample discharged from acute care to inpatient rehabilitation facilities.
IRF�inpatient rehabilitation facility, HMO�health maintenance organization,
MedPAR�Medicare Provider Analysis and Review.
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pendence Measure (FIM) and docu-
mented in the IRF-PAI.27 As noted earlier,
we considered IRF admission functional
status to be a proxy for discharge func-
tional status from acute hospitals. The
FIM is administered by rehabilitation cli-
nicians within 3 days of inpatient reha-
bilitation admission and within 3 days of
discharge date.27 In this study, we classi-
fied FIM motor items into 2 subscales:
self-care and mobility. The self-care sub-
scale assesses eating, grooming, bathing,
upper body dressing, lower body dress-
ing, toileting, bladder management, and
bowel management. The mobility sub-
scale assesses bed-to-chair transfer, toilet
transfer, tub/shower transfer, walking or
wheelchair use, and climbing stairs. We
did not include cognitive FIM scores in
this analysis. All FIM items are scored on
a 7-point ordinal scale, ranging from
complete dependence (1) to complete
independence (7).27 The self-care sub-
scale score ranges from 8 to 56, and the
mobility score ranges from 5 to 35. The
motor FIM score ranges from 13 to 91.
The reliability and validity of the FIM
instrument have been studied exten-
sively in patients with stroke and other
impairment categories.28

Demographic variables. Patient de-
mographic variables included: age, sex,
race/ethnicity, the original reason for
Medicare due to disability, and dual eli-
gibility for Medicare and Medicaid. Age
was entered as a categorical variable hav-
ing 3 levels: 66–75, 76–85, and �85
years. Race/ethnicity was categorized as
non-Hispanic white, non-Hispanic black,
Hispanic, and other races. Disability and
dual eligibility were dichotomized into
“yes” and “no” categories. Disability was
classified as “yes” if the beneficiary orig-
inally qualified for Medicare benefits due
to disability rather than age. Beneficiaries
enrolled in both Medicare and Medicaid
were classified as “dual eligible.”

Comorbidity indexes. Comorbidity
indexes include medical conditions
based on International Classification of
Diseases, Ninth Revision, Clinical Mod-
ification (ICD-9-CM) diagnostic codes
listed in the MedPaR files for the speci-
fied acute hospitalization.

Tier comorbidity. The tier comorbid-
ity system was developed by the CMS as

part of the IRF prospective payment sys-
tem. It classifies medical conditions into
1 of 4 categories (tier 1, tier 2, tier 3, and
no tier) based on the costs and projected
utilization of resources during an IRF
stay.20 Tier 3 includes 932 diagnostic
codes that represent the lowest-cost cat-
egory. Tier 1 represents the highest-cost
category and includes 8 diagnostic codes
that yield additional reimbursement. We
computed tier categories for acute hos-
pital stays using ICD-9-CM codes pub-
lished in the Federal Register for the year
2011.20 The tier was included as a single
4-level variable in our analysis, and no
tier was used as a reference category.
The patients were assigned to a single
tier category for reimbursement pur-
poses during their inpatient rehabilita-
tion stay.

Charlson Comorbidity Index. The
Charlson Comorbidity Index consists of
18 medical conditions and was devel-
oped to predict 1-year all-cause mortality
in patients with breast cancer using hos-
pital medical records.17 Deyo adapted
the original Charlson Comorbidity Index
to administrative data, using ICD-9-CM
codes, into 17 comorbid categories for
predicting health services.29 The Deyo
version of the Charlson Comorbidity
Index was used in this study. The ICD-
9-CM codes for 17 conditions were based
on those documented in the litera-
ture.17,29 Dichotomous indicators for
each of the 17 comorbidity conditions,
rather than the weighted index, were
included in our analyses.

Elixhauser Comorbidity Index. The
Elixhauser Comorbidity Index consists of
30 medical conditions and is widely used
in health service research for predicting
mortality and health service utilization.18

We used the ICD-9-CM codes for the 30
conditions as described in the original
study.18 Dichotomous indicators for each
of the 30 comorbidity conditions were
included in our analyses.

FCI. The FCI includes 18 comorbid
conditions and shows significant associ-
ations with physical functioning.16,25,30

To validate the use of the FCI in Medicare
data, we mapped these 18 conditions to
ICD-9-CM codes. After acquiring ICD-
9-CM codes for each comorbid condition
in the FCI, a physician, physical thera-

pist, occupational therapist, or nurse was
consulted to verify mapping accuracy.
Additionally, validation of ICD-9-CM
codes for the FCI medical conditions was
done by consulting an experienced bill-
ing and claims specialist. The ICD-9-CM
codes used to define each comorbid con-
dition in the FCI are reported in eTable 1
(available at ptjournal.apta.org). Dichot-
omous indicators for each of the 18
comorbidity conditions were included in
our analyses.

HCC. The CMS calculates HCC using
ICD-9-CM diagnostic codes from ambula-
tory and inpatient claims data. The HCC
scores are calculated every year for each
Medicare Advantage enrollee. Initially,
the CMS developed 70 HCCs from 805
diagnostic groups and 14,000 ICD-9-CM
diagnostic codes. The CMS recently
revised the index to include 79 HCC con-
dition categories.31 We used the ICD-
9-CM codes for HCC conditions as
reported in the CMS manual.21 Dichoto-
mous indicators for each of the 70 HCC
comorbidity conditions were included in
our analyses using inpatient claims data
specific to acute hospitalization. We did
not have access to ambulatory claims
data.

Data Analysis
Linear regression models were con-
structed to evaluate the association of
the 5 comorbidity indexes with func-
tional status at admission to post-acute
inpatient rehabilitation. Separate analy-
ses were run for the 3 impairment cate-
gories. We included 3 outcomes for each
comorbidity model: motor FIM and the 2
subscales (mobility and self-care). All
baseline models included age, sex, race/
ethnicity, disability, dual eligibility, and
acute LOS. In each of the 5 subsequent
models, one of the comorbidity indexes
was added separately to the base models.
Adjusted R2 statistics were then com-
pared across all the models. The R2 sta-
tistic reflects goodness-of-fit of a linear
model and measures how well the
regression line approximates the real
data points in the model and the amount
of total variance explained in the out-
come variable by the predictors or cova-
riates.32 The R2 values can range from 0
to 1, with 0 indicating no statistical cor-
relation between the data points and the

Association Between Comorbidity Indexes and Functional Status

February 2016 Volume 96 Number 2 Physical Therapy f 235

http://ptjournal.apta.org/content/96/2/232/suppl/DC1
http://ptjournal.apta.org


regression line and 1 indicating a perfect
fit.32

Role of the Funding Source
The study was supported by the National
Institutes of Health (R24-HD065702,
R01-HD069443, and K12 HD055929;
Principal Investigator: Dr Ottenbacher)
and the National Institute for Disability,
Independent Living, and Rehabilitation
Research (90IF0071; Principal Investig-
tor: Dr Ottenbacher). Study sponsors had
no role in the study design, analysis, or
interpretation of the data. Study spon-
sors did not have any role in the writing
of the manuscript or the submission to a
journal.

Results
The study sample included 105,441
patients discharged from acute hospitals
who were admitted directly to the IRF on
the same day. The mean age was 79.3
years (SD�7.6). The majority were non-
Hispanic white (85%) and female (64%).
The mean LOS in an acute hospital was
5.1 days. Only 14% were dual-eligible

Table.
Descriptive Characteristics of the Study Population by Rehabilitation Impairment Categories

Variable Stroke
Lower Extremity

Fracture
Lower Extremity

Joint Replacement All Patients

Total, n (%) 42,353 (40.1) 36,957 (35.0) 26,131 (24.7) 105,441

Age (y), X (SD) 78.9 (7.5) 81.7 (7.5) 76.6 (6.7) 79.3 (7.6)

66–75, n (%) 15,087 (35.6) 8,328 (22.6) 12,261 (46.9) 35,676 (33.8)

76–85, n (%) 17,910 (42.3) 15,750 (42.6) 10,696 (40.9) 44,356 (42.1)

�85, n (%) 9,356 (22.1) 12,879 (34.8) 3,174 (12.2) 25,409 (24.1)

Female, n (%) 23,257 (54.9) 26,689 (72.2) 17,848 (68.3) 67,794 (64.3)

Race/ethnicity, n (%)

White 33,621 (79.4) 32,997 (89.3) 22,491 (86.1) 89,109 (84.5)

Black 5,158 (12.2) 1,317 (3.6) 1,931 (7.3) 8,406 (8.0)

Hispanic 2,182 (5.2) 1,841 (5.0) 1,165 (4.5) 5,188 (4.9)

Other 1,392 (3.3) 802 (2.1) 544 (2.1) 2,738 (2.6)

Acute length of stay (d), X (SD) 5.9 (4.7) 5.2 (3.0) 3.7 (2.1) 5.1 (3.7)

Dual eligibility, n (%) 7,474 (17.6) 5,096 (13.7) 2,646 (10.1) 15,216 (14.4)

Disability, n (%) 4,742 (11.2) 3,306 (8.9) 2,827 (10.8) 10,875 (10.3)

Functional status, X (SD)

Mobility 11.0 (4.3) 9.4 (3.0) 11.7 (3.4) 10.6 (3.8)

Self-care 24.4 (9.7) 25.4 (7.7) 31.0 (6.8) 26.4 (8.8)

Motor 35.5 (13.3) 34.9 (9.9) 42.8 (9.3) 37.1 (11.7)

Figure 2.
R2 statistics for predicting mobility, self-care, and motor Functional Independence
Measure performance in patients with stroke. Charlson�Charlson Comorbidity Index,
FCI�Functional Comorbidity Index, tier�tier comorbidity system, Elixhauser�Elixhauser
Comorbidity Index, HCC�Hierarchical Condition Category.
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(Medicare and Medicaid), and 10% were
eligible for Medicare due to disability.
Stroke was the largest impairment cate-
gory, representing 40% (n�42,353) of
the study sample, followed by lower
extremity fracture (35%, n�36,957) and
lower extremity joint replacement (25%,
n�26,131). Demographic and clinical
characteristics stratified by impairment
groups are shown in the Table. The
mean functional score of the total sample
at the time of IRF admission was
10.6 (SD�3.8) for mobility FIM, 26.4
(SD�8.8) for self-care FIM, and 37.1
(SD�11.7) for motor FIM. The distribu-
tions of individual conditions across the
5 comorbidity indexes in each of the 3
impairment categories are shown in
eTables 2–6 (available at ptjournal.
apta.org).

Findings for Stroke
Figure 2 shows the R2 estimates from the
linear regression models predicting
mobility, self-care, and motor FIM scores
among patients with stroke. The base
model (which includes age, gender,
race/ethnicity, disability, dual eligibility,
and acute LOS) explained 4.87% of the
variance in IRF admission mobility
scores. The increases in variance
explained with the addition of the
comorbidity indexes to the base model
were: Charlson Comorbidity Index
(0.17%), tier comorbidity (0.14%), FCI
(0.39%), Elixhauser Comorbidity Index
(0.97%), and HCC (1.52%). The base
model explained 8.05% of the variance in
IRF admission self-care scores. The
increases in variance explained with the
addition of the comorbidity indexes to
the base model were: Charlson Comor-
bidity Index (0.46%), tier comorbidity
(0.25%), FCI (0.65%), Elixhauser Comor-
bidity Index (1.27%), and HCC (2.29%).
The base model explained 7.73% of the
variance in predicting IRF admission
motor FIM scores. The increases in vari-
ance explained with the addition of the
comorbidity indexes to the base model
were: Charlson Comorbidity Index
(0.37%), tier comorbidity (0.23%), FCI
(0.40%), Elixhauser Comorbidity Index
(1.24%), and HCC (2.27%).

Findings for Lower Extremity
Joint Replacement
Figure 3 shows the R2 estimates from the
linear regression models predicting

mobility, self-care, and motor FIM scores
among patients with lower extremity
joint replacement. The base model
(including age, gender, race/ethnicity,
disability, dual eligibility, and acute LOS)
explained 2.04% of the variance in pre-
dicting IRF admission mobility scores.
The increases in variance explained with
the addition of the comorbidity indexes
to the base model were: Charlson
Comorbidity Index (0.59%), tier comor-
bidity (0.70%), FCI (1.24%), Elixhauser

Comorbidity Index (1.93%), and HCC
(1.80%). The base model explained
3.92% of the variance in predicting IRF
admission self-care scores. The increases
in variance explained with the addition
of the comorbidity indexes to the base
model were: Charlson Comorbidity
Index (0.33%), tier comorbidity (0.44%),
FCI (1.03%), Elixhauser Comorbidity
Index (1.53%), and HCC (1.91%). The
base model explained 3.83% of the vari-
ance in predicting IRF admission motor

Figure 4.
R2 statistics for predicting mobility, self-care, and motor Functional Independence Measure
scores in patients with lower extremity fracture. Charlson�Charlson Comorbidity Index,
FCI�Functional Comorbidity Index, tier�tier comorbidity system, Elixhauser�Elixhauser
Comorbidity Index, HCC�Hierarchical Condition Category.

Figure 3.
R2 statistics for predicting mobility, self-care, and motor Functional Independence
Measure scores in patients with lower extremity joint replacement. Charlson�Charlson
Comorbidity Index, FCI�Functional Comorbidity Index, tier�tier comorbidity system,
Elixhauser�Elixhauser Comorbidity Index, HCC�Hierarchical Condition Category.
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FIM score. The increases in variance
explained with the addition of the
comorbidity indexes to the base model
were: Charlson Comorbidity Index
(0.50%), tier comorbidity (0.63%), FCI
(1.28%), Elixhauser Comorbidity Index
(1.97%), and HCC (2.18%).

Findings for Lower Extremity
Fracture
Figure 4 shows the R2 estimates from the
linear regression models predicting
mobility, self-care, and motor FIM scores
among patients with lower extremity
fracture. The base model (including age,
gender, race/ethnicity, disability, dual
eligibility, and acute LOS) explained
4.15% of the variance in predicting IRF
admission mobility scores. The increases
in variance explained with the addition
of the comorbidity indexes to the base
model were: Charlson Comorbidity
Index (0.63%), tier comorbidity (0.34%),
FCI (1.50%), Elixhauser Comorbidity
Index (2.73%), and HCC (2.43%). The
base model explained 7.35% of the vari-
ance in predicting IRF admission self-
care scores. The increases in variance
explained with the addition of the
comorbidity indexes to the base model
were: Charlson Comorbidity Index
(0.18%), tier comorbidity (0.46%), FCI
(1.52%), Elixhauser Comorbidity Index
(3.35%), and HCC (2.63%). The base
model explained 7.37% of the variance in
predicting IRF admission motor FIM
score. The increases in variance
explained with the addition of the
comorbidity indexes to the base model
were: Charlson Comorbidity Index
(0.29%), tier comorbidity (0.46%), FCI
(1.68%), Elixhauser Comorbidity Index
(3.57%), and HCC (2.87%).

Discussion
To our knowledge, this is the first study
to compare associations among com-
monly used comorbidity indexes derived
from acute hospitalization and functional
status measures in Medicare beneficiaries
using large administrative data. We used
IRF admission self-care, mobility, and
motor FIM scores as proxy measures of
discharge functional status from acute
hospitals in a sample of patients receiv-
ing rehabilitation services for stroke,
lower extremity joint replacement, and
lower extremity fractures.

We found that tier comorbidity, Charlson
Comorbidity Index, FCI, Elixhauser
Comorbidity Index, and HCC added little
explanatory power to the base model in
predicting functional status at IRF admis-
sion. In models containing patient demo-
graphic characteristics, the addition of
various comorbidity indexes explained
approximately 2% to 3% additional
variance in functional status measures
across all 3 impairment categories. The
explanatory power of the best models
for motor FIM score for each RIC was still
low, with R2 values of 10% for stroke,
approximately 6% for joint replacement,
and 10% for lower extremity fracture.
The results suggest that models contain-
ing these comorbidity indexes cannot
substitute for functional measurement at
acute care discharge or IRF admission.

The study results did not support the
research hypothesis that the FCI would
outperform the other indexes. The weak
association between FCI and IRF admis-
sion functional status was unexpected.
This finding may be partially explained
by the fact that the FCI was developed
and validated in a community-based sam-
ple that may have different types and
prevalence of comorbid conditions than
those found in patients in acute hospital
settings. Our sample included older
patients with stroke and lower extremity
fracture or joint replacement who
received intense medical care or surgical
procedures during hospitalization and
were admitted to an IRF. Additionally,
the FCI was developed and validated
using a self-reported measure of func-
tional status, based on the SF-36 mea-
sure,22 whereas our study utilized
performance-based functional measures
of self-care, mobility, and motor FIM
(self-care and mobility).27

Based on R2 estimates, we found that the
Elixhauser Comorbidity Index and HCC
performed marginally better in models
predicting functional status relative to
models containing the Charlson Comor-
bidity Index, tier comorbidity, and FCI
across all 3 impairment categories and
for all 3 FIM measures. Several explana-
tions may exist for this finding. First, the
HCC incorporates more medical condi-
tions than the other indexes. The HCC
includes 70 comorbidities; the next most

complete index, the Elixhauser Comor-
bidity Index, includes 30, the FCI has 18,
the Deyo version of Charlson Comorbid-
ity Index includes 17 comorbidities, and
the tier comorbidity system has 4 cate-
gories.16,18,29,31 Furthermore, each of the
comorbid conditions for the HCC has the
largest number of associated ICD-9-CM
codes compared with the other comor-
bidity indexes. Nevertheless, the associ-
ation between the HCC and all functional
status scores was very modest. These
results are consistent with a recent study
on risk adjustment models for Medicare
capitation that showed the HCC lacks
comorbidities that can affect patients’
functional status and thus the models
underpredicted Medicare capitation pay-
ments for patients with certain chronic
conditions.33

None of the comorbidity indexes we
examined were considered robust
enough to use as a surrogate measure of
functional status. Thus, our results
underscore the need to add a standard-
ized measure of functional status to the
data set associated with acute hospital-
ization. Periodic assessment of patient
functional status during acute hospital-
ization is recommended in the clinical
practice guidelines for rehabilitation
after critical illness34 and the Institute of
Medicine report on performance-based
quality measures.35 There is a growing
interest in the development of a uniform
functional measure that can be used
across post–acute care settings as man-
dated in the recent Improving Medicare
Post-Acute Care Transformation
(IMPACT) Act.36

In the absence of standardized functional
status measurement in the data set asso-
ciated with the acute care setting, fur-
ther research to develop a new index or
surrogate method to predict functional
status is warranted. There may also be
factors beyond comorbidities that play
an influential role in patient functional
status, which should be considered in
risk adjustment models. For instance,
using claims and survey data from the
Medicare Current Beneficiary Survey,
Faurot and colleagues13 identified vari-
ables other than medical conditions,
such as durable medical equipment,
wheelchairs, and portable oxygen, as the
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strongest predictors of functional impair-
ment. Furthermore, immobility and pro-
longed bed rest associated with acute
care hospitalization, particularly care in
the intensive care unit and critical care
unit, are known to contribute to hospital-
associated disability.

Our study has some limitations. First, we
used functional assessment conducted at
admission to IRF as a proxy for functional
status at discharge from acute care. We
believe that this is a reasonable
approach, given that IRFs are required to
document functional status within 3 days
of admission. However, we recognize
the possibility that some patients may
experience a change in functional status
between discharge and the first IRF func-
tional status assessment. Nevertheless,
because no standardized functional sta-
tus data are captured at acute care dis-
charge, there is no other viable method
of determining functional status at acute
care discharge. Future research should
explore the consistency of functional sta-
tus assessment between acute care dis-
charge and first IRF assessment.

Another limitation is that we did not use
index-specific or generic weights in com-
puting composite scores for comorbidity
indexes. Instead, we used dichotomous
indicators for each condition included in
the indexes. We chose not to use
weights because, in most cases, condi-
tion weights were developed to predict
outcomes other than functional status.
For example, Charlson Comorbidity
Index weights were developed to pre-
dict mortality, HCC weights were devel-
oped to estimate the cost in the Medicare
Advantage population, and weights for
tier comorbidity are used for prospective
allocation of resources in patients in
IRFs. The Elixhauser Comorbidity Index
does not use weights. It is possible that
our conclusions about the relative con-
tributions of each comorbidity index
would differ if weights were applied.
However, overall conclusions about the
magnitude of variance explained by risk
adjustment models would be unchanged.
The use of indicator variables instead of
weights for each comorbid condition
may have resulted in a slight increase in
explanatory power for all indexes.30 Tra-
ditionally, HCC scores have been calcu-

lated based on medical conditions docu-
mented in inpatient and ambulatory data.
We used only inpatient claims specific to
acute hospitalization that may explain
the underperformance of the HCC. Our
analytic sample was limited to patients
from 3 rehabilitation impairment catego-
ries admitted to IRFs directly from acute
care. The findings cannot be generalized
to patients with other types of impair-
ments or to those admitted to skilled
nursing facilities or discharged to
another setting. Our study excluded
patients with more severe conditions,
based on longer IRF stay, not living in the
community, program interruption,
repeated rehabilitation stays, and death
during the IRF stay. These exclusion cri-
teria may have influenced the distribu-
tion of functional status scores by limit-
ing the spectrum at the lower range. Our
study may have underestimated the influ-
ence of other severity indicators. We also
did not include other types of severity
indicators, such as a number of days in an
intensive care unit or critical care unit, in
any of the analytical models.

Our study also has several strengths. We
believe that linking patients’ hospital
claims records with their immediate
inpatient rehabilitation functional assess-
ment data is a powerful approach and
can be applied in future studies to obtain
a reasonable measure of functional status
at acute care discharge. We used national
data on all Medicare fee-for-service ben-
eficiaries admitted to an IRF from an
acute hospital with a stroke, lower
extremity joint replacement, or fracture
in 2011. Thus, our sample was diverse
and captured a substantial proportion of
all IRF admissions.

In conclusion, the primary findings of
this study suggest that adding the tier
comorbidity system, Charlson Comorbid-
ity Index, FCI, Elixhauser Comorbidity
Index, or HCC to risk adjustment models
predicting functional status at discharge
from acute care contributes very little
explanatory power. Our results suggest
that the 5 comorbidity indexes examined
in our study cannot substitute for func-
tional status measures in acute care hos-
pitals. Additional research is needed to
identify functional assessment and
improve our ability to conduct outcomes

research and establish quality metrics
across the continuum of acute and post-
acute care.
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