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Abstract
Objective—1) examine association between the Functional Comorbidity Index (FCI) and
discharge functional status (FS); 2) examine impact of FCI on FS when added to comprehensive
models, and 3) compare additive FCI to Weighted FCI and list of condition variables (list).

Study Design and Setting—Patients drawn from Focus On Therapeutic Outcomes, Inc.
(FOTO) database (1/1/06-12/31/07). FS collected using computer adaptive tests. Linear regression
examined association between FCI and FS. Three methods of including functional comorbidities
(FC) were compared.

Results—Relationship between FCI and FS varied by group (range .02 0.9). Models with
weighted index or list had similar R2. Weighted FCI or list increased R2 of crude models by < .01
for cervical, shoulder, and lumbar; .01 wrist/hand, knee and foot/ankle; by.02 hip; 03 elbow; and .
08 neurological. Addition of FCI to comprehensive models added <.01 to R2 (all groups).
Weighted FCI increased R2 by <.01 for cervical, lumbar and shoulder,.01 wrist/hand, hip, knee,
foot/ankle, .02 elbow, and .04 neurological; whereas list increased R2 by < .01 cervical, shoulder
and lumbar, .01 knee and foot/ankle, .02 elbow, wrist/hand and hip and .05 neurological.

Conclusion—List of comorbidities or weighted FCI is preferable to using additive FCI.

Keywords
Risk adjustment; comorbidity; Outcome Assessment (Health Care); rehabilitation; physical
therapy; research design; computerized adaptive testing

Outpatient therapies are an important and costly health service, with estimated costs rising at
15 percent per year.[1] In 2000, 3.6 million (8.6% of all) Medicare beneficiaries received
outpatient therapy, with total costs amounting to over 2 billion dollars. [1] In 2002, 22
million (2.5 percent of all) visits to physicians resulted in a referral to physical therapy. [2]
The cost of these services has prompted several cost-control initiatives and demonstration
projects. [3] [4] [Linda, check your EndNote to make reference citation [3–4].]Promising
alternatives include development of provider quality profiles and value-based purchasing.
[5]

Methods to determine effectiveness (i.e., patient outcomes) and efficiency (i.e., use of
services) of out-patient rehabilitation services are needed. Improvement in functional status
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(FS) is a common primary outcome of outpatient therapy. [6–8] Reliable, valid and
responsive measures of FS exist, [9–11] but any outcomes measure must be statistically risk-
adjusted to control for potential confounders for meaningful interpretation. Hence, the
success of any cost methods based upon patient FS outcome depends on the development of
precise risk-adjustment methods that adequately estimate the variation in FS and service
utilization related to patient factors, so the remaining differences in outcomes can be
attributed more directly to the care delivered. [12] Otherwise, providers treating sicker
patients may be penalized when patients fail to show enough improvement or use more
visits in a treatment episode, [13] which may lead to care access barriers.

Risk adjustment is critical for evaluating outpatient health outcomes because differences in
patient FS are associated with type and severity of impairments as well as many other
factors like comorbid conditions, [14–16] all of which can affect FS in patients undergoing
rehabilitation. Clearly, these variables must be controlled before a meaningful interpretation
of FS change can be made. [17]

Currently, there is no consensus on the best risk-adjustment methods for outpatient
rehabilitation and little work has been done in this area. However, risk adjustment for case-
mix, (i.e., complexity and diversity of patients) is particularly important in observational
studies, where treatment groups are self-selected rather than randomized. Previous
comparisons between health care providers have been compromised by inadequate
assessment of case-mix. [18,19]

Existing indices, such as the Charlson Comorbidity Index [20] and the Kaplan-Feinstein
Index, [21] have not been available in outpatient rehabilitation datasets. More importantly,
they were developed to predict mortality and as such, they exclude diagnoses such as
arthritis, which impact FS but are unlikely to result in mortality. Therefore, it is not
surprising that a prior evaluation of indices designed to predict mortality concluded that such
comorbid indices had little relationship with physical disability. [22] Thus, researchers
investigating FS as the outcome of interest in outpatient rehabilitation generally do not
include measures of comorbidity in their risk-adjustment models.

The recently developed Functional Comorbidity Index (FCI), [22] and its addition to the
largest available dataset of outpatient rehabilitation, Focus On Therapeutic Outcomes, Inc.
(FOTO) offers the potential to improve risk-adjustment methods in this population. The FCI
is the only known index designed specifically to control for comorbid conditions that are
hypothesized to affect functional status rather than mortality. The index was developed to
explain physical function as measured by the SF-36 using two databases; the Canadian Multi
Center Osteoporosis study (CaMos) and the National Spine Network (NSN). Both databases
included patient self-reported presence of comorbid conditions. [22] Groll et al found the
use of a weighted index added little to the predictive ability of the index (adjusted R2 .30
vs. .28), thus they recommended that the FCI be additively scored. Thus, the FCI is scored
by adding the number of “yes” answers to indicate the history of specific conditions. A score
of 0 indicates absence of any comorbid conditions, and a score of 18 indicates the highest
number of comorbid conditions contained in the FCI. Groll reported that the FCI showed a
stronger association with FS, as measured by the SF-36 PF-10 scale, as compared with the
Charlson or Kaplan-Feinstein indices, which were developed to predict mortality. [22]

A critical consideration for additive indices is whether the effect of specific comorbid
conditions on FS varies substantially by type of body impairment for which they seek
rehabilitative treatment, in which case a summative scoring method may not be appropriate
for all groups. For example, the effect of obesity (BMI >30) may be negligible for patients
with wrist/hand impairments, but more substantial for patients with impairments of the
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lower extremity or lumbar spine. In these instances, use of weighted scoring specific to the
impairment category might be preferable. The FCI was developed in cross-sectional studies
using the Canadian Multicentre Osteoporosis Study (CaMos) [23] and the National Spine
Network (NSN) databases. [24] The National Spine Network database contains data on
patients who consulted spine centers due to a variety of spinal problems. Because low back
problems are the most prevalent type of spinal problem, we would expect the performance
of the additively scored FCI would be best in the population of patients seeking care for low
back impairments. Prior research [9,10,11] suggests additive scoring of the FCI
discriminates patients with lumbar spine or lower extremity impairments by different levels
of functional status. However, no prior research has examined the use of FCI in more
diverse outpatient rehabilitation populations, or examined alternative methods of scoring the
FCI such as creation of a sub-group specific weighted index.

We are aware of only one study that has examined the relationship between FCI and
discharge FS in a multivariate longitudinal analysis. [4] In their preliminary analyses, it
appeared the FCI added a small but statistically significant percent of variance controlled in
the model R2 (0.018 to the model). In addition, in univariate analyses, Hart et al
demonstrated in patients with lumbar spine or lower extremity impairments that as the
number of comorbid conditions increased, discharge FS decreased. [9,11,25] Because the
FCI was developed to be a predictor of FS using cross-sectional data and preliminary data to
suggest more comorbid conditions will decrease discharge FS, we wanted to test whether
similar relationships will persist in the context of more robust longitudinal analyses. It is
possible that the relationship between FCI and intake FS may be confounded when patients
have been referred to therapy services because of the consequences of the onset or
exacerbation of one of the chronic conditions measured by the FCI. We believe that
examination of the relationship between FCI and discharge FS may more accurately capture
functional status and would be more relevant for case-mix adjustment. Furthermore, we do
not know if use of the FCI would improve predictive models of discharge FS when added to
comprehensive models that we have used in our prior research which have contained
variables such as intake FS, age, onset of condition, surgical history, gender, and type of
insurer. [8,26–28]

In summary, the FCI is a promising new comorbidity index for use in outpatient
rehabilitation that might be important when predicting FS outcomes. However, further
validity and utility testing is needed before its use in risk-adjustment models for a wide
variety of outpatient rehabilitation patients with varying conditions can be recommended.
Thus, the purposes of this study were to 1) examine the association between the Functional
Comorbidity Index (FCI) and functional status (FS) at discharge among patients seeking
outpatient rehabilitation using a variety of methods for calculating FCI score, and 2)
examine the impact of FCI on discharge FS when added to previously used comprehensive
predictive models of FS.

Methods
This was a prospective, longitudinal, cohort study. Patients were followed from intake to
rehabilitation services through discharge. The study population was drawn from the Focus
On Therapeutic Outcomes, Inc. (FOTO) database of patients undergoing outpatient
rehabilitation. [29,30] FOTO included the Functional Comorbidity Index as a mandatory
module for all patients in May 2005. Our cohort consisted of all individuals (N=101,418)
entered into the FOTO database with an intake date between January 1, 2006 and December
31, 2007, who had completed FS assessment by computerized adaptive testing (CAT)
methods (see below) for one of the nine impairment groups. Of these, we eliminated those
who had missing discharge FS data (N=38,995), those who had missing data on one or more
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FCI variables (N=10,906), those who had missing any other variable used in our analyses
(N=6,592), leaving a final analytic sample of 44,925.

The FOTO database, the largest outpatient rehabilitation database available for researchers
in the United States, provides a standardized set of data collection instruments that contains
demographic, intake and discharge functional status (FS) measures (described below), and
administrative data from outpatient rehabilitation services. Whereas regulatory requirements
mandate the collection of clinical outcomes data in skilled nursing facilities through the
minimum dataset (MDS), [31] home care agencies through the use of the Outcome and
Assessment Information Set (OASIS), and inpatient rehabilitation through the use of
Inpatient Rehabilitation Facility Patient Assessment Instrument (IRF-PAI), there are
presently no similar requirements for outpatient rehabilitation settings, thus limiting the
availability of population-based datasets. While no national database of outpatient
rehabilitation outcomes comparable in size to the MDS, OASIS or IRF-PAIs exists, many
outpatient facilities track patient data in their own data collection system, or with the
assistance of an external outcomes measurement provider, like FOTO. [32,33]

Mode of data collection
When a clinic starts collecting FOTO data, staff provide information describing the clinic,
and clinic staff are trained in the data collection process. All patients completed self-report
functional status surveys via CAT administrations prior to their initial evaluation and
following discharge from their rehabilitation episode. Patient demographic and FCI data
were collected at intake.

Key Independent Variable: Functional Comorbidity Index
The Functional Comorbidity Index (FCI) is the only known index designed with physical
function as the explicit outcome of interest. The FCI uses patient self-report of the comorbid
conditions, which correlates well with data collected by medical record review. [22,34] The
FCI contains the following eighteen condition variables: arthritis, osteoporosis, asthma,
chronic obstructive pulmonary disease (COPD), angina, congestive heart failure (CHF),
prior heart attack (MI), neurological disease (multiple sclerosis, Parkinson’s disease), prior
stroke or transient ischemic attack (TIA), peripheral vascular disease (PVD), diabetes, upper
gastrointestinal, disease (including ulcers and gastroesophageal reflux), depressed mood,
anxiety, visual impairment, hearing impairment, obesity (calculated from BMI >30), and
low back pain; a score of 0 indicating absence of any comorbid illness, and a score of 18
indicating the highest number of comorbid conditions. In the FOTO system, patients identify
from a list of medical problems containing 17 FCI conditions (absent body mass index
(BMI)) any problem that applies to them. Patients provide their height and weight from
which their BMI is calculated. Presence of obesity (the 18th FCI) is identified if BMI is 30
or above. No other measure of comorbidity (i.e., medical record abstraction or interview)
was used to collect FCI data.

Dependent Variable
For the purpose of this study, the outcome of interest is discharge functional status (FS),
which we define as the patient’s perception of their ability to perform functional tasks
described in the FS items. FS is of interest because many people seek rehabilitation to
improve functional deficits, and patient self-report of FS has become a well accepted
outcome in research and clinical practice, particularly in outpatient rehabilitation.
[7,15,16,35] FS cannot be directly observed but can be estimated by analyzing patient’s
responses to a set of items. [36,37] FS data are collected using 9 CAT administrations: one
for each of the body impairment categories under study (Table 1). Patients with assistance
from staff identified which body part (or neurological impairment) was their primary reason
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for rehabilitation, which directed the computer to administer one CAT per patient. Each
CAT generated FS measures specific to the patient’s impairment. Each CAT administration
produced an estimate of FS that was transformed to a 0 (low functioning) to 100 (high
functioning) metric, but it should be noted that the mathematical equivalence of the FS
estimates across the body part impairments has not been tested necessitating separate
analyses per body part specific FS measure. For each CAT administration, the first item
administered is the median level difficulty item for the specific impairment. Estimates of the
patient’s FS ability with their standard error (SE) are estimated using a maximum likelihood
estimation routine after each item is answered. [38] Subsequent items are selected by the
computer by matching the current estimate of the patient’s FS to a previously un-asked item
with the most information at the current estimated patient’s FS. The CAT stops if either the
SE for the current FS estimate is less than 4 out of 100 FS units or the change in the last
three FS estimates are each less than one out of 100 FS units.

Hart et al have described the development of each CAT including the discriminant validity
of the CAT estimated FS measures and the operating characteristics of each CAT for lower
limb impairments, [9–11,39] shoulder impairments, [40] and lumbar impairments. [25,41]
Each CAT used for elbow, wrist/hand, cervical regions, or neurological conditions, which
have been described in a report on pay-for-performance, [4] contains items from the SF-12,
[42] SF-36, [43] and items pertinent to patients with upper extremity impairments, items
representing lower functional abilities and items pertinent to specific impairments. [37] The
resultant 50 items were calibrated into an FS scale using a rating scale IRT model. [44]
Then, clinicians placed the items into groups related to the patient’s impairment, including
body part treated or neurological condition. For example, if the patient had a cervical
impairment, only items pertinent to the cervical area were used in the condition-specific
CAT, or if the patient had a neurological condition (peripheral nerve impairments, injuries to
nerves, traumatic brain injuries, cerebral vascular accidents, and other), only items pertinent
to a neurological condition were used in the condition-specific CAT. The FS measures
estimated from each CAT have data supporting reliability, validity, and responsiveness. [4]
The responsiveness, sensitivity to change, construct validity and clinical interpretation of the
FS measures generated by these condition-specific CAT administrations have been reported
as strong [4,9,10,25,40,45,46] as was the usability and efficiency of the CAT
administrations. [46]

Although CAT administrations have been in existence for over 25 years, [47] the CAT
method of FS data collection is new to rehabilitation. [9,11,40,41] CAT offers advantages
compared to a computer administered or paper and pencil instruments. CAT match item
difficulty to the patient’s level of ability reducing the number of inappropriate items
administered; administer fewer items reducing respondent burden; and allow the level of
measure precision to be established before testing. Therefore, CAT facilitates good
measurement precision with low response burden. [9,40,41,49]

Preliminary analyses of biased censoring
In order to use FOTO data to model outcomes of FS and number of therapy visits, data must
be collected at several points in time (i.e., intake and discharge from therapy). If patients
discontinue therapy and no FS data are collected upon discharge those patients are
considered censored. In these analyses, we considered patients censored if they had missing
FS discharge data, FCI data, or any of the other covariates used in our analyses. We
compared baseline characteristics (from the intake assessment) for those who were and those
who were not censored. Overall, we found small differences. The patients in our sample
(those who were uncensored) had slightly higher discharge FS (65.4 vs. 63.8) and were
marginally older (52.1 vs. 51.7 years) than those who were censored. Other differences
between groups were even smaller in magnitude. To account for potential informative
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censoring bias, we used inverse probability weighting regression methods to adjust for these
observed differences. [50] Inverse probability weighting was accomplished by performing a
two-step procedure. In step one, we fitted a logistic regression model where the dependent
variable took the value of 1 if the observation was complete, and 0 if missing, and where all
patient baseline variables were included as covariates. In step two, we used the inverse of
the predicted probabilities of being complete as weights for the patient data. [51] Thus,
patients that, based on their data, were unlikely to have complete data were given more
weight in estimating FS compared to patients with higher probability of having complete
data.

Data Analysis
We analyzed 9 FS measures, each generated using a body part- or condition-specific CAT.
Because the mathematical equivalency of the CAT FS measures across impairments and
conditions has not been studied, and patients with different types of problems respond
differently to some FS items, [39] we analyzed the subgroups of patients separately. Thus,
we examined the FCI’s association with discharge FS for each patient group.

We examined the association between FCI and discharge FS estimating the FCI score using
three methods. First, we modeled discharge FS using the list of 18 condition variables as
independent variables. Second, we modeled discharge FS using the additive score of the FCI
as the independent variable.

Last, we developed a weighted FCI index, which was sub-group specific and used the score
of this index as the independent variable to model discharge FS. We followed the approach
of Lubotsky and Wittenberg in developing the weighted index. [52] In this approach, each
comorbidity is interpreted as an indirect measure of the common underlying health status.
The method allows us to extract and combine the information on health status contained
within each separate comorbidity to obtain an improved estimate of the unobserved health
status. Note that a separate index needs to be constructed for each impairment group since
different comorbidities may have different relative information on the common underlying
health status influencing discharge FS for that impairment. To create the index, we estimated
linear models of discharge FS for each impairment group using the full list of 18 comorbid
conditions as independent variables. These impairment-specific coefficients were then
weighted (with the weights being proportional to the inverse of the sum of each coefficient
estimate times the covariance between the comorbidity of that coefficient and the outcome)
to obtain an impairment-specific index that provides the least unbiased estimate of the
underlying health status for that impairment group.

Thus, separate models (27 in total) examining the impact of FCI (as additive FCI, weighted
FCI, or long list) on discharge FS were developed for each of the 9 subgroups of patients.
We used linear regression (with inverse probability weighting for censoring) in Stata 9. [53]
The long list of condition variables can be considered the best choice to maximize predictive
ability of the model as use of the list of separate conditions does not force the relevance of
each condition to be identical to each other. We compared the R2 generated from these
models as a way to estimate the explanatory power of each of the scoring systems.

Next, we examined the impact of FCI on discharge functional status when added to other
predictive models of functional status, testing the hypotheses that a) the addition of the FCI
(in any form) to a model containing intake FS would explain significantly more variance,
and b) models including the FCI and other case-mix variables would explain more variance
than models without the FCI. Separate models examining the impact of FCI on discharge FS
were developed for each subgroup of patients. We compared models containing intake FS
with models containing intake FS and each of the three scoring methods of the FCI. We also
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compared comprehensive models (controlling for intake FS, age, gender, onset of condition,
exercise history, payer type and surgical history) with comprehensive models (with same
independent variables) plus each of the three scoring methods of the FCI.

We examined the relationship between the additively scored FCI and sub-group specific
weighted FCI scores by creating scatter plots. We checked the validity of our subgroup
specific weighted indices by selecting a random sample of 70% of cases of patients for
estimating the weighted index, and then tested the index on the remaining 30% as a
validation sample. We performed one hundred such replications, and then compared the R2

from the weighted index to the other models using the FCI and the list of condition
variables.

Results
The FS, FCI scores and other characteristics of the cohort used in this analysis are shown in
Table 1. Briefly, patients in the cervical and hip groups had the highest (67%) and the
neurological group had the lowest (53%) percentage of women. Patients in the neurological
impairment group had the highest number of comorbidities (3.14) and those in the elbow
impairment group had the lowest (1.59). Table 2 shows that the prevalence of specific
comorbidities varies substantially by impairment group. For example, 49% of patients in the
knee and 48% of patients in the hip group had the diagnosis of arthritis as compared to only
24% of patients in the elbow group and 28% of patients in the foot/ankle group. Eight
percent of patients in the neurological group had a diagnosis of MI as compared to 2% in the
cervical, elbow and 3% in the knee groups. About twice as many people with neurological
conditions had diabetes compared to people in the other 8 groups.

Relationship of FCI and weighted FCI
We examined the relationship between the additively scored FCI and sub-group specific
weighted FCI scores by creating scatter plots. Two comparisons are shown to illustrate the
findings (Figure 1). These plots show that for each value of the additively scored FCI, there
may be substantially different values for the weighted FCI. The range of Pearson
Correlations is lowest for the neurological (0.55) and elbow groups (0.65) to highest in the
lumbar (0.91) and shoulder groups (0.93).

R2 of models
Results of crude models using only FCI in any scoring format to predict discharge FS
showed that the relationship between FCI and FS was small and varied by patient group
(Table 3). Overall, the strongest relationships were observed in patients in the lumbar, hip,
knee and neurological groups. The R2 of models using the additively scored FCI to predict
discharge functional status varied from a low of 0.02 (elbow group) to high of 0.09 in the
hip group. The R2 of models using either the weighted index or the separate condition
variables varied from a low of 0.03 in the shoulder group to a high of 0.14 in the
neurological group.

Overall the R2 of the models using additive FCI scoring were lower than the R2 of models
using weighted FCI or separate condition variables (Table 3). The R2 of models using the
weighted FCI and those using the separate list of condition variables were virtually identical.
The increase of explanatory power affected some groups more than others. For example, use
of the weighted FCI or list of separate comorbid conditions as compared to use of the
additively scored FCI increased the R2 by < 0.01 points for cervical, shoulder, and lumbar
groups; by 0.01 points for the wrist/hand, knee and foot/ankle groups; by 0.02 for the hip
group; 0.03 for the elbow group; and 0.08 for the neurological group.
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Contribution of FCI to models containing Intake FS
The FCI (either additively scored or as a weighted index) was statistically significant in
models containing intake FS for all groups (P=<0.01). Table 4 shows that the additively
scored FCI added 0.01 for wrist/hand, neurological, cervical and elbow groups, and
approximately 0.02 for shoulder, lumbar, hip, foot/ankle and knee groups to models
containing intake FS only. In contrast, addition of the weighted FCI to models containing
intake FS only contributed 0.01 for cervical, and shoulder groups, and 0.02 for elbow, wrist/
hand and lumbar groups, 0.03 for hip, knee, and foot/ankle groups, and 0.05 for the
neurological group. Results for models using the 18 separate conditions variables were
similar to models using the weighted index, except for patients in the neurological subgroup
where the explanatory power of the model using the list of variables was increased by 0.07
points.

Contribution of FCI to comprehensive models predicting discharge FS
Comprehensive models controlling for intake FS, age, gender, onset of condition, exercise
history, payer type and surgical history, but without a measure of FCI, had higher R2 than
simpler models containing both intake FS and any single measure of FCI (Table 4). The
addition of the additively scored FCI to comprehensive models controlling for intake FS,
age, gender, symptom onset, exercise history, payer type and surgical history did not
increase the R2 for any group by more than 0.01. In contrast, addition of the weighted FCI to
comprehensive models increased the R2 by <0.01 for the cervical, lumbar and shoulder
group, 0.01 for wrist/hand, hip, knee, foot and ankle groups, 0.02 for the elbow group, and
0.04 for the neurological group. Addition of the separate list of condition variables increased
the R2 of the comprehensive models by less than 0.01 for the cervical, shoulder and lumbar
groups, 0.01 for the knee and foot/ankle groups, 0.02 for elbow, wrist/hand and hip groups
and 0.05 for the neurological group.

Validation of the sub-group specific weighted indices
We conducted analyses which confirmed the results obtained from models using the full
sample. In all cases, models containing the full list of comorbid conditions had the highest
R2. For 8 out of 9 groups, models containing the weighted FCI had greater explanatory
power than did models containing the additively scored FCI. For the remaining group
(shoulder impairment), sensitivity analyses suggested the weighted index had R2 marginally
lower than the additively scored FCI.

Discussion
Clinicians argue the need to use measures of comorbid conditions to risk-adjust patient
outcomes because they believe that it is more difficult for patients to achieve improvements
in functional status when they have more comorbid conditions, which appears logical. The
primary purpose of our study was to assess the utility of adding measures of functional
comorbidity to models for discharge functional status in a sample of patients receiving
outpatient rehabilitation. We explored the use of three separate methods for estimating the
effect of having more functional comorbid conditions; the additive FCI score as proposed by
Groll, a sub-group specific weighted index, and use of separate condition variables
contained in Groll’s FCI.

R2 of models
Our analyses suggested that adding functional comorbid conditions using any scoring
method helps to explain discharge functional status. The addition of functional comorbid
conditions contributed between 0.2 and 0.14 percent of the variance in crude models. Our
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findings about the additive FCI are consistent with previous univariate analyses using the
FOTO database that reported that discharge FS decreased as the number of comorbid
conditions increased for patients with hip, [10], knee, [11] foot or ankle [9] and lumbar spine
impairments. . [9,11,25] However, the explanatory value of adding functional comorbid
conditions varied by patient impairment group and the scoring methodology we used. For
patients in the cervical, shoulder, lumbar, wrist/hand, knee and foot/ankle groups, the
explanatory power of models was virtually equivalent for the three methods of scoring
functional comorbidities. However, there were differences in explanatory power for models
for the hip, elbow and neurological groups. Models including either the weighted FCI or the
full list of comorbid conditions predicted more variance than did models containing the
additively scored FCI.

Our results are not directly comparable to those of Groll et. al because their sample though
largely consisting of patients with spinal impairments and osteoporosis was not categorized
as having either lumbar, cervical or other body part impairments. Furthermore, their adjusted
models predicting physical function may have contained a different set of case-mix variables
(the list of case-mix variables used in their models was not reported). Nevertheless, our
findings are largely consistent in that use of a weighted index added little to the explanatory
power of their adjusted models.

Contribution of FCI to models containing Intake FS
Consistent with the findings from the crude models, results of our comprehensive risk-
adjustment models also showed that that the full list of comorbid conditions and the sub-
group specific weighting added greater explanatory power as compared to the additively
scored FCI for models of patients in the hip, elbow and neurological group.

There was only one group (shoulder) for which the additively scored FCI had a marginally
better explanatory power than sub-group weighted FCI when added to models already
containing intake FS. This finding was confirmed in our sensitivity analyses, which could be
due to clinical characteristics of the shoulder group that were unobserved in our data. Taken
together these findings suggest that the additively scored FCI is appropriate as a risk adjuster
for those with cervical, shoulder, lumbar, wrist/hand, knee and foot/ankle impairments and
the subgroup specific weighted FCI is more appropriate for those with hip, elbow and
neurological impairments, but the differences were small.

Relationship of FCI and weighted FCI
We examined the relationship between the additively scored FCI and sub-group specific
weighted FCI scores by creating scatter plots (Figure 1). The scatter plots showed that the
relationship between additively score FCI and sub-group specific weighted FCI is not
constant across impairment groups. This is not surprising given that the additively scored
FCI gives equal value to all comorbidities, whereas the sub-group specific weighted FCI
gives higher weighting to specific comorbidities that were found to be most predictive of FS.
Further research is needed to understand the clinical relationship of specific comorbidities to
FS for each impairment group.

Discussion of the Literature
Our models showed that discharge FS was largely predicted by patient characteristics
included in our model, and addition of any of our measures of functional comorbidities
added relatively little to models containing other case-mix variables including intake FS for
most impairment groups. Overall, these results were not unexpected given that Hart &
Connolly, in a similar type of analysis of the FOTO database, found that the additively
scored FCI added only 0.018 to the model R2 value for patients with all types of
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impairments. However, our findings indicated that use of the weighted FCI or list of
condition variables was particularly useful in increasing explanatory value for models
predicting discharge FS for the elbow and neurological groups.

Limitations
Our study has several limitations. We corrected for observed differences among those who
were and were not censored using inverse probability weighting. Inverse probability
weighting involves giving different weights to patients depending on their likelihood of
being included in the sample of complete data, which is analogous to using survey weights,
where subjects more likely be selected into the study are given less weight in the analysis.
Thus, we expect that the impact of missing data was well controlled and any potential bias
introduced was negligible. However, it is always possible that there were important
unobserved factors that differed across censoring status that we could not adjust for in our
inverse probability weighting.

Another limitation to our study is that FS data were collected using body-part specific CAT
administrations developed by FOTO. Groll used the PF-10, a different but related measure
of functional status in development of the FCI. Each CAT estimates a measure of FS, and
each of the CAT administrations has been well validated. Our data did not contain the PF-10
variables or scores, thus we could not replicate our models using the PF-10 as the outcome
measure. We are uncertain as to whether or not our results would have been different if
using the PF-10. In addition, completion of the FCI and answering the FS items in the CAT
depend on patient’s health literacy as well as recall concerning identification of comorbid
conditions and the perception of their functional abilities. It is possible that these factors
affect patients’ responses to these questions, but we do not know how recall bias may have
impacted our results.

The data analyzed came from CAT administrations targeting the ‘primary’ reason for
rehabilitation. Approximately 5% of patients in the FOTO database represent people being
treated for impairments from two body parts. Because measures of FS from two body parts
for which the patient is receiving rehabilitation cannot be considered independent, we only
analyzed data from the primary CAT, i.e., the patient and staff member considered the
‘primary’ body part most important for their current rehabilitation episode. We are unaware
of the implications of this primary body part emphasis on FS outcomes or relation between
FCI and FS.

Conclusion
In conclusion, we found that functional comorbidities contribute to multivariate risk-
adjustment models for functional status for patients undergoing outpatient rehabilitation.
Our findings suggest that the format for adding functional comorbidities should vary by the
impairment group. Use of additive scoring of the FCI as proposed by Groll [22] is most
appropriate for patients with shoulder, cervical and lumbar impairments. The use of
population-specific weights adds an extra analytical burden and has little utility for these
types of patients. However, alternative scoring of the FCI is preferable for patients with
knee, foot/ankle, wrist/hand, hip, elbow or neurological impairments. We recommend using
either a sub-group specific weighted index similar to the one we developed in this study or,
if sample size allows, use of separate comorbid condition variables to maximize explanatory
contribution.

What is new?
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• Use of the FCI as traditionally scored adds relatively little to predictive ability
of already comprehensive risk-adjustment models.

• Use of a weighted index or list of condition variables appears to be of greater
value, particularly for patients with hip and neurological conditions.

• This study provides data on the utility of including comorbid conditions into
risk-adjustment models for 9 groups of patients undergoing outpatient
rehabilitation.

• Many believe that it is time to develop alternative payment systems that reward
effectiveness and efficiency of services. However, before we take this step, we
need to develop accurate risk-adjustment methods that help produce valid
patient comparisons.
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Figure 1.
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Table 3

Comparison of R2 of models predicting discharge functional status (FS) using different methods for scoring
the FCI

Group N Additive FCI Weighted FCI 18 separate
comorbid
conditions

Cervical 5,563 .0416 .0481 .0484

Shoulder 8,545 .0336 .0347 .0347

Elbow 1,642 .0232 .0499 .0499

Wrist/hand 2,372 .0312 .0458 .0458

Lumbar 11,109 .0638 .0720 .0720

Hip 3,112 .0941 .1160 .1160

Knee 7,559 .0682 .0818 .0818

Foot/ankle 4,203 .0583 .0685 .0685

Neurological 820 .0599 .1400 .1400
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