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Abstract—We investigated the determinants of inpatient reha-
bilitation costs in the Department of Veterans Affairs (VA) and
examined the relationship between length of stay (LOS) and
discharge costs using data from VA and community rehabilita-
tion hospitals. We estimated regression models to identify
patient characteristics associated with specialized inpatient
rehabilitation costs. VA data included 3,535 patients dis-
charged from 63 facilities in fiscal year 2001. We compared
VA costs to community rehabilitation hospitals using a sample
from the Uniform Data System for Medical Rehabilitation of
190,112 patients discharged in 1999 from 697 facilities. LOS
was a strong predictor of cost for VA and non-VA hospitals.
Functional status, measured by Functional Independence Mea-
sure (FIM) scores at admission, was statistically significant but
added little explanatory value after controlling for LOS.
Although FIM scores were associated with LOS, FIM scores
accounted for little variance in cost after controlling for LOS.
These results are most applicable to researchers conducting
cost-effectiveness analyses.

Key words: average costs, billing, charges, cost, economics,
micro-cost methods, reimbursement, rehabilitation, VA, veterans.

INTRODUCTION

The Department of Veterans Affairs (VA) provided
nearly 13,000 veterans with 445,000 days of specialized
rehabilitation care in fiscal year (FY) 2004, at a cost of
$453 million [1]. This represented a 4 percent increase in

days and a 6 percent increase in costs from FY2002 [1].
At a time when VA inpatient services have been declin-
ing [2–4], the slight growth in specialized rehabilitation
services reflects a rapidly aging veteran population [5],
whereby older veterans are more likely than younger vet-
erans to suffer from injurious falls and stroke, two condi-
tions needing specialized rehabilitation. These increases
also reflect injuries sustained by military personnel
deployed in Iraq and Afghanistan who are receiving VA
care.

Despite the magnitude of VA rehabilitation services
and their importance to veterans, we know little about the
determinants of costs and how the costs of VA rehabilita-
tion services compare with the costs of rehabilitation ser-
vices in non-VA community facilities. Until recently,
such analyses would not have been possible because of a

Abbreviations: CPI = consumer price index, DSS = Decision
Support System, FIM = Functional Independence Measure, FY =
fiscal year, GLM = generalized linear models, HERC = Health
Economics Resource Center, LOS = length of stay, SCI = spinal
cord injury, SD = standard deviation, UDSMR = Uniform Data
System for Medical Rehabilitation, VA = Department of Veterans
Affairs.
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lack of patient-level VA cost data. The creation of two
such databases, the Health Economics Resource Center
(HERC) average cost data sets and the Decision Support
System (DSS) National Data Extracts, now enable
researchers to study encounter-level rehabilitation costs
in VA facilities. These two cost databases use different
methods to estimate the cost of rehabilitation care. In the
HERC data, the cost of a stay is calculated by multiply-
ing each patient’s length of stay (LOS) by a national per
diem cost estimate. The HERC cost does not depend on
patient or clinical characteristics such as age, sex, diag-
nosis, comorbidities, initial functional status, or func-
tional gain during rehabilitation. DSS costs for inpatient
stays are estimated using direct measurement, also
known as activity-based costing. DSS cost estimates
should reflect patient and clinical characteristics to the
extent that these factors affect the type and quantity of
services provided.

DSS data offer considerable opportunities for
researchers. The data on rehabilitation patients, however,
have yet to be compared with other VA or non-VA
sources. Preliminary work on patients with acute myocar-
dial infarction suggests that validation of DSS cost esti-
mates is essential prior to use of the DSS data for research
purposes [6]. Furthermore, Wagner and Velez identified
differences between DSS and HERC inpatient rehabilita-
tion cost estimates at an aggregate level [7]. The lack of
accurate and valid VA inpatient rehabilitation cost data
limits rehabilitation researchers’ ability to conduct cost-
effectiveness analyses of rehabilitation care.

The first objective of this study was to compare the
HERC and DSS data so that researchers would be aware
of the advantages and limitations of using these data sets
in research. In particular, we investigated the relationship
between LOS and costs because LOS is the sole determi-
nant of HERC costs. In 1979, Luke found the correlation
coefficient between LOS and total charges ranged from
0.81 to 0.95 [8], but important characteristics of inpatient
care may have changed in the past 25 years, and Luke’s
data did not come from VA patients. Other studies have
used LOS as a surrogate for costs [9–18], but the ability
to predict costs accurately with LOS is relatively
unknown.

The second objective was to investigate predictors of
VA and non-VA rehabilitation costs. By comparing the
predictors, including the role of LOS, we can assess the
construct validity of VA costs.

METHODS

Conceptual Model
Inpatient rehabilitation facilities purchase inputs

include labor, equipment, and supplies. These inputs are
used to treat patients—hence, patient care is the output.
The relationship between inputs and outputs can be char-
acterized by a production function. Outputs can be
assessed by measuring quantity of goods or their costs.
Cost analysis is often done when there is heterogeneity in
the quantity of service. In this article, we analyze costs.

Different types of costs exist. Labor and supplies
vary in their use across patients and within patients over
time and so are labeled variable costs. Capital costs such
as buildings and major equipment are fixed in the short
term, and hence they are called fixed costs. Together, the
variable and fixed costs make up the total cost.

Hospitals use these fixed and variable inputs to treat
patients. The relationship between inputs and costs can
be examined with an economic production function.
Most empirical studies of hospital production functions
use hospital discharge data sets. These data sets provide a
wealth of diagnostic clinical information but do not fully
enumerate all the inputs required to treat a patient. For
example, most inpatient discharge data sets do not iden-
tify the time a provider spent with a patient. To address
this problem, researchers use proxies for resource use.

The most common proxy is LOS. Including LOS in a
production function provides information on the fixed
costs (e.g., the hospital’s capital cost). LOS can also pro-
vide information on variable costs that recur during a
hospitalization. Examples of recurring costs include thera-
pies that occur many times during the stay, such as physi-
cal therapy, or room and board charges.

Researchers often include clinical and patient infor-
mation in economic production functions as well. These
variables can also act as proxies for resource use. To date,
costs have been associated with diagnosis [9,12–14,18–
20], functional status at admission [9,11–16,18–23], age
[9,11,13,16,18,20,22,24], length of a preceding acute
hospitalization [9,13–14,22], comorbidities [20–21],
presence of medical tubes [15,21], and marital status
[16]. These are proxies for resource use because a
patient’s clinical and sociodemographic status directly
affects quantity of services provided, which in turn
affects the cost.

When clinical and patient factors are included in a
production function, the results need to be interpreted
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with caution. Little or no association may exist between
patient severity and costs when other variables, such as
LOS, are in the models. This is especially true when
sicker patients have longer stays than healthier patients.

Production functions should not be confused with
conceptual models underlying healthcare financing stud-
ies. Carter et al., for example, set out to create a prospec-
tive payment system for inpatient rehabilitation [19].
They used admission information to create a system that
rewarded efficiency (i.e., to provide the same care using
fewer resources or to make more care using the same
resources). Because LOS is not known at admission, it is
not part of these models.

Sample
We used three data sets in our analyses: HERC and

DSS data from FY 2001 and Uniform Data System for
Medical Rehabilitation (UDSMR) community rehabilita-
tion data from 1999. DSS data from FY01 and later are
believed to be more accurate than data from earlier years.
Although 2001 data from UDSMR would have been
preferable, the most recent data available were from
1999. We adjusted UDSMR dollar values to 2001 using
the Bureau of Labor Statistics general consumer price
index (CPI) for urban areas before the comparison. The
study protocol was approved by the Stanford University
Institutional Review Board.

Department of Veterans Affairs Data
DSS was designed to provide accurate cost estimates

of all VA services in a given FY. DSS employs an activ-
ity-based costing system that extracts expenditure data
from the VA general ledger and the VA payroll system
and allocates costs to patient care departments and to
patient encounters based on staff activities. DSS identi-
fies the quantity and local price of each input used in the
production of inpatient rehabilitation care. The costs of
all the inputs are then summed to find the total cost of an
encounter. The system reflects variation in local prices
and in the supply of technology. This accounting method
is generally considered the gold standard for cost
determination [25].

The HERC costs for rehabilitation stays are esti-
mated from a model that calculates the national average
daily cost as the quotient of total rehabilitation expenses
and total rehabilitation days for the nation. This is an
average daily rate or the national average cost of care for
one day. The estimated cost of a stay is then the product

of the average daily rate times a patient’s LOS [26]. The
costs are based on all rehabilitation costs nationwide and
so the estimated costs reflect national averages, not costs
pertaining to a specific geographic area.

For both the DSS and HERC data, we used adminis-
trative codes to identify patients receiving specialized
rehabilitation. We excluded patients located in other bed-
sections (a VA bed section is akin to a ward), such as
medicine and psychiatry, who may have received some
rehabilitation care while in these other bed sections.
Therefore, our sample reflects care in specialized rehabil-
itation units. We used data from all patients discharged
from 63 VA rehabilitation facilities throughout the coun-
try in FY01.

VA provides care in general rehabilitation, spinal
cord injury (SCI), and blind rehabilitation. We merged
rehabilitation discharge records with Functional Indepen-
dence Measure (FIM) scores stored in the in the VA
Functional Status and Outcomes Database. FIM scores
were available only for general rehabilitation patients,
and thus SCI and blind rehabilitation discharges were
excluded from our VA sample. We merged FIM scores
with 76 percent of general rehabilitation discharges for a
total of 3,535 records. This number does not represent
such unique patients as those who had more than one dis-
charge in 2001.

Uniform Data System for Medical Rehabilitation Data Set
The 1999 UDSMR data set included national data for

334,008 patients discharged from 697 community reha-
bilitation facilities. UDSMR records report charges (not
costs), patient demographic information, and characteris-
tics of stays such as diagnosis, LOS, and FIM scores at
admission and discharge. We excluded 60,250 records
that included physician costs or did not confirm the inclu-
sion of physician costs. We excluded 18,044 records that
were missing charge information; another 2,848 cases
were deleted because of missing data on the LOS, FIM,
age, sex, and in-hospital death variables. Then, to make
UDSMR data more comparable to VA data, we excluded
3,549 UDSMR records for patients under the age of 18
and patients treated in Hawaii or Alaska. The resulting
UDSMR data set had 249,317 cases.

The UDSMR data report charges whereas DSS data
report costs. To be consistent with VA data, we linked the
UDSMR data to the 1999 Medicare Cost Reports to cost-
adjust the charges. This link succeeded for 190,112
(76%) of the 249,317 records. No differences existed in
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terms of LOS, admission FIM score, or sex between the
190,112 and 249,317 records. Our analytic data set
included all 190,112 records.

Variables
We calculated LOS using the admission date and dis-

charge date, subtracting any program interruption days. In
our regression models, we used the natural log of LOS
because of its skewed distribution. The relationship
between cost and LOS can be nonlinear. To account for
this, we included a variable indicating an atypically short
stay (LOS <4 days) because higher costs may be incurred
at the beginning of a stay [20]. In addition, we included
variables indicating whether the patient died in the hospi-
tal, was discharged to home, or was discharged elsewhere.

The admission FIM score was measured within 3 days
of rehabilitation admission; it includes subscales for
motor and cognitive functional independence. Higher
FIM scores indicate higher levels of functional indepen-
dence. We scaled the motor and cognitive functional
independence scales between 1 and 7, and then divided
the values into three categories: low (1.0–2.5), medium
(2.5–5.5), and high (5.5–7.0). Therefore, we divided
patients into nine categories (3 motor groups × 3 cogni-
tive groups) based on admission FIM scores. We grouped
age into categories (17–45, 46–65, 66–75, 76–85, and
86+) to allow for nonlinearities. To account for regional
variation in prices, we merged our data with the 2001
Medicare wage index for the hospital’s region.

Analysis
In all our regression models, we used ordinary least

squares with the natural log of costs (VA) or log of cost-
adjusted charges (UDSMR) as the dependent variable.
Because costs and LOS were log-transformed, the beta
coefficient on LOS represents the percent change in cost
resulting from a 1 percent change in LOS. We used the
smearing estimator with a correction for LOS-related het-
eroscedasticity when transforming the logged estimates
back to dollars [27–28]. We used robust standard errors
to control for potential heteroscedasticity. We used gener-
alized linear models (GLMs) with a log link and gamma
distribution, following Blough et al. [29], as a sensitivity
analysis. We performed all analyses using Stata 8.2 (Stata
Corporation LP, College Station, Texas).

RESULTS

Sample Characteristics
Table 1 shows descriptive statistics for the VA and

UDSMR data. VA rehabilitation patients were younger
than community patients, more likely to be male, and
more likely to have an atypically short stay (<4 days).

VA patients have higher overall FIM scores com-
pared with patients in the UDSMR data (a higher FIM
score means greater functioning). Although minor differ-
ences existed between VA and non-VA patients with
respect to their cognitive FIM scores, the difference in
motor score drove the overall difference in FIM scores.
Among veterans, 14.7 percent had a FIM motor score of
greater than 5.5, whereas only 1.7 percent of the UDSMR
cases had a score of greater than 5.5. Similarly, 18.2 per-
cent of UDSMR cases were categorized with a motor
FIM score <2.5, whereas only 11.6 percent of veterans
had a similar score.

Average Cost Per Day
The unadjusted average cost was $763 a day, $1,329,

and $988 for the UDSMR, HERC, and DSS data, respec-
tively, in 2001 dollars. The HERC daily costs did not
vary, by construction. The UDSMR data had a standard
deviation (SD) of $281 and a range of $85 to $7,787. The
SD of the DSS data was $644, with a range of $83 to
$22,633. The maximum DSS value was an outlier; no
other DSS records averaged over $7,000 a day. As we
highlight in the discussion, a maximum cost per day of
$22,633 may be a data error or it may be a valid high-cost
visit. Researchers should not discard outliers assuming
they are data input errors. Costs are frequently skewed
and valid high-cost visits may be critical to the analysis.

Discharge Costs
Bivariate analysis of DSS data showed that the log of

LOS explained 83 percent of the total variance in the log
of total cost (not shown). Log-transformed LOS
explained 81 percent of the total variance in the log of
cost-adjusted charges with the UDSMR data. By con-
struction, the HERC costs varied in direct proportion to
LOS.

In multivariate analysis with the UDSMR and DSS
data, LOS explained most of the variance in cost-adjusted
charges and costs, respectively. Age, sex, atypical short
stay, not discharged to home, and FIM scores were all
statistically associated with cost-adjusted charges (Table 2).
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However, the adjusted R2 in the regression model only
increased to 84 from 81 percent in the bivariate analysis
when other covariates, including FIM, were added.

To show the predictive power of the FIM scores, we
used the regression model to predict costs at different
FIM scores, holding LOS, atypical short stay, discharge
status, sex, and age constant at the sample mean. We
allowed for differences in costs between UDSMR and
DSS. The unadjusted and adjusted costs are shown in
Table 3. Of particular interest is the much lower FIM-
related variation in adjusted costs compared with unad-
justed costs. This reflects the fact that LOS varies with
costs, and once we controlled for LOS, the variation in
costs dramatically decreased. On average, patients with
higher FIM scores had lower adjusted discharge costs,
but costs did not always decrease as one would expect
and the reductions were relatively modest.

The GLM sensitivity analysis confirmed that the
results were highly robust. LOS was the primary determi-
nant of costs. The addition of other variables, while sta-
tistically significant, was not as important as LOS in
explaining costs. Reanalyzing the DSS data without the
outlier (i.e., regression constrained to cases with a per
diem cost of <$7000) had no effect on the results; there-
fore, we present the results with the outliers included.

DISCUSSION

LOS explained approximately 80 percent of the vari-
ance in cost of inpatient specialized rehabilitation stays.
These results are consistent with Luke, whose results
were published over 25 years ago [8]. Patient and clinical
factors were statistically significant predictors of cost, but
they added little explanatory value as indicated by only a

Table 1.
Department of Veterans Affairs (VA) and Uniform Data System for Medical Rehabilitation (UDSMR) descriptive statistics. Data presented as
percentages unless otherwise noted.

Characteristics VA USDMR
Observations (n) 3,535 190,112
LOS

Days (Mean ± SD)
Atypical Short Stay (LOS < 4)

15.5 ± 12.2 15.5 ± 12.3
4.8 3.5

Discharged Status
Discharged to Home
Died in Hospital
Transferred or Discharged Elsewhere

88.2 81.9
0.3 0.3

11.5 17.8
Age

17–45
46–65
66–75
76–85
86+

7.9 9.6
39.9 22.3
25.4 28.5
24.4 30.5

2.4 9.1

Female (%) 4.0 58.1
Functional Independence Measure

Score At Admission (Mean ± SD) 82.4 ± 21.3 72.9 ± 18.8
Motor <2.5 11.6 18.2
Motor 2.5–5.5 73.7 80.1
Motor >5.5 14.7 1.7
Cognitive <2.5 5.3 7.0
Cognitive 2.5–5.5 27.6 30.6
Cognitive >5.5 67.1 62.4

Medicare Wage Index (Mean ± SD) 1.06 ± 0.16 0.99 ± 0.13
LOS = length of stay, SD = standard deviation.
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slight increase in R2. This strong relationship between
LOS and costs indicates that the majority of inpatient
rehabilitation costs are fixed or recurring. Many rehabili-
tation services, in fact, occur daily for a set period of time.
Hence, the relationship between LOS and total costs may
not be surprising. LOS does not perfectly explain costs
because rehabilitation services vary, in terms of treatment
type, intensity, quantity, and price, because some patients
use ancillary services (e.g., imaging) and because
accounting practices are not entirely uniform.

FIM scores were significantly associated with dis-
charge costs. Consistent with work by Carter and col-
leagues [19], we find evidence that costs vary more
across the spectrum of FIM motor scores than FIM cog-

nitive scores. When we controlled for LOS, FIM scores
remained significant determinants of costs, but they had
little explanatory power in terms of variance. This effect
is not entirely surprising because FIM is highly associ-
ated with LOS. Hence, FIM affects discharge costs
mostly through its association with LOS, although FIM
scores were significantly associated with costs after con-
trolling for LOS.

VA patients had fewer functional limitations and, in
particular, better motor functioning, than non-VA patients.
After adjusting for FIM and LOS, VA costs were higher
than UDSMR cost-adjusted charges. While this is strik-
ing, caution is needed in interpreting this difference. The
difference in costs could relate to differences in treatment

Table 2.
Determinants of logged costs using a multivariate regression model. Robust standard error in parentheses.

Characteristics VA DSS Costs UDSMR Cost-Adjusted Charges
Natural Log of LOS 0.942* (0.010) 0.986* (0.001)
Atypical Short Stay (LOS <4) 0.061 (0.033) 0.085* (0.005)
Discharge Status

Discharged to Home (Ref)
Died in Hospital
Transferred or Discharged Elsewhere

— —
0.178† (0.090) 0.154* (0.017)

–0.038* (0.015) 0.055* (0.002)
Female 0.013 (0.026) –0.024* (0.001)
Age

17–45
46–65
66–75 (Ref)
76–85
86+

–0.028 (0.022) 0.097* (0.003)
–0.003 (0.013) 0.046* (0.002)

— —
–0.011 (0.014) –0.032* (0.002)
–0.030 (0.030) –0.064* (0.003)

Functional Independence Measure Group
Motor Low, Cognitive Low (Ref) — —
Motor Low, Cognitive Medium 0.031 (0.035) –0.044* (0.004)
Motor Low, Cognitive High 0.022 (0.038) –0.049* (0.005)
Motor Medium, Cognitive Low –0.019 (0.046) –0.086* (0.006)
Motor Medium, Cognitive Medium
Motor Medium, Cognitive High

–0.026 (0.031) –0.092* (0.004)
–0.087* (0.031) –0.141* (0.004)

Motor High, Cognitive Low
Motor High, Cognitive Medium

0.012 (0.065) –0.170* (0.037)
–0.053 (0.044) –0.102* (0.012)

Motor High, Cognitive High –0.142* (0.036) –0.160* (0.008)
Medicare Wage Index 0.445* (0.030) 0.601* (0.007)
Constant 6.573* (0.058) 6.127* (0.008)
Observations (n) 3,535 190,112
R2 0.839 0.838
*p < 0.01 (two-tailed test).
†p < 0.05.
DSS = Decision Support System, LOS = length of stay, Ref = reference (group), UDSMR = Uniform Data System for Medical Rehabilitation, VA = Department of
Veterans Affairs.
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intensity, provider efficiency, or other institutional factors
[30]. It could also relate, in part, to problems with com-
paring cost-adjusted charges and costs, or in using the CPI
to inflate the 1999 UDSMR data to 2001 dollars, the year
of the VA data. The general CPI reports inflation of 5.9
percent and this may have underestimated inflation. The
medical services CPI reports inflation of 8.3 percent, but
estimating inflation for medical care is fraught with prob-
lems as new technologies emerge and the quality of care
changes over time [31]. More research is needed to under-
stand if real differences in costs exist between VA and
non-VA rehabilitation providers and what is driving these
differences.

Rehabilitation researchers conducting economic
analyses have two sources of VA cost information: DSS
and HERC. Each data set has limitations. The HERC
costs only vary by LOS. Although LOS is a powerful
predictor of cost, the HERC data are inappropriate to use
in economic analyses, where the intervention might
affect costs but not LOS. The DSS data are borne from an
activity-based cost methodology. We expect that many

people will use the DSS cost data because this method is
the gold standard. For researchers who use DSS costs,
particular attention needs to be placed on identifying out-
liers. For FY01, we found a maximum cost per day of
$22,633; this outlier may be a data error and it merits fur-
ther investigation. To identify outliers, researchers can
divide the DSS discharge costs by LOS to estimate an
average daily cost. Because LOS explains >80 percent of
the variance, dividing costs by LOS will remove most of
the variation. Researchers can then examine the distribu-
tion of average daily costs to identify low- or high-cost
outliers. Researchers can also use the DSS or HERC
costs in the primary analysis and then use the other data
set in a sensitivity analysis.

The UDSMR data suggest that the daily cost of inpa-
tient rehabilitation from non-VA providers was approxi-
mately $763 in 2001 dollars. This may be sufficiently
precise for some researchers to use in cost-effectiveness
analyses. Researchers needing more precise estimates can
use the regression coefficients in Table 2 to estimate
costs. Interested readers can see Wagner et al. for an

Table 3.
Predicted average total costs (2001 $US) by admission Functional Independence Measure cognitive and motor scores.

Cost Data Cognitive Low Cognitive Medium Cognitive High
$ % Change* $ % Change* $ % Change*

UDSMR
Unadjusted Costs

Motor Low
Motor Medium
Motor High

24,306 354 20,478 283 22,162 314
14,030 162 12,040 125 8,993 68
7,274 36 7,340 37 5,351 0

Adjusted Costs†

Motor Low
Motor Medium
Motor High

10,416 17 9,957 12 9,910 11
9,529 7 9,466 6 9,001 1
8,756 –2 9,378 5 8,890 0

DSS
Unadjusted Costs

Motor Low
Motor Medium
Motor High

30,998 288 24,006 200 22,641 183
25,732 222 17,691 121 11,338 42
22,628 183 15,865 98 7,994 0

Adjusted Costs†

Motor Low
Motor Medium
Motor High

13,618 13 14,102 17 13,994 16
13,509 12 13,496 12 12,656 5
13,533 12 13,192 9 12,083 0

Note: Health Economics Resource Center costs vary only by length of stay and therefore were not included.
*Represents percent change from cognitive high and motor high group.
†Adjusted costs were calculated from regression model that removed variation associated with: length of stay, atypical short stay, discharge status, sex, and age.
Variables were held at their sample means.  In regression, adjusted costs were allowed to vary by DSS and UDSMR. Adjusted costs were corrected using
heteroscedastic-smearing estimator.
DSS = Decision Support System, UDSMR = Uniform Data System for Medical Rehabilitation.
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example and discussion of the limitations of this approach
[32]. The daily cost of inpatient rehabilitation may be
changing with the enactment of Medicare’s prospective
payment system. Future research will be needed to see if
and how prospective payment has affected inpatient reha-
bilitation costs. In theory, the financial incentives behind
prospective payment will push providers to minimize
LOS and encourage greater use of outpatient services.

LIMITATIONS

Our analyses have several limitations. We cannot
verify the accuracy of total charges in the UDSMR data.
The large sample of hospitals from which the data are
derived, however, minimizes bias resulting from coding
errors in any given facility. A second limitation was
incomplete matching across VA data sources. Approxi-
mately 24 percent of VA records could not be matched to
FIM scores. Although this raises the possibility of selec-
tion bias, we do not see an obvious connection between
FIM scores and the direction of the potential bias.

CONCLUSIONS

Our analyses of HERC and DSS suggest that neither
data set is ideal for all research on VA rehabilitation care.
Researchers conducting cost-effectiveness analyses
where rehabilitation is not a primary end point and only a
small percentage of patients use rehabilitation will proba-
bly find an average daily cost sufficiently precise. How-
ever, other researchers working in other clinical areas,
such as stroke or fall prevention, may need more precise
cost estimates. In these circumstances, VA researchers
could use DSS data with caution.

More research is needed on the variation in the DSS
cost per day. Non-VA researchers may need to use micro-
cost methods to estimate costs, although these research-
ers will need to pay attention to Medicare’s recent
introduction of prospective payment because this may
affect who is admitted to the rehabilitation hospital and
the cost of care they receive.
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